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ADDITIONAL EXPERIMENTAL DATA ANALYSIS

INFORMATION
ABOUT RELATIONS =4

Each relation type is assigned a distinct color

Pasitive or negative effect for the relation are SNEA
indicated by arrow head. Relations have arrows
to indicate directionality (except Binding).

—@-> Regulation —a#-> ProtMadification
—o-> PomoterBinding —8—> QuantitativeChange Exact Test

—-> MolSynthesis —i-» GeneticChange

Gene Set Enrichment Analysis ranks experiment results by the absolute value
of the fold change and identifies known gene sets [pathways and ontologies)
that are statistically enriched. Tool name: Gene Set Enrichment Analysis.

Sub-Network Enrichment Analysis is an extension of GSEA where the "gene sets”
used in the enrichment analysis are small regulatory networks calculated de nove
from the database by the algorithm. Identifies major regulators (proteins, miRMAs
or small molecules), binding networks, metabolomics targets, enriched diseases
and cell processes. Teol name: Sub-Network Enrichment Analysis.

Enrichment analysis that does NOT include experimental values when calculating
enrichment from a list. Tool names: Find Pathways/Groups Enriched; Find Enriched
Genomic positions; Find Sub-Networks Enriched.
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ENRICHED GENE SETS RESULTS

Known Gene Sets:

Mammal: Cell Pracess Pathways,
Disease Collections {pathways

and groups), Expression Targets
Pathways, Immunological Pathways,
Metabolic Pathways, Nociception
Pathways, Signaling Pathways, Gene
Ontology. Pathway Studio® Ontology,
Chromosomal localization enrichment.

Plant: AraCyc Pathways, Arabidopsis
Signaling Pathways, MaizeCyc
Pathways, RiceCyc Pathways, Plant
Ontology, Pathway Studio® Ontology,
Gene Ontalogy.

De novo user-defined sub-networks:
expression regulators, miRNA regulators,
binding networks, metabolomics targets,
disease and cell process enrichment.

Known Gene Sets:

Mammal: Cell Process Pathways,
Disease Collections (pathways

and groups), Expression Targets
Pathways, Immunological Pathways,
Metabolic Pathways, Nociception
Pathways, Signaling Pathways, Gene
Ontology, Pathway Studio® Ontology,
Chromosomal localization enfnichment.

Plant: AraCyc Pathways, Arabidopsis
Signaling Pathways, MaizeCyc
Pathways, RiceCyc Pathways, Plant
Ontology, Pathway Studic® Ontology,
Gene Ontology.

De novo user-defined sub-networks:
expression regulators, miRMNA regulators,
binding networks, metabolomics targets,
disease and cell process enrichment.
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ENTITY TYPES

(mammal, mammal+CE+Dfx,
and plant database)

Cell Process * - biological processes,
maost coincide with Gene Ontology.

Clinical Parameter — measured
parameters of the human body
used in clinical practice {mammal
and mammakCE+DFx only).

* - several polypeptides
that form a complex via physical
interactions.

Disease - Mammal: health
conditions and disease terms
from MeSH; plant: Plant diseases.

Functional Class * - most functional
classes coincide with Gene Ontology.

Protein — defined by Entrez Gene -
represents both genes and the
gene products, including proteins
and miRNAs.

Small Molecule - Mammal;
naturally occurring metabolites
and small molecules found in cells;
ChemEffect® adds drugs (including
some biologically active polypeptides
that work as drugs such as
moneclonal antibodies) and non-
naturally occurring small molecules
to the mammal database. Plant:
naturally occurring metabalites and
small molecules and other plant
related chemicals (ex. herbicides or
research related chemicals).

Treatment — non-chemical
treatments and environmental
conditions, such as cold shack.

*Container Entitles — thesa are valid entities but also
can have proteins mapped fo them. You can see

the proteins for the container entities in the “child
concepts” in the property records for the specific entity.

PROTEIN SUB-TYPES

(mammal, mammal+CE+Dfx,
and plant database)

Complexes are also "protein” entities
but represent a group of proteins
functioning together. In the Pathway
Studio® database they function as

a complex entity type so are
considered separately.

Protein (no
class aSSIEﬂHﬂ Receptor
Protein kinase
Transcription . sen
factor

Q) Lignss
Phosphatase

ED90 8

QUICK REFERENCE

RELATION TYPES
(both mammal and plant database)

direct physical interaction
between two molecules,

enzyme catalyzed reaction
involving small molecules.

influences target activity by
direct physical interaction
lexcluding promoter binding
interactions).

regulator changes protein
abundance by affecting
levels of transcript or
protein stability.

the inhibitory effect of a
miRNA on its mRMA target.

changes the activity of
the target by an unknown
mechanism (may be direct
or indirect). This is a less
specific relation type than
others provided.

regulator changes the
concentrations of the
target {usually a small
molecule target).
regulator changes the
localization of the target
[molecular translocation,
export, import etc.).

regulator binds to
the promoter of a gene.

regulator changes the
modification of the target
molecule, usually by a direct
interaction.

Filtering Field Name:
Mechanism

Sub-Categories: acetylation,
cleavage, deacetylation,
demethylation,
dephaosphorylation, direct
interaction, methylation,
phosphorylation,
posttrascriptional inhibition,
proteolysis, ubiguitination.

PATHWAY STUDIO

ADDITIONAL DATA IN
THE CHEMEFFECT®
DATABASE

(added to Mammal)

® Relations between small molecules
and diseases/cell processes.

& Relations between non-naturally
occurring metabolites {small
molecules), such as drugs, which are
not included in the Mammal database.

ADDITIONAL DATA
IN THE DISEASEFX™
DATABASE

{added to Mammal)

Additional relation types in DiseaseFx™:

Changes in abundance/
activity/expression of a gane/
protein/small molecule in

a disease state [between
disease-protein/complex/
functional class/small
molecules).

Filtering Field name:
Quantitative Change
Sub-Categories: Exprassion,
Abundance, Activity

Genetic changes in a gene

in a disease state such as
gene deletions, amplifications,
mutations or epigenetic
changes (between disease-
protein/complex/functional
class).

Deletion, Mutation, Gene
Amplification, Epigenic
methylation

Identification of proteins/
complexes/functional classes/
metabolites that are prognostic
ar diagnostic biomarkers

for a disease [between disease-
protein/complex/functional
class/naturally occurring

small moleculas).

Filtering Field Name: Biomarker
Type Sub-Categories:
Diagnostic, Prognostic

Changes in a protein's post-
translational modification
status or alternative splicing
events associated with a
disease [between disease-
protein/complex/functional
class).

Filtering Field Name: Change
Type Sub-Categories: Alternate
Splicing, Phosphorylation

Different types of functional
associations between a
disease and a cellular process
or another disease |between
Disease - Cell Process) {no
sub-types).

Disease/cell process relation
representing clinical trials
conducted for a drug against
a disease (from ClinicalTrials.
gov) (between Disease/Cell
Pracess — Small Molecule) (na
sub-types].

http:/ /help.elsevier.com/app/pathway_select/p/9048
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So people ask, “What is
|HIKE LT Pathway Studio?”

WHA T Actually that is not a trivial question. Pathway Studio, as the
name implies, is first and foremost, a tool for biological pathway
? analysis. It can also be described as a molecular modeling
’S ’T. software. Finally, and perhaps, most importantly, Pathway Studio
is an exceptionally powerful tool for the direct data mining of

the most relevant life science literature.

1.1 Volume of Scientific Literature is Exploding

In recent years, the volume of scientific literature has increased exponentially. The rise in the total
number of yearly citations from MEDLINE through 2014 is approaching more than one million new

citations each year.

The volume of life scientific literature is
exploding

Yearly Citation Count Totals from 2014 MEDLINE One way is to automatically extract
[{ lication Date Used for izati . . . L
relevantinformation from scientific
1000000 publications on a massive scale
‘900000 *
K
e APha logy é
700000 Ko Primer ===~
600000 *
o \ o¢1+ 2
S00000 . ! -
400000 .,..»"'. s
300000 M"‘"
o st
200000 )
100000 .m.w‘
R

Rapidly approaching 1M new
citations/yearin Medline—

So the problem for scientific researchers is how to keep up. Even within their specific domains of

interest, scientific researchers can be overwhelmed by the sheer volume of ongoing publications.

Elsevier deals with this problem by automatically extracting relevant information from scientific

publications on a very large scale. It does this using its proprietary NLP MedScan technology.
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1.2 How Does It All Work?

How does it all work?

Natural language processing f Entity \
(NLP) Dictionaries :D recognition
* syntacticand semantic
analysis of text
* synthesize a structured Pattern b
representation. I Pattorns P matching X
— it
. Qs
Essential facts are extracted 2
+ predefined fact types Grammar ;') ==P ConceptScan® -
* informationtriplets (subject—
verb—object). k /

Domain ontologies
identify types, properties, and interrelationships of
relevantentities in the biomedical literature.

NLP is a collection of methods for the semantic analysis of unstructured text that allows for the
extraction of specific items or facts of scientific interest. Basic NLP works by recognizing and capturing
information triplets in the form of subject-verb-object statements. These triplets are the basic unit of
NLP technology. The recognition of these triplets is referred to as syntactic analysis (that is, recognition
of these relationships in a sentence). All the different ways in which a single gene or protein could

be named, for example, is referred to as the dictionary. This is one of the very powerful assets in the
MedScan technology as it recognizes many synonyms that refer to the same object or entity. These
information triplets once recognized must be understood in the context of particular scientific domains

and definitions, and this process is referred to as semantic analysis. The definition of these domain

ontologies is part of the NLP art.



1.3  Where Does It All Come From?

So, first things first, where does it all come from? Well, it comes from more than 26 million abstracts
from MEDLINE and more than four million full-text journal articles from Elsevier and other major
scientific literature publishers. This has resulted, to date, in more than seven million unique relations or
facts supported by more than 42 million individual references or articles. The volume and timeliness (the

database is updated weekly) certainly qualifies this information as “Big Data.”

Where does it all come from?

A Pharmacology

26M+ abstracts from Medline®
and 10,000 journal titles covered

STEM CELL

REPORTS 4M+ full text journal articles from
Elsevier and other leading publishers

6.6M+ unique relations (biological facts)
supported by 41M+ references (articles)

Big Data Updated weekly
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1.4 Information Extraction versus Information Retrieval

So when we talk about information extraction (IE), how do we distinguish that from information
retrieval? It’s easy! Information retrieval is what you typically get from an Internet search based on key
words, for example, where the best documents are displayed in your search results. This is fine and
many search engines are excellent, but you still have to sift through all the documents for the informa-
tion that you’re looking for and it can quickly become an overwhelming task. Information extraction, on
the other hand, uses NLP technology to basically go from unstructured text to a structured knowledge
representation (often while keeping the links back to where the information was extracted from, as in

the case with Pathway Studio), which can then be curated into large databases of information.

Information Extraction (IE) vs Information Retrieval (IR)

Information Retrieval (IR) Information extraction (IE)
Returns documents. Returns facts.

Is a classification task (each Is an application of natural
document is relevant/not relevant | language processing, involving the
to a query). analysis of text and synthesis of a

structured representation.

Can be done without reference to | Is based on syntactic analysis and
syntax (treating query and indeed | semantic analysis

the documents as merely a “bag of
words”).

As an example of how all this works, suppose you are reading through an abstract on MEDLINE, and
you come across this sentence: “We have previously shown that ETS1 can activate GM-CSF in Jurkat

T cells.” The MedScan NLP technology will recognize that there is an activation statement in this
sentence and that it combines two objects, in this case, genes or proteins. The NLP triplet then is an
activate relation, which combines ETS1 and GM-CSF and preserves the direction of that interaction
(ETS1->GM-CSF). It will also preserve the contextual information for this relation, which, in this case, is

that this interaction was observed in Jurkat T cells.

e e e We have previously

shown that ETS1 can :>

Activate(ETS1, GM-CSF)

activate GM-CSF in
Jurkat T cells.




1.5 Pathway Studio NLP: Entities and Relations

The Pathway Studio database is constructed as a series of classic network interactions. Each interac-

tion is called a relation and is composed of nodes, which are called entities, and edges, which are

called relations or relation types. These relations are essentially the curated NLP triplets and can be

extended in a network on the basis of common nodes. Shown here are examples of entity types such

as Proteins, Small Molecules, and Cells, and common relation types such as Biomarker, Expression,

and QuantitativeChange. This combination of entity and relation types allows for enormous flexibility in

capturing life science content.

Pathway Studio NLP: Entities and
Relations

Entities

Relations

v| Select/Deselect all

7

v

®

Cell V] Select/Deselect all
Cell Process 4 - Binding
Clinical Parameter Y e “@----3» Biomarker
/| =——— —= ChemicalReaction
Complex V] ——»——>> DirectRegulation
V] -fll——>> Expression
Disease
v| =——@)—> GeneticChange
Functional Class | ——ll—=> MolTransport
v| ——@)—> PromoterBinding
Protein
7| ——4@—> ProtModification
v —ii—>
Sinal Molecule QuantitativeChange
] » Regulation
v/| =—— —> StateChange
Treatment )
/| = —> miRNAEffect
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1.6 Pathway Studio: Networks and Pathways

An example of a constructed Pathway Studio pathway or network is presented here in this Graph View
illustration of all the genes and proteins related to the disease schizophrenia, which have a minimum
number of supporting articles equal to or greater than 10. The accompanying legend illustrates the
different icons used to represent the various entity types such as disease and proteins. In this case,
protein subtypes are also indicated by special icons such as the diamond-shaped forms that indicate
protein ligands seen at the exterior of the cell. This particular visualization is displayed on the backdrop

of a standard cell compartmentalization view.

Pathway Studio: networks and pathways

.m@_‘@)@@ <<1:l:’~a

>

Protein
Recepton)

Protein
(Transcrigtion factor)

Proten
(Transporten)

Protein
(mon-coding RNA)

——> CleicalTrial
——> CemttChange
—8—> QuantitativeChange

" Regulation

1.7 Proteins/Genes Associated with Schizophrenia: Relation Table View

The Relation Table View shown here allows the user to inspect each relation in a given network in
tabular form and view all the available annotation information for each relation, such as the number of
supporting articles. In this particular view, the relations have been sorted by the number of references
in descending order. From this you can easily see that, at least currently, the most studied gene with
regards to schizophrenia is COMT, or Catechol-O-methyltransferase, with 325 references. The relation
type is GeneticChange, and the change type is mutation, suggesting that mutations in COMT gene are

considered very important in the study of schizophrenia.
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# of References

Relation Object Type Effect QuantitativeType ChangeType Cellfype Title

GeneticChange mutation, mutation, mutation, m... 325 Enthrogtes, Fibroblasts, Hepatoc... Schizophrenia from a neural circuitry p.
GeneticChange mutation, mutation, mutation, m... 191 Embryonic Stem Cells, Epithelial C Molecular mechanisms of stress-induc...
GeneticChange mutation, mutation, mutation, m... 159 Endothelial Cells, Interneurons, Le...  Molecular cloning of a brain-specific,
GeneticChange mutation, mutation, mutation, m... 155 APUD Cells, Endothelial Cells, Leu...  Brain-Derived Neurotrophic Factor Val
GeneticChange mutation, epigenetic methylatio... 130 Blood Platelets, Insulin-Secreting ...  Differential repression by freud-1/CC2...
GeneticChange epigenetic methylation, mutatio... 120 Blood Platelets, Neurons, dopami... Methylation and QTDT analysis of the ...
GeneticChange epigenetic methylation, epigene... 112 CD4-Positive T-lymphocytes, Cajal-.. DNA (ctosine-5) methyltransferase inh.
GeneticChange mutation, mutation, mutation, m... 104 CHO cell, Neurons, dopaminergic... 533133 [N-[4-[2-[3aS,9bR)-3-cyano-1,33.
QuantitativeChange abundance, abundance, 2 104 Interneurons, Neurons, dopamine...  Brain-derived neurotrophic factor and
Regulation 103 Lymphocytes, Neurons, dopaminer... Change of dopamine receptor mRNA e.,
GeneticChange mutation, mutation, mutation, m... 100 Blood Platelets, Interneurons, Neu... Finding schizophrenia genes., Dysbind.
Regulation 2 Neurons, Pyramidal Cells, dopami...  Preclinical pharmacology of FMPD [6-11...
Regulation 70 B-lymphoqytes, Interneurons, Leu...  The genetic and neurobiologic compas
GeneticChange mutation, mutation, mutation, m... 64 Enythrocytes, neural stem cells Influence of maternal MTHFR A1298C p.
Regulation 61 Interneurons, Neurons, Oligoden. Finding schizophrenia genes., Cyclic n.
Regulation 60 Neurons, PBMCs, brain cell, dopa. The Brain-Derived Neurotrophic Factor.
GeneticChange mutation, mutation, mutation, m... 57 Germ Cells, Neurons, Oligodendro... Regulators of G-protein signaling 4 in

Any relation can be fully inspected from this table by double-clicking on it, which will open up the lower
pane and show in detail all the references and the sentences from which this information was extracted.
This is one of the great strengths of Pathway Studio, as all the evidence for a given relation is available
for inspection immediately. It is even possible, by opening up the Document Identifiers & Links tab,

for a reference to get links to either the PubMed abstracts or even directly to the full-text documents

themselves (this would depend upon the subscription status of your institution).

As discussed before, domain knowledge is vital for the MedScan technology to correctly identify and
interpret information extraction. Pathway Studio was originally designed as primarily a gene- or protein-
centric database for the interpretation of gene expression for mammals (human, rat, and mouse).

There is also a plant version for Pathway Studio. Over time, additional modules have been added to
facilitate drug discovery research, including a drug database of more than 100,000 small molecules and
accompanying new relation types (ChemEffect). Also added are more than 16,000 diseases and specific
new relations (GeneticChange, QuantitativeChange, StateChange, and Biomarker) in order to facilitate
new biomarker discovery (DiseaseFX). Most recently, a comprehensive new taxonomy has been added
for the robust identification of more than 700 human anatomical cell types, including a major emphasis

on precisely defined cells of the immune system (CellEffect).
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1.8 Drill Down

Drill Down

w— GenetcChange Schisopheents ---> TNF

¢ Propesies (a) Asseciation between IL-18 -S11C/T and IL- 1RA (8605)
References (80) Zanaedeon P Boccheo-Cirvemto L Scasseltot, C Bomncm C Tora G B Rosn G Mnu GennaeeB MO00Y) Journal of Paycheatent Research
Othar Propetios Relevant Sentences | Document Identiers & Unis || Other avalable information
< “AL genets level 933000000t Nave been descrbed betmeen functonal pod nTNF-2 g 10 (1-10) genes and (L even Though negetive findings have been reported for R-30 gene (). °

o Tummos necrons Lactor @ gene promotes podymorphinms in (heons s Naophy ends
T LG O SA T CHTen V.Y Peng KMahendan R.0003) Buclogecal Prychatry

Relevant Sentences | Document Identifiers & Links | Other avallable information
“Thes study identfind the -J08 polymonpham » the TNFa gene promoter a3 » madker for o o ow Oheese

13y Association between -GIOBA tumor mecrons (actor alphs gene polymarphism and scNisoph enia.
Y Bon s Zenasa R 9ok RoARMmurs, CAMeet M Germare B MLO00T) Mol Paychuatry

Relevant Sentences | Document identifiers & Uinks | Other avalable information

We ituted the Satrbutscn of -GIA TNS slphs gene podymorpham o B 1ChI0ophven patents and o 3 healthy volunteers.
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Moo CEarshog LF Lovde ) M Ueberman J A Glmere LM 2001)  Buoiogecal Paycheatey
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1.9 Pathway Studio Databases Grow and Evolve: Domain Addition

Pathway Studio databases grow
and evolve: domain addition

Proteins +

* diseoses

* cdlinicol porometers <

- smoll molecules +Drugs +Biomarker facts Cells
* cell processes

¢ treotments

o

_,:

* genetic change

*  stote chonge +Cell facts

* quantitative change

Mammal ChemEffect DiseaseFX CellEffect
protein-centered drug-centered biomarker-centered cell-centered

1.10 Have You Seen This Cell?

Have you seen this cell?
T Regulatory Lymphocyte
I Fcilstoxy oLl

“Tmmunoregulatory T cell

IS Supproscor T cell

+ CD4+ CD25+ FOXF3 CD3+ CD25+ CD4+ FOXP3+

CD4+ CD25+ CD25+ FOXP3+ FOXFP3+ CD25+

CD4pos CD25pos
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Immune cells in particular have been difficult
to catalogue because of the wide variation in
naming conventions used by scientists in their
publications, as illustrated here for T-regulatory

Lymphocytes.




1.11 Defining Cell Types: From

Inconsistent Names to Standard Names
Defining cell types: from inconsistent

names to standard names The most reliable identification used by
| aibuter | " immunologists is to define the different immune

cell types by their cell surface epitopes (identified

CDa+ CD25+ regulatory Teell by antibody mediated cell sorting [FACS]
. rimoece wiooe - Methods). All these possible terms have been
gy, e T-cell leucocyte
CD4+CD25+ immunoregulatory . .
Co254FOXP3+ carefully normalized by Elsevier (?) expert curators
CD4+ CD25+ FOXP3+

to allow the widest possible and most accurate

identification of these cell types in the literature.

1.12 Cellular Biomarkers for Pre-eclampsia

An example of how they are used is shown in this figure linking the disease pre-eclampsia with key cell

types including

Cellular Biomarkers for Pre-eclampsia

Legend
cytiotr >
syn 0
e phoblast \ leukocyte

—_ Disease R

Th2 cell D

trophoblast
——> QuantitativeChange macrophage
—— = StateChange
endothelial
regulatory cell
T-cell

synctiotrophoblasts. These cell types form the epithelial covering of embryonic placental villi and act as the
site for nutrient exchange between the embryo and the mother. It is believed that the synctiotrophoblasts
are also the cell type that mediates the transmission of Zika virus from maternally infected macrophages
across the placental barrier to infect the developing fetus. This can result in disastrous developmental

defects including the characteristic microcephaly or small head phenotype of these infected babies.
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What did you learn today?

Pathway Studio is a pathway analysis tool, a type of molecular modeling software, and a great

method for systematic data-mining of the scientific literature.

The sources of the Pathway Studio knowledge base are [consider recapping the sources here].
Natural Language Processing (NLP) is [consider recapping definition here].

The difference between data retrieval and data extraction is [consider recapping definition here].
Pathway Studio networks contain molecular entities and biological relations.

Pathway Studio is constantly advancing through data expansion and domain additions (e.g.
ChemEffect, CellEffect, and DiseaseFX).



Study Questions 1

1. What is the basic unit of NLP technology?
2. How many unique relations or facts are contained in the Pathway Studio database?
3. What is the difference between Pathway Studio data and a Google search?

4. What is the most abundant entity type in Pathway studio? What is the most abundant relation
type in Pathway Studio? (Hint: use Pathway Studio Database Content under the Start tab).
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2.1 Introduction

Pre-eclampsia or preeclampsia (PE) is a

disorder of pregnancy characterized by high Pre-eclampsia
Also called: toxemia

blood pressure and a large amount of protein
in the urine. The disorder usually occurs in ABOU

the third trimester of pregnancy and gets

worse over time. In severe disease there may

be red blood cell breakdown, a low blood

1. High bloo

~ pressure

platelet count, impaired liver function, kidney
dysfunction, swelling, shortness of breath due

to fluid in the lungs, or visual disturbances.

Preeclampsia increases the risk of poor “hands and feet

. i
L‘Z.-,«Swelling of
/

outcomes for both the mother and the baby. 3. Protein in urine

.

If left untreated, it may result in seizures at

which point it is known as eclampsia.

Pre-eclampsia usually begins after 20 .
P yoes Pre-eclampsia

weeks of pregnancy in a woman, whose ,
Also called: toxemia

blood pressure had been normal. It can
lead to serious, even fatal complications A potentially dangerous pregnancy complication characterized by high

blood pressure.
for both mother and baby.
Rare

There may be no symptoms. High blood Fewer than 200,000 US cases per year

pressure and protein in the urine are key Treatable by a medical professional

features. There may also be swelling in Requires a medical diagnosis

S @ D

the legs and water retention, but this s v ey vyl

can be hard to distinguish from normal
Short-term: resolves within days to weeks

pregnancy.
Pre-eclampsia can often be managed with oral or IV medications until the baby is sufficiently
mature to be delivered. This often requires weighing the risks of early delivery versus the risks of

continued pre-eclampsia symptoms.
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2.2 Proteins Related to Pre-eclampsia

What are the most important proteins related to pre-eclampsia as found in the scientific literature?

Find all pre-eclampsia disease relations with protein as an entity type, select all reference >=10

LR LR R ERERREL]
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What is the single most highly cited protein related to pre-eclampsia and what
is its most common transcription factor?

Select protein most highly cited in connection with pre-eclampsia (FLT).

Find proteins (transcription factors) that bind to the promoter of FLTx.

Highlight most cited transcription factor for FLT1 (HIF1A).

16
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2.3 MiRNAs Affecting FLT1 Gene
Expression

Are there any miRNAs that
affect the expression of the
FLT1 gene?

Find predicted miRNAs that may regulate

expression of FLT1.

Highlight predicted (red) vs experimental
(green) miRNAs for FLT1.

ELSEVIER

Find proteins, protein
complexes, protein
functional classes, and
small molecules that
are involved in the
expression FLT1, either
directly or indirectly
(references >=10).

Highlight protein functional
classes (red) and protein

complexes (green).
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2.4 Sub-Network Enrichment Analysis—Common Expression Regulators

Identify groups of genes (from the list of proteins most strongly associated with pre-eclampsia) that

share common expression regulators using Sub-Network Enrichment Analysis (SNEA).

Enrichment Analysis of Selected Entities

Input Objects: CRP, LEP, IL8, F5, INHBA, ICAM1, NOS3, AGT, ADM, AGTR1,

gelatinase B, EDN1, IL10R ligand, r_Eng, FLT1, ACE,

Pre-Eclampsia, CRH, MIR155, REN, HLA-G, IL6R ligand,

Analysis Type: | Find Sub-Networks Enriched with Selected Entities

p-value £ |0.05

Min Overlap: 2

Include only overlapping entities in Pathways

Max Networks: 100

Neighbors: © Expression Targets
© miRNA Targets
© Chemical Expression Targets
© Binding Partners
© Protein Modification Targets
(© Disease Biomarkers (Quantity)

(© Disease Biomarkers (Mutations)

© Proteins/Chemicals Regulating Diseases

(© Proteins/Chemicals Regulating Cell Processes

© Custom Select types...

Name

Downstream Neighbors of JUN
Downstream Neighbors of HIF1A
Downstream Neighbors of ATF2
Downstream Neighbors of EP300
Downstream Neighbors of CEBPB
Downstream Neighbors of ETS1
Downstream Neighbors of FOS
Downstream Neighbors of STAT3
Downstream Neighbors of EGR1

18

331 JUN
248 HIF1A
89 ATF2

220 EP300
300 CeBP8B
170 ETS1
171 FOS
309 STAT3
232 EGR1

24
17
12
16
16
13
13
16
14

Binding” as the relation.

Total # of Neighbors Gene Set Seed Ovedap Percent Overdap Overlappi p-value

7 EDNLINH 1.79t-19
6 EDNLADN 7.76E-13
13 ACE;HIF1IA  15E-12
7 EDNL;VCA 1.89E-12
5 CRP;EDN1 2.16E-10
7 VCAMLA( 2.16E-10
7 VCAMLM 2.33E-10
5 CRP;ADM; 3.36E-10
6 ACE;HIF1A 851E-10

Under Custom Select types, use
“Upstream” as the direction, “Protein”

as the entity (seed), and “Promoter

Jaccard sir Hit type
0.069565 Downstre:
0.063197 Downstre:
0.104348 Downstre:
0.066116 Downstre:
0.049689 Downstre:
0.066667 Downstre:
0.066327 Downstre:
0.048338 Downstre:
0.054688 Downstre:
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How many of the pre-eclampsia genes (from the first network in this module)
share either of the top two FLT1 transcription factor regulators?

Highlight the pre-eclampsia genes for the
two most common upstream expression
regulators (JUN in red, HIF1A in green) as
revealed in the SNEA analysis (See below for
help).

Now for....Pathway Studio Trick #a1!

S/ PATHWAY
()= sTUDIO

TRICK #1

This may not be obvious (at first!), but the way to highlight proteins/genes in a pathway view with

information from another group is actually quite easy. Just follow the trail of bread crumbs below.

In the current example, a list of the most common upstream regulators for the pre-eclampsia-related
genes were generated using the SNEA tool. The top two entries, which are sorted by p-value, in that list

(as found in the table below the pathway viewer) are JUN and HIF1A.

Name Total # of Neighbors Gene SetSeed Overlap Percent Overlap Overlappi p-value Jaccard sir Hit type
——PBownstream Neighbors of JUN 331 JUN 24 7EDNLINH 1.796-19 0.069565 Downstre:
—Downstream Neighbors of HIF1IA 248 HIF1A 17 6 EDN1;ADN 7.76E-13 0.063197 Downstre:

Downstream Neighbors of ATF2 89 ATF2 12 13 ACE;HIF1A# 1.5E-12 0.104348 Downstre:

Downstream Neighbors of EP300 220 EP300 16 7 EDNL,VCA 1.89E-12 0.066116 Downstre:

Downstream Neighbors of CEBPB 300 CEBPB 16 S CRP;EDN1 2.16E-10 0.049689 Downstre:

Downstream Neighbors of ETS1 170 ETS1 13 7 VCAMLAL 2.16E-10 0.066667 Downstre:

Downstream Neighbors of FOS 171 FOS 13 7 VCAMLM 2.33t-10 0.066327 Downstre:

Downstream Neighbors of STAT3 309 STAT3 16 5 CRP;ADM; 3.36E-10 0.048338 Downstre:

Downstream Neighbors of EGR1 232 EGR1 14 6 ACE;HIF1A 8.51E-10 0.054688 Downstre:
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You can view the overlapping genes from
your target list with the list of all the
potential targets. In this case shown below,
the overlapping genes and potential targets
of the JUN transcription factor are viewed by
double-clicking on the particular list entry

in the table, and....voila, now those genes
(and those genes only) are displayed in the

pathway viewer.

Downstream neighbors of JUN
among the pre-eclampsia genes. ===)

Now, here’s the big trick! If you want to
highlight just those genes in another
pathway, all you have to do is: select and >

copy them, go to the other pathway (drum NG\

roll, please!), and ... select clipboard content Al RS
» P )7 p {A’.;,e“_ J%Ji‘m‘;‘m
*‘? s W

and then highlight with the color of your

choice (Hint: if you are going to highlight

I"'}i 1}9
. i K\ IDO1 CoM] =
more than once, the second time use a Q- ’ W@ . / g&

mix-in contrasting color so you can see both = \‘ \%
highlights together). 2

IMOX

See how easy that was? Now, why don’t you try it with HIF1A!
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2.5 Small Molecule Regulators of Pre-eclampsia

HIF1A is not only one of the most important
regulators of the FLT1 gene—which is the
most highly cited gene in reference to pre-
eclampsia in the literature—it also appears to
be a major regulator for a significant number
(17/41) of all the pre-eclampsia associated

genes.

This is beginning to look interesting, so

what can be observed about the biological

processes controlled by HIF1A?

Well, first of all, you could identify all the
genes with promoters known to be bound by
HIF1A.

Hint: Copy and paste HIF1A into new pathway, select HIF1A, select “Add Neighbors,” (downstream),

and select Protein as the entity type and Promoter Binding as the relation type.

Now you can ask yourself: of all the genes under the potential control of
HIF1A, what are some of the most common biological processes involved?

Select all the genes from the HIF1A transcriptional network, go to Tools, select “Enrichment Analysis,”

Analysis Type = “Find Pathways.”

Go to “Ontologies,” choose “biological process” from the GO sets, and then select “Find.”

Name # of Entities  Expanded # of Entities  Owverlap = Percent Overlap ~ Overlapping Entities p-value ~ Jaccard similarity Hit type

¥ i) response to hypoxia 249 250 41 16 SLCL1A2, PPARA ABCB.. 4.03737E-35 9.27602€-2 biclogical_process
4] response to drug 494 495 44 8 ABCG2, GPX3, ABCBL, C.. 3.70069€E-26 6.43275€-2 biclogical_process
] positive requlation of cell proliferation 513 513 41 7 GPER. r_Sox9, NAMPT, N.. 1.27948E-22 5.81560E-2 biological_process
i) cellular response to hypoxia 105 105 21 20 SLC11A2. PMAIPL PTGS.. 3.04355E-20 6.62461E-2 biological_process
5| response to organic cydic compound 239 239 26 10 GPX3, ABCBL, NAMPT, ..  7.13389€-18 5.82960€-2 biclogical_process
5] response to lipopolysaccharide 22 222 25 11 510049, SLCO1B3, SLCL.. 1.38156E-17 5.81395€-2 biological_process
5] negative regulation of apoptotic process 642 642 39 6 r_Soxg, NIOQ2-5, HIF1A, ...  2.27499E-17 466507E-2 biological_process
%] positive regulation of transcription from RNA polym... 846 846 44 5 NR1H3, r_SoxS, PPARA, ..  5.17094E-17 425121€-2 biological_process
5] aging 210 210 22 10 INTRK2, NTRKL. DDIT3, T... 6.13156€-15 5.22565€-2 biological_process
1] positive regulation of apoptotic process 359 359 27 T GPER, PMAIPL, [TGBL 5.. 1.75947E-14 4.77876E-2 biclogical_process

The most enriched GO biological process for the HIF1A transcriptome is...?

Of what diagnostic parameter (see introduction) of pre-eclampsia does this finding make the most

sense? Discuss with class.
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Are you ready for a little bit more?

What about the drugs and possible drug treatments that are used for handling patients

(i.e. pregnant women) at risk for pre-eclampsia?

You have two quick ways (at least!) of investigating this question using Pathway Studio.

1. Test all small molecules associated in the literature with pre-eclampsia.

2. And then look for any clinical trials reported for pre-eclampsia treatments.

Create a new pathway using the pre-eclampsia

disease entity as a starting point. Add small

molecules as an entity type and relation =

regulation, effect = negative.

This will still give you a lot of

relations!

Interactive Network Builder

Entities

M select/Deselect all

¥ O Small Molecule

Relations
v Pos(+) v Neg(-) ] Unknown
# of References

B
5

M select/Deselect all
¥ » Regulation

Filtered / Total

26/ 147

26/ 147

26/ 147

26/ 147

rk Budder

Step 5: Setup Preview

Appied Relation Fiters

Regulaticn 38 Regulation (Effect” = 'n. X

- Back Launch interactive Network Budder Finish Cancel

Filter that down a little bit by going to the “Interactive
Network Builder” and selecting for relations with five

or more supporting articles.

Now that’s a little more manageable!

Next, see how the graph view looks.
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If you look at the “Relation Table View” and sort by the highest number of

references, you find...aspirin!

Try Googling aspirin and pre-eclampsia and tell the class what you find.

How is MgSO4
used in the
treatment of

pre-eclampsia?

For what disease
condition was the
drug pravastatin
originally

developed?

CLUS) (S]] (S] (€] (€] (S [S IS €] (€] (€] (€] (€] %] (€] (€] (<] (<) (S

Relation

=3 aspirin ---| Pre-Eclampsia

= MgSO4 ---| Pre-Eclampsia

=* Ca2+ ---| Pre-Eclampsia

= Mg2+ ---| Pre-Eclampsia

=* ascorbic acid ---| Pre-Eclampsia
=» pravastatin --.| Pre-Eclampsia
=> arginine ---| Pre-Eclampsia
= folate ---| Pre-Eclampsia

= nifedipine ---| Pre-Eclampsia
=> heparin ---| Pre-Eclampsia

= hydralazine ---| Pre-Eclampsia

=¥ low-molecular-weight heparin --.| Pre...

=¥ labetalol ---| Pre-Eclampsia

= 2-methoxyestradiol ---| Pre-Eclampsia
= methyldopa ---| Pre-Eclampsia

= ketanserin ---| Pre-Eclampsia

=¥ CO ---| Pre-Eclampsia

=* metformin ---| Pre-Eclampsia

= progesterone ---| Pre-Eclampsia

= multivitamin ---] Pre-Eclampsia

Object Type
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation
Regulation

Effect

Mechanism

ELSEVIER

# of References

197
167

g8 Y8 ae

24
24
22
21
18
16
15
14
13
13
12
10
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2.6  Drugs in Clinical Trials

Lab Studies Human Safety Expanded Safety  Efficacy & Safety
Several Years Days or Weeks Weeks or Months Several Years
And finally, clinical trials!
Tens Hundreds Thousands

& M M e

Preclinical — Phase | —————— Phase l/ll——— Phase lIl——

i

Stages of Clinical Trials

S e % e
Select small molecules, @ ‘ﬁ‘ @ @ @ @ @

same as before, and

for relation type, pick = % @ % @ @ @ @ @ @

ClinicalTrial.

What are the most studied drugs

PATHWAY STUD'O y Basic search for pro

in terms of number of clinical

trials? ’_:;Startlé]l’re-eclampsia X]&]Dw\mumNei...xldﬂnspm:sebhy*X[&]SnwlmhcuIem
idSave ~ Wrilters » i View ~ [_|Select + {3Edit ~ ¥IUndo ~ [#) Export ~
. . 50 Selected Deselect All
What is the rationale for the use 2 — OhectType Pr—
of pravastatin in treating pre- 9 it e ] =
V| = aspirin ---> Pre-Eclampsia ClinicalTrial 10
eclampsia (requires linking out v||— methyidopa ---> Pre-Ecampsia  ClinicalTrial 6
o . v| = labetalol ---> Pre-Eclampsi ClinicalTrial S
to the clinical trials record for v]|— arginine —> Pre-Eciampsia ClinicarTrial 4
b} v — ephedrine ---> Pre-Eclampsia ClinicalTrial 4
answer) . v| — nifedipine ---> Pre-Eclampsia ClinicalTrial 4
v | = misoprostol ---> Pre-Eclampsia ClinicalTrial 4
Hint: check Detailed Description C | (e L & -
field
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Overlap of Clinical
Trials and Small
Molecules

Wait! Before you go, what did you learn today?

. “Network Builder” can be used to add relations to entities.

. “Relation Table View” and “# of References” can be used to find most cited relations.

. You can find transcription factors that bind to gene promoters or miRNAs that affect gene
expression.

. Enriched upstream regulators can be identified for a group of genes using Sub-Network

Enrichment Analysis (SNEA).

. Possible drug treatments can be identified using Small Molecules and Clinical Trials.

And that’s a lot!
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Study Questions 2

1. Identify genes/proteins that are linked to OCD. How many of them?

2. ldentify drugs/small molecules linked to OCD. How many of them?

3. Identify transcription factors of protein FLT1. List top three by reference number.
4. What is the most cited transcription factor of FLT1?

5. Find miRNAs that regulate the protein FLT1? List top five by reference number. Which are predicted?

How many are from the literature? List top two by reference number.

6. ldentify the number of small molecules and protein functional classes related to the expression
of the protein FLT1. List top three by reference number. How many have a negative effect on

expression? How many have a positive effect on expression? (Hint: use Interactive Network Filter).

7. ldentify top five enriched diseases by p-value using genes linked to pre-eclampsia (10+ references
only). (Hint: use SNEA).

8. Identify top five by p-value enriched GO terms by p-value for genes linked to pre-eclampsia (10+
references only)? (Hint: use GSEA).
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How Do I ... Gene/Protein Expression:

Exercise 2.1: Find proteins (transcription factors) that bind to the promoter of a
gene(s)?

Finds transcription factors for genes (directly binding to promoters)
Step 1: Create New Pathway or within Pathway, select a protein(s)
Step 2: Select Add > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step 5: Entities: Select “Protein” Relations: Select “Promoter Binding”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 2.2: Find predicted miRNAs that may regulate expression of a gene(s)?

Finds predicted miRNA targets (from public prediction datasets - identified in “source” annotation field of

the relation)

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step 5: Entities: Select “Protein” Relations: Select “miRNAEffect”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Switch to the Relation Table view: add “Source” as column to the table and sort on that column. Relations
with Source annotation of public datasets “miRanda” “TargetScan” “PicTar” “TarBase” etc. are predicted

miRNA targets.
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Exercise 2.3: Find known miRNAs that regulate expression of a gene(s)?

Finds literature confirmed miRNA targets. (Differentiate from predicted miRNAEffect relations by

reference annotation)

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: “Protein” Relations: Select “miRNAEffect”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Switch to the Relation Table view, add “Sentence” as a column to the table and sort on that column. Any

relation with a supporting sentence is a literature confirmed relation.

Exercise 2.4: Find proteins that are involved in the expression of a gene(s)?

Finds both direct expression regulators (promoterbinding) and proteins with possibly an indirect effect on

expression

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step 5: Entities: Select “Protein” Relations: Select “Promoter Binding + Expression”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish
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Exercise 2.5: Does a group of genes share common expression regulators?

Finds common expression regulators that impact multiple targets in a select group. If Promoter Binding
+ Expression gives too many results, try examining only Promoter Binding. If results are too low, use the

back button before you launch Interactive Network Builder to step 2 and expand to 2 or greater steps
Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Expression Regulators

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 2.6: Does a group of proteins regulate expression of similar gene(s)?

Finds targets that share a common regulator from a select group. If Promoter Binding + Expression gives
too many results, try examining only Promoter Binding. If results are too low, use the back button before

you launch Interactive Network Builder to step 2 and expand to 2 or greater steps.
Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Expression Targets

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish
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3.1 Introduction to Variant Analysis in Genomic Sequence Data

-+

HINL

|

The dbSNP database [http://www.ncbi.nlm.nih.gov/snp] currently has more than 200 million known

human SNPs, or single nucleotide polymorphisms. While many SNPs may have no biological impact,
and others may simply provide the basis for benign differences between individuals, it is the variations
in human genomic sequences that lead to medically relevant phenotypes that are of great interest

to researchers. These include DNA nucleotide changes that cause diseases, greater susceptibility to

medical conditions, and variations in responses to medications.


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

3.2. The dbSNP Database

In this training module, you will learn to search the dbSNP database to find variants known to be

associated with a specific disease.

As there are a large number of SNPs in any given genome, identifying specific Polymorphism

variants of interest involves applying multiple filters, which can be based on a

variety of factors such as:

« Is the mutation within the coding region of a gene? U ),\«

“Poly” many “morphe” form

« Does the SNP affect the protein’s sequence? m_ll_(l_.

+ s the mutation in a specific protein’s amino acid position known to be General
population
generally conserved?
« Is the protein mutation within a region that is known to be conserved -
across species other than just human? mlm
(5NP)

« How common or frequently is a particular SNP found within the standard

1000 Genome Project reference data? [http://www.1000genomes.org/
3.3 Hodgkin’s Lymphoma—Deleterious SNPs

Hodgkin's Lymphoma (HL) is a type of lymphoma in which
cancer originates from a specific type of white blood cells

called lymphocytes.

A history of infectious mononucleosis due to infection by
Epstein—Barr virus (EBV) may increase risk of HL, but the
precise contribution of Epstein—Barr virus remains largely

unknown.

Hodgkin’s Lymphoma is characterized by the orderly spread

of disease from one lymph node group to another and by the ~ Micrograph showing Hodgkin’s Lymphoma (Field stain)

development of systemic symptoms with advanced disease.

Module 3: Variant Analysis |

3.2,3.3


http://www.internationalgenome.org/

Let’s find some SNP(s) that are potentially deleterious to the function of
proteins that are known to be associated with Hodgkin's Lymphoma.

Let’s get started!

8 (@3} Single Nucleotide Polymorphism
/

And what better place to begin than

at the beginning,

dbSNP

in this case, the Pathway Studio | _J Short Genetic Variations
Start Tab.

Click on the Variation database icon:

Which will bring you to the variation database (from the dbSNP database) and it looks like this:

If you check the lower WPATHWAY STUDIO®

Start 1 Variation Data...

right_hand edge O'F your‘ Location 7 Gene Region ' Functional Impact " Frequency Biological Associations Database Identifiers & Export Copy Genes ~
Clear
screen you will see the 1 e = B
1 15376643643 1 10020 A . Intergenic -
message displaying “1_40 2 15373328635 1 10056 A - Intergenic
3 rs62651026 1 10108 € T Intergenic
” 4 3376007522 1 10109 A T Intergenic
Of 201354832 . S rs368469531 1 10139 A T Intergenic
6 rs144773400 1 10145 A - Intergenic
7 rs375931351 1 10147 € - Intergenic
8 rs371194064 1 10150 C T Intergenic
That’s because there have 9 rs367896724 1 10177 A - Intergenic 04253
10 rs201752861:r... 1 10177 A C Intergenic 04253
ir. 11 15201694901 1 10180 T < Intergenic
been over 200 ml”lon 12 15143255646 ... 1 10229 A . Intergenic
13 rs200462216 1 10229 A AACC... Intergenic
SNPS Identlﬁed and 14 rs376846324 1 10231 € - Intergenic
15 15200279319 1 10231 € A Intergenic
16 rs145599635 1 10234 C T Intergenic
reported to date across 17 rs540431307 1 10235 T 2 Intergenic 0.0012
18 rs540431307 1 10235 T A Intergenic 00012
19 rs148908337 1 10248 A T Intergenic
the World. 20 5375044980 1 10250 A . Intergenic
21 rs375044980 1 10250 A AC Intergenic
22 rs199706086 1 10250 A C Intergenic
23 rs140194106 1 10255 A - Intergenic -
Along the tOp ruler are the Page of5033871 P Displaying 1 - 40 of 201354832

filters that we will use to

drill down for getting useful data.
3.4 Biological — Disease Associations

Our first stop will be Biological Associations where we will select Disease Association and type in
Hodgkin's Lymphoma (we could also have picked Cell Process Association for things like “apoptosis”
or Drug Association for small molecule drugs, all of which are annotated in the main Pathway Studio

database).
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The search will return a number of related diseases (you could select more than
one). For this example, just select “Hodgkin Disease”

p—— Click on Apply Filters:
Disease Association |  Cell Process Association | Drug Association .
Search Added Filtes S > it D
Hodgkin Lymphoma R | Hodgkin Disease remove ta rt — Va r a t ! O n ata o

-

Hodgkin Lymphoma, Adult

classical Hodgkin lymphoma

composite lymphoma - ‘ Location - : Gene Reglon - '

Diffuse Lymphocyte-Predominant Hodgkin's Lymp...
Hodgkin Disease
Lymphocyte Depletion Hodgkin's Lymphoma

N — ps.disease IN ('Hodgkin Disease’)

Lymphoma, B-Cell
Lymphoma, Follicular

Lymphoma, Non-Hodgkin - CIICk on Apply Filters

AddAll | Remove All
— S This search will be tracked in
the Added Filters bar just below
the Filter tabs. This is very helpful to follow as you add more filters. (note: This bar
is not interactive, i.e. you cannot add or delete anything by typing. The only way to go back is to clear

everything, but don’t worry - the filters are easy to use).
Now we’re down to about 2 million SNPs (check it and see!).

What we've done is selecting all those SNPs that are mapped to the subset of genes associated with

Hodgkin’s Lymphoma in the Pathway Studio database (from the scientific literature).
But that’s still way too much, so let’s keep filtering!

3.5 Functional Impact Filter

Next select the type of SNP

Functional Impact

Translational Impact: [¥] Missense 7] Splice disrupt [[] cDs indel with respeCt to the functional
¥| Nonsense v| Misstart ¥| Non stop impact on the protein.
SIFT Prediction: | Tolerated(>0.05) V| Damaging(<=0.05)

PolyPhen2 Prediction: Benign(<=0.452) | Possibly Damaging ¥| Probably From the tOOl bar SEIECt the

Damaging(>=0.957) .
' ’ Functional Impact filter. In

Least conserved Most conserved h | |
- = this example, missense, splice
GERP++ Conservation: 1) 1) P'€, » SP
3 o1 disrupt, nonsense, misstart
 Reset ok || cancel |

and non-stop mutation types
are selected for Translational

Impact.



Also, for SIFT, select “damaging” and for PolyPhen2 select “probably damaging.”

. SIFT predicts whether an amino acid substitution affects protein function based on sequence

homology and the physical properties of amino acids.

. PolyPhenz2 predicts possible impact of amino acid substitutions on the structure and function of

human proteins using straightforward physical and evolutionary sequence comparative considerations.

Now, we’re down to a little over 500,000 SNPs to examine. That’s still a lot! We have to keep going!

Let’s reduce this number further by examining only those SNPs that are not commonly found within
the 1000 Genome Project data (SNPs associated with disease are expected to be uncommon in the

general population).

In this example only SNPs that are present in less than 5% of the genomes in the 1000 Genome Project

will be considered.

Frequency

| Is Novel (not in dbSNP)

Minor Allele frequency: | < v 0.05 in 1000 Genomes Project

Reset Ok Cancel
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Now we’re down to a manageable number of SNPs (2738).

W PATHWAY STUDIO® Q  Advnced Help ¥ chris cheadle ¥

# | Start | ) Variation Data...
J Location '/’ Gene Region Functional Impact 7 Frequency T Biological Associations " Database Identifiers # Export Copy Genes ~
ps.disease IN (Hodgkin Disease’) AND tranlmp IN (missense’, splice-disrupt, nonsense’, misstan’, nonstop’) AND sifts<=0.05 AND polyph2s>=0957 AND afreq<0.05 Clear
¢ nsld Ca Location  ref Al Gene Gene region Transl Impact  GERP++ Sc.. SIFTScore  PolyPhen2 ... Allele Frequ... Diseases
1 rs201877167 1 9305439 A G HEPD cDs missense 531 0 1 0.0002 Hodgkin Dise... ~
2 rs201667735 1 9305579 G A H6PD CDs missense 531 0.004 1 0.0002 Hodgkin Dise...
3 3143104068 1 9307032 C T H6PD cDs missense 503 0.047 0.999 0.0028 Hodgldn Dise...
4 rs200586103 1 9307040 C G HEPD s missense 4.1 0.005 0.993 0.0002 Hodgiin Dise...
S rs35525021 1 9307050 G A HEPD CDs missense 503 0 1 0.003 Hodgkin Dise...
6 rs540537862 1 9307088 C T HEPD CcDs missense 409 0.002 1 0.0002 Hodgkin Dise...
7 rs148558413 1 9322120 C T HEPD DS missense 5.25 0 1 0.0004 Hodgkin Dise... =
8 rs200049650 1 9322144 G A HE6PD cos missense 525 0 1 00002 Hodgkin Dise...
9 rs557334874 1 9322237 G A HE6PD cos missense 3.23 0.043 0975 00002 Hodgiin Dise...
10 rs575597887 1 9322243 C T HEPD cDs missense 332 0.005 0.997 0.0004 Hodglin Dise...
11 rs375504656 1 9322333 C T HEPD DS missense 524 0.002 1 0.0006 Hodgkin Dise...
12 rs140867232 1 9322334 G A HEPD cos missense 412 0.014 0995 0.0008 Hodgkin Dise...
13 rs570041130 1 9322366 A G HEPD cDs missense 524 0.003 0.997 0.0002 Hodgkin Dise...
14 rs138833705 1 9322373 C T HG6PD s missense 5.24 0.002 1 0.0004 Hodglan Dise...
15 rsl40631516 1 9322376 C T HEPD cDs missense 524 0.003 1 0.003 Hodgiin Dise...
16 rs534716613 1 9322379 C T HE6PD cDs missense 524 0 1 00002 Hodgkin Dise...
17 rs182877860 1 9323661 G A HEPD cDs missense 5.56 0.005 0.996 0.0002 Hodgkin Dise...
18 rs147080717 1 9323730 G T HEPD cDs missense 557 0 1 0.0002 Hodglin Dise...
19 rs377461550 1 9323759 G A HEPD cos missense 557 0.021 0.997 0.0002 Hodgiin Dise...
20 rs377461550 1 9323759 G T HEPD cDs missense 557 0.004 1 0.0002 Hodgkin Dise...
21 rs35863691 1 9324107 C T HEPD cDs missense 567 0.01 0.985 0.0002 Hodgldn Dise...
22 rs560717968 1 9324224 G A HEPD oS missense 474 0014 0.996 0.0002 Hodgkin Dise...
23 rs538048443 1 9324330 C T HEPD cDs missense 567 0.003 0.997 00002 Hodgkin Dise... ~
Page of67 b Displaying 1 - 40 of 2651

3.6 Export Genes to Pathway Studio

Note that the filter commands are reprised on the Added Filters bar and reflected as well in the table

annotations below for the individual SNPs.

Our next step will be to export the genes* to which these SNPs are mapped into
the Pathway Studio main program for further analysis.

*As many of the genes in the list have multiple SNPs, the number of genes to examine is far less than

2700.

To further examine these identified genes, go to: Copy Genes > Copy First 1000
Genes. This will copy the gene names to the clipboard.
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Go to Start tab, Create New Pathway and paste the gene list into the Pathway Viewer window (this will

take a minute, so be patient, there are a lot of genes!).

* Stat | ') Variation Data... % Hodgidn Diseas.
kdSave = Z-legend Wriers = ® View = []Select ~ WEdit » 3ifAdd ~ ¥Undo = Y Highiight = & Tools = o0 ®®
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This will result in the display of ~258 genes.

Next, type in “Hodgkin Lymphoma” into the Search box at top of page

Select “Hodgkin Disease” and proceed to the “Add” Tab. Select, copy, and paste the return

(from table below) into the Pathway
WPATHWAY STUDIO® (e Q aocs

+ Stant ‘] Variation Data...

) Hodgkin Diseas... *
idsove ~ Z-Legend Wrikers = 2 View ~ [l select = W Edit = ##Add = O Undo ~ %7 Highlight = ¥ Tools ~

SR Blayout ~ Qrstyle » A A7 07 07 & Align = *#*Resize ~ & (fiCamera

. -
1s ot 10,0 = = T
- ® a e - '
1 % - - ®g® * - .
[ T Wt e ...
W20 kg%, Y I |
e g T o = . . LR
e LTt e e
= s I -
- = ' L] - - i -
' L )
ot - . 8 ;o e
. *e s, n - #1 4 &
T s g B S0 %
"4 & ¢ e P - *a \
' ' . o
-y LI P . .-l-. =
- e ** o'f 4 %0
# Search: hodgki..
idsave ~ [_iSelect ~ {REdit - # Export ~ LITools ~
Name Description Object Type
T Hodgkin Dsease Disease
4] Proteins Invoived in Pathogenesis of H. Pathway
8 Hocgkin Disease Cet Lines SemanticConcept
] Hodgkn Disease vanant genes 03-17 Pathway
T Hodgkn Lymphoma, Adult Disease
o HDPA Hodgkin disease. susceptivility, psevdoaut.. Protein
T dassical Hodgian lymphoma Disease

Page lofl | b M| &
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Help ¥  chris cheadle ¥

Hit type
Concept recognized

Pathway containing Hodgiin Disease

Concepts found by Name/Allas
Concepts found by Name/Akas
Concepts found by Name/Alas
Concepts found by Name/Alias

Concepts found by text properties

Items per page 25|  Displayingl-130f13
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Add “Relations between Selected and Unselected”

wPHTHUAY STUDIO”_

< Start ) Vanation Data... %, Hodgidn Diseas.
kdsave = =-legend Y rFilters =~ ® View ~ || Select ~ i} Edit -’i«i:-w = Undo ~ 92 Highlight = ¥ Tools ~ - 0} »@
R- Blayout - Qastyle = A A7 @ o £ Align = - Resize] £1) Relations between Selected and Unselected
) #i% Network Builder
m‘ #i% Neighbors from Database »
o ® e | 3 Direct Interactions »
Ay ala -
4 = a T &7 Shortest Path »
- “‘: 1 ##% Common Targets » ¢
e
't t i Common Regulators 2l
. VeSS o ale
o &+ Common Binding Partners L=
_‘"* — + + o g +
)
e 7. Text Label T
- - — - -
3 a . - N ) -
- - ] o . - o
— - o e = w_— — - -
- "" - s - i
= o A - ren - + -
t - - "_z
B o = g - W
= t“ S - - = o -!? o
@ = -  J LA
- o &= b e 4 o
°  ren W 4 @ - e - ¢
« P
¥ L& e § e F me g
- !t o _* P oSO e
e Fo Al . - - it
- o - e
e - T g .: —_— e = + -
# Search: hodgid.
kdsave = [ |Select = QhEdit = ®Export * LI Tools *

What we’ve done is to connect all the Hodgkin Disease variant genes to the Disease entity “Hodgkin
Disease” in the Pathway Studio database using all the literature based relationships found in the database

between these genes and that disease.

You should get something that looks like this:

‘pAI'HWAstnO. RO sease Q  Asances Help ¥ chis cheadle ¥

= S Varaton Data HOdgon Do an

Hsow = 2 lepend Thinen » B view » [ Seier = for v BlAss » Dundo » Yiighign = O loos - X

If you click View ->

Entity Table View, you will
find a list of the genes (246)
plus one disease

(Hodgkin Disease)
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There’s a lot of useful information in this table!

‘ pATHWAY S-I-LJDIOCJ hodgkin Disease Q, Advanced Help ¥  chris cheadle ¥

+ Start | __] Variation Data... %) Hodgkin Diseas...
Idsave ~ Trilters - i view - [_ISelect ~ G3Edit ~ ¥IUndo ~ & Export ~
Relation Object Type Effect Mechanism # of References Confidence Level
— Hodgkin Disease --+> MAP3K8 QuantitativeChange positive 1 1 =
— Hodgkin Disease ---> CD68 Biomarker 2 2 =
= Hodgkin Disease ---| CD247 QuantitativeChange  negative 1 1
=+ CXCL8 ---> Hodgkin Disease Regulation 1 1
— Hodgkin Disease --+> AURKA QuantitativeChange positive 1 1
— Hedgkin Disease ---> CASP1 Biomarker 1 1
== Hodgkin Disease ---> VDR Biomarker 1 1
— Hodgkin Disease ---> MGMT GeneticChange 1 1
= TNFSF4 ---- Hodgkin Disease CellExpression surface 2 2 .
Page 1{of 1 4 5 Items per page| 350 Displaying 1 - 309 of 309

If you click View -> Relation Table View, you will find a list of all the relations
(309). Note: There are more relations for this network than there are entities because a single entity

can have multiple relations in the network.

Hint: to get this look, select Layout -> Hierarchical.

W PATHWAY STUDIO®  [EFEEES Q  Advarced Help¥ chris cheadle ¥

+ | Start *) Variation Data... . Hodgkin Diseas.
idsave * ZZlegend Tritters ~ B View v [ Select ~ [ Edit » #Add ~ O Undo ~ % Highlight ~ ) Tools ~ = —0 @
R Bllayout = ristyle = A" A” 0 o7 o Align = *3*Resize = o [aliCamera

# Search: hodgli...

Idsave = [ Iselect = Upedit = # Bxport = (JTools =
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OK, if you got this far alright (right!), now, we can begin to systematically explore the biology of our

selected genes using some of the many Pathway Studio enrichment analysis tools.

LNAISIS,

=
2,

3.7 Associate Genes with Hodgkin’s Disease

So you'll recall that we selected these genes in the variant analysis tool precisely because they are

associated in some way with Hodgkin Disease (see above).

Let’s test that right now;

Select all the genes in the Pathway Viewer (or Entity Viewer if you are in that window).
Click on Tools -> Enrichment Analysis of Selected Entities

The Input Objects are the genes you selected (scroll down in this box and you will find the total number of

genes selected [Total: 246], this is a good way to double-check your selection).
The Analysis Type is Find Sub-Networks Enriched with Selected Entities

Skip down to Neighbors (we’ll accept all the default parameters for this example) and click the radio button

for Disease Biomarkers (Mutations).
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3.8 Sub-Network Enrichment Analysis, Disease and Cell Process

Sub-Network Enrichment Analysis (SNEA) is a powerful form of causal reasoning for network analysis™.

In this case, the “Gene Set Seed” type selected is Disease. The SNEA algorithm will rapidly evaluate the

submitted gene list for enrichment of all disease types in the database found upstream of these genes

and connected to them by the relation “GeneticChange.”

Enrichment Analysis of Selected Entities

Analysis Type: | Find Sub-Networks Enriched with Selected Entities
p-value < 0.05
Min Overlap: | 1

[¥] Include only overlapping entities in Pathways
Max Networks: | 100

Neighbors: © Expression Targets
) miRNA Targets
) Chemical Expression Targets
°) Binding Partners
7 Protein Modification Targets
°) Disease Biomarkers (Quantity)
@ Disease Biomarkers (Mutations)
°) Proteins/Chemicals Regulating Diseases
*) Proteins/Chemicals Regulating Cell Processes

7) Custom Select types...

Input Objects: CDKN2C, STXBP2, PNP, HLA-DRB1, TNFRSF11B, DICER1,
IGF2BP3, POU2F2, RELA, AURKA, INS, TRAF1, NFATC1, CASPS,
HPSE, IGH, S1PR1, TNF, BCL6, CCLS, CYP3A4, MEFV,

fu »

CDKN2A, .

In a sense, it is asking the simple
question: “Are any particular diseases
over-represented in this particular list

of genes?”

*Sivachenko AY, Yuryev A, Daraselia N, Mazo | (2007)
Molecular networks in microarray analysis. Journal of

bioinformatics and computational biology 5: 429—456.

And the answer is...? You got it! Hodgkin’s Disease, followed by Lymphoma, Neoplasms

Leukemia, and Infection. Clearly, mutations in these variant-selected genes are highly involved in

multiple diseases for both cancer and inflammation.
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There’s a lot of useful information in this table!

W PATHWAY STUDIO® — Help ¥ chris cheadle ¥
+| Start | 4] Hodgkin Diseas... >
idsave * = legend W filters v ® view ~ [|Select ~ i Edit ~ #FAdd ~ ¥IUndo ~ %2 Highlight ~ (FTools = @ — ® @
“Rv Bllayout ~ Orstyle - AT A7 i & Align ~ ¥+ Resize ~ & (8fiCamera
# Sub-networks e... # Sub-networks e...
idsave * [select ~ G@Edit ~ [# Export = ¥Tools ~
1Selected Deselect All
Name Total # of Neighbors = Gene Set Seed Overlap Percent Overlap Overlapping Entities p-value Jaccard similarity | Hi
¥ 4] Downstream Neighbors of Hodgkin Disease 115 Hodgkin Disease 102 87 CDKN2C, STXBP2, GYPA, DICERL, RE... 4.84197E-192 3.968B7E-1 e
(“s] Downstream Neighbors of Lymphoma 599 Lymphoma 125 20 CCRS, STXBP2, PNP, STATL, DICERL ... 1.05928E-129 1.74095E-1 '=|
s Downstream Neighbors of Neoplasms 3094 Neoplasms 194 6 CDKN2C, HLA-DRBL, TNFRSF11B, DL.. 887514E-117 6.17048E-2
\s| Downstream Neighbors of Leukemia 681 Leukemia 119 17 CDKN2C, CCRS, STATL, HLA-DRBL, ... 8.99650E-113 1.47643E-1
s Downstream Neighbors of Infection 1411 Infection 145 10 CCRS5, HLA-DRB1, STATL, RNASE3, D... 1.98088E-107 9.60265E-2
| Downstream Neighbers of Cancer 2894 Cancer 182 6 CDKN2C, CCRS, HLA-DRBY, STATL, ... 5.22707E-106 6.15697E-2
¢/s] Downstream Neighbors of Inflammation 1202 Inflammation 130 10 CCRS, PNP, STATL, HLA-DRB1, RNAS... 7.37157E-97  9.87842E-2
(%] Downstream Neighbors of Multiple Myeloma 339 Multiple Myelo... 86 25 CDKN2C, TET2, KLF4, TNFRSF11B, F.. 8.63297E-94 1.73038E-1
(*s] Downstream Neighbors of Lymphoma, Nen-Hod... 270 Lymphoma, No... 79 29 TLRY. CCRS, STATL, FAS, VEGFA, XR...  3.14067E-91 1.81609E-1
Al m P T PR PR 215 Lismisn Emmbnmmn 181 12 AAYMAS AARE CTATI LA AKDY 3 £ASHSE O 1.3577CC 4 =

Page| 1|ofl b ki | ¥

Items per page | 1000 | Displaying 1 - 100 of 100

So, there is a high degree of overlap (108/257, 42%) between our variant gene list and the genes annotated

as mutated in Hodgkin Disease in the Pathway Studio database.

Once again, this isn’t surprising because this group is a subset of the group of all Hodgkin Disease

associated genes which we used originally to
filter the variant database (pX).?

But it is reassuring — everything is
working!

Let’s now take a peek at these SNEA-identified
genes by double-clicking on the Overlapping

Entities box on the Downstream Neighbors of .

Hodgkin Disease row. This will open a new

window for these genes in the Pathway Viewer.
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3.9 Drill Down!

I~

N If we go to View -> Relation Table View and sort by # of References (Descending) we can
\J

[/

immediately see the most studied genetic changes associated with Hodgkin Disease.

‘pATHWAYSrUDIO asic search for prote eases, pathways, et Q  Advanced Help Y  chris cheadle Y

 Start | -4 Hodgkin Diseas... “+) New Pathway ] Downstream Nei... *

For any relation in the

idsave v Triters ~ U view + [Isetect  {aEdit ~ undo ~ [# Export ~
1 Selected ' Deselect All

e v o cseeen e R€lation Table View you
v!|— Hodgkin Disease ---> TP53 GeneticChange 37 3 [
Page 1ofi| b bl | 4 Items per page 350  Displaying 1 - 102 of 102 can dri” down and See the
# Sub-networks e... ** | [# Sub-networks e... | — GeneticChange:... * | = GeneticChange:... * | & TP53
— Geneticchange Hodgkin Disease - TPS3 documents and even the
4 Properties w P53, N- and K-Ras, and B-catenin gene mutations and prognostic factors in nasal NK/T-cell lymphoma from Hokkaido, Japan = ‘
References (37) Takahara,M.Kishibe,K:Bandoh,N:Nonaka,S Harabuchi.(2004) Human Pathology = d d H
e Propetes , P sentences used to derive
o Relevant Sentences [Documentrldenhﬁers & Links || Other available Vlynformatlon]
“Similarly, Elenitoba-Johnson et al found that in both cases of Hodgkin's lymphoma with p53 mutations, LMP-1 was also expressed. * t h b . I . | f- t
(2 P53 expression in lymphatic malignancies. ose bio Oglca acts.
Soini,Y;Paakko,P;AlavaikkoM.VahakangasK.(1992) ) Clin Pathol
Relevant Sentences | Document Identifiers & Links || Other available inft
“The presence of p53 positivity in non-Hodgkin's and Hodgkin's lymphomas indicates that mutations of the pS3 gene may play a part in the
development of these tumours. *
Bl AAIDS lymphomas.
Middleton,GW;LauRK(1992) IntJ STD AIDS
Relevant Sentences || Document Identifiers & Links || Other available inf
“In 1/3 of Burkitt's lymphoma p53 mutations were found but none in the 43 non=Hodgkin's lymphomas suggesting that p53 mutations and c-myc
activation act synergistically in the pathogenesis of these tumors. *
@ Absence of hereditary p53 mutations in eight familial Hodgkin's disease pedigrees.
Racevskis,J;Wiernik P.HKirshner,E.D;Raghavan,V.;Paietta,£.(1995) Leukemia
i ' — = ) .
m P53, N- and K-Ras, and B- in gene i and prog ic factors in nasal NK/T-cell ymphoma from Hokkaido, Japan

Takahara,M.;Kishibe,K.;Bandoh,N.;Nonaka,S.;Harabuchi,Y.(2004) Human Pathology
Relevant Sentences | Document Identifiers & Links H Other available information

ISSN: 0046-8177
PI.  S0046-8177(03)00517-3
DOL 10.1016/j.humpath.2003.08.025

ScienceDirect Joumals  Books
awm B Export ¥ [ J——

Human Pathology

Link-out to PubMed and full text ; s 22 e ey 2008 e 2368 -
articles*

-1

P53, N- and K-Ras, and B-catenin gene mutations and
prognostic factors in nasal NK/T-cell lymphoma from Hokkaido,
*depending on user subscription status Japan *

Miki Takahara, MD*, Kan Kishibe, MD, PhD*, Nobuyuki Bandoh, MD*, Satoshi Nonaka, MD, PhD*, Yasuaki
Harabuchi, MD, PhD* &

+ Show more

dor:10.1016/ humpath 2003 08.025 Gel rights and content

Abstract

We have shown previously that nasal natural killer (NK)/T-cell ymphoma was associated
with Epstein-Barr virus (EBV) and had peculiar clinical features. However, little is known
about its biological and genetic changes. The aim of this study is to determine the p53, N-
and K-ras, and B-catenin status in this lymphoma in relation to EBV status and clinical
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Let’s finish up with a quick analysis of the potential biology for all the variant

selected genes.

Just like we did before,
click on Tools >
Enrichment Analysis of
Selected Entities.

The Input Objects
are the same genes as
before (246).

The Analysis Type,
this time, is Find
Pathways/Groups
Enriched with Selected
Entities.

Enrichment Analysis of Selected Entities

Input Objects: | CDKN2C, STXBP2, PNP, HLA-DRB1, TNFRSF11B, DICER1,
IGF2BP3, POU2F2, RELA, AURKA, INS, TRAF1, NFATC1, CASPS,
HPSE, IGH, S1PR1, TNF, BCL6, CCLS, CYP3A4, MEFV, CDKN2A,

iy »

1

Analysis Type: | Find Pathways/Groups Enriched with Selected Entities
Show: @ Al
best results

¥| Expand the content of functional classes and complexes in target gene sets
JCeIn SIgnarnng

Gene Set Categories: . ) -
[_lInflammation Pathways
["ISignal Transduction Pathways
| Disease Collections

| Cell Process Pathways

11

|| Private pathways
4 Sets
("I Disease Collections
L :lmmunological Pathways S

Under Gene Set Categories, check” Cell Process Pathways” (make sure nothing else is selected!) and

then click Find...

Name

| Adipokines Production by Adipocyte
| Apoptosis

%| Cell Cycle

%| G2/M DNA Damage Checkpoint
#s] GO/G1 Cell Cyde Phase Transition
4 G1/S DNA Damage Checkpoint

# of Entities Expanded # of Entiti... Overlap Percent Overlap Overlapping Entities p-value =

58 99 18 18 RELA, MAP3K14, N... 1.77383E-14
94 171 22 12 RELA. MAP3K14, N... 2.67863E-14
140 304 20 6 RB1, CDKN2A, AUR... 9.36480E-8
22 30 5 16 CHEK2, ATR, ATM, T... 1.29757E-4
52 101 8 7 RELA. RB1, STATL, ... 2.82067E-4
27 81 7 8 CHEK2, MDM2, AT... 4.05942E-4

We can see that 5 out of the 6-top enriched cellular processes for the Hodgkin Disease DNA variants

involve mutations in genes controlling apoptosis and the cell cycle, key regulatory events in cancer

initiation and progression. ...and we’re....



But wait, before we go let’s do a quick review of what we learned today.

We learned how to access the Pathway Studio variant database.

We learned how to perform a Sub-Network Enrichment Analysis (SNEA) to find diseases enriched in a

list of genes by mutation relations.
We learned how to drill down to the actual article references underlying relations.
All in all, not a bad day’s work!

And NOW we’re done, see you next time!



Study Questions 3

1. Identify SNPs that are related to the disease SCA3, and tell the total number of SNPs.

2. Apply “Functional Impact” filter mentioned in the text of Module 3. How many SNPs are left?

3. Apply “Frequency” mentioned in the text of Module 3. How many SNPs are left?

4. Use “Copy Genes” feature with the remaining SNPs in question 3. How many genes do you have?

5. Use SNEA to identify top five diseases sorted by p-value related to the genes in Question 4.



For P%ysical Interaction with Proteins,
How Do | ...

Exercise 3.1: Find proteins that bind to a protein?

Identifies protein binding partners (no additional regulatory event known). Binding relations have
no Direction (Direct Regulation is regulation through a direct physical interaction and can also be
considered here.)

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Physical Interactions

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish filter:

Binding

Exercise 3.2: Find small molecules that bind to a protein?

Finds small molecules that regulate the activity of a protein through a direct physical interaction
(Drugs/non-naturally occurring small molecules included in ChemEffect data)

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step 5: Entities: Select “Small Molecule” Relations: Select “Direct Regulation”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish



Exercise 3.3: Find proteins that regulate a protein through a direct physical
interaction?

Finds proteins that regulate the activity of a target protein through a direct physical interaction. Can also

consider “Protmodification” relations.

Step 1: Create New Pathway or within Pathway, select a protein(s)
Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: Select “Protein” Relations: Select “Direct Regulation”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 3.4: Find small molecules that regulate a protein through direct physical
interactions?

Finds small molecules that regulate the activity of a protein through a direct physical interaction (Drugs/

non-naturally occurring g small molecules included in ChemEffect data)
Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: Select “Small Molecule” Relations: Select “Direct Regulation”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish
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hepatic vin 4.1 Introduction Cholestasis is a condition pogs
l where bile cannot flow from the liver to the {

duodenum. There are two basic of cholestasis.

? = One is an obstructive type of cholestasis,
hepatic artory
mé/ = where there is a mechanical blockage in the
galibladder
portal vein
S0 duet duct system that can occur from a gallstone

or malignancy. The other, which includes

metabolic types of cholestasis, involves disturbances in

bile formation that can occur because of genetic defects or

acquired as a side effect of many medications.

4.2 Cytochrome P450 Genes

Enzymes produced from cytochrome P450 genes are involved in the formation (synthesis) and
breakdown (metabolism) of various molecules and chemicals within cells. Cytochrome P450 enzymes
play a role in the synthesis of many molecules including steroid hormones, certain fats (cholesterol

and other fatty acids), and acids used to digest fats (bile acids). Additional cytochrome P450 enzymes
metabolize external substances, such as medications that are ingested, and internal substances, such as

toxins that are formed within cells. There are approximately 60 CYP genes in humans.

Common variations (polymorphisms) in cytochrome P450 genes can affect the function of the enzymes.

The effects of polymorphisms are most prominently seen in the breakdown of medications. Depending

Cytochrome P450 Enzymes and their Regulation

Polymorphisms

Drug Induction 1 ::;Zggg;
~ < o (OH)
Drugs, ~Polar
Environmental P450 Enzymesb metabolltes
Chemicals,
Steroids O,, NADPH \
Deactivation
Bioactivation
7 \ Hormone
2 ‘\\ synthesis :
‘ \
- - Drug
: Cancer Chemotherapy C':rt::tii%gg?l::is Elimination

on the gene and the polymorphism, drugs can be metabolized quickly or slowly. If a cytochrome P450
enzyme metabolizes a drug slowly, the drug stays active longer and less is needed to get the desired effect.
A drug that is quickly metabolized is broken down sooner, and a higher dose might be needed to be effective.

Cytochrome P450 enzymes account for 70 percent to 8o percent of enzymes involved in drug metabolism.



Common variations (polymorphisms) in cytochrome P450 genes can affect the function of the enzymes.
The effects of polymorphisms are most prominently seen in the breakdown of
medications. Depending on the gene and the polymorphism, drugs can be metabolized quickly or
slowly. If a cytochrome P450 enzyme metabolizes a drug slowly, the drug stays active longer and less is
needed to get the desired effect. A drug that is quickly metabolized is broken down sooner and a higher
dose might be needed to be effective. Cytochrome P450 enzymes account for 70 percent
to 8o percent of enzymes involved in drug metabolism.

Each cytochrome P450 gene is named with CYP, indicating that it is part of the cytochrome P450 gene
family. The gene is also given a number associated with a specific group within the gene family, a letter
representing the gene's subfamily, and a number assigned to the specific gene within the subfamily. For

example, the cytochrome P450 gene that is in group 27, subfamily A, gene 1 is written as CYP27A1.

Diseases caused by mutations in cytochrome P450
genes typically involve the buildup of substances

in the body that are harmful in large amounts or
that prevent other necessary molecules from being
produced. OK, enough chalk talk. You want to get to
some hands-on learning!

4.3 Map Small Molecules Inducing Cholestatic Effects

First, let’s map all small molecules reported to
induce cholestatic effects: Add neighbors to

cholestasis

« Upstream;

G ‘ .+ Small Molecules;
‘

©
O « Regulation;
C A d

« Effect = positive

Save pathway (Hint: Give it a name that will
remind you what is, such as “Cholestasis - all

small molecules.”). Entity # = 352
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4.4 Filter Small Molecules for Drugs Only

Next, you need to filter out just drugs from all small POthWOY StUd|O

molecules, and this will require a quick excursion

outside of Pathway Studio into Excel and back again.

ﬂ Excel

First, go to the Entity Table View and, if it’s not here already, add Reaxys ID to the columns

il PATHWAY STUDIO® Basic search

#| Start | 4 Cholestasis - ...

(Note: You can always add or remove columns
from either the Entity Table View or the

idSave ~ TFilters v (i View v [ _Select v {3Edit v $¥Add ~ ¥Undo ~ & Expi
Relation Table View by clicking on any column 32 Selected Deselect Al

Name Object Type v Reaxys ID
header and choosing Customize Table from the ./ unzodiazepines Small Molecule | Original Order
v £J phenylbutazone Small Molecule | 21 Sort Ascending
dropdown menU-) v £ didoxacillin Small Molecule | Z| o Descending |11 633719, 6
v LJ xenobiotics Small Molecule
v| Y URBS97 Small Molecule | .| Customize Table
v f} sucrose Small Molecule 11343410, 1292717, 1292718, 1292719, 1
Select and add Reaxys ID (Note:
Customize Table X
Column options will change depending on :
Select All Deselect All | Default Settings |
the entities and relations in the table.) Available Columns Selected Columns
# of Entities A
Alias 'EJ Object Type
CASID Reaxys ID
Cell Localization
CellType
ChEBIID

Child Concepts

- o
Connectivity -

< LI | »

Save Cancel
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Export Entity Data x

Export Format

EXpOl‘t entity data (W||| Excel CSV/tab-delimited |+
automatically open in Excel) Rows )

y p ® (@) Selected Rows © Al Rows (up to 1,000)
Columns

'-,@ Visible Columns ‘\’._.:' Customize Exported Columns

v Advanced options

Export H Cancel ]

Formulas Data Re\
Select Reaxys ID column, and under Data tab ->

select Filter. Y K Clear

_ & Reapply
Filter
¥ Advanced

Sort & Filter

Scroll down and uncheck “Blanks.”

Name ~ ObjectType | * Reaxys ID
2 |captopril Small Molecule 4l sotAtoz
3 [SDZ IMM125 Small Molecule %l sortztoa
4 |clavulanic acid Small Molecule Sort by Color »
5 [MTP-PE Small Molecule )
6 |trinitrobenzene sulfonic acid Small Molecule o
7 |muscimol Small Molecule !
8 |oseltamivir Small Molecule Text Filters 4
9 |CCl4 Small Molecule Search Je)
10 propyltlflouracﬂ Small Molecule ¥ 907616;775347 =
11 |haloperidol Small Molecule [ 9107680;5236098
12 triterpene Small Molecule [vi 94457;6821588;1170298;6118066;611

-[¥] 945894;856175;5722128;5722129;584

13 terti-butyl hydroperoxide Small Molecule (7 9464961;9034334;25335618

14 |Aminosyn Small Molecule [V 9520441;4913623;4913621;9530382;4 _
15 |carbidopa-levodopa Small Molecule %958010:5783046;67722:5783047;3645|i|
16 |atorvastatin Small Molecule ‘--‘Efalanks) -

17 |UDP Small Molecule

18 lndomethac_ln _ Small Molecule [ o I I — ]
19 |erythromycin ethylsuccinate Small Molecule
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Edw-~-0Q](
n Home Insert Page Layout

I I U &l page Break Preview “

15 Custom Views
Normal| Page Show
Layout B Full Screen s

Workbook \

E22 - S| 9648298
A B

ObjectType

Small Molecule
Small Molecule
Small Molecule
Small Molecule
Small Molecule

1 Name
3 propylthiouracil
4 chlordecone
| 5 memantine
7 imidazole
8 propafenone
9

peroxyl radicals Small Molecule

|309 stanozolol Small Molecule
311 lomustine

312 verapamil

|313 tamoxifen

315 caffeic acid

316 nor-binaltorphimine
317 methamphetamine
318 rosiglitazone

Small Molecule
Small Molecule
Small Molecule
Small Molecule
Small Molecule
Small Molecule
Small Molecule

Now, you will quickly reimport
the filtered list of Entity Names

from Excel back into Pathway

Formulas

Zoom

Selection in New Pathway.csv [Read-Only] - Microsoft Excel

Data Review View Acrobat Ablebits Data
O g1 F ‘] 8 New Window B3] 12 | [ = —_—
1 La © =T
e = = Arrange All = | @ =2
100% Zoomto Save Switch Macros
Selection JH Freeze Panes - Workspace Windows ~ >
Zoom Window Macros
C D E F G H
Alias Description Reaxys ¥

propylthyracil;6-propyl-2-thio- 5407098;5507398;130039;743334
decachlorooctahydro-1,3,4-m¢ 1894593;2512091;3170596;5625832
Memantine hydrochloride;,3-D 8735515;22309650;7013527;7971468;2
imidazole citrate;116421-26-2) 8134454;906919;15378004;506850;221
Propafenon hydrochlorid;Feno 2175182;5303267;4343069;5324636;53
Peroxyl radical;hydroperoxy ra, 7801860;16255423

3'-hydroxystanozolol;17-Methy 5482020;30143;755384,678450;755385
Lomustina;lucostin;Lomustine; 2125058

Verapamil Atid;(-)-3-(3,4-Dimet 3657914;8169776;5232311;5314473;28
Tamoxifen citrate;1-p-beta-din 2062019;7052078;10408923;5723042;8
Caffeic acid dehydrogenation h 2210884;2210883;1954563
17,17'-bis(cyclopropylmethyl)-€ 6563991;6265170;4346416;24727298
Metamfetamina;Metamfetami 5248384;6489321;3081879;1072499;41
5-004-02-((((methyl-2-pyridinyl 14495663;7966066;14495662;1544003§

Import Entity List

1D Count: 250

Input IDs:  captopril
SDZ IMM125

clavulanic acid

Studio by copy/paste using the

Import Entity function:

Item type = Small Molecule”

Give it a name!

54

Iterms Type: Small Molecule -
Type of Identifiers: Name -
Import Entity List
Copy and Paste List:
< <il
Or Load File:
1Dz delimiter
Row -~

Import Entity List
Mapping Results
Mapped Entity Count: 250
Unmapped Entity Count: 0
Unmapped IDs:

Save Imported Entities

Destination: [ | Save as Group

[¥] save as Pathway
Group/Pathway Name:  Cholestasis Drugd

Description:

Folder to save: | 4 . My Projects

J. My Projects

Module 4: Toxicology Workflow

This will filter data for only those
small molecules that have a Reaxys
ID entry and thus will enrich those
small molecules that are also

recognized as drugs.

Copy (from Column A) all filtered

drug names.

Now, you're going to go back into
Pathway Studio and import these
entities in as a group or pathway
(Note: For this purpose, it doesn’t
matter which type.)

Browse...

Finish

« Back ||

| 4.4 Filter Small Molecules for Drugs Only



Next, select all of the imported
entities, copy, and return to the original
“Cholestasis — all small molecules”

pathway. Open in Graph View.

ELSEVIER

eh ! %t“l?e;g
i
R O

-

Now, remove all the non-drug

small molecules.

Keeping the current selection,
shift click on the cholestasis
disease icon (Note: This will
preserve all the remaining
relations after the removal of
unwanted entities in the next

step.)
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Select the Entity Table View (you'll notice some entries are highlighted, while

others are not).

You'll also notice (if you're being
particularly observant!) that all the
highlighted entries have a Reaxys
entry while the non-highlighted
entries do not. Those are the ones

we want to remove, but how?

...Get ready for it!

N/ PATHWAY
()= sTUDIO

< TRICK 42

W PATHWAY STUDIO®

idSave ~ Trilters + [H View ~ [ |Select ~+ {3Edit ~ $¢Add ~ ¥ Undo ~ [#]Ex
250 Selected Deselect All

Name Object Type = Reaxys ID
Y Cholestasis Disease
v ,(‘} captopril Small Molecule 27470849, 3651421, 4233257, 429434¢
v £J SDZIMM125 Small Molecule 7332474
v ,(;f clavulanic acid Small Molecule 1213879, 23844646, 4617832, 477360¢
LJ MTP-PE Small Molecule
v ,(‘/ trinitrobenzene sulfonic acid Small Molecule 14489929, 3915797, 572358, 6246636
v £J muscimol Small Molecule 606417, 774694
v .Cj oseltamivir Small Molecule 19882123, 19882124, 8003908, 81010.
v ,0' [« Small Molecule 1098295, 15914693, 15914694, 15914¢
v f} haloperidol Small Molecule 21104230, 331267
v ,(‘/ propyithiouracil Small Molecule 130039, 5407098, 5507398, 743334
f_f triterpene Small Molecule
v LJ tert-butyl hydroperoxide Small Molecule 1098280
£J Aminosyn Small Molecule
L) carbidopa-levodopa Small Molecule
v LJ atorvastatin Small Molecule 14456345, 14531466, 15443248, 5373¢

You’re going to use something called “invert

selection” found under the Select tab (just do it and

see what happens!).

Did you see what just happened? Now, all the non-
Reaxys entries are highlighted and all you have to

do is...hit the Remove command (under the Edit

tab) and voila - all gone!

View your results in the Graph View mode. See,

now the only small molecules are the highlighted

drugs.

Entity # = 272 +1 (drugs + disease)

56

Don’t forget to save your work!
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OK, time to get pumped up!

Fe
V%

-

Are you ready for some serious networking?
Are you ready?

4.5 Find All Proteins Inhibited by Cholestasis-Related Drugs

You’re now going to find all the proteins that are inhibited by these cholestasis
related drugs.

Add neighbors to cholestasis related drugs:
1. Select -> All
2. Add -> Network Builder

3. Expand pathway -> Advanced Expand Pathway Tool -> Next

4. Direction = Downstream -> Next
5. Select Protein as Entity, Direct Regulation as Relation, “Effect” = ‘Negative’ -> Next
6. Build Network from Entities In.... Entire Database -> Next -> Finish

7. View -> Graph View
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Entity # = 1029, Relation # = 2310

That’s a lot of proteins! But then again, you started with a lot of drugs! Filter
this down a little bit and GET IT UNDER CONTROL!
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4.6 Using the Interactive Network Filter

Select “Basic” under the “Filters” tab. This will open up the “Interactive Network Filter.” This is an
extremely useful feature in Pathway Studio 11.2. You can filter by entities and relations, effect (positive,

negative, or none), and reference number.

All your choices are reversible until you press “Finish.” This allows you to rapidly inspect the network

size and complexity based on your filtering choices.

W PATHWAY STUDIO® cholestsasis Q  Advanced Help Y  chris cheadle ¥

+| Start | 4] cholestasis-al...

Interactive Network Filter | Savea Copy | Finish | Cancel | 2 View + @ —(} @@

Filtered / Total
Entities 114971149

] selectDeselect all

(V] [ Disease 171

W) o Protein 898/ 898

¥ o Small Molecule 250/ 250

Relations 77212152

¥Ipos(s) Mnegt-) ¥ unknown
# of References B
8 8}
5
V] selectpesslect an
[V] —@—> DirectRegulation 772/ 1902
] » Regulation 0/ 250

Caution: Once you click on “Finish,” you can’t go back! So save your work before you filter. It will save

you time and trouble if you need to backtrack!

Set the # of References = 7 (on the slider bar). This means each relation will have seven or
more separate articles in support of the basic observation, and this will ensure that only the most well-
studied drug/protein interactions will be considered for further analysis. This is fine for your purposes

here.

Wait a second, it doesn’t look like anything’s changed! But, if you look a little closer, you see that there
are now entities in the network that are unconnected, i.e. they no longer have relations between certain

proteins and any of the drugs. Why is that? (Hint: Something to do with reference #.)
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And that brings us to

L/ PATHWAY
—()= sTupIO
70N TRICK #3

Watch this! Go to the “Select” tab and select “Unconnected Entities” then go to edit and click remove.

AND.... Remove

Voila! --> a greatly reduced network. 587 objects will be deleted from the network

[ Remove ][ Cancel ]
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< |
2 R |
e a =\ \

K1),

Entity # = 606 Relation # = 884

Now...

X
o

o

o
0y
:

[
933 06
R K]

0
[
!
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[

4

‘e

-e

Go to “Layout” and click “Direct Force.”

Same data, different look.

See if you can mouse over and identify drugs that

affect the largest number of different proteins (Hint:
Heparin is one.).

61



ELSEVIER

That’s interesting, but what you'd really like to do is to identify those proteins that are the most
frequently targeted by cholestasis-inducing drugs. In other words, instead of drugs connected to the
largest number of different proteins (as seen in the previous slide), you'd like to identify individual

proteins that are connected to the largest number of different drugs. They may be (by inference) the
most common mediators of adverse cholestatic events.

How can you do this?

Well, it’s going to take a little work and another trip outside Pathway Studio.

Are you ready? C’mon it’s fun!

Yes, we are going to Excel (in every way).

Pathway Studio

] Excel
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4.7 |dentify Proteins Most Frequently Targeted by Cholestasis-Inducing Drugs

First, from “Relation Table View” in Excel, click on “Export Relation Data,” open in Excel. You should see

something like this. Remove all but the first column and follow along carefully!

RelationSymbolicName

negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
}negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:

A

sphingosine-1-phosphate ---| HDAC1

aspirin ---| TBXA2R
glibenclamide ---| ABCC9

norepinephrine ---| HTR2A

everolimus ---| EGFR
lisinopril ---| MMP9
lisinopril ---| ACE
fenofibrate ---| SCARB1
sulindac ---| PPARD
fenofibrate ---| CETP

nor-binaltorphimine ---| OPRK1

haloperidol ---| SIGMAR1

B C D E
ObjectType RelationNumber( RelationConfit BiomarkerType ChangeType
DirectRegulation 9 3
DirectRegulation 8 3
DirectRegulation 6 3
DirectRegulation 10 3
DirectRegulation 7 3
DirectRegulation 6 3
DirectRegulation 19 3
DirectRegulation 5 3
DirectRegulation 8 3
DirectRegulation 9 3
DirectRegulation 599 3
DirectRegulation 62 3

Copy and Paste the first column into two additional blank columns to the right.

RelationSymbolicName
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
| \negative DirectRegulation:
negative DirectRegulation:

A

sphingosine-1-phosphate ---| HDAC1

aspirin ---| TBXA2R
glibenclamide ---| ABCC9
norepinephrine ---| HTR2A
everolimus ---| EGFR
lisinopril ---| MMP9
lisinopril ---| ACE
fenofibrate ---| SCARB1
sulindac ---| PPARD
fenofibrate ---| CETP

negative Direct latio
negative DirectRegulation:

negative DirectRegulation:

namativa NirartDamidatinn:

Select column B and do a “replace al

n: nor-binaltorph

---| OPRK1
haloperidol ---| SIGMAR1

glibenclamide ---| NLRP3
11TzAN0

RelationSymbolicName

negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:

namativia NirartDamilatinn:

I”
.

B

sphingosine-1-phosphate ---| HDAC1

aspirin ---| TBXA2R
glibenclamide ---| ABCC9
norepinephrine ---| HTR2A
everolimus ---| EGFR
lisinopril ---| MMP9
lisinopril ---| ACE
fenofibrate ---| SCARB1
sulindac ---| PPARD
fenofibrate ---| CETP
nor-binaltorphimine ---| OPRK1
haloperidol ---| SIGMAR1

glibenclamide ---| NLRP3
11 TeAn0

RelationSymbolicName

F G

negative DirectR

ion: sphingosine-1-phosph

negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:
negative DirectRegulation:

namativn NirartDamilatinn:

aspirin ---| TBXA2R
glibenclamide ---| ABCC9
norepinephrine ---| HTR2A
everolimus ---| EGFR
lisinopril ---| MMP9
lisinopril ---| ACE
fenofibrate ---| SCARB1
sulindac ---| PPARD
fenofibrate ---| CETP
nor-binaltorphimine ---| OPRK1
haloperidol ---| SIGMAR1
glibenclamide ---| NLRP3
1i1TeAN0

i QR

Sort & |Find &

Share WebEx

Filter ~ |Select ~| This File  ~

Source

---| HDAC1

Ediing | @  Ffind.. W
| % Replace.. | ¥
= GoTo.
Replace (Ctrl+H)
Go To | —
1: sphingos Replace text in the document.
. Formulas

1: aspirin --
1 glibenclg ~ Comments
1: norepine Conditional Formatting

-

: everolim
: lisinopril
: lisinopril

1: fenofibri

1: sulindac

Constants

Data Validation

Select Objects

& selection Pane...

[

1: fenofibrate ---| CETP
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Type in an asterisk (in Excel, * is a wild card), a pipe (|), and a space (don’t forget the space!), and then

click “Replace All.”

Find and Replace

Find what: “I

(e [=]
| [=]
Replace with: | El

Replace All ]’ Replace ] [ Find All ][ Eind Next ] [ Close ]

» E—— c
COIumn B ShOUId now RelationSymbolicName RelationSymbolicName |RelationSymbolicName
negative DirectRegulation: sphingosine-1-phosphate ---| HDAC1 |HDAC1 gative DirectRegulati hi ine-1-phosphate ---| HDAC1
|oo k |ike th is: negative DirectRegulation: aspirin ---| TBXA2R TBXA2R negative DirectRegulation: aspirin ---| TBXA2R
gative DirectRegulati libenclamide ---| ABCC9 ABCC9 gative DirectRegulati libenclamide ---| ABCC9
gative DirectRegulation: norepinephrine ---| HTR2A HTR2A gative DirectRegulation: norepinephrine ---| HTR2A
negative DirectRegulation: everolimus ---| EGFR EGFR negative DirectRegulation: everolimus ---| EGFR
negative DirectRegulation: lisinopril ---| MMP9 MMP9 negative DirectRegulation: lisinopril ---| MMP9
negative DirectRegulation: lisinopril --- | ACE ACE negative DirectRegulation: lisinopril ---| ACE
negative DirectRegulation: fenofibrate ---| SCARB1 SCARB1 negative DirectRegulation: fenofibrate ---| SCARB1
negative DirectRegulation: sulindac ---| PPARD PPARD gative DirectRegulati lindac ---| PPARD
negative DirectRegulation: fenofibrate ---| CETP CETP negative DirectRegulation: fenofibrate ---| CETP
gative Dir gulation: nor-binaltorphimine ---| OPRK1 OPRK1 gative Dir gulation: nor-binaltorphimine ---| OPRK1
negative DirectRegulation: haloperidol ---| SIGMAR1 SIGMAR1 negative DirectRegulation: haloperidol ---| SIGMAR1
negative DirectRegulation: glibenclamide ---| NLRP3 NLRP3 gative Directl lation: glibenclamide ---| NLRP3
negative DirectRegulation: aspirin ---| ITGA2B ITGA2B negative DirectRegulation: aspirin ---| ITGA2B
negative DirectRegulation: ticlopidine ---| P2RY12 P2RY12 gative Direct lation: ticlopidine ---| P2RY12
negative DirectRegulation: isoniazid ---| CYP3A4 CYP3A4 negative DirectRegulation: isoniazid ---| CYP3A4

Select column C and do

|”
.

a “replace al

Find what: | *:|

Replace with:

Type an asterisk, a colon

(), and a space (don’t

[ Replace All ][ Replace ] [ Find All ][ Find Next ] [ Close ]

forget the space 0). then
click “Replace All.”

RelationSymbolicName
sphingosine-1-phosphate ---| HDAC1
aspirin ---| TBXA2R

glibenclamide ---| ABCC9
norepinephrine ---| HTR2A
everolimus ---| EGFR

lisinopril ---| MMP9

lisinopril ---| ACE

fenofibrate ---| SCARB1

sulindac ---| PPARD

This will get you to here:
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And again, one more time, type in two dashes, and an asterisk, then click
“Replace All.”

B G
RelationSymbolicName RelationSymbolicName
HDAC1 sphingosine-1-phosphate
TBXA2R aspirin

That will get you to here: ABCC9 glibenclamide

HTR2A norepinephrine
EGFR everolimus
MMP9 lisinopril

ACE lisinopril
SCARB1 fenofibrate
PPARD sulindac

CETP fenofibrate

So what have you accomplished by this maneuver? Well, you now have extracted both protein and drug
information from each of the imported relations (as is still reflected in column
A).

Feel free to re-label the headers for columns B & C, proteins and drugs,

respectively.

By the way, why do you think you used

two dashes instead of one in the last B [ C
“replace all”? That’s right (you are so ~ Proteins Drugs
! smart)! You had to use two because ABAT valproic a.cid
many of the drug names have an il ga'bapentm.
ABCA1l glibenclamide
embedded dash, and that would have messed up everything! ABCA1 S ——
ABCB1 chlorpromazine
Now, you can sort alphabetically by ABCB1 amiodarone
protein name. ABCB1 ltraconazo'le
ABCB1 atorvastatin
ABCB1 tamoxifen
You can see right away that many of the proteins map to ABCB1 fenofibrate
multiple drugs, and that is precisely the information we set out ~ ABCB1 amitriptyline
ABCB1 verapamil

to capture. But, how do you quantify them? You don’t want to

count all 722-832 entities!

You don'’t have to. Excel will do it for you!
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There are several different ways to accomplish your goal in Excel, one of which is to use the subtotal
function. But, an even faster (and more efficient way) is to use something called a “pivot table,” which is

designed in Excel to answer questions just like this.

IT'SA
GOOD
TIMETO

START
SOMETHING
NEW.

So, here you go! First, select columns B and C, and then go to Insert, Pivot Table, and click OK when the

window opens.

Home Insert Page Layout Formulas Data Review View Acrobat Ablebits Data

A LB o e Dy

PivotTable| Table | Picture Clip Shapes SmartArt Screenshot Column Line Pie Bar Area Scatter

- Art - - - - - - v e
i3 PivotTable Illustrations Charts
i3 Piv - £ proteins
R Insert PivotTable
i i PivotTable. =

1 |Re Summarize data using a PivotTable Proteins Drugs
2 |neg PivotTables make it easy to arrange |ine-1-phosphate ---| HABAT valproic acid
3 |ne and summarize complicated data -| TBXA2R ABAT gabapentin

and drill down on details. . i k
4 ne mide ---| ABCC9 ABCA1 glibenclamide
5 |neg @ Press F1for more help. :phrine ---| HTR2A ABCA1 cyclosporine
6 | negative DirectRegulation: everolimus ---| EGFR ABCB1 chlorpromazine
7 |neeative DirectRegulation: lisinooril ---1 MMPQ ARCR1 amiodarone
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This should open up a
new worksheet in Excel
that looks something
like this:

3 [Rem ot Coumt of Oregs
o om f

»
P
-
e
ance
>

Copy the data from columns A and B into a new worksheet

and sort by Column B (largest to smallest).

Note the presence of five CYP proteins in the top
10 genes/proteins inhibited by the largest number
of cholestasis-inducing drugs. Take a closer look

at the top-ranked CYP3A4 gene/protein.

Module 4: Toxicology Workflow

i

Check both proteins and drugs in

“PivotTable Field List.” Drag Proteins to

“Row Labels” and Drugs to “Values” (Hint:
—— Make sure values are set to Count, which is
controlled in dropdown box by “Value Field
Settings.”).

A B

1 .Protein Name Drug #

2 | PTGS2 26
3 | cyp3aa 23
4 | ABCB1 21
5 | TNF 17
6 | ACE 11
7 | CYP19A1 11
8 | CYP2D6 11
9 | ACHE 10
10 | CYP2C9 10
11 | DRD2 10
12 | cYP2C19 9

4.7 ldentify Proteins Most Frequently Targeted by Cholestasis-Inducing Drugs
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@5 LATEST NEWS & CME

CYP3A4 therapeutic implication
for cholestasis

CYP3A4 activity may be useful in treating cholestasis, this review stated. CYP2A4 is a major
oytochrome P450. It catalyses a broad range of substrates incuding xencbiotics and endogenous
pounds. Ch isisa ion where there is an excessively high concentration of bile
which is very toxic. CYP3A4 detoxifies bile acids, a function that could be used for treating
cholestasis. CYP2A4 is resp ively up regulated in o is as a defence mechanism
However, the regulation of CYP3A4 is complicated by estrogen, and its activity is inhibited by the

detergent effect of the accumulated bile. It was concluded from the study that reducing the
factors that inhibit CYP3A4 and employing CYP3A4 activators to maximize its activity for
detoxification of bile acids could be an effecti pproach for the of chol

Chen, et al. The role of CYP3A4 in the biotransformation of bile acids and therapeutic
implication for cholestasis. Ann Transl Med. 2014 Jan;2(1):7. [Link]

The role of CYP3A4 in the biotransformation
of bile acids and therapeutic implication for

cholestasis.
Abstract

CYP3A4 is a major cytochrome P450. It catalyzes

a broad range of substrates including xenobiotics
such as clinically used drugs and endogenous
compounds, such as bile acids. Its function to
detoxify bile acids could be used for treating
cholestasis, which is a condition characterized by
accumulation of bile acids. Although bile acids
have important physiological functions, they are
very toxic when their concentrations are excessively
high. The accumulated bile acids in cholestasis can
cause liver and other tissue injuries. Thus, control
of the concentrations of bile acids is critical for
treatment of cholestasis. CYP3A4 is responsively
unregulated in cholestasis mediated by the nuclear
receptors farnesol X receptor (FXR) and pregnane
X receptor (PXR) as a defense mechanism.
However, the regulation of CYP3A4 is complicated
by estrogen, which is increased in cholestasis and
down regulates CYP3A4 expression. The activity
of CYP3A4 is also inhibited by accumulated bile
acids due to their property of detergent effect. In

some cholestasis cases, genetic polymorphisms

of the CYP3A4 and PXR genes may interfere with the adaptive response. Further stimulation of CYP3A4

activity in cholestasis could be an effective approach for treatment of the disease. In this review, we

summarize recent progress about the roles of CYP3A4 in the metabolism of bile acids, its regulation and

possible implication in the treatment of cholestasis.

workflow.

Many thanks to Anton Yuryev, Pat Morgan, and Nikolai Daraselia whose previous
work with modeling Drug-Induced Cholestasis using Pathway Studio inspired this
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. Without prior knowledge you've identified a promising new target (CYP3A4) for treating

cholestasis, a very common, induced, adverse drug effect.

. You've learned a lot of Pathway Studio functionalities along the way including :
. Systematic network expansion—first drugs, then proteins.
. Filtering using the “Interactive Network Filter” for surfacing the most important
information.
. Some PS tricks like “Invert Selection,” and removing “Unconnected Entities.”
. And, finally, you've learned some useful things in Excel, such as sorting, filtering, replacing, and

don't forget the PivotTable (very useful)!

And that’s enough for one day!
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Study Questions 4

1. What'’s the number of small molecules that induce cirrhosis?
2. Identify the top ten small molecules (by # of references) that induce cirrhosis.
3. Add Reaxys ID to all small molecules from Question 1, not just those sorted by number of

references (Hint: Customize Table). Select and remove those that do not have a Reaxys ID. Give

the number of small molecules with and without the Reaxys ID.

4. Identify the number of proteins inhibited (negatively regulated) by the top ten small molecules

from Question 2.

5. Identify proteins that inhibit cirrhosis.

6. What is the number of overlapping proteins from Question 3 and Question 4? List them here.



For Protein Modification(s), How Do lI...

Exercise 4.1: Find protein(s) that acetylate/deacetylatea protein?

Identifies proteins involved in acetylation/deacetylation or target protein(s)

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: Select “Protein” Relations: Select “ProtModification”

Add condition: Mechanism “is equal to” acetylation or deacetylation

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 4.2: Find protein(s) that cleave a protein?

Identifies proteins involved in the proteolytic cleavage of target protein(s).
Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: “Protein” Relations: Select “ProtModification”

Add condition: mechanism “is equal to” cleavage

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish



Exercise 4.3: Find proteins(s) that methylate/demethylate a protein?
Identifies proteins involved in the methylation/demethylation of target protein(s).
Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: Select “Protein” Relations: Select “ProtModification”

Add condition: mechanism “is equal to” methylation/demethylation

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 4.4: Find protein(s) that phosphorylate/dephosphorylate a protein?
Identifies protein(s) involved in the phosphorylation/dephosphorylation of target protein(s).
Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: Select “Protein” Relations: Select “ProtModification”

Add condition: mechanism “is equal to” phosphorylation/dephosphorylation

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish



Exercise 4.5: Find protein(s) that ubiquitinate a protein?
Identifies protein(s) involved in the ubiquitination of target protein(s).
Step 1: Create New Pathway or within Pathway, select a protein(s)
Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: Select “Protein” Relations: Select “ProtModification”
Add condition: mechanism “is equal to” ubiquitination

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish
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Variant Analysis of an Individual Genome
5.1 Import Variant Data (.vcf files)

The first step in analysis of genomic sequence data is to import the data into Pathway Studio. The
format required for both genomic or exome data is .vcf files. (Note: The time it takes to upload a file is

dependent on the file size and number of files.)

Submission date  Nov 07, 2013
Last update date Nov 12, 2013

= ‘ rsm
Contact name Anelia Horvath ool A
E-mail horvatha@gwu.edu You have chosen to open:
Phone 202-994-2114 ® GSM1261031 83 var.fit.vcf.gz
Organization name GWU it :
i i} S which is: GZ file (1.8 MB)
Department Biochemistry and Molecular Medicine T e
L N Ll 1| LNIN.S

Streetaddress 2300 Eye Street NW R gy
City Washington What should Firefox do with this file?
State/province DC - - ]

/p Qpen with |7-Zip GUI (default) -
ZIP/Postal code 20037 - -
Country USA Q) Save File

Do a (o es like this M NOW ¢
Platform ID GPL11154
Series (1) GSES52194 mRNA-sequencing of breast cancer subtypd
Relations OK . Cancel
BioSample SAMN02400305 i
SRA SRX374865
Supplementary file Size Download File type/resource

GSM1261031_83_denovo_transcripts.gtf.gz 16.4 Mb (ftp)(http) GTF
GSM1261031_83_var.fit.vcf.gz 1.8 Mb  (ftp)(http) VCF
GSM1261031_83_with-ref_transcripts.gtf.gz 13.3 Mb (ftp)(http) GTF
SRX/SRX374/SRX374865 (ftp) SRA Experiment
Raw data provided as supplementary file
Processed data provided as supplementary file
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Start by analyzing a single exome file from a HER2 positive breast tumor biopsy sample. The file:
GSM1261031_84_varflt.vef.gz can be found here: GSM1261031 or from Dropbox (data for Module s)

Download and save the file somewhere you can find it!

To upload a single file, go to the Start tab and select Import>Genotype:

W PATHWAY STUDIO® Basic seanch for proteir

= Start | %, Impon Genotypes

Projects

Import

§
QX Curated Pathways

=B Experiment

= Ontologies nts for analysis.

BB rs 0atabase content S

—

1 variation Database

Import
* Create
@ Analyze

? HowDol..

= Jo. Entity List

Import a list of genes/proteins, small

. d relevant pathways, functions
and networks based on the Entities in that
list.

Geno es
= typ:

Upload VCF files for analysis within Pathway
functional classes, or other Entity Studie.

Impert Genotypes

[ Uptoaa VCF files for analysis within Pathway Studio.

(i85 Start Fiew ienport. |
e

Step 1. Select folder.

Folder to save: My Projects

Wi PATHWAY STUDIO” Badic i

~| start | %, Import Genotypes

[ [#) Start New Import |
Import wizard

Step 2. Select file(s).
Load from Computer | Load from URL

Browse... No files selected.

File Name Cescription

GSM1261031_83_var.fit.3.vel

[#) Start New Import |

From GSM1261031_83_var.fit.vcl.gz, 03/...

Size (KB)
1817

[ o=
Action
[cance |
Status Action:
Processing fite Cancel
[ Back |[ o | ‘

status  Acienms
Success: file is ready

Open genotype in Pathway Studic |
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Double-click on the imported .vcf file now located in your My Projects folder. This will open up the data

in the Variant Analysis window.

_-

i Projects My PrOJ ect IBE My Projects

[ | e .
Q Curated Pathways |[]_| = View v | iSelect ~ | TNew ~ 33Edit ~ |[&Import ~ [ JFTools ~

“as w My Projects

= Ontologies

[g PS Database Content

o
JL W1

l=——1 Variation Database

Group_C/83
Import /tophat_out/83_...

Create

) Analyze

How Dol...

WPATHWAY STUDIO' Ty

| start | % Import Genotypes * | 2] Group_C/83/top...

7 Location 7 GeneRegion ' Functional Impact 7 Frequency 7 Confidence 7 Biological Associations ' Database dentif [#Epot  CopyGenes -
vef.smpl = 3014 (clear |
L4 rsld chr... Location ref Alt. Gene Gene region Transl. Impact GERP=+ Score SIFTScore PolyPhen2 Score Allele Frequency Quality Read Depth at |... Filter
1 1 36797 G A HIDINZAOC10099... Intergenic 602 2 misseo -
2 51578391 1 565286 C T MTND2P28;LOC10... Intergenic 0.4089 12 125 MISSED
3 53090315 1 752566 G A Intergenic 02817 931 2 wissep =
4 153131966 1 754964 C T FAMB78 SUTR 0.3367 6.02 2 MISSED
5 154951862 1 757936 C A Intergenic 0.2512 931 2 MISSED =
6 nanese 1 758626 ¢ L Intergenic 02486 2 3 misse
7 1528830877 1 774736 A < FAM72C;LUINCO1128  Intron 00317 451 2 MISSED
8 1528873693 1 774785 G A FAM72CLINCO1128  Intron 0.0381 6.02 2 MISSED
9 52977612 1 780785 T A FAM72C;UINCO1128  Intron 0.3307 6.02 2 MISSED
10 rs2905036 1 792480 C T LINCO1128;SRGAP... SUTR 00232 6.02 2 MISSED
11 rs13303369 1 852875 C T SRGAP2D;L0C101... 3UTR 04942 931 2 MISSED
12 154970461 1 852964 T G LOC100130417;SR... 3UTR 0.2476 5.29 2 MISSED
13 rs6689107 1 857728 T G SRGAP2D;LOC101... Intergenic 0.0457 6.02 2 MISSED =
(| Page| 1ofzim | b bl Displaying 1 518

When the file is open, you will see that it has more than 100,000 variant SNPs.

Question: Are there any novel (not yet reported), potentially damaging variants in this data set in

genes known to be associated with the cellular process of apoptosis?

Module 5: Variant Analysis Il | 5.1 Import Variant Data (.vcf files) 77



ELSEVIER

Biological Associations Database Identifiers

(4 d
Biological Associations X Soun S
'/ Disease Association | 7 Cell Process Association | '/ Drug Association I i ke a jo b fo r

Search Added Filtes

Fil 1
apoptosis yel apoptosis remove I te rm a n .
apoptosis -

apoptosis in bone marrow e

apoptosis of neutrophils

activated B cell apoptosis

activated CD4+ T cell apoptosis
activated CD8+ T cell apoptosis
activated dendritic cell apoptosis
activated T cell apoptosis

activation-induced cell death of T-cells

[Apply Filters ] [ Cancel ]

How does this work?

; Biclogical Associations -

¥ Disease Associstion | T Cell Process Associstion | ' Drug Association

Search Added Filtes
speptosic L | apoptosis

apoptosis
apoptosis in bone marrow

p of p - " "
activated B cell apoptosi WAY STUDIO

- 4+ x
activated CO4+ T cell ape =St | Impont Genctypes | (L. Grewp, CAMR0R.
7lottien 7 GeseRagion ' Functionsllmpact ' Frequency ' Confidence W Bislogieal Associations |7 Database Mentifiers

m »

activated CD8 = T cell apc
Activated dendritic cell 3] prcell N (apoptonn’) AND vel.ompl = 3004

activated T cell apoptosis - ol [ Locatsen  pef an Gene Ganeregion  Transl bmpact GERP= = S0t SFTScore  PolyPhanlSe.  AeleFreque..  Cell prodesses Quakty  Read Deptha.  Filter
activation-induced cell d by 1 sagon T < 5615 TR 00M3 apoptesis 602 1 e -
S ————— T by 1 waws A & BG1S [ BAMI apoptesis 164 3 MsED
1 3 nedsis 1 L @ AGRN intron 01052 apoptous w2 T MBI
| AddaN | 1 munn 1 WM A 3 agan [ @202 apoptesis 3 ? wsseo B
5 rase 1 saesz T € AgaN Intron 00192 spoptesis w31 B MESED
Reset AN | & rmox? 1 o T € agan w3 032 01641 spoptans M3 T MsE
2 7 MM 1 L < AGRN 0% 04843 apoptans S 4 MEIID
8 nIEOTL 1 WS A T AGRN ntren 02109 apoptesis w5 4 MESED
9 s 1 om0 ¢ T acEN o3 422 Q4147 apopteds 7 3 MEsED
10 namen 1 ™ T agaN R @021 spoplesis 3 & MEsED
1 nIT9OT2 1 T C r AGRN W 0154 apoptevs 141 3 MESED
12 rrrmoTs 1 e G A AGRN um 01538 spoptesn 45 3 MEIED
1 0 1 oo G A agan wm Q07T spoptess L1 & Mmseo
U N7 1 AT T G TASIRS Intren Q0883 apoptesis [ 1 MESED
15 nNTIT 1 1murs A G o T Q0EE3 apoptetis a8 } MEED
1 0 1 WM T [ 5”2 TR 03021 spoplesis 5 R >
i | Page o100 Pk Displayng 1 - 40 of 40751

But wait we've forgot something! We said we wanted novel variants. How do we do that? (see Variant
analysis ) OK, maybe you don’t remember this but when we want something novel we can simply
change the setting under Frequency to “Novel” (i.e., a variant not currently found in dbSNP) select

“Homozygous” for maximum genetic impact.
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Frequency
Is Novel {not in dbSNP)
Minor Allele frequency: |> v | | in 1000 Genomes Project
Sample

Variants: Homozygous
Heterozygous

Hemizygous
Ambiguous

ok || cancel

2/ strt | & import Genotypes | [£] Group.C/a3/top... *

7 Location 7 GeneRegion 7 Functional Impact 7 Frequency 7 Confid ¥ Biclogical i 7 Database Identifiers [#] Export Copy Genes ~
ps.cellIN (‘apoptosis’) AND novel=true AND vcf.smpl = 3014
v i Ch..  loation ref AL  Gene Generegion TranslImpact  GERPe- Score SIFTScore  PohPhen2Sc..  Allele Freque...  Cell processes Quality | ReadDeptha.. Filter
1 1 1509548 ACC  AC  SSul2 Intron apoptosis 366 2 MisseD -
2 1 17533%6 T c Gt Intron apoptosis 602 3 MissED
3 1 usm G A anet Intron apoptosis 602 2 MisseD
4 1 1778 A AT GNEL Intron apoptosis 99 3 MisseD =
5 1 wmas T c B Intron apoptosis 931 2 MisseD
6 1 sser T ¢ et Intron apoptasis 602 3 MIssED
7 1 1812365 CAA  CA  GNBL Intron apoptosis 366 2 MissED
8 1 1813637 T 13 et Intron apoptasis % 9 MissED
9 1 a7ss09 A G s Intron apoptasis 546 6 MISSED
10 1 27589 A G s Intron apoptosis 171 3 MISSED
1 1 22mss4 T G sa Intron apoptosis 602 2 MissED
12 1 241378 T, M. SK 3UR apoptosis 99 3 MissED
13 1 33260 66 G ARHGEF16 Intron apoptosis 366 2 MissED
1 1 339717 7€ TAC ARHGEFI6 3UR apoptsis 138 6 MissED
15 1 378426 A 13 DFFE Intron apoptosis 759 2 MisseD
16 1 eman T c 1M 3UR apoptosis 123 6 MISSED -
i1 4 Page of152 | » ki Displaying 1 - 40 of 6080

And they should also be deleterious mutants: Functional Impact

Functional Impact

Translational Impact Missense Splice disrupt CDsS indel
Nonsense Misstart Non stop

SIFT Prediction: || Tolerated(>0.05) Damaging(<=005)

PolyPhen2 Prediction: || | Benign(<=0452) Possibly Damaging Probably
Damaging(>=0357)

Least conserved Most conserved

{i

6.17

o | [T canca )

GERP++ Conservation:
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Copy these genes over into Pathway Studio:

Pathway Studio

| Start | |*] Group_C/83/top...

/ Location "/ Gene Region 7 Functional Impact
v # rsld = Locat... ref
v 2l 2 751092.. A
v 2 3 196876.. T
v 3 4 251606.. C
v 4 4 140640.. G
v 5 6 161012.. G
v 6 7 150037.. G
4 7 9 130578.. T
v 8 11 1079715 C
v 9 11 449591.. C
V)l 10 12 9321519 A
vil 11 12 523062.. T
vl 12 15 914333.. T
v 13 17 385046.. T
v 14 18 774559.. G
vl 15 20 477337.. T

Create a New Pathway and
paste in the filtered VCF

genes:

Search on the term

“apoptosis.”

Add Relations between
Selected (apoptosis) and
Unselected (VCF genes).

What information

is known about the
association of each
of these proteins
with apoptosis? (Hint:
Select apoptosis and add
Relations between Selected
and Unselected.)

80

ps.cell IN (apoptosis’) AND novel=true AND genotype IN (Homozygous’) AND tranlmp IN (‘missense’, 'splice-disrupt’, nonsense’, misstart’,'nonstop’) AND polyph2s>=0.957 AND vcf.smg

Alt.

ONOEORONGEOI I OGO R G !

Q  Advanced Help Y  Chris Cheadld

7 Frequency '/ Confidence V Biological Associations "/ Database Identifiers #] Export Copy Genes v | Clear Selectio

Copy Selected Rows
Copy First 1,000 Genes

Gene Gene region  Transl. Impact GERP++ ... SIFTScore PolyPhen... Allele Fre... Cell processes Qualit

HK2 CDS missense 5.01 0.054 0.992 apoptosis 931 2 MISSED
DLG1 DS missense 5.74 0.004 0.985 apoptosis 6.02 2 MISSED
SEPSECS CDS missense D71 0 il apoptosis 931 2 MISSED
MGST2MA... CDS, Intron missense 4.06 0.001 al apoptosis 6.02 3 MISSED
LPA CDs missense -3.93 0.277 0.977 apoptosis 931 2 MISSED
RARRES2 CDS missense 5.32 0 0.996 apoptosis 6.02 2 MISSED
ENG CDS, Intron  missense 5.44 0.049 il apoptosis 6.02 2 MISSED
MuC2 DS missense 291 0.002 1 apoptosis 931 2 MISSED
TPS3111 DS missense 395 0 il apoptosis 931 2 MISSED
PZP DS missense 14 0 1 apoptosis 6.02 2 MISSED
ACVRLL CDs missense 415 0 0.988 apoptosis 6.02 2 MISSED
FES CDs missense 48 0.009 0.992 apoptosis 6.79 2 MISSED
RARA CDS, Intron  missense 545 0.001 1 apoptosis 6.02 2 MISSED
CTDP1 CDS missense 455 0.029 1 apoptosis 931 2 MISSED
STAUL CDS missense 5.96 0.002 0.976 apoptosis 6.02 2 MISSED

POthWCly StUdIO apoptosis a

* Start | |*) Group_C/83/t0p... %) New Pathway *

|select ~ U Edit ~ n Undo ~ “2Highlight ~ JTools

idsave ~ =-Legend T Filters ~ ** View ~ |

“Re BlLayout ~ Orstyle + AT AT O | & Align ~ *¥- Resize| 511 Relations between Selected and Unselected
#% Network Builder
#i% Neighbors from Database »
ﬁ m Q #{% Direct Interactions »
n 4% Shortest Path >
#% Common Targets »
@ #i* Common Regulators »
e 4l Common Binding Partners »
¢ 2 TextLabel

_* Search: apoptosis *

idsave ~ [ ISelect » [REdit + [#Export » FTools *
1 Selected Deselect All

Name Description Object Type GOID Ontology
Vv &% apoptosis Cell Process 0006915

4] Apoptosis Pathway

4 Cell Cyde Pathway
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5.3 Exploring the Biology of Apoptosis-related Genes

Relation Object Type = Effect T | # of References
—>» STAUL --+> apoptosis Regulation positive 1
—>» RARA --+> apoptosis Regulation positive 51

—>» ACVRL1 --+> apoptosis Regulation positive 1
—>» SEPSECS --+> apoptosis Regulation positive 1
-> MGST2 --+> apoptosis Regulation positive 1
=> RARRES2 --+> apoptosis  Regulation positive 7
1
1

=> ENG --+> apoptosis Regulation positive

—> RARA ---| apoptosis Regulation negative

—>» ENG ---| apoptosis Regulation negative 23
—> CTDP1 ---| apoptosis Regulation negative 1
->» PZP ---> apoptosis Regulation 1
=» DLG1 ---> apoptosis Regulation 3
-» FES ---> apoptosis Regulation 2
=> RARA ---> apoptosis Regulation 1
—» TPS3I11 ---> apoptosis Regulation 4
-> CTDP1 ---> apoptosis Regulation 2
-» MUC2 ---> apoptosis Regulation 2

What are other cellular processes associated with these proteins? (Hint: Select all proteins; add
“Network Builder,” “Advanced Expand Pathway Tool,” and “Cell Process with Regulation”(?); and filter

for 10 references or more.)
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Have mutations in any of these proteins been implicated in any diseases?
(HINT: Select all proteins; add “Network Builder,” “Advanced Expand Pathway Tool,” Disease with
“GeneticChange,” and ChangeType=Mutation; and set “Layout” to “Direct Force.”)

Lo
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5.4 Variant Analysis of Multiple Genomes

Upload multiple exome sequence files

from NCBI’s Geo site (GSE52194).

The study includes exome data from
three breast cancer groups. You will
use the HER2 positive breast group,
and normal breast tissue (NBS) is

included as a control.

Contact name
E-mail

Phone
Organization name
Department

Street address
City
State/province
ZIP/Postal code
Country

Platforms (1)

Samples (20)
s More...

Relations
BioProject
SRA

Download family

SOFT formatted family file(s)
MINIML formatted family file(s)
Series Matrix File(s)

Supplementary file
GSES2194_RAW.tar
SRP/SRP032/SRP032789

ELSEVIER

Anelia Horvath

horvatha@gwu.edu

202-994-2114

Gwu

Biochemistry and Molecular Medicine
2300 Eye Street NW

Washington

DC

20037

USA

GPL11154 Illumina HiSeq 2000 (Homo sapiens)
GSM1261016 TNBC1

GSM1261017 TNBC2
GSM1261018 TNBC3

PRINA227137
SRP032789

Format
SOFT @
MINIML (B
T™>T @

Size Download File type/resource
637.5 Mb [(http)(custom) TAR (of GTF, VCF)
(ftp) SRA Study

Raw data provided as supplementary file

Processed data provided as supplementary file

|EL

DOWNLOAD

|E1)

Extract all files and move files
containing the file extension
_var.flt.vef.gz into a new folder
(which you will be able to find

later!).

> <
~

GSES52194_RAW.tar
38.8 MB — nih.gov — 8:50 AM

GSE52194_RAW(1).tar
Canceled — nih.gov — 8:40 AM

Help ¥  Chris Cheadle ¥

Remove From History
Open Containing Eolder

Go To Download Page
Copy Download Link

Show All Downloads

A
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Clear List
GSM1261028 HER2-1
GSM1261029 HER2-2
GSM1261030 HER2-3
GSM1261031 HER2-4
GSM1261032 HER2-5
GSM1261033 NBS1
GSM1261034 NBS2
GSM1261035 NBS3
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5.5 Import Genotypes and Analyze Case versus Controls

Import Genotypes.

. Projects

H Curated Pathways

Import

. .k Experiment

:_L Entity List

Genotypes

L]
!_:; o HEE  [mport gene expression, proteomics, of @ — Import a list of genes/proteins, small #1%  Upload VCF files for analysis within Pathway
= Ontologies metabolomics experiments for analysis. molecules, functional classes, or other Entity Studio.
@ Import Experiment types to find relevant pathways: funct ions Import Geno@pes —
PS Database Content and networks based on the Entities in that
— list. WPATHWAY STUDIO
|=—] variation Database Import Entity List B e sa—
T Tr—
i o - pro
Import
A gt st
+
Create Saop . et
Lot b Compim | Lamdomen UL
o Analyze (=]
f— P— [,
2 W PATHWAY STUDIO Batic search for proteins, dinesses, pathways, e P
How Do L. AR e &
= Stat I 3 Imnport Genctypes * Ll T 1
PP
. COMM . Pn AR e B s
|8)Stam New Impont | | e m————— [
Pathwary Stodio can be closed whale files are processing. SR L From AR M e L BB [ G
File Name Stntus Adtions We BB (o
GEMILM103S MBS var SiLvch Procesting fée
GEMII61034_NES2 varfiect Processing file. & O — o)
GSMEL261033_NBSI_var fitvet Processing ée
GEMI 261002 19253 var MLvel Procesuing foe
GEM 261031 83 var M Sved Procesting fée.
GEMI261030_36_var fvd Prodessing fie.
GSMI 261029 26 var Mt Protesting foe
GEMI 261028 171 var.fitvel Protessing fie

Add samples.
W PATHWAY STUDIO

= st | % Import Genotypes *

‘ Projects

W PATHWAY STUDIO - e ———

<t et Gt | WA Gt

f
1

Pror——"

Analyze

M one 2
q — P T T o
Curated Pathways [—2 MUHP'Q G — —
B2 ontoig: ‘ S0 Setect mutiple genotypes to analyze and e
E3 Ontologies <compare within Pathway Studio.
@VSD ot Start Analysis
£
Variation Database
St | (i T TRl T
PO ——
i Pt Do ot Gy S oy 0 Gty b 17 ass.
Impont
==
‘L
Create
[ © Analyze Setup New Analysis x
Aralyss name test
& How Do L.
Case sampies: (38 Aca sampes | () paste Controt sampes (optionsi | o Aca sametes | () paste

Nome Name.

Group C/171/%0pnat out/1 71, accepted_Misbem NST3conat out/accepted Mtsbem
Group_C/260pNIt_ou/26_accepted Mitsbem NSTI 0PN out/accepted Msbem
Cronp C/SEROpNI_0ut/S6_accepted Prsbam NST2R0pnat out/accapted Misbom
Growp C/AIMophat out/B) accepted Msdem -

Gronp C/P2-SINCENI 0A/P2-53 aceapted Nesbam 22y

Oniy inciude variants satisfying all of the foliowing critens

Read Depth atleast e 1 Quaiity Score atleast ¢ X
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Turn the Crank!

__ Setup New Analysis ]

Analysis Name

test

Output!

Status Message

Preparing samples _

W PATHWAY STUDIO® Q  Advnced

s

+| Start Import Genotypes Muliple Genot

7 Location '/ Gene Region 7 Functional Impac

muRtismpl = 555606

t

. nid o Location
1 1 usR
2 62635297 1 14553
3 1 14930
4 1 wmn
s 1 18030
L] 1 18568
7 s 1 4832
8 rhA130 1 135040
9 1 136052
10 1 136218
1 1 136475
2 ) 126488
13 1 136622
1 1 156768
) . Vacoey

Module s5: Variant Analysis I

& test
¢ Frequency '/ Biological Associations ' Database Identifiers

et A Gene Gene region Transt Impact GERP= « Scove SHTScone PolyPhen2 Score

G A WASHIP TR

[ T WASHIP 3UTR

A < WASHIP Intron

< T WASHIP TR

[ ] WASHIP TR

T < WASHIP Intron

A G WASHIP 3UTR

T L < LOCTHTI MDINZ..  JUTR

T < OCTXTIIMON2  UTR

T < LOTHTIHOMN2  3UTR

T < LOTHTIHONE UTR

T < WX VTR

T < LOTHTIHOM2  JUTR

T < OB UTR

- v IAFTRTI AR D

Now, we can start some data analysis!

Actions

Aliele Frequency

5.5 Import Genotypes and Analyze Case Versus Controls
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Fi
samples. However, these variants cannot be in any of the control samples
that are also in the coding region and are known to be associated with

breast cancer.

nd homozygous variants that are present in at least three of the case

In the Frequency filter, select for homozygous mutations that are present in

at least three case samples (greater than 2) and not present in the control samples (less than 1).

Frequency

Is Novel (not in dbSNP)

Minor Allele frequency: |> N in 1000 Genomes Project

Case samples Control samples

Variants: ¢/ Homozygous Variants: ¥ Homozygous
Heterozygous Heterozygous
Hemizygous Hemizygous
Ambiguocus Ambiguous

Found in: more than | v Found in: less than v

2 samples 5 samples

ok |[ cancel |

Gene Region » | Inthe Gene Region filter, select for
coding mutations.
¢) Coding Intronic
3'UTR Intergenic
5'UTR

o [ s
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5.6 Investigate the Biological Functions for Selected Genes

In the Biological Associations filter, select Disease Association>Breast Cancer.

Biological Associations X

T Disease Association | W Cell Process Association | ' Drug Association

Search Added Filtes

breast cancer pe) Breast Cancer remove
basal like breast cancer A
Breast Cancer

breast metastasis

Carcinoma, Ductal, Breast

Carcinoma, Intraductal, Noninfiltrating
Carcinoma, Lobular

estrogen receptor positive breast cancer
Hereditary breast cancer

in situ breast cancer

Infiammatory Breast Neanlasms

Add All | Remove All
| ResetAl [ Apply Filters | [ Cancel

- PATHWAY STUDIO®

P p—— [

19§680080000000000000

Casesdoisuli]i=le? Controlsiizhlciz?
Note: In the Case and Control columns, S e
3000 0000
insert the number of times a specific 3.0.0.0 03.0.0
variant was identified is represented by four 2000 Wt
bers in this ord 3100 0300
numbers in this order: 3000 0000
. homozygous 3000 0000
3000 0200
. heterozygous 3.0.00 0.0.00
3.00.0 0100
. hemizygous
. ambiguous
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Copy the remaining genes after filtering into Pathway Studio:

il PATHWAY STUDIO®
| Start ¥ Import Genotypes _-; Multiple Genot... 2] test [s) New Pathway *
IdSave ~ =“Legend T Filters ~ 22 View ~ [_:Select ~ Edit ~ $¢Add ~ ¥IUndo ~ %2 Highlight ~ ¥ Tools ~

A 5 A . ) e
a Align v -7 Resize v 7 [ej§Camera

“Rv BfLayout + Orstyle + A° AT

v l e © o© &

o® )
- (=)
R © - @
- =)
@
=] © =)
hain ®
L e ; :
=)

From this point, the list can be further investigated using the tools in Pathway Studio to answers

questions such as:

. What information is known about the association of each of these proteins with breast cancer?
. What other cellular processes or diseases are associated with these proteins?

. Have mutations in any of these proteins been implicated in any other diseases?

. Are any of these proteins included in Elsevier’s curated pathways?

. What proteins do these proteins regulate that a mutation might impact that regulation?

Finish up by performing a Sub-Network Enrichment Analysis (SNEA) on this group of genes/proteins for

disease association.
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Enrichment Analysis of Selected Entities

Input Objects: | CDC42BPA, PPP1CB, NES, CSF1, GM2A, ADAR, NDUFAF4, =
PADI2, HIVEP2, HIURP, POLQ, APC, FGFR4, PDCD6, MAST2, | =
HLA-DRB1, RAPH1, CR1, PARP1, SENP2, PGD, ACVR], LRBA,

Analysis Type: Find Sub-Networks Enriched with Selected Entities > | 1
p-value < 0.05 [ ! e
Min Overlap: |1

[¥] Include only overlapping entities in Pathways
Max Networks: | 100
Neighbors: (©) Expression Targets
@) miRNA Targets
@) Chemical Expression Targets
@ Binding Partners
@ Protein Modification Targets
@) Disease Biomarkers (Quantity)
(© Disease Biomarkers (Mutations)
@) Proteins/Chemicals Regulating Diseases
(©) Proteins/Chemicals Regulating Cell Processes
@ Custom Select types...

| Find | ’ Cancel

# Sub-networks e...

idsave ~ [_iSelect ~ {3 Edit + #]Export * W FTools ~
Name Total # of Neighbors Gene Set Seed Overlap Percent Overlap Overlapping Entities p-value
4] Proteins/Chemicals... 9966 cancer 21 0 CDC42BPA, PARP1, P... 2.51460E-8
4] Proteins/Chemicals... 4194 hepatocellular carcinoma 13 0 PARP1, CSF1, ACVR1, ... 7.63491E-7
4] Proteins/Chemicals... 5002 breast cancer 14 0 PARP1, CSF1, NES, SE...  8.21035E-7
4] Proteins/Chemicals... 2963 melanoma 11 ] PARP1, MAP3K1, APC,... 1.26872E-6

We can see that the top 4 enriched diseases for the Breast Cancer DNA variants involve mutations in

genes previously associated with cancer including, specifically, breast cancer.
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But wait, before we go let’s do a quick review of what we learned today.

. We learned how to identify, download, and analyze variant data.

. We learned how to identify genes known to be associated with apoptosis damaging variants

using a single sample data set.

. We learned how to identify damaging variants in a case versus control multiple sample data set.

. We performed multiple drills for investigating biological functions for our network of selected
genes.

. All'in all, not a bad day’s work!

And now we’re done, see you next time!



Study Questions 5

1. For the single exome data used in this module (GSM1261041_83), identify the number of variants
that are novel? (Hint: Suggested by the data, but not in the dbSNP database.) Identify the

number of variants that are related to cell cycle.

2. After filtering for homozygous variants, how many SNPs are left?

3. After filtering for Functional Impact (as in Module 5), how many SNPs are left? How many genes
are left?

4. Using the multiple exome data in Module 5, how many homozygous variants are present in at

least three of the case samples but not in any of the control samples?
a. After filtering for Coding Region only?
b. After filtering for “cell proliferation” under Biological Associations?

5. Which gene(s) have variant SNPs for all five breast cancer patients and none in controls? (Hint:

Export table to Excel for faster inspection.)

6. How many references connect these genes with cell proliferation?



For Relations Localized in a Tissue/
Organ/Cell Type/Cell Line, How Do I...

Exercise 5.1: Find relations that are known to be found in a specific organ?

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: All

Step s5: Entities: Select “Protein” Relations: Select your specific interest
Add condition: Organ “is equal to” your specific interest

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Alternatively: After pathway is built, in the Relation Table View, add column for “organ.”

Exercise 5.2: Find relations that are known to be found in a specific tissue?

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: All

Step 5: Entities: Select “Protein” Relations: Select your specific interest

Add condition: Tissue “is equal to” your specific interest

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Alternatively: After pathway is built, in the Relation Table View, add column for “tissue.”
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Exercise 5.3: Find relations that are known to be found in a specific cell type?

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: All

Step 5: Entities: Select “Protein” Relations: Select your specific interest
Add condition: CellType “is equal to” your specific interest

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Alternatively: After pathway is built, in the Relation Table View, add column for “celltype.”

Exercise 5.4: Find relations that are known to be found in a specific cell line
name?

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: All

Step 5: Entities: Select “Protein” Relations: Select your specific interest

Add condition: CellLinename “is equal to” your specific interest

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Alternatively: After pathway is built, in the Relation Table View, add column for “CellLineName.”
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Module 6

Gene Expression Data Analysis
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6.1 Import Pre-eclampsia Experimental Data
RNA Data Analysis

Data Import*

. Microarray
. RNASeq
. Semi-automatic versus manual

*Data Import protocols from GEO, from tab-delimited files, full data sets and

differential calculations only are available in Appendices 1.A through 1.C.

Data Analysis
. Experiment Summary Analysis
. Sub-Network Enrichment Analysis
(SNEA) - (unique to Pathway Studio)

Pre-eclampsia or preeclampsia (PE) is a disorder
of pregnancy characterized by high blood pressure Pre-eclampsia

. . Also called: toxemia
and a large amount of protein in the urine. The

ABOUT TREATMENTS

disorder usually occurs in the third trimester of

-
=

ety

pregnancy and gets worse over time. In severe 7, RO
disease there may be red blood cell breakdown, a e mal

low blood platelet count, impaired liver function, 1. High blood

kidney dysfunction, swelling, shortness of breath et

due to fluid in the lungs, or visual disturbances. 2. Swelling of
hands and feet

Preeclampsia increases the risk of poor outcomes

for both the mother and the baby. If left untreated, it 3. Protein in urine

may result in seizures at which point it is known as

eclampsia. Data Analysis: Pre-eclampsia example.

Note: Data is derived from GEO data set, GSE10588 “Placental gene expression in severe preeclampsia.” (please note that the platform used

for this microarray study is the now discontinued ABI Human Genome Survey Microarray Version 2, preventing direct import from GEO. A

properly mapped data file ready for import into Pathway Studio is available from Dropbox (GSE10588_Pre-eclampsia_dataset_10-07-14).
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http://downloads.pathwaystudio.com.s3.amazonaws.com/documentation/EIC%20Workbook/data%20for%20Module%206/GSE10588_USE_ME_10-07-16.txt

First Step: Import your data (Hint: Make sure during the import you indicate that the data sample

type = “Log-intensity.”)

PATHWAY STUDIO®

Start
Projects

Q. curated Pathways

Ontologies
PS Database Content

1 Variation Database

Import
Create

© Analyze

How Dol

B test

Link View

Name

T ritter » [_ISelect

severe preeda

Class: phenotype

AAMP

AANAT
AAR2
AARS
AARS2
AARSD1
AASDH
AASOH
AASDHPPT
AASS
AASS
AATRE

Page

-0.090906136
040425172
-0.21632053

-0.13185103

-0.015946621
022703584
032025558

029346478
-0.011277996
03446741
0.034448788

04237545
0.13596117
0.0947927

-0.07513567
0.3354848
0.0142504275

-0.003930545
0.25007477
0.08291284

<

1lof320/ b M

he Edit = [®Export * F#Tools ~
severe preeda... normal laber normal labor
normal labor normal labor

. I MY

Q Help Y  chris cheadle
normal labor normal labor normal labor normal labor normal labor normal labor normal labor
normal labor normal labor normal labor normal labor normal labor normal labor normal labs

Ssosn [ esor] oo [ sonee

371257
123865

Items per page | 100 | Displaying 1 - 100 of 31938

Next Step: View, hide Unmapped Probes, and sort by Fold Changes (Descending):

PATHWAY STUD

Stant

Projects

Q Curated Pathways

: Ontologies
PS Database Content

J Variation Database

Import

Create

Analyze

Dol

md test

Link View

Name

¥ Filter ~ Select

severe preeda..

Class: phenotype

OR8G2

4.1147614
3.9508843
3.8042443
3.2487378

3.0794282
28765726

3.8054
3.635
3.07194
3.0522
2.9¢
2.8720!
2.68604

2.594
2.5054!

2.334;

«

01

02

006
2.7282608
26535182
26284957
24685328
24242327
388

2376231

1of309/ b M
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chris cheadle

#) Export ~

e Edit ~

o Tools ~

t 4

normal labor normal labor normal labor normal labor normal labor normal labor normal labor

3
&
&

normal labor normal labor n | labor normal labor normal labor rmal labor

>
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6.2 Filter Probes by Value

Filter probes by value (FC + 0.6, p-val <= 0.01):

Filter Probes by Value

Select samples of interest:

Name
v . severe preeclampsia vs normal labor
[EI normal labor
@ normal labor
EI normal labor
E’ normal labor
IE normal labor
[EI normal labor
normal labor
[EI normal labor
[:El normal labor

[E] normal labor
Filtering conditions (specify at least one - min, max or p-value cutoff)

Hide probes ' within v} range -0.6 to |06

Hide probes with p-values exceeding 0.01|

‘ OK I [ Cancel

>

7.3405867
4 10087231| |

7.3042[ |

948364 |
7.466393[ |
8.136466| |

7.5981493| |
11238004| |
- 11576515| |

7033051 |

7.8352757| |

9637543| |

10034801| |

9473201 |

11.587217

E-9 8.639947 9.849392 8.986062 9.619337 8.141788 .
E-6 8211092 7.9212646 9.580641 10.646118 9.496983 -
=S 8.174937 8.266913 8.82824 7.8052125 . .

7.220584

ELSEVIER

Select “Probes Remaining After Filtering” and run Experiment Summary

Analysis:

Uk |l view = T rmer v [ Seect »

RTae
savised

e
anite o 05aryS
e 8 batdetl

8
H TR HE : HELF §
g N EH L i HEBE

Select the proper class comparison and then “Start Analyses.”
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6.3

Explore Enriched Pathways

Featured here are genes involved with pregnancy-induced hypertension that is
up-regulated in placental tissue from patients with severe pre-eclampsia.

PATHWAY STUDIO®

| Start [ : Experiment Sum... 4] Top Upregulate...

Summary contains 9 results with 53 pathways and 2
groups 2 Y
] Proteins Involved in Patnogenesis of L ,
Proteins Involved in Pathogenesis of
/4 Proteins Involved in Pathogenesis of N
4, Proteins Involved in Pathogenesis of R
_# Cell Process Pathways
4 _# Top Diseases
4] pregnancy-induced hypertension
4] corneal injury
4] chronic rhinosinusitis
4] gestational diabetes
4] preeclampsia
4 thyroid neoplasm
4] proliferative diabetic retinopathy
4, elevated blood pressure
4] adult respiratory distress syndrome:
14 leiomyoma
4 = Top Cell Processes
4] proestrus
4] trophoblast differentiation
4] trophoblast migration
% lactation
% lipid oxidation
%] first trimester pregnancy
4] endocrine function
4| fatty acid synthesis -
%] prenatal growth
4] estrous cycle
# = Top Regulators
4 adipokine
[ T8P

{2 Export Report ~

[

pregnancy-induced
hypertension

Neighbors: 61

2 View v |

Activation Score: 1; p-value: 0.00018; Median change: 3.44607; Gene Set Seed:
pregnancy-induced hypertension; # of Measured Neighbors: 7; Total # of

iﬁ test

Link | 1B view ~ TFilter ~

2112 Selected Deselect All

Name

Class: phenotype
OR8G2
LEP
PTPN11
DST
PTPN11
FAM181B
DNAAFS
PTPN11
AQPEP
UBOXS
PTPN11
PTPN11
NLRC3

KCND2
SERPINA3
PTPN11
STYX

POLI
PTPN11
SERTAD4
FAM186B
PTPN11
PTPN11
oToMI1

4  Page

Open in Pathway Viewer

Kl (€] [€] <] (<] [€] [€] [€] [€] [€] [€] [€] (€] [€] (€] [€] [€] (€] [€] [€] [€] [€] [€] [€] (€] [€] [€] [€] [€]
IS

severe preeda.

1|of309 b M

ISelect » HaEdit ~ @+ O~

severe preeda... norm;

2.70146E-9

118030e-s [
21783060 [
3.79384E-8
11112468 [
s2s1sse-10 [
15380269 [
3.62496E-10
74422966 [
191793e-12 [
ss25216-10 [
240096¢-10 [
4s006se-3 [
14203567 [
38742267 [
32300169 [
111849E-7
1e6sset-7 [
21346065 [
104689E-9
126625¢-3 [
63s478e-s [
255866E-8
8393589 [
a426116-6 [

1.19509€-9

27244266 [
sa3sose-s I ~
»

‘, Items per page | 100

Sub-Network Enrichment Analysis (SNEA) of top 100 upregulated genes.

23681765
38231494

[¥] incauce ony overapping enties in Patnways
Max Networks: | 100
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SNEA: diseases and genes/proteins leads to...

W PATHWAY STUDIO® ST O ccd

| Start : Experiment Sum... (2] Top Upregulate... & Proteins/Chemi...
Idsave ~ = legend WrFilters ~ ® view ~ [_iSelect * UHEdit ~ #fAdd ~ Undo ~ % Highlight ~ L #Tools ~ ®
"Rv Bilayout ~ Orstyle + AT AT 07 o7 i dhAlign v ~¥Resize v . (aliCamera
_* Sub-networks e... # Sub-networks e... *
idsave ~ [Iselect » d3Edit ~ [ Export ~ (¥ Tools ~

Name Total # of Neighbors Gene Set Seed Overlap Percent Overlap Overlapping Entities p-value

%s] Proteins/Chemicals Reg... 926 genetic disorder 11 1 PTPN11, PNPLA2, CSTB, PL... 3.27648E-9
¥ | 4] Proteins/Chemicals Reg... 783 preedampsia 9 1 FLT1, HTRA4, PAPPA2, EN... 1.35216E-7

...identification of genes directly associated with pre-eclampsia as reflected in the scientific literature.

Question: What is the functional significance of this group of genes?
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| Enrichment Analysis of Selected Entities

Input Objects:  HTRA4, PAPPAZ, preeclampsia, INHA, NOTCH3, FLT1, ENG,
AQPEP, LEP, SERPINA3 [Total: 10]

Analysis Type: ' Find Sub-Networks Enriched with Selected Entities ¥
ngc p-value < 005
Min Overlap: | 1
ENG i¥/! Include only overlapping entities in Pathways
Max Networks: 100
Neighbors: ©) Expression Targets
@ miRNA Targets
Chemical Expression Targets

:#E Binding Partners
3 Protein Modification Targets

INHA

Disease Biomarkers (Quantity)
Disease Biomarkers (Mutations)

Proteins/Chemicals Regulating Diseases
@ Proteins/Chemicals Regulating Cell Processes

reeclampsia
P P Custom Select types...

Find J|L_Cancel |

SNEA: cell process and genes/proteins

6.4 What Exactly is SNEA Doing, Anyway?

What exactly is SNEA

doing, anyway?

When you perform an SNEA (for diseases and genes/proteins, for

example), the Pathway Studio program first identifies all relations
between diseases and genes/proteins (>400K) in the entire
database. This becomes the basis (the sub-network) for enrichment analysis for the input genes/proteins
in your list. The power of this approach is that the sub-network, which is generated “on the fly” every
time an analysis is performed, always reflects the latest updates to the database (performed weekly).
Another BIG advantage is that any combination of entities and relations as supported in the database
overall can be precisely specified by the user. This allows for highly customized analyses that are either

broad-based or fine-tuned. So, try it, you'll like it!
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W PATHWAY STUDIO'

=+ Start | ™% Experiment Sum... | i) Top Upregulate... | - Proteins/Chemi
Idsave = ==Legend Wrilters * ® View ~ [ JSelect * UhEdit = §#Add * VUndo ~ *PHighlight = (I Tools = =
R Filayout = Prstyle = AT A7 0" 0" T duniign - +¥-Resize - (&l Camera

# Sub-networks e... # Sub-networks e... * | ¥ Sub-networks ¢

dsave = [_lSelect =~ UhEdit = & Export = (JTools =

Name Total # of Neighbors Gene Set Seed Overlap Percent Overlap Overlappeng Entities p-vahue

%] Proteins/Chemicals Regul.. 671 placenta development 2 1 FLTL HTRA4, PAPPA2, ENG. .. 3.54569E-12
4] Proteins/Chemicals Regul.. 324 trophoblast differentiation 6 1 FLTL HTRAS, PAPPA2, ENG, .. 7.443636-12

SNEA: cell process and genes/proteins

Placental development genes (yellow) overlaid on pre-eclampsia associated genes are clearly a major

biological theme for this group.

FLT1, ENG, & LEP are selected for further study on the basis of high literature

metrics.
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I T T T T

idSeve = Thiktes = Ml View = [JSelect = {Edt = OUndo - # bport -

Relation Obgect Type  Effect Mechaniim @ of Reference—
=+ ATl —=» 1 Regul positive e
=+ ENG o> Reg potitie 75
=+ LEP o> precclamptia Regulstion postwe bil
= DIHEA —.+> pree ] Reguiation  positwe L
=+ PAFPAL -—» precclampsiy Reguilation 4
=+ FN1 > preeclampiia Regulation 3
=+ HTRAL -..> preedampiiy Regulstion 3
= FLT] -—>» preeclampsiy ChnicalTrigl F
=+ NOTCH3 -—-> preeclampiia Regulation 1
=+ INHA > Regud 1
=+ SERPINAJ ...> preeclampiis Reguistion 1
=+ AQPEP > precclampiia Reguiation 1

' |
+

6.5 Small Molecule Inhibitors of Diseases and Genes

Identification of small molecule inhibitors of LEP, ENG, and FLT1.

Network Builder x
Step 3: Select Advanced Filters.
|'7il!-lu 7“ 7&-“ 7“’
Cot V| Bnang
el Proceis v Bomadar
Curical Daramnater v Celibgeassion
Comgiax v Camicaifgicion
Ousease ¥ OmicalTaal
e = ¥ DmcRegiizom
Prowin v Sgesison
¥ Small Molecde Add Condton | ¥ BunclonalAssod...
Treasrant v| GematcOnange
v mitNAESc
¥ AT
< 1
[“cnockan |[uncheckan | Resst | [ cnockan | [Uncheckan | Rese |
| aBack || Next e Reset Al Fiters. Cancal

preeclampsia
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Use Network Builder: Advanced Expand Pathway Tool.

Network Builder x
-
Step 5: Setup Preview il
X To view the new Entities in the Graph view there needs to be less than 1000 entities. Please
reduce the number of entities and select “Finish".
Potential Connections
Entites: 1031
Relations: 1325
-~ Applied Entity Filters I
Small Molecule)
Applied Relation Filters
Bindingx BiomarkerxX CellExpressionX
ChemicalReactionX ClinicalTrialx DirectRegulationX
ExpressionX FunctionalAssociationX GeneticChangex
miRMAEffectx MolSynthesisX MolTransportx =
PromoterBindingx ProtModificationX QuantitativeChangex
| Reaulatianx StataChannex .
«Back ” Launch Interactive Network Builder | Finch |

t

ELSEVIER

Filtered / Total

Entities 508 /1031
SelectDeselect all

o Small Molecule 508/ 1031

Relations 58011325

Crost+) MInegy [l unknown

# of References

Select/Deselect all

——@— Binding 0/ 25
——0—> DireclRegulation 46/ 76
——l—> Expression 344/ 804
——> MolTransport 20/ 80
------ {5 Regulation 170/ 340

Launch Interactive Network Builder to filter for inhibitors only.
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Small molecule inhibitors of pre-eclampsia target gene/proteins.

o/ /| \ \ 8 e®
& -

Small molecule inhibitors of pre-eclampsia disease as reported in the literature. (Hint: Use the same
protocol you just used for small molecule inhibitors of ENG, LEP, and FLT1, and simply exchange those

targets for the disease entity “pre-eclampsia.”)

Now find small molecule inhibitors of both pre-eclampsia and target genes/
proteins (FLT1, LEP, and ENG). (Hint: This is essentially a combination of the two previous

networks.)

There are several ways to combine and manipulate
networks in Pathway Studio, let’s look at one of the
simplest, shall we?
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Step One: Select All and edit/copy the small molecule inhibitors of pre-eclampsia.

Small molecule inhibitors of pre-eclampsia.

Small molecule inhibitors of pre-eclampsia target gene/proteins.

Step Two: Go to the small molecule inhibitors of FLT1, ENG, and LEP network, select “Clipboard
Content,” and highlight selections in red.

Step Three: Now just pull the selected objects as a group away from the unselected objects. (Hint:
First make the whole display smaller using the slider in the upper right corner of the dashboard. Also,
after you move the selection over then immediately move FLT1, ENG, and LEP to the right- hand side as

well — this way they won'’t get lost in the final step below!)
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Step Four: Box the left-hand side, which will select everything on that side.

Step Five: Edit/remove selection.

Step Six: Rearrange the graphic to your taste. (Hint: This view was prepared by using “Layout by
Localization, Plain Membrane” followed by some rearrangements formatted by hand to make a more

pleasing visual! of ?)

/////‘

NN S g
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Be patient with yourself!

It may take several attempts to
get it right!

OK, are you ready for a little more?

6.6 Small Molecules in Clinical Trials

Just one last question!
sinol-cosd=7

How many of the small molecule inhibitors of 7 ‘

FLT1, ENG, LEP, and pre-eclampsia are already

in clinical trials?
Good question, right?

How to go about answering that, |
wonder.

Hey, c’'mon this should be easy by
now!

All you need to do is map the small molecules in clinical trials to the disease of
pre-eclampsia...
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First, create a new pathway with the entity of pre-

w O©E
. . . % ~
eclampsia disease. g o o
= NG | P
Using the network builder, add small molecules as i b \ ';' € e
the entity and clinical trials as the relation, and you - ‘@\@\ 2 ;;‘ = i
. : G : ‘ =D )
will get something that looks like this. i \ 3\\\ | /a /
B \-.% \ \‘% s 7 =
i RSN\ 17 —
Now, select all, edit/copy, and then go to the pre- e \'\meﬁ?ia -
ecalmpsia network last constructed, and select & ~
“Clipboard Content.” = e
o
@

Highlight selection by “Mix-in" Yellow (Note: This will in essence do a double highlight
in yellow of small molecule inhibitors of FLT1, ENG, LEP, and pre-eclampsia already highlighted in red,
which also are in clinical trials, and make it very easy to see these small molecules against the general

background).
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So before we go home...

What did we learn today?

. You learned data analysis of differential gene expression values.

. You learned filter probes by value (e.g. fold change and p-value).

. You ran an “Experiment Summary Analysis.”

. You learned how to run an SNEA and understand what it is doing.

. You learned identification of small molecule inhibitors for selected target genes/proteins.

. You learned identification of small molecules involved in clinical trials for a specific disease.




Study Questions 6

Before answering the questions, read in data provided, use Name+Alias for probe ID, and use

Benjamini-Hochberg for multiple comparisons correction:

1. Find the top 10 upregulated genes (by fold change) for the expression data in the module. (Hint:
Count repeating genes one time only.)
2. Run an Experimental Summary and an SNEA (diseases) on the top upregulated genes. List the

top five diseases (by p-value).

3. Run an SNEA (cell processes) on the top upregulated genes. List the top five cell processes (by
p-value).

4. The “endocardial cushion” from Question 3 is involved in what major organ?

5. List the top five small molecule inhibitors of LEP (by # of references).

6. Run an SNEA (diseases) on all small molecule inhibitors of LEP. List the top five diseases (by
p-value).

7. List the top five small molecule inhibitors of LEP in clinical trials for diabetes mellitus (by # of

trials). (Hint: Click on SNEA subnetwork from Question 6, select diabetes mellitus in Pathway

Viewer and “Add Relations between Selected and Unselected,” and filter for clinical trials.)



For Connections Between Entities Not
Directly Connected, How Do I...

Exercise 6.1: Can two proteins not directly connected, be connected through
protein/small molecule (s)?

Identifies shortest path of molecular connection (physical interactions) between two proteins in the
database through proteins/small molecule intermediates through selected relations type. (Can be
extended to non-physical interactions by selecting additional relation types) Note: Regulation is the least

specific relation type and should be excluded unless more specific relations do not produce results.
Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Shortest Path for Pair of Entities. Advanced Shortest Path for Pair of Entities Tool
Step 4: Select Direction: All

Step s5: Entities: Select “Protein and Small Molecules” Relations: Select “Binding, ChemicalReaction,
DirectrRgulation, Expression, miRNAEffect, MolSynthesis, MolTransport, PromoterBinding”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 6.2: Can two proteins not directly connected, be connected through
association to diseases/cell(s)?

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Shortest Path for Pair of Entities, Advanced Shortest Path for Pair of Entities Tool
Step 4: Select Direction: All

Step 5: Entities: Select “Cell Process + Disease” Relations: Select “Regulation”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish
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7.1 Introduction

Zika Virus Infection and Microcephaly

Public health alert A <

The CDC has issued an alert for travel to SYMPTOMS TREATMENTS
areas where Zika virus is spreading, which

now includes Miami-Dade County, Florida, Fever
Rash
Joint pain
Red eyes

Puerto Rico, American Samoa, and the US
Virgin Islands. Travelers who are pregnant
or considering pregnancy should consult a

doctor.

Spread through
mosquito bites

A disease caused by Zika virus that's spread through
mosquito bites.

Zika Virus Infection and Microcephaly
What causes congenital microcephaly?

Causes of congenital microcephaly may include genetic conditions (e.g., chromosomal abnormalities),
craniosynostosis, cerebral anoxia, or maternal exposures (e.g., alcohol, mercury, radiation, or severe
malnutrition) during pregnancy. Maternal infections that have been associated with microcephaly
include cytomegalovirus (CMV), herpes simplex virus, rubella virus, lymphocytic choriomeningitis virus

(LCMV), varicella, Treponema pallidum (i.e., syphilis), and Toxoplasma gondii. Additional information

about microcephaly is available on CDC’s Microcephaly website.

What is the link between Zika virus and microcephaly?

There is now scientific consensus that Zika virus is a cause of microcephaly - a congenital malformation
with smaller than normal head size for age and sex. It has also been associated with other birth defects

and neurologic conditions in children and adults.
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7.2 Zika Virus Use Case Workflow

. Import genes up-regulated by Zika virus infection in neural progenitor cells.

. Explore potential disease associations of Zika virus up-regulated genes using the tools of causal

reasoning in Pathway Studio.

. Map major regulator genes included in the Zika up-regulated genes, which are common to

multiple disorders of glucose metabolism.

. Select model target gene/protein (EDN1) as a potential point of intervention.

. Map small molecule inhibitors of the model target gene/protein (EDN1) already in clinical trials

for the treatment of insulin resistance.

Dropbox link for Zika virus up-regulated gene lis{

Copy and paste gene list into Pathway Studio (Import Entity List).

Import

periment Entity List Genotypes

>

SNORD117
P 1

N2-AS1
SNORD124

ID Count: 476

Input IDs: | OSGIN2 /S
AURKC
CPEBL v
niLne
Items Type: | Protein N7
Type of Identifiers: | Name "7
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7.3 SNEA on Zika Virus Up-regulated Genes versus Diseases

Perform a Sub-Network Enrichment Analysis (SNEA) on Zika virus
up-regulated genes versus diseases

Envichment Anaiytis of Selected Entties
Enput Objects [IFIML ELMSANL SLCIAS, RCIHL COKNIAIP, RNFIS2 BCLY,
OOIT4 IFIT2 AKAPEL PPARGCLA SNORAS, IGSFL. CEBSE,
REMES, SIC2IB. SUGTL CCPGL INF440, OVGPL BHLMEX. ~
Anatysis Type: | Find Sub-Networks Enviched with Selected Entties -

pevaive 3 (005

Min Ovensp: |1
[¥] inciuce onty ovenspping entsies in Patrways
Max Networks: | 100

Neighbors: (

e
c
C
Brot
Enfichment Analysis of Selected Entities

Input Objects: | IFIHL ELMSANL SLC1AS. RC3HL CDKN2AIP. RNF152 BCL3. &

DDIT4. IFIT2. AKAPEL. PPARGCLA SNORAE. IGSF1. CEBPB.
RBM39, SEC23B, SUGTL CCPGL ZNF460, OVGPL BHLHESD,

finat Cancel |

Analysis Type:
p-value <

Min Overiap:

Max Networks:

Neighbors:

Find Sub-Networks Enriched with Selected Entities
00s
1

V| Include only overapping entities in Pathways

100
) Expression Targets
) miRNA Targets

) Chemical Expression Targets

L) Binding Pantners

) Protein Modification Targets
) Disease Biomarkers (Quantity)

) Disease Biomarkers (Mutations)

@) proteins/Chemicals Regulating Diseases

_/ Proteins/Chemicals Regulating Cell Processes

) Custom Select types.

Cancel
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7.4 Diseases Involving Disorders of Glucose Metabolism

Diseases involving disorders of glucose metabolism are enriched in Zika
infection up-regulated gene

Pathway Studio

| Start | [53] test2 X

idsave = [ ISelect~ [{Edit= ¥ Undo ~ (¥ Export = W Tools =

476 Selected Deselect All

# Sub-networks e... %

i save = [ISelect ~ {iEdit = [#) Export = LFTools ~

5 Selected Deselect All
Name Total # of Neighbors Gene Set Seed Overlap Percent Overiap Ovwerlapping Entities p-value
[#+] Proteins/Chemicals Regul... 5463 carcinogenesis 144 2 NR1D1, COKN2AIP, MYBSPL.. 747429E-49
4] Proteins/Chemicals Regul... 1520 malignant transformation 54 3 CCLS, SERTAD], BCL3, DDIT4... 7.79522E-23
4] Proteins/Chemicals Regul.. 1793 necplastic transformation 56 3 BCL3, XBP1, NR3CL, SLC3A2.. 482757E-21
(4] Proteins/Chemicals Regul.. 5250 metastasis 98 1 KCNJ3, DDIT4, IFIT2, PPARGC... 291128E.20
[#4] Proteins/Chemicals Regul... 3048 atherosclerosis 72 2 NR1D1, IFIH1, PTGER4, CCLS,... 429248E-20

v| 4] Proteins/Chemicals Regul.. 2681 insulin resistance 67 2 PTGER4, CCLS, DDIT4, BCL3,..  5.99215E-20
[#%] Proteins/Chemicals Regul.. 1650 steatohepatitis 51 3 NR1D1, PTGER4, CCLS, NR1D... 521048E-19
[4| Proteins/Chemicals Regul... 7549 inflammation 118 1 NR1D1, IFIH1, RC3H1, KCNJ3.. 147308E-18
|4 Proteins/Chemicals Regul.. 1186 autoimmunity 42 3 IFIH1, RC3HL, CCLS, BCL3, KL.. 7.63265E-18
4] Proteins/Cnemicals Regul.. 9974 cancer 138 1 IFIH1, COKN2AIP, SLC1AS, M.. 1.67275E-17
|¥+] Proteins/Chemicails Regul.. 1878 virus infection a8 2 IFIH1, CCLS, KLRD1, NR3C1,..  2.1363%E.15
[#4) Proteins/Chemicals Regul.. 1677 cardiac hypertrophy 46 2 CA2, PTGER4, DDIT4, FOSLL.... 2.76T13E-15
[4| Proteins/Chemicals Regul... 6847 ceath 104 1 IFIH1, RC3HL, KCNJ3, MYBBP.. 2.85519E-15
(%] Proteins/Chemicals Regul.. 3107 obesity (= 2 SLC1AS, MAGEL2, CCLS, NR3... 5.11099E-15
#s] Proteins/Chemicals Regul.. 11412 neoplasm 144 : | IFIH1, COKN2AIP, SLC1AS, M.. 6.86T91E-15

¥ | Proteins/Chemicals Regul... 1127 glucose intolerance 37 3 SERTAD1, XBP1, NR3C1, PRK... B24720E-15

v |44 Proteins/Chemicals Regul.. 4945 ciabetes melltus &3 1 IFIH1, PTGER4, CCLS, BCL3, 5. 2.28886E-14
(4] Proteins/Chemicals Regul... 1722 inflammatory disease 45 2 NR1D1, IFIH1, PTGERS, CCLS,. 3.17124E-14
[#%] Proteins/Chemicals Regul.. 2264 Qastric cancer 52 2 PTGERS, CCLS, CEBPB, ING2.... 4.26671E-14
[#4] Proteins/Chemicals Regul... 6212 infection 85 1 NR1D1, IFIH], PTGER4, CCLS,.. 4.93%59E-14
|#+] Proteins/Chemicals Regul.. 1148 atherogenesis 36 3 BIRC3, PTGER4, CCLS, NR3C1... T7.57921E-14
|#4] Proteins/Chemicals Regul.. 5004 breast cancer 82 1 MYBBP1A, PTGER4, KCMNJ3, C.. 1.25970E-13
[#5] Proteins/Chemicals Regul.. 4197 hepatoceillar carcinoma 73 1 SLC1AS, CCLS, BCL3, XBPL N... 226977€-13
[#%] Proteins/Chemicals Regul.. 1115 chronic inflammation 34 3 IFIH1, PTGERA, CCLS, NR3CL,.. B44716E-13
(4| Proteins/Chemicals Regul... 5834 injury 89 1 PTGERS, CCLS, DDIT4, NR3C... 8.51641E-13
4| Proteins/Chemicals Regul... 934 experimental autoimmune e.. 31 3 PTGER4, CCLS, ADRB2, CCRE.... 1.04958E-12

¥| 4] Proteins/Chemicals Regul.. 2173 type 2 disbetes 48 2 CCLS, DDIT4, XBP1, NR3C1, C.. 182842E-12
(4] Proteins/Chemicals Regul... 1023 vasculitis 32 3 PTGERS, CCLS, NR3CL, PRKA.. 211724E-12
4] Proteins/Chemicals Regul... 1531 atrophy 39 2 NOG, CCLS, DDIT4, BCL3, NR...  4.07759E-12
[#4] Proteins/Chemicals Regul.. 3077 fibrosis 58 1 PTGER4, CCLS, NR3CL, XBPL... 4.53854E-12
[#4] Proteins/Chemicals Regul.. 1124 diabetic nephropathy 33 2 TIMM44, DSPP, PTGER4, DN...  5.11854E-12
|#s] Proteins/Chemicals Regul.. 1201 cardiac remodeling 34 2 PTGER4, CCLS, C3, PRKAAZ,..  642884E-12
[#s] Proteins/Chemicals Regul.. 1278 vascular remodeling 35 2 PTGER4, CCLS, C3, PPARGCL... 7.73402E-12
[#4] Proteins/Chemicals Regul.. 2628 hypenrophy 52 1 PTGER4, CCLS, DOIT4, NR3C...  1.18761E-11
|4 Proteins/Chemicals Regul.. 1329 ostecarthritis 35 2 NR1D1, NOG, PTGERS, CCLS,... 2.25810E-11

¥ |4y Proteins/Chemicals Regul.. 1401 type 1 diabetes 36 2 IFIH1, PTGER4, CCLS, BCL3, N... 2.2778BE-11
(#s] Proteins/Chemicals Regul.. 1480 endothelial cell dysfunction 37 2 NOG, BIRCS, IFIHL, PTGER4...  2.57195E-11
14| Proteins/Chemicals Requl... 1487 metabolic disorder 37 2 NR1D1, NR1D2, SERTADL N.. 293900€-11

Save all five gene networks to your project folder.

4] Proteins/Chemicals Regulating Diseases of insulin resistance Pathway 68
4| Proteins/Chemicals Regulating Diseases of glucose intolerance Pathway 38
4| Proteins/Chemicals Regulating Diseases of diabetes mellitus Pathway 83
,_.j Proteins/Chemicals Regulating Diseases of type 2 diabetes Pathway 49
1¥s] Proteins/Chemicals Regulating Diseases of type 1 diabetes Pathway 37
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7.5 ldentifying Major Regulators

All Zika infection

up-regulated genes/
proteins related to
insulin resistance.
(Hint: use “Layout

by Localization, Plain

Membrane”)

Combine all five

v Proteins/Chemicals sulin resistance Pathway
. v Proteins/Chemicals )se intolerance Pathway
disorders of glucose _ )
v Proteins/Chemicals Regulatin mellitus Pathway
metabollsm and take v Proteins/Chemicals Pathway
. e R v Proteins/Chemicals Regulating Diseases of type 1 diabetes Pathway
their intersection:
Combine e
Combine 5 selected pathways
Input Objects:  Proteins/Chemicals Regulating Diseases of diabetes mellitus, =
Proteins/Chemicals Regulating Diseases of glucose intolerance, (d
Proteins/Chemicals Regulating Diseases of type 1 diabetes, o
© Union @ Intersect © Subtract from: |Proteins/Chemicals Regulatin v
ric
Combine J [ Cancel
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Copy and paste all five diseases of glucose metabolism back into the gene/
protein intersection and add “Relations between Selected and Unselected”:

ERNT
O !
v
dabetes melus
+‘.;;_;
N —
) = @ i
TRIB3 3250 VEGFA Beme=
@ e e .
o HO
RS d
| CeBPI % X
N - @
e o) 5 AW
@ 1 EDN1
Rz )
hy icem 7
@
FE2L;
"""""""""""""""""""""""" ice
ERNT
&)
@
D IR3C
B T IRS2
o
DIT: 0XO0.

Zika up-regulated genes related to all six glucose metabolic disorders.
Use the Interactive Network Filter and select gene/protein activators only.
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7.6 Using the Interactive Network Filter for Better Specificity

W PATHWAY STUDIO
= Sue | 5 Neunsl progeni ", Brotera Cremi - Ghscone Wb %, Combaned Pathuy
Interactive Network Filter [ sove s cepy | Fmen | cance B vew » @ @
Filbered | Total
Enttas ik 18

i Y S——

e o e

v @
Relatsonsy

Fo T
=[O | [T i S
& o Raleianimy
In]
L] 18+
[EEPSE——
e o 0 2
[ — 8 cerenccrange 0 85
[V] = cusrtsowecrangs 28/ 28
| B = Reguisuen B/ TS
[ i stmtmcramge or 1§

View the Relation Table View.

?
It’s an easy bear! o R T e

AP o
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Target identification: Endothelin 1 (EDN1)

=+ Sonm | 4 ENlcinialt. | < smal molecule

dsive » Troes v Hview » [ & Expont +
Reaton T ey e ChangeType QartttnType  ScmaraTyoe Mectanis= Organism Organ Tasot CeltineName
= Sabetes meling -2 EDNL QuantatinChasge B-col adpocte Bl poste Bosance, Bbund Home sapierd Mus..  Acrta Aderies B0  Blood Bicod Vsl 373
= Pyperghcemia .-+ » VEGFA Qaarmutaltange 36 Muglerobl Schwd.  positg WA Epres Bottaons Momos..  Biood Vesses Bon  Blood Endoshaium.
= giabenes meltug eed NAMET QuamintveCrarge 4 Belymphoid precurs__  positive aourcance aound_ Homosapgiers Mus_  Braim Imestiees JoL  Adipose Tisoe Whe
= daotes meling o> D03 QuarteaciveChacge 32 bond mamow e, positie Epreision, sbunch.. Homo saperd Mut_  Hean Hippoaampu..  Myoardiom
= ingulie resienance - o> EDNL QuartnatCrasge 25 endichelnl ool soe.  postive Bundance. Bhund. Homo tapiend Ract.  Biood Vesses Lver.  Endoheliom Mussl
= Pyperghcemia --+» EDNL QuarttaciveChange 23 endccheinicel ibd.  postve adundance. sbund Bostauns Homos . Aoma Biood Vessel  Endothelum Musd
» TRE3 QuartaativeChasge 22 germ cel Megatecy. postve ndance. ot Homa sapiens Ma_.  Acrta Colon Heart. Musdes, Steletalm.
= tyoe L clabetes o3 VEGRA QuarttacveCrange 14 endochelial ool apl.  positive BOURSEnCE, Bound_ Homa sapeed Mot Corotid Anedies, (. Myocandiom, Plasm._
= ingufin resistance -+ +2 FOIOL QuantacveCrarge 13 Bcipogyte hepaoc . postive vty expression, Fomo sapiens Rt Beain. Head Liver wiposetane epd_ HepGl
= Ingulin resisrance - +> NAMPT Quamintvelhasge 12 positive Boundance. sbund_ Homo sapiens Pacents Plasma. adposets..
= ingulin resistance - > TRED QuanimatveCrasge 10 adsocte psuler.  postve expretee expres o sapen Lives boee Seenal musce 3 C2C12
= Pypenglycemia--+> NANPT QuamiatveCharge 7 adipogyte neurophl  positive adundance. abund Homo sapiens Pagma adoose ts.
— Pyperghycemia --+» FONOL QuartatviChasge 7 rsdn-secetngeel  postve abundance. abund Mus musculs Hear e oflang.. Vascdar Endothel
= type | dabates -4 EDNL QuarimtveCrarge 6 positie aDndance. sbund_ Homosapiens Ract_  GdneyGomenus  Pagma, Uriee
— hypengycemia --+» TRES Quantatelrarge 5 Fsdir-paetogoe.  positve Bourdance abund Famasroregious. . Isetmoflangerhars  Musdes Semim_ INS1
— type | dabetes 4> NAMPT QuartmatieChasge 5 smooth musdemy_.  positve adundance abund_ Homo sapiens Bood Vesse's Pasma
= gigbanes meling -4 BN Quanttatvelrarge 4 monodyte positive exprassion, activty, Hom sapien Hean
= diabetes melitus > NRSL1 QuanttatveChange 3 trophobiast positve abundance expres. Ramsrnoregios  Adrenal Medula L
— hyperglycemia --+» NRICL QanttatveChange 2 positve EXOESSON, CIDRSS Liver Blood
= ghuose iroienande --+3 EDNL QuamiatveCharge 2 positie aourdance. abund_ Homo sapiens Parma
— diabetes melings --+> ADRED Quantatvelrarge 1 positie EIESEON, EEpesE. Rattus norrgicus Scleus musce Myocandiom
= type | clabetes --+> TRIEZ QuantrativeCharge 1 postie expeessen Ramsroregicss  (dney
= CEabenes melns - QuantatnCharge 1 hepamocye positive organce L
= type | chabetes --+> DOMT3 QuantiatieChange 1 positive expresson Kewroeotheium
= type | abetes o> RS QuanttatveChange 1 positie epeesson Liver Sl musce
= tyoe | abwtes -2 NFENL2 QuanttacveCharge 1 positive expression

Now, focus on EDN1 and insulin resistance.

insulin resistance
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7.7 ldentifying Major Therapeutic Point of Intervention

Question: Insulin resistance results in an increase in EDN1 levels, but is there any evidence that

decreasing EDN1 levels is therapeutic?

2 Edit ~ |#2Add ~ |¥YUndo ~ “2Highlight ~ (¥ Tools ~

: ’-}* Resiz E%\. Relations between Selected and Unselected

ata

< Network Builder

atas

<~ Neighbors from Database >
$& Direct Interactions * | 3{% Physical Interactions
# Shortest Path * | il Expression Regulation
#2 Common Targets » | 312 Protein Modification
$§€- Common Regulators PlsE Al
#.3 Common Binding Partners »
#, Text Label

insulin resistance

Answer: Evidence from animal models is that EDN1 is causal for insulin resistance and, therefore,

might be a good candidate for therapeutic intervention.

insulin resistance

=3 Regulation (positive) EDN1 --+> insulin resistance
75 references

Whole animal studies also support the contention
that ET-1 is involved in the development of insulin
resistance.

In vivo administration of ET-1 into rats and healthy
humans also induces insulin resistance and glucose
intolerance at least in part by effects on skeletal
muscle glucose uptake that are independent of
effects on blood flow.

ET-1 induces insulin resistance in rat adipocytes and
rat arterial smooth muscle cells .
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Map small molecule inhibitors of EDN1:

d SeleCt EDN]" Network Builder
. Add, Network Builder. Step 3: Select Advanced Fiters
. Use Advanced Expand Pathway Tool. Enhes e Belsions Eter
Cell Binding =
o Select “U pstream Nk Cell Process Biomarker
: Clinical Parameter CellExpression
° Use Advanced FilterS. Complex ChemicalReaction

Select Small Molecule as Entity.
Select Expression as Relation.
Add Condition to Expression.
Select Effect = negative.

Disease
Functional Class
Protein

V' Small Molecule Add Condition

Treatment

ClinicalTrial
DirectRegulation
v Expression
FunctionalAssoc...
GeneticChange
miRNAEffect
MolSynthesis
MolTransport
PromoterBinding

“Effect” = 'negative’

. Click Next, then Entire Database.
. Click Next, then Launch Interactive

Network Builder

[ CheckAll |[UncheckAll || Reset |

Cancel

[ CheckAll |[uncheckAll || Reset |

[ « Back H Next » ” Reset Al Filters ]

* Select “Upstream” in the Expand Pathway Tool because you are looking for small molecules that
act upon EDN1. In other words, they inhibit EDN1 gene expression or protein abundance. If you had

selected “Downstream,” you would have been asking for small molecules that EDN1 acts upon instead.
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Use the Interactive Network Filter. Select References to a minimum of 4.

Interactive Network Builder

Filtered | Total
Entities 1o 274
¥ selectDeselect all

v o Small Molecule 1107 274

Relations. 1o/ 274
¥ Pos(+) ¥ Neg() ¥ unimown

¥ of References

Q

3 10e
¥ selectDeselectan
[# ——> Expression 10/ 274

Save a Copy | Fimiah | Cancel

=

7.8 Mapping Candidate Drugs Both In and Outside of Current Clinical Trials

Map small molecules in clinical trials for the treatment of insulin resistance.

Copy Insulin Resistance into a New Pathway.

Select Insulin Resistance.

Add Network Builder.

Use Advanced Expand Pathway Tool.

Select Direction “All.”*

Use Advanced Filters.

Select Small Molecule as Entity.

Select ClinicalTrial as Relation.

Click Next, then Entire Database.

Click Next, then Finish.

[ CheckAll [ UncheckAll || Reset

e

]

1 9
[ checkan ][ uncheckanl |[ Reset |
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Inspect “Relation Table View” for additional information on clinical trials:
example metformin.

Metformin, one of the leading drug treatments for insulin resistance, has been
successfully repurposed as an anti-cancer drug.

—

Relation Object Type # of References ~ | Source ChangeType CellType
v = metformin ---> insulin resistance ClinicalTrial £ Medscan, Medsc..
= pioglitazone --> insulin resistance ClinicalTrial 20 Medscan, Medsc...
= rosiglitazone ---> insulin resistance ClinicalTrial 17 Medscan, Medsc...
Page. 1/of1 )
= ClinicalTriak...
_ === (linicalTrial metformin ---> insulin resistance
4 Propeties [1] AClinical Trial to Prevent the Complications of Insufin Resistance (Including Type-2 Diabetes)
References (34) . P
Other Propertes Relevant Sentences || Other available information
Collections Source: Medscan, TrialStatus: Completed, Phase: Phase 2, Stu & Interventional, NCT ID: NCT00015626, Interve

ClinicalTrials.gov

A service of the U S. National Institutes of Health

Find Studies About Clinical Studies

Home > Find Studies > Study Record Detail

A Clinical Trial to Prevent the Compli 1s of |

Submit Studies

Organ Organism Tissue CellLineNam

ltems perpage 990 Displaying1 - 1.

on: Insulin Resistance; Diabetes Mellitus;, Co National Center for Research Resources (NCRR)

Now Available: Final Rule for FDAAA 801 and NIH Policy on Clinical Trial Reporting

Resources About This Site

This study has been completed.

Sponsor:
National Center for Research Resources (NCRR)

Information provided by:
National Center for Research Resources (NCRR)

Full Text View Tabular View

B Purpose

No Study Results Posted

1ce (Including Type-2 Diabetes)

ClinicalTrials.gov Identifier:
NCT00015626

First received: April 24, 2001
Last updated: June 23, 2005
Last verified: December 2003
History of Changes

Disclaimer &l How to Read a Study Record

ntion: Metformin; skin biopsy; diet and exercise; pioglitazone; rosiglitazone,

Example: "Heart attack” AND "Los Angeles”
Search for studies: | [ searen |

Advanced Search Help Studies by Topic = Glossary

Text Size ~

The goal of this study is to aggressively treat insulin resistance and its clinical manifestations when they first appear in childhood, and to prevent the subsequent progression towards impaired glucose tolerance and type-2 diabetes. In the process of this clinical

trial, we will learn more about the early of insulin

Condition

Insulin Resistance
Diabetes Mellitus

L its ana its

Intervention

Drug: Metformin

Procedure: skin biopsy
Behavioral: diet and exercise
Drug: pioglitazone

Drug: rosiglitazone

Study Type:  Interventional
Study Design:  Aliocation: Randomized
Endpoint Classification: Efficacy Study
Masking: Double-Blind
Primary Purpose: Treatment
Official Title: A Clinical Trial to Prevent the C of Insulin Type-2 Diabetes)

10 obesity and type-2 diabetes through paraliel in-vivo and in-vitro studies.

Phase

Phase 2

124 Module 7: Biomarker ID and Drug Repurposing | 7.8 Mapping Candidate Drugs Both In and Outside of Current Clinical Trials



~r
A/ Small Molecule metformin

4 Properties Reaxys ID: 16657563; 18242704; 19872:
Genecal PubChem SID: 134977327; 134979449 O P EN
Extessl klentifvers Chem CID: 14219; 4091 u em |cuen ISTRY
Other Properties CASID: 1115
Ontological relationships ~hEBIID: 6801
Collections T
KE C07151
4 Associated Relations M G EE Compound Summary for CID 14219
I OETHQSJEHLVLGH-UHFF
= All relations (3313) e

DB ID: HMDB01921
Partner Links M ID: 1249112

Metformin Hydrochloride

Metformin
Hydrochloride is

the hydrochloride

salt of the biguanide
metformin with
antihyperglycemic and
potential antineoplastic
activities. Metformin
inhibits complex |
(NADPH:ubiquinone
oxidoreductase) of

the mitochondrial

respiratory chain,

thereby increasing

the cellular AMP to ATP ratio and leading to activation of AMP-activated protein kinase (AMPK)

and regulating AMPK-mediated transcription of target genes. This eventually prevents hepatic
gluconeogenesis, enhances insulin sensitivity and fatty acid oxidation and ultimately leads to a decrease
in glucose levels. Metformin may exert antineoplastic effects through AMPK-
mediated or AMPK-independent inhibition of mammalian target of rapamycin
(mTOR), which is up-regulated in many cancer tissues. Furthermore, this
agent also inhibits tumor cell migration and invasion by inhibiting matrix
metalloproteinase-9 (MMP-g) expression, which is mediated through the
suppression of transcription activator protein-1 (AP-1) activation.
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Now, map Small Molecule Inhibitors of EDN1, which are also in clinical trials
for insulin resistance.

(Hint: Copy all small molecules from insulin resistance clinical trials, go to small molecule inhibitors

of EDN1 pathway, select Clipboard Content, highlight selection in yellow and then drag these to one
side.)

| insulin resistance |
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Now, you can easily see which small
molecule inhibitors of EDN1 are in clinical
trials or not.

Only in literature, for now Already in clinical trials

Isolate small molecule inhibitors of EDN1 not already in clinical trials for
insulin resistance. (Hint: Simply delete the right hand side of the small molecule inhibitors of
EDNz1 pathway above.)
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EXTRRY
EXTRRY

_—

For extra credit! Identify three drugs that are strong inhibitors of EDN1 (but not
in clinical trials for insulin resistance). Identify their current indication (i.e. what
disease they are currently used to treat). Find three different disease-specific

drugs that could be repurposed for the treatment of insulin resistance.
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And finally, map...

Small Molecules in Clinical Trials for the treatment of Insulin Resistance
mapped to EDN1 small molecule inhibitors only.

“| insulin resistance

(Hint: Now simply delete the left hand side of the pathway above. Then, re-associate both clinical trial

and expression relation data. It will be important for you to get creative!)
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Time for a quick review! KEEP
CALM

AND

LET’S
REVIEW

p Pathway Studio’

Network

Casual Create Disease Expansion: A::tlgziisa?f

reasoning: Model Drug Target e
Analysis P
Disease association Map small

analysis: : Map small molecule molecules drugs
dentity discases | ICLIC0UAOY  inninitors of EDNTalready i clinical
associated with geies to disease model , trials _for insulin
gene set resistance

Metformin,
Pioglitazone,
Rosiglitazone

Diseases of interest:

EDN1 as a major Losartan, Simvastin,

DT EE G0 IEIEE regulator Atorvastatin

metabolism
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Study Questions 7

1. Which file types should an adventurer use in his quest to master the Pathway Studio Import
feature?

2. What options do you have for the combination of two pathways?

3. Identify top protein (by # of references) that mediates the translocation of EDN1. (Hint:
MolTransport)

4. Identify the top small molecule (by # of references) that mediates the translocation of EDN1.

(Hint: MolTransport)
5. How many small molecule inhibitors of Crohn’s disease are also in clinical trials (for Crohn’s
disease)? Identify the top small molecule (by # of references).

6. List the top five small molecules (by number of clinical trials) for Crohn’s disease.



For Protein/Small Molecule Transport,
How Do | ...

Exercise 7.1: What protein mediates the translocation of a protein or small
molecule?

Identifies proteins involved in the translocation of a protein or small molecule target.
Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: Select “Protein and Small Molecules” Relations: Select “MolTransport”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 7.2: What small molecule mediates the translocation of a protein?
Identifies small molecules involved in the translocation of a protein target.

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step 5: Entities: Small Molecules Relations: MolTransport

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish
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Module 8

Cancer Immunotherapy
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8.1 Introduction

Cancer Immunotherapy

Immunotherapy has proven to be one of the most exciting new areas for oncology.

So what is it?

Well, cancer immunotherapy has arisen from the recognition that the human immune system does have

effective defensive measures against malignant cells.
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Knowledge of the basic mechanisms of the immune system as it relates to cancer has been increasing
rapidly.

It is thought that the immune system is able to perceive and eliminate some tumors early on in their
development.

The ability of T cells to constantly survey host tissues for newly transformed cells and to control and/or
eliminate human cancers is known as the cancer immunosurveillance hypothesis.

So what’s the problem?
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Well unfortunately, some tumor cells can escape immunosurveillance and adapt counter measures. This
entire process of surveillance and escape is known as the cancer immunoediting hypothesis

(see below).
T  MICAB = TumOYd:liqens ‘
£ el 53 Carcinogens
E o S B Radiation —>
= (Mouse) IRb o P, 2
&  TRas inherited §
7 ) &
& Viruses Q_,.
©
|} —-—
=[] %

< Eliminatio

(Cancer Immunosurveillance)

Genetic instability/
immune selection

Cancer Immunoediting

Protection

Figure 1. The Three Phases of the Cancer Inmunoediting Process

Normal cells (gray) subject to common oncogenic stimuli ultimately undergo transformation and become tumor cells (red) (top). Even at early
stages of tumorigenesis, these cells may express distinct tumor-specific markers and generate proinflammatory “danger” signals that initiate
the cancer immunoediting process (bottom). In the first phase of elimination, cells and molecules of innate and adaptive immunity, which
comprise the cancer immunosurveillance network, may eradicate the developing tumor and protect the host from tumor formation. However,
if this process is not successful, the tumor cells may enter the equilibrium phase where they may be either maintained chronically or
immunologically sculpted by immune “editors” to produce new populations of tumor variants. These variants may eventually evade the immune
system by a variety of mechanisms and become clinically detectable in the escape phase.

The immunobiology of cancer immunosurveillance and immunoediting. Dunn GP, Old LJ, Schreiber RD.

Immunity. 2004 Aug;21(2):137-48. Review.
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How tumor cells escape immunosurveillance and the many different counter measures now under

development is a BIG subject.

In general, contemporary immunotherapies can be classified into two types: active or passive. Active
therapies attempt to induce an immune response in otherwise non-responsive patients. These include

cytokines (e.g. IL-2), immunomodulatory mABs (e.g. checkpoint inhibitors), and cancer vaccines.

Passive therapies stimulate a patient’s intrinsic immune response and include cell-based therapies (e.g.
CAR-T), bispecific and multispecific antibodies (e.g. Blinatumomab CD3-CD1g9), oncolytic viruses (e.g.
T-Vec), and tumor-targeting mABs (e.g. Rituximab, anti-CD20).

8.2 Secreted Protein of Melanoma Cells

The workflow presented here is based on the observation that at least one of the many ways that cancer
cells escape immunosurveillance is through the secretion of protein products, which down-regulate critical

cellular components of the immune system.

Module 8: Cancer Immunotherapy | 8.2 Secreted Protein of Melanoma Cells



Let’s dive in.

Shall we begin?!!!

Step 1: Search for the disease “melanoma” and place it on the pathway work
space.



Step 2. Now let’s “Add”

Tool category: Advanced Expand Pathway
Tool Direction: Downstream Protein:
QuantitativeChange (QuantitativeType =

secretion)

Use the Interactive Network Filter to select

only positive relations.

This should result in about 50
proteins.

Entities

SelectDeselect all

o Protein

Relations
Pos(+) O Neg(-) [“]Unknown

# of References

{

0

Select/Deselect all

—l—> QuantitativeChange
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Filtered / Total
49/ 188

49/ 188

49/ 196

49/ 196
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'Vai ~®—melanoma %

o |

It may be obvious, but it’s always a good idea after creating a network to take the time to examine

a sample of the relations to ensure that the question you thought you were asking has indeed been
answered properly. In this case, you were looking for proteins known to be secreted by melanoma cells.
The pop-up box for CCL5 confirms the search strategy (Hint: Another way to look at this quickly and

even more comprehensively is to go to the Relation Table View.)
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8.3 Cells Inhibited by Melanoma Proteins

Now, go find all the cell types that are inhibited by these melanoma-secreted proteins.

First, select “Entities by Type,” and then “Protein.”

Then, go to add “Network Builder,” and choose “Advanced Expand Pathway Tool.”

Next, select “Downstream” (Hint: In effect, this tells the software that you are interested in

finding cells that are inhibited by the melanoma proteins.).

Finally, select “Cell” (for Entities), “Regulation” (for Relations), and “Effect”=
“negative.”
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You found nearly 400 different cell
types! These are all cells that are
inhibited by the melanoma-secreted
proteins.

142 Module 8: Cancer Immunotherapy | 8.3 Cells Inhibited by Melanoma Proteins



OK, this is where it gets a little tricky!

We need to find out which of these cells has activity against
melanoma disease (in other words, identify a specific subset of
these cells).

There are several different ways to approach this problem, and the one below might be the simplest (we

hopel!).

First step, make sure you've saved your work to this point, and then copy and paste just the cells and
melanoma disease into a new workspace (“Create New Pathway”).

It should look something
like this:




ELSEVIER

Select melanoma disease and add “Relations between Selected and
Unselected.”

Ieccive Nework e = - ©—1—
Filtered / Total
Entities. 3921 382
¥ setectDeselectal
° call 3917 391
7 D Disease w o
Relations 159/ 159

#Pos(+) Fnegi-) [F unknown

# of Referances

0 goo
¥l setecmeselect an

] 3> Blomarker w17
] ——> QuantitativeChange 28/ 28
[ —— > Reguiation 98/ 98
[ —@—> stateChange 161 18
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Interactive Network Filter

Filtered / Total

Entities 392/ 392
Select/Deselect all
& @ cell 391/ 391
O  Disease 17 1
Relations 49/ 159
—_—— Pos(+) Neg(-) Unknown
# of References
{2 &
0 10+
Select/Deselect all
wrennn -~ Biomarker 0/ 17
—Jl—> QuantitativeChange 0/ 28
—_— ] {—-=» Regulation 49/ 98
—( = StateChange 0/ 16

e
%@®@
e
@ @D
(i)
i

ELSEVIER

1. Select only Neg(-) as the effect, and Regulation

as the relation.

2. Click “Finish”.

3. Select “Unconnected Entities”.

4. Edit, Remove.

@

e

@
@
(] 4

@ﬁ@ -
= @
@

@

Module 8: Cancer Immunotherapy | 8.3 Cells Inhibited by Melanoma Proteins 145



ELSEVIER

8.4 Cells Inhibiting Melanoma Cells

Now, the goal is to use this identified subset of cells to modify our earlier melanoma
-> secreted proteins-> negatively regulated cells.

At the end of the day, you only want cells that have known inhibitory action against melanoma.

So now, copy these cells and go back to this pathway:
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8.5 Integrating Three Data sets

But first, you need to make some big moves!

Next, select all and copy from here:
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= @
= s %
& - oS < &
g @
L ® e
=) - = = \
2 e = @ = @
- @ ® =" o°
@ e e
2. & -

Return to the main pathway, paste and then drag the selected cells up and out of the way, like this:

8.6 Closing the Loop!

Now, you can select and remove the unwanted cells (on the left).
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Voila!

U e

ELSEVIER

See how you just closed the loop? Melanoma (A) secreted proteins (B) inhibit cells (C) that inhibit

melanoma (A)!
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Now we can...analyze your data.

Drill Down!

nLLLL

We can see that some entities are highly connected (e.g. TGFB1 and CD4+ T cells).

CD4 4T Cell

Let’s begin to explore this systematically by going to the “View Entities” Table,

Sort descending on column named “Local Connectivity” (if not there go to Customize table to select

and display that column).
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Name Object Type Total Connectivity Local Connectivity N

melanoma Disease 7718 98
=1 TGFB1 Protein 15758 28
= IFNG Protein 13019 21
2 16 Protein 18336 19
4 T-cell Cell 12715 18
&) HLA-G Protein 1181 12
21 PPARG Protein 8178 12
+r neutrophil Cell 8458 12
< Thl cell Cell 3470 12
ar CD4+ T-cell Cell 4763 12
+r dendiritic cell Cell 6603 11
& 11B Protein 13355 11
= PTGS2 Protein 9926 10
= TGFB2 Protein 2703 10

From this we can see that TGFB1 is indeed the most highly connected protein (CD4+ T-cells are actually

the fourth most connected cell type and connect with TGFB1 as well).

Let’s take a closer look at this! (can you figure out how? Hint: simply delete all proteins, other than

TGFB1, and melanoma disease, and then remove unconnected entities).

killer cell cytotoxic

T-cell melanocyte
skeletal
muscle cell i e
T=cell T ~ tent cell
stem cell — g—
. neutrophil supgrezr;\gg B k|‘1“aturaI"
8.8 TGFBI as a Therapeutic Target
en&otrlqlelial Th2 cell ‘@‘ memory T»cell‘ phagocyte
. . ce
From this we can see that TGFB1 is indeed the most
. . "0"3“':::"“ spleen cell

highly connected protein (CD4+ T-cells are actually s g mesenchymal. \

progenitor cell lvmphoklr:je— AW

. = activate
the fourth most connected cell type and connect with killercell” . G52 merary
effector —cer
TG FB1 as We”). e lymphocyte
CD4% T=cell mﬁf%?}?ﬁer
macrophage
Bcell dendritic

cell
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8.9 TGFBI in Clinical Trials

Has TGFB1 ever been investigated as a target point for therapeutic intervention in a clinical trial?

THIS WAY B

Start a new pathway and find out!

MNetwork Builder

Step 3: Select Advanced Filters

Entities Filter Relations Filter
Cell Binding

Cell Process Biomarker

Clinical Parameter CellExpression

Complex ChemicalReaction

I G F B 1 ¥ Disease Add Condition ¥ ClinicalTrial Add Condition
DirectRegulation

Functional Class

Protein Expression
Small Molecule FunctionalAssoc...
Treatment GeneticChange

miRNAEffect
MolSynthesis
MolTransport

PromoterBinding

Check All Uncheck All Reset Check All Uncheck All Reset

« Back Next » Reset All Filters Cancel

m
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systemic sclerosis | melanoma |
| _myelofibrosis |
Hodgkin's disease

on-Hodgkin's lymphom
renal cell carcinoma

It looks like TGFB1 has been targeted across a broad range of disease
indications.
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We even have a clinical trial involving melanoma.

POthWGY StUdIO Bas 1 for protesns, d ways, ete Q Advanced

+/Stat | ) Stepth | ) tegSa | ) Stepba | ] Stepla | 4 Stepda | 4] Stepda | 4 New Pathway %

idSave » Triters ~ [ View ~ [Select + J3Edit » OUndo + (& biport ~ Search
[1 Selected Deselect Al
|7 Relation Object Ty... = # of Refe... Selected Sentences EFCCCT ¢ Date Created
: — TGFBI > essential thrombocythemia  ChinicalTrial 1 Phase | Study of GC1008 in Patients With Primary Myelofibrosis (PMF), Po... | 201702-20 19:264
| = TGFB1 --> Hodgkin's disease ClinicalTrial 2 Administration of TGF-b Resistant LMP2A-Spedific Cytotoxic T-lymphooyt... 4 201702-21 07:45:
> ¥ — TGFB1 > melanoma ClinicalTrial 1 A Phase 1 Study of the Safety and Efficacy of GC1008: A Human Anti Tran... J 2017402-11 23:25:
' = TGFBL --> myelofibrosis ClinicalTrial 1 Phase | Study of GC1008 in Patients With Primary Myelofibrosis (PMF), Po... | 201702-11 18:15:
I — TGFBI ---» non-Hodgkin's ymphoma  ClinicalTrial 1 Administration of TGF-b Resistant LMP2A-Specific Cytotoxic T-Lymphooyt... 4 017402120735
| ~ TGFE1 -> lymphoma Clinicalrial 1 Administration of TGF-b Resistant LMP2A.Specific Cytotoxic T-Lymphoat... 1 01702-11 20:54:!
! = TGFB1 --> polycythemia vera ClinicalTrial 1 Phase | Study of GC1008 in Patients With Primary Myelofibrosis (PMF), Po... | 20170220 16:204
i = TGFB1 > cancer ChinicalTrial 1 Administration of Her2 Chimeric Receptor and TGFbeta Dominant Negati... 1 01702-11 15:24:
= TGFBI ---> polycythemia ChinicalTrial 1 Phase 1 Study of GC1008 in Patients With Primary Myelofibrosis [PMF), Po... | 2017402-21 08:27::
= TGFB1 -~.> renal cell carcinoma ClinicalTrial 2 APhase 1 Study of the Safety and Efficacy of GC1008: A Human Anti Tran... 4 20170212 12405:
[ 10 4 | Page| 1loft| b 0| Remsperpage| 990  Displaying1-12 of
= ChnicalTriak... >
w== (ChnicalTrial TGFB1 -+-> melanoma
4 Properties A Phase 1 Study of the Safety and Efficacy of GC1008: A Human Anti Transforming Growth Factor-beta (TGFp) Monoclonal Antibody
References (1) 1] o Patients With Advanced Renal Cell Carcinoma or Malignant Melanoma
5 CO'O::“:W Relevant Sentences || Other available information

ce: Medscan, TrialStatus: Completed, Phase: Phasel, StudyType: Interventional, Start: September 2006, NCT 10: NCT00356460,

vention: GC1008 Human Anti Transforming Growth Factor _Beta (TGFB) Monoclonal Antibody; GC1008 Hurnan Anti Transforming
Growth Factor _Beta (TGFE) Monoclonal Antibody; GC1008 Human Anti Transforming Growth Factor _Beta (TGF) Monoclonal Antibody;
GC1008 Human Anti Transforming Growth Factor_Beta (TGFB) Monoclonal Antibody; GC1008 Human Anti Transforming Growth Factor
_Beta (TGFB) Monoclonal Antibody; GC1008 Human Anti Transforming Growth Factor _Beta (TGFE) Monoclonal Antibody; GC1008 Human
Anti Transforming Growth Factor _Beta (TGFB ) Monoclonal Antibody; G6C1008 Human Anti Transforming Growth Factor _Beta (TGFp)
Monoclonal Antibody;, Condition: Carcinoma, Renal Cell Melanoma;, Company: Genzyme, 2 Sanofi Company

8.10 Fresolimumab

Can you find more information about the TGFB1 inhibitor (GC1008) currently being investigated for the
treatment of melanoma in clinical trials? (Hint: Search for GC1008 in the Query box under Properties,
click External Identifiers, CAS ID, and Open in ChemID plus.)
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N|H Ei-g:ar::iciliorl::;dicine TOXNET ToxcoLoGY

Help FAQs TOXNET Fact Sheet  Training Manual & Schedule

TOXNET > ChemiDplus > Substance Registry NumberE equals E| 948564-73-6 |50arch|
ChemlDplus | _
A TOXNET DATABASE Start New Query ] Modify Query ] | Search History l | Switch to Summary View ]

Lite « Browse + Advanced

Substance Name: Fresolimumab [USAN:INN] €
RN: 948564-73-6
UNII: 375142VBIA

Note
@ An anti-TGF-beta antibody in phase | clinical trials (2011) for treatment-resistant primary focal segmental glomerulosc lerosis.

| »

NCI: A pan-specific, recombinant, fully human monoclonal antibody directed against human transforming growth factor (TGF) -beta 1, 2 and 3 with
potential antineoplastic activity. Fresolimumab binds to and inhibits the activity of all isoforms of TGF-beta, which may result in the inhibition of
tumor cell growth, angiogenesis, and migration. TGF-beta, a cytokine often over-expressed in various malignancies, may play an important role in
promoting the growth, progression, and migration of tumor cells. (NCI Thesaurus)

m

1

Wonder how this clinical trial turned out? It’s completed.

Just go to the bottom of the clinical trial record page.
P More Information
Additional Information:
Related Info e
Publications automatically indexed to this study by ClinicalTrials.gov Identifier (NCT Number):

Morris JC, Tan AR, Olencki TE, Shapiro GI. Dezube BJ, Reiss M, Hsu FJ. Berzofsky JA, Lawrence DP. Phase | study of GC1008 (fresolimumab): a human anti-tr:
factor-beta (TGF() monoclonal antibody in patients with advanced malignant melanoma or renal cell carcinoma. PLOS One. 2014 Mar 11:9(3):e90353. doi:
10.1371/journal.pone.0090353. eCollection 2014 Mar 11.

Berzofsky JA, Wood LV, Terabe M. Cancer vaccines: 21st century approaches to harnessing an ancient modality to fight cancer. Expert Rev Vaccines. 2013 Ocl
10.1586/14760584.2013.836906.

Responsible Party: Genzyme, a Sanofi Company
ClinicalTrials.gov Identifier: NCT00356460 History of Changes
Obsolete Identifiers: NCT00381745

Other Study ID Numbers:  GC100800305

Study First Received: July 24, 2006

Last Updated: March 17, 2014

It looks like it helps!

Module 8: Cancer Inmunotherapy | 8.10 Fresolimumab 155



ELSEVIER

PLoS One. 2014 Mar 11;9(3):e90353. doi: 10.1371/journal.pone.0090353. eCollection 2014,

Phase | study of GC1008 (fresolimumab): a human anti-transforming growth factor-beta (TGFf)
monoclonal antibody in patients with advanced malignant melanoma or renal cell carcinoma.

Morris JC', Tan AR?, Olencki TE®, Shapiro GI¥, Dezube BJ®, Reiss M2, Hsu FJ® Berzofsky JA!, Lawrence DP”.

# Author information

Abstract

BACKGROUND: In advanced cancers, transforming growth factor-beta (TGFB) promotes tumor growth and metastases and suppresses
host antitumor immunity. GC1008 is a human anti-TGFp monoclonal antibody that neutralizes all isoforms of TGFB. Here, the safety
and activity of GC1008 was evaluated in patients with advanced malignant melanoma and renal cell carcinoma.

METHODS: In this multi-center phase | trial, cohorts of patients with previously treated malignant melanoma or renal cell carcinoma
received intravenous GC1008 at 0.1, 0.3, 1, 3, 10, or 15 mg/kg on days 0, 28, 42, and 56. Patients achieving at least stable disease
were eligible to receive Extended Treatment consisting of 4 doses of GC1008 every 2 weeks for up to 2 additional courses.
Pharmacokinetic and exploratory biomarker assessments were performed.

RESULTS: Twenty-nine patients, 28 with malignant melanoma and 1 with renal cell carcinoma, were enrolled and treated, 22 in the
dose-escalation part and 7 in a safety cohort expansion. No dose-limiting toxicity was observed, and the maximum dose, 15 mg/kg,
was determined to be safe. The development of reversible cutaneous keratoacanthomas/squamous-cell carcinomas (4 patients) and
hyperkeratosis was the major adverse event observed. One malignant melanoma patient achieved a partial response, and six had
stable disease with a median progression-free survival of 24 weeks for these 7 patients (range, 16.4-44.4 weeks).

CONCLUSIONS: GC1008 had no dose-limiting toxicity up to 15 mg/kg. In patients with advanced malignant melanoma and renal cell
carcinoma, multiple doses of GC1008 demonstrated acceptable safety and preliminary evidence of antitumor activity, warranting
further studies of single agent and combination treatments.

TRIAL REGISTRATION: Clinicaltrials.gov NCT00356460.

And that brings you to the end of your journey for today!
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Before we go, what did we learn today?

. How to use QuantitativeChange to find proteins secreted because of melanoma disease.

. How to find cells inhibited by those secreted proteins.

. How to identify a subset of these cells that inhibit melanoma.

. Manipulate large networks to “close the loop”: Melanoma (A) secreted proteins (B) inhibit cells (C)

which inhibit melanoma (A).
. Identification of clinical trials for specific diseases which involve TGFBa1.

. Evaluation of clinical trial results for melanoma and a monoclonal antibody directed against
TGFB1.



Study Questions 8

1. Identify the top five proteins (by # of references) that are secreted by melanoma. (Hint: Add:
QuantitativeChange; QuantitativeType = secretion.)

2. Identify all cells that were inhibited by the five proteins from Question 1. How many of them?
(Hint: Add: Regulation; Effect = negative.)

3. Identify all cells that inhibit melanoma. How many of them? (Hint: Negative regulation)
4. Find overlap of the cells from Questions 2 and 3. How many of them?
5. Identify the top five cells (by # of references) from Question 4 that are connected to the immune

response.



For Proteins/Small Molecules Involved in
Chemical Interactions, How Do | ...

Exercise 8.1: What enzymes are involved in a chemical reaction with a small
molecule?

Identifies functional classes and proteins that catalyze chemical reactions of small molecules. Most
metabolism enzymes in the metabolism pathways are represented by functional diseases.

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: All

Step s5: Entities: Select “Protein, functional classes” Relations: Select “ChemicalReaction”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Module 8: Cancer Immunotherapy | For Proteins/Small Molecules Involved in Chemical Interactions, How Do I...
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9.1 Introduction

Let’s say you have performed an assay or are
analyzing genomic high-throughput data and now

you have the answer!

But you'd like to know whether this finding is novel

(i.e. not previously noted in the scientific literature)

But if it is novel, that’s wonderful, but you now have a

new problem!

How to get literature support for a novel finding? (since by
definition, there will be no direct mention of this finding in

the current literature).

Well here’s a way!

Let’s say you've performed a massive Genome Wide
Association Study (GWAS)

In genetics, a genome-wide association study (GWA study,
or GWAS...is an examination of a genome-wide set of
genetic variants in different individuals to see if any variant is

associated with a trait.

Wikipedia contributors. "Genome-wide association study." Wikipedia, The Free

Encyclopedia. Wikipedia, The Free Encyclopedia, 9 Mar. 2017. Web. 24 Mar. 2017.

Module 9: Finding Support for Your Hypothesis | 9.1 Introduction 161



ELSEVIER

9.2 A Real World Example

You've done a lot of work, getting the samples, performing the
assay, processing and analyzing the data, and now you have an

dNSWET.

And it is....
Glutamate Metabotropic Receptor 3

Glutamatergic neurotransmission is involved in most aspects of normal brain function.*
*Based on a real world example

So, let’s go to Pathway Studio and look for any information which might connect the GRM3 gene/
protein with Obsessive-Compulsive Disorder (OCD):

162 Module ¢: Finding Support for Your Hypothesis | 9.2 A Real World Example
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9.3 Direct Interactions

Step 1: Open a new Pathway...

* Start | A OCDGRM3 | ) New Pathway *
@ A
PS Database Content C
reate
L
=] Variation Database
Pathway :_-l Group
v Create a pathway to find interactions g~ Createlist of Proteins/Genes, Small
u Imoort between Proteins/Genes, Small Molecules, Molecules, Functional Classes (or other Entity
Functional Classes (or other Entity types) of types) of interest.
l A interest. C
Create reate New Group
Create New Pathway
|_63 Analyze
2
How Dol.. .
E © 2015 Elsevier. All rights reserved.
Terms and Conditions | Privacy Policy
T pathway Studio® 11106 2015-12-08

Step 2. Search and copy the item...

i PATHWAY STUD'O Q  Advanced
|/ start | (3] 0CD GRM3 * ‘V

IdSave v == Legend T Filters v 2= Wiew * |_|Select v [ZEdit ~ §§3Add » VI Undo ~ yﬁighﬁsg%gh here fOI' the

v BRLayout - (rstyle AT A7 0 o i S Align - -3+ Resize = & [&liCamera ltem you wanmna
check
| [® Search: GRM3 X :

id Save ~ [_iSelect ~ R Edit ~ [# Export » i Tools ~

Description Object Type
= itor, metabotropic 3 Protein
48 Copy Ctrl+C
& i+ |

IJ *Ex'pm P ———| Pathway
) = ; 2 Pathway
[ MDD ] Export Resuit Pathway
[#4] gene2test wei_Dec23 201 L% Enrichment Analysis of Selected Entities Pathway
B geneZtestscz_wei_Dec23 ilder Pathway

#% Network Builde
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Step 3. Paste GRM3 to ‘new Pathway area’ and repeat the process for OCD.

i PATHWAY UDIC

obsessive compulsive disorder 9‘ Advanced

| Start | [2) OCD GRM3 5| (5] New Pathway %
idsave = == Legend W Filters ~ ™ View ~ [ [Select = {QEdit = §{3Add * ¥ Undo = %7 Highlight = (¥ Tools =
TRv BELayout » Jastyle» A” A7 O

EE align » -3+ Resize + ' [(afiCamera

Here is the new pathway area

p— : =
ma Search: GRM3 | L Search: obsess...

1 Sele
Name Description Object Type Hit type

v| ¥ Obsessive-Compulsive Disorder Disease Concept recognized
iy Pathway

Pathways containing Obsessive

Step 4. Select both items and the press button ‘Add’...

) Start | (4 New Pathway >

—

isave + == legend Triters  View v [ISelect+ [ edit » |§Add +|¥) Undo + % Highlight » J} Tools +

Re Miaouts Psyler A A" 0 07 hlign v 4 Res 43 Relations between Selected and Unselected

$f§ Network Builder

ala

3 Physical Interactions

[
l
{

’ ;f- Expression Regulation

&5 Common Targets

&4 Common Regulators

#* Common Binding Partners

7, Text Label

164
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Step 5. The pop-up window shows the results:

Entities: Zero and Relations: Zero indicates that no direct connection between GRM3 and OCD

has been detected in the literature!

Network Builder

Step 3: Setup Preview

X No relations were found. Please select other parameters.

Potential Connections

Entites: 0

Relations: 0

: Applied Relation Filters

Binding X BiomarkerX ChemicalReactionX
ClinicalTrialX DirectRegulationX ExpressionX
FunctionalAssociation X GeneticChangeX miRNAEffectX
MolSynthesisX MolTransportX PromoterBinding X
ProtModificationX QuantitativeChange X Regulation X
StateChange X

of relations were checked!

rk Builder Finish Cancel

What to do?

¢ @

Using this button to see what types

Module ¢: Finding Support for Your Hypothesis | 9.3 Direct Interactions
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9.4 Shortest Path Between Two Entities

Let’s look for the “shortest path” between two

entities.

(Note: If there is a direct connection between

two entities then that is the shortest path; if

not, then the software will look for connections
requiring one intervening step, increasing steps

as necessary until a connection is made.)

Step 6. Select both entities (GRM3 and OCD) and click on “Add, Shortest Path,
All”,

- |#8Add ~ ¥ Undo ~ %2 Highlight v (JkTools ~

2| =% Relations between Selected and Unselected

#% Network Builder

$% Neighbors from Database ’
Sfé Direct Interactions »

e Shortest Path 2423 Physical Interactions
i Common Targets » | 3% Expression Regulation
% Common Regulators > | sk

7, Text Label
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Step 7. Search results for ‘Shortest Path’.

Network Builder

Step 5: Setup Preview

Potential Connections

Entites: 18

Relations: 41

— Applied Entity Filters

Entities: 18 and
Relations: 41
indicates that the
indirect connections
between GRM3 and
OCD involves a total

of 18 Entities and 41

ProteinX ComplexX Functional Class X
Small Molecule X Relations.
Applied Relation Filters
Regulation X Binding X ProtModificationX
PromoterBinding X ExpressionX MolSynthesis X
MolTransportX DirectRegulationX ChemicalReaction X
miRNAEffectX
Here to go and manage the
relationship types to study
h Interactive Network Builder
M4 (1 =i ’ . .
Step 8. Click ‘Finish’ and highlight GRM3 and OCD.
No Highlight
B Red
. Orange
Yellow
. Green
. Blue
45 Copy Ctrl+C | [l Cyan
[ Paste Ctl«V | [l Pink
X Remove DELETE | [l Violet
% Highlight » | Il Mix-inRed
Pin Selected Entities B Mix-in Orange
Unpin Selected Entities M imeliow
Unpin Al Entities B Micin Green
B Mix-in Blue
fopatics ] Mix-in Cyan
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9.5 Show the Legend

Step 9. Show the legend for the entities and relations.

| start. | 1) OCD GRM3 | 4] New Pathwiay |

i Save 4J=" Legend | )T Filters v 22 View ~ |_|Select ~ 3 Edit v $#Add v ¥IUndo ~ % Highlight ~ ¥ Tools ~
- e —— = =
"R BELayout » OnStyle + A QO 9

| & Align v &+ Resize v /' (i Camera

_U Functional Class
show legends
o Protein
o Protein
(Ligands)
Protein
(Receptors)
1
o Small Molecule
—@®— Binding
——{—> DirectRegulation
——M—> Expression
_—— —> MolSvnthesis adl B

| # Search: GRM3 * | # Search: obsess... X '

Step 10. Using ‘Filter’ to manage the relations and entities (for this example, filter by
Ref # >=3, proteins and small molecules only, then remove entities which no longer connect OCD and
GRM3).

~ Start | %) OCD GRM3

4] New Pathway
idsave * == Legend A Filters ~| ® Wew = [ |Select » [REdit » §3Add » ¥ Undo ~ %2 Highlight ~ i} Tools ~

R+ BiLayout ~ Q)ﬁ T Basic ',' B & Mlign v 3+ Resize + & (@i Camera
T Advanced
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9.6 Adjust Font and Object Size

Step 11. Adjust the font size.

Se » S legend Thmese B view [Joeucte Geste fitadd e OUedo » Yighight s ook s AN O 0T dlign e fReszer # (fiCamen
R Byt G‘kj‘"ﬂ«' 05 Liigne bheize / BiCmen T FMS{“.—.

"

change thle font here -

o,

.....................

........

JJJJJ

Step 12. Adjust the object size.

MR- Blayout - (astyle - A A"J Jkéﬁiié‘aﬁlugn' »de Resize * & [8i Camera
/

Change size here
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9.7 Save the Image

Step 13. Save the image.

...................... . Select resolution

L
.....
e,
......

/ s
 —
Resolution: | Low - 150dpi v I

() Transparent background ]

Include Legend[

nam

amera Tool Options

Save H Cancel ]

The saved image is going to look like this:

Complex

Disease

Protein
(Ligand)

Protein
(Receptor)

Small Melecule

Binding
DirectRegulation
Expression
GeneticChange
MolSynthesis

MolTransport

i 0= e

QuantitativeChange

{2 Regulation

170 Module g: Finding Support for Your Hypothesis | 9.7 Save the Image



9.8 Export the Relation Table

Step 14. Review and export the “Relation Table”.

ELSEVIER

| start | (2] OCDGRMB % 3] cass1 x|
idsave = T Fikers - ﬂim-][}m- QEdit~ Oundo = [ Export» Search..
= Graph View
.
Relation i Entity Table View of References Effect PAED PubYear Tite TextRe! Sentence
=» dopaming --+> 0f) Table 5 Fs) positive 15242097, 18441248, 104.. 2009, 2008, 1999, 2010, 2.  Studies of the biogenica..  infopmid/19244057ebod..  The biogenic amine trans.. &
=5 GRM3 -3 L-giyci w—T 2 , 47317007 2025, 2007 ATP-pinging cassente subl. infordol/10.0074/bCMIL.  ACtivated metabotropic gl
= dozapine ---- GRM3 Binding 5 22283753, 21432027, , 25 2012, 2011 2014, 2004, 2.  Serotonin receptors a5 tar..  infopmid/222837530cont..  Meitzer, HLY. Interaction 0.
=5 GRM3 --.> GABA Mo(Transport 18 18164691, 9247074, 1824.. 2008, 1997, 2008, 2008, 2. Mood disorders: Reguiati...  infopmid/18164691#bod.. I rat cortical primary cult..
=¥ cozapine -.e> Obsess..  Regulation a2 positive 9755356, 19683614, 1075... 1998, 2009, 2000, 2010, 2..  Serotonergic synergism:t..  infopmid/9755356abody.. There are case reports of ...
25 GRM3 ---| L-gitamate  MolTranspont 198 negative 18640919, , 18640921, 18.. 2008, 2011, 2008, 2008, 2. Review. Neurobiology of ..  infopmia/18640919b0c.. .. mGl2/3 receptors mal..
25 GRM3 ---> HTRZA MolTranspont 2 12668042, 20632964 2003, 2010 Metabotropic glutamate r..  infopmid/126650428b0d..  Activation of mGIUR2/3 re..
> HTR2A ---| Obsessive~.  Regulation » negative 11239910, 12842231, 154.. 2001, 2003, 2004, 2010, 2.  Sexually dimorphic relatio..  inforpmid/112395108b0d..  The activation of postsyna..
2p GRM3 ---> serotonin  MoiTransport 2 17582504 2007, 2015 Metabotropic giutamater.. infopmid/17382504ebod..  Presynaptic mGIu2/3 rece..
= L-glutamate ...> Obse.. Reguiation 20 10880239, 21397620, ,22.. 2000, 2011 2011, 2012, 2. Giutamatergic drugs exac..  inforpmid/10980239ebod..  Our findings supgest that .
23 GRM3 ---| dopaming MoiTranspont 18 negative 17625265, 18164691, 203.. 2008, 2008, 2010, 2010, 2. Moncamine transportens ..  infopmid/17825265000d..  Administration of an mGL.
= GAM3 ---> noradrenail. MolTransport 5 15857619, , 12825094, 12.. 2005, 2012, 2003, 2003, 2.  Comparison of the effects..  infopmid/15857619%bod..  Oral administration of the..
~» GRM3 ---> BONF Expression § 18634781, 12842121, 128.. 2008, 2003, 2003, 2011 2.  Behavioral characlerizatio..  infopmid/186347618bod..  Stimulation of mGlu 2/3 1.
= GAM3 .--> N-methyl. DirectReguiation ] 25724760, , 22283756, 95.. 20185, 2015, 2012,1998 2.  Perspectives onthe mGlu..  infopmid/237247608bod..  Moreover, activation of m...
3 GRM3 ---> N-methyi...  Expression 7 , 21326193, 23593498, , .. 2003, 2001 2013,2015,2. Effects of GCP.T inhibitio...  infoxdoi/10.1016/.npep2..  But MGIURS activation ¢0...
=3 serotonin --> Obsessi.  Regulation 0 19244097, 18441249, 158.. 2009, 2008, 2005, 2000, 2.  Studlies ofthe biogenica..  infopmid/19244057b0d..  The Diogenic aming trans...
= N.methyl-D-aspartate... Regulation H negative 23063327, , 24201232, 15.. 2013, 2012, 2013, 2004, 2.  Memantine add-on inmo..  infopmid/23063327000d..  Compulsive.lke behavior ..
=+ L-glycine -] Obsessiv.. Regulation 2 negative 213526883, 21352883 2011, 2011, 2012 Nutraceuticals in the treat.. infopmid/21352883%bod..  In this regard glycine as w...
25 GRM3 -.+> monoamine MoTTransport 2 positive , 21704048 2012, 2012 Group I metabotropic gu-  infoxdoi/101016jneurop...  The role of mGlu2 vs mGL-
= noradrenaling ---> 00..  Reguiation 4 19244097, 18441248, ,10.. 2009, 2008, 2012, 1999 Studies of the Diogenic ..  infopmic/19244057ob00.  The DIOgENic amine trans...
=+ neurotransmitter -.+> .. Regulation 9 postive 15714189, 20004479, 164.. 2005, 2010, 2006, 2003, 2.  Cluster analysis of obsessi.  infopmid/15714189800d.  Other neurotransmitter m.
=5 L-glutamate ..+> Obs..  Regulation 19 O Ty ~ 2000,2011 2011,2012. 2. Gutamatergic drugsexac..  infopmid/1098023%bod..  Our findings suggest that .
Y BDNE ons> Obressives.. Renuiation 4 1TARSONA 17884018 174, 2008 2008 2008 2008 2. Friencive Gecohwming of .. infinnmid/ TAS4015: . Given thee ¢ gl | B
Hid d | nuaal alas1 | b &1L 6. " .
sl el i mmsidms e HEGEIEAR ltems perpage| 50|  Displaying 1- 24 of 24
+) Start | |2] OCD GRM3 | [4] classl x|
b Save - W Fiters = llll View - [ Select - Qi Edit - ¥ Undo | @sum-]
x| Export Relation Data
Relation Object Type -of TITeCT PMID PubYear Title
= dopamine -.+> Obses.. Regulation 29 positive 19245097, 18441249, 104... 2009, 2008, 1999, 2010, 2...  Studies of the biogenic a...
=» GRM3 ---> L-glycine MolTranzport 2 . 17317007 2018, 2007 ATP-binding cassette subf...
= clozapine ---- GRM3 Binding s 22283753, 21432027, , 25.. 2012, 2011, 2014, 2014, 2... Serotonin receptors as tar...
=» GRMS3 -..> GABA MoiTransport s 18164691, 9247074, 1824... 2008, 1997, 2008, 2008, 2... Mood disorders: Regulati...
= clozapine --+> Obsess... Regulation a2 positive 9755356, 19683614, 1075... 1998, 2009, 2000, 2010, 2... Serotonergic synergism: t...
=» GRM3 ---| L-glutamate MoiTransport 198 negative 18640919, , 18640921, 18.. 2008, 2011, 2008, 2008, 2.. Review. Neurobiology of ...
=» GRM3 ---> HTR2A MolTransport 2 12668042, 20632964 2003, 2010 Metabotropic glutamate r...
= HTR2A ---] Obsessive-.. Regulation 12 negative 11239910, 12842231, 154.. 2001, 2003, 2004, 2010, 2... Sexually dimorphic relatio...
]| =% GRMS3 -.-> serotonin MolTransport 2 17582504 2007, 2015 Metabotropic glutamate r...
—* L-glutamate ---> Obse.. Regulation 20 10980239, 21397620, , 22.. 2000, 2011, 2011, 2012, 2... Glutamatergic drugs exac...
=3 GRMS3 -..| dopamine MuoiTransport s negative 17825265, 18164691, 203... 2008, 2008, 2010, 2010, 2... Monoamine transporters ...
||=» GRMS3 ---> noradrenali.. MolTransport 5 15857619, , 12825094, 12... 2005, 2012, 2003, 2003, 2... Comparison of the effects...
~* GRMS3 ---> BDNF Expression 9 18634781, 12842121, 128... 2008, 2003, 2003, 2011, 2.. Behavioral characterizatio...
=2 GRMS3 .-.> N-methyi~.. DirectRegulation 9 25724760, , 22283756, 95... 2015, 2015, 2012, 1998, 2... Perspectives on the mGlu...
> GRM3 «eo> N-methyi... Expression 7 - 21326193, 23593498, . ... 2003, 2011, 2013, 2015, 2...  Effects of GCP-II inhibitio...
—* serotonin ---> Obsessi.. Regulation 50 19242097, 18441249, 158... 2009, 2008, 2005, 2000, 2...  Studies of the biogenic a...
||=» N-methyl-D-aspartate ... Regulation 5 negative 23063327, . 24201232, 15.. 2013, 2012, 2013, 2004, 2... Memantine add-on in mo...
= L-glycine ---| Obsessiv... Regulation 2 negative 21352883, 21352883 2011, 2011, 2012 Nutraceuticals in the treat...
=3 GRM3 --=> monoamine MoiTransporn 2 positive - 21704048 2012, 2012 Group I metabotropic giu...
=#* noradrenaline ---> Ob.. Regulation “ 19244097, 18441249, L 10.. 2009, 2008, 2012, 1959 Studies of the biogenic a...
||=* neurotransmitter -.=> ... Regulation L] positive 15714189, 20004479, 164... 2005, 2010, 2006, 2003, Z...  Cluster analysis of Obsessi...
L = L-glutamate -.+> Obs... Regulation s positive f e e e e s e 2000 2011 2011, 2012, 2... GlUtAMAtErgic Arugs exac...
[Cll=s ADNE ...> Obtestive...  Reaulation 4 17884018 17884018 178.. 2008 2008 2008 2008 2. Fxtentive Genatuninn of 2.
A PV — -
tps// com/®

Module ¢: Finding Support for Your Hypothesis | 9.8 Export the Relation Table 171



ELSEVIER

Step 15. Customize the output.

o Select output format: ‘CVS’ or ‘XML

o Select the columns of the output

Export Relation Data x

Format
? ( Excel CSV/tab-delimited

RNEF XML
el CSV/ub—del&mite/
R Columns
. O Visible Columns

2 Select Columns to Ex,

. [ selectAl | DeselectAll | Defouit Settings |
Available Columns Selected Columns
. Authors 4| [
CellLineName Object Type
CellType o 2 of References
Confidence Level < Remove Effect
Context Info PMID
R 00! PubYear
; Date Created - Title
Date Modified Down TextRef
EMBASE Sentence
FSSN i
|« I

Vv Advanced options

Step 16. View the saved Table.

k

=}
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9.9 Reality Check

Do does this really work?

%

Let’s take a closer look at some of our results

Glycine
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Take glycine, for example; we can examine the two relations which connect glycine to both GRM3 and
OCD.

GRM3 — Glycine

Activated ID{2913=metabotropic glutamate receptor 3} inhibits subsequent ID{1197745=glutamate} and
ID{1178899=glycine} release (Robert et al. 2015).

Glycine — OCD

The ID{7000363=patient} was administered 1D{1178899=glycine} over a 5-year period, which led to a large

reduction in OCD symptoms, and resumption of education and social life (Camfield et al., 2011).

So, activated GRM3 inhibits glycine release, and the administration of glycine proved to be an effective

treatment for OCD in at least one documented case.

Thus, variations in the GRM3 gene may affect glycine release that, in turn, impact the symptoms of OCD.

And now you see that GRM3 and OCD are indeed connected!

That was .....
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Before you go, what did you learn today?

. You learned how to connect two entities not directly connected in the literature by using the

“Add, Shortest Path” option.

. You learned how to make publication-quality images using a combination of highlighting,

filtering, and by adjusting font and object size.
. You learned how to save a high resolution image.
. You learned how to export a relation table.

. You reviewed evaluating an indirect connection in order to see whether it made biological sense.



Study Questions g

1. What is the most studied small molecule connection between GRM3 and OCD?

2. What specific “pro-inflammatory cytokines” play a role in OCD? (Hint: Use “Relation Table View”

to find relations and references for this functional class and OCD.)

3. GRM3 influences which member of the nerve growth factor family of proteins?
4. GRM3 influences which member of the dopamine receptor family of proteins?
5. Find cell processes that are influenced by GRM3 and also linked with OCD. How many of them?

(Hint: Add Cell Processes separately to GRM3 and OCD, then check overlap.)

6. Find cells that are influenced by GRM3 and also linked to OCD. (Hint: This is the same as for

Question 5.) How many of them? Name four of these cell types.



For Protein/Small Molecule Association
with Diseases and Cell Processes, How

Dol...

Exercise 9.1: What proteins are known to be associated with a disease or cellular
process?

Identifies proteins known to be associated with a specific disease or cellular process. (More specific data
relating proteins to diseases is available in DiseaseFx data including StateChange, GeneticChange and
QuantitativeChange.)

Step 1: Create New Pathway or within Pathway, select disease or cell process

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step s5: Entities: Select “Protein” Relations: Select "Regulation”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 9.2: What small molecules are associated with a disease or cellular
process?

Identifies small molecules that are associated with diseases or cellular processes. Small molecule
association with diseases and cell processes through regulation relations are found in the ChemEffect
Database. In addition, more information about small molecules associated with diseases can be found in
the DiseaseFx database through QuantitativeChange and biomarker relations.

Step 1: Create New Pathway or within Pathway, select disease or cell process

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool
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Processes, How Do ...



Step 4: Select Direction: Upstream

Step 5: Entities: Select "Small Molecules” Relations: "Regulation”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 9.3: What proteins are known to change in expression, activity, or
abundance in a disease?

Identifies proteins that are changed in activity abundance or expression in a disease. QuantitativeChange
relations are found only in DiseaseFx data.

Step 1: Create New Pathway or within Pathway, select disease

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Downstream

Step s5: Entities: Select “Protein” Relations: Select "QuantitativeChange"

Add condition: Quantitative Type is equal to: expression, abundance, activity

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 9.4: What small molecules are known to change in abundance in a
disease?

Identifies small molecules that are changed in abundance in a disease. QuantitativeChange relations are
found in DiseaseFx data.

Step 1: Create New Pathway or within Pathway, select disease
Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool



Step 4: Select Direction: Downstream
Step s5: Entities: Select “Small Molecule” Relations: Select "QuantitativeChange"

Add condition: QuantitativeType is equal to : abundance

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 9.5: What proteins with genetic mutations are associated with a disease?

Identifies proteins with genetic changes (gene deletions, amplifications, mutations, epigenic changes, or
methylation) associated with a disease. GeneticChange relations are found in DiseaseFx data.

Step 1: Create New Pathway or within Pathway, select disease

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Downstream

Step s5: Entities: Select “Protein” Relations: Select "GeneticChange"

Add condition: ChangeType is equal to : gene deletions, amplifications, mutations, epigenic methylation

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 9.6: What proteins or small molecules are diagnostic for a disease?

Identifies proteins/small molecules known to be diagnostic for a disease. Biomarker relations are found
in DiseaseFx data.

Step 1: Create New Pathway or within Pathway, select disease
Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool



Step 4: Select Direction: Downstream
Step 5: Entities: Select "Protein and Small Molecules” Relations: Select "Biomarker"
Add condition: Biomarker Type is equal to : diagnostic

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 9.7: What proteins or small molecules are prognostic for a disease?

Identifies proteins/small molecules known to be prognostic for a disease. Biomarker relations
are found in DiseaseFx data.

Step 1: Create New Pathway or within Pathway, select disease

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Downstream

Step s5: Entities: Select “Protein and Small Molecules” Relations: Select "Biomarker"
Add condition:Biomarker Type is equal to : prognostic

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 9. 8 What protein phosphorylation/dephosphorylation events are
associated with a disease?

Identifies post translational protein phosphorylation/dephosphorytation events associated
with a disease. StateChange relations are found in DiseaseFx data.

Step 1: Create New Pathway or within Pathway, select disease

Step 2: Select Add- > Network Builder



Step 4: Select Direction: Downstream
Step 5: Entities: Select “Protein” Relations: Select "StateChange"

Add condition: ChangeType is equal to : phosphorylation

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 9. 9 What protein/gene splice variants are associated with a disease?

Identifies alternate gene splicing events/ splice variants associated with a disease. StateChange relations
are found only in DiseaseFx data.

Step 1: Create New Pathway or within Pathway, select disease
Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool
Step 4: Select Direction: Downstream

Step 5: Entities: Select “Protein” Relations: Select "StateChange"
Add condition: ChangeType is equal to : alternative splicing

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish
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10.1 Definition of a Rare Disease

So usually we would have an introduction outlining the

description and the background of a disease which we are

»
choosing to study more in depth at the molecular level (see, for ITSTIMETO
BREAK WITH TRADITION

example, Pre-eclampsia Disease, Module I1).

, , , , , AND EXPECT
A disease or disorder is defined as rare in the USA when it
affects fewer than 200,000 Americans at any given time M O R E

. 80% of rare diseases have identified genetic origins

whilst others are the result of infections.

. 50% of rare diseases affect children.

Excerpted from Rare Disease Day 2017

10.2 A Research Challenge

But what if you are a researcher and someone comes

and asks you to come up to speed on a rare disease?

And they only give you a single clue as to what that rare disease might be!

SCA3*

What do you say, should we take the challenge?
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ELSEVIER
Yes, let’s!
For this exercise let’s agree to stay strictly within Pathway Studio

and see how much we can learn about “SCA3” (in a very short

period of time).

10.3 SCA3 = Spinocerebellar Ataxia Type 3

First Step, Search for SCA3:

PGthWGy StUd|0 sca3

| Start ‘ 4] New Pathway *

idSave * =—Legend TV Filters ~ 2 View

[ iselect ~ {3Edit ~ $%Add ~ ¥ Undo ~ 92Highlight ~ FTools ~

?:EQ'|%’J§Layout > OiStyle ~ AT A7 O o7 i & Align v +¥Resize + / [&liCamera

« | m

| # Search: sca3 *

il Save = |_iSelect ~ LZEdit = [#] Export = FTools ~
1 Selected Deselect All

Name Description Object Type
vV spinocerebellar ataxia type 3 Disease
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And now you have a name: SCA3 = spinocerebellar ataxia type 3.

Now let’s inspect the properties of this disease (double-click on disease icon).

< | m

# Search: sca3 T spinocerebella... >

"f Disease spinocerebellar ataxia type 3

4 Properties Alins
General
External Identifiers
Other Properties

> Ontological relationships

> Collections

4 Associated Relations
_# All relations (250)

Partner Links

Wow, this disease sure has a lot of different names, and Pathway
Studio will recognize all of them in the scientific literature! This

is exceptionally useful as it ensures that you are less likely to

overlook important information.
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Autosomal Dominant Striatonigral Degeneration; Azorean Disease; Azorean
Disease, Nervous System; Azorean disease; Disease, Joseph; Disease,
Machado-Joseph; Diseases, Machado-Joseph; Joseph Disease; Joseph
Diseases; Joseph disease; Joseph diseases; Joseph's disease; Joseph's diseases;
Machado disease; Machado diseases; Machado syndrome; Machado's
disease; Machado's diseases; Machado-Joseph Azorean Disease; Machado-
Joseph Disease; Machado-Joseph Diseases; Machado-Joseph disease;
Machado-Joseph diseases; Machado-Joseph syndrome; Machado-Joseph's
disease; Machado-Joseph's diseases; Machado-Joseph-Azorean disease;
Nigro-spino-dentatal degeneration with nuclear ophthalmoplegia;
Nigrospinodentatal Degeneration; SCA3; Spinocerebellar Ataxia Type III;
Spinocerebellar Ataxia-3; Type 3 Spinocerebellar Ataxia; Type 3
Spinocerebellar Ataxias; Type Il Spinocerebellar Ataxia; Type Il
Spinocerebellar Ataxias; azorean neurologic disease; machado disease;
machado joseph syndrome; machado syndrome; spinocerebellar ataxia type
3; spinocerebellar ataxia type Il

250

r. public
I: urn:agi-meshdis:Machado-Joseph%20Disease

2017-02-11 13:41:40.913
2017-02-11 13:41:40.914

M »
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10.4 SCA3, All Relations

We note also that Pathway Studio has a total number of 250 unique facts or
relations connected with SCA3 (double-click on all relations icon).

Let’s examine them all!

Select All, Edit and Copy into workspace:

View Relation Table and sort by the numbers of references descending (relations with the most

references will be at top).
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Pathway Studio

ELSEVIER

| Start | % SCA3 -all rela... %
IdSave ~ WFilters v & View ~ |_iSelect v EZEdit + ¥IUndo ~ [#] Export ~
Relation Object Type
— spinocerebellar ataxia type 3 ---> ATXN3 GeneticChange
=» ATXN3 ---> spinocerebellar ataxia type 3 Regulation
= polyQ --+> spinocerebellar ataxia type 3 Regulation

neurodegenerative disease ---- spinocerebellar ataxia type 3 FunctionalAssociation

spinocerebellar ataxia type 3 ---- spinocerebellar ataxia FunctionalAssociation
spinocerebellar ataxia type 3 ---- ataxia FunctionalAssociation
spinocerebellar ataxia type 3 ---- neurodegeneration FunctionalAssociation

10.5 Disease Description

We see four diseases, one small

molecule, and one protein all of which
are strongly linked to SCA3. We can
tell right away that SCA3 is:

spinocerebellar ataxia

. A subset of spinocerebellar ataxia diseases, in general.

# of References
160

108

44

33

18

13

12

neurodegeneration

. And is characterized by neurodegeneration and ataxia, defined as impairment of the ability to

perform smoothly coordinated voluntary movements (drill down on properties of ataxia diseases, click on
External Identifiers, MeSH Heading).
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Double-click on the protein: ATXN3

Ay} Protein ATKN3 (stasin 3)

4 Properties Machado-Joseph disease, also known as spinocerebellar ataxia-3, is an autosomal dominant neurclogic disorder. The protein encoded by this gene contains (CAG)N repeats in the coding region, and the expansion of these
General Tepeats from the normal 13-36 10 6879 is one cause of Machado-Joseph disesse. There is 8 negative comelation between the age of onset and CAG repest numbers. Altematively spliced transenpt variants encoding different
External Identifiers iscforms have been described for this gene. [provided by RefSeq, Sep 2009)

Ontclogical relationships 2210008M02: 2210008MO2Rik; AME3012; AK474 3: ATIG; JOS; MUD; MID | MID gene: MUD protesn: MUDL; Machade-Joseph disesse (p ataxia 3, olivop staia 3, autosomal dominant, staxin 3)
Collections Machado-Joseph disease (spinocerebellar atax pontocenebellar atada 3, sutosomal dominant, ataxin 3) homolog; Machado-Joseph disease 1 gene; Machado-Joseph disease gene; Machado-Joseph disease protein;
4 Associsted Relations Machado-Joseph disease protein 1: Machado-Joseph disease protein t OTTHUMPO0000221584: RIKEN ¢DNA 2210008M02 gene RP11-529H20.5: Rscad: SCA3: SCA3 gene: SCAS protein: atann 3: ataxin 3 isoform 1: ataxin 3
& All elations (S47) isoform 2; stain 3 iscform b ataxin 3 isoferm I staxin 3 variant by staxn 3 variant m; stsin 3 variant ref; staxin I; staxin-3; stind; josephin; machado-Joseph disease protein 1 homolog: machade-joseph disease
Partner Links (spinocerebellar ataxia 3) gene: machado-joseph disease (spinccerebellar staa 3) protein; olvopontocerebellar ataxia 3; olivopontocerebellar staxia 3 gene: olvopontocerebellar ataa 3 protein; olivopontocerebellar stada I
gene: olivopontocerebellar atavia Il protein ataxia 3 gene; staxia 3 homolog: spinocerebellar stavia 3 homolog (human); spinocerebellar ataxia 3 proteir: spinocerebellar atavia I gene:
spinocerebellsr stasa [ proten; spinacerebellar stana type 3 protein
551
Nucleus
Hema sapie
g
6q32
12
public
e urncagi-IidA287

2005-12-18 06:22:21 981
2015-12-18 06:22:21.982

Wow, this protein has a lot of different names (as is often the case!) one of which is Machado-Joseph

disease (another common name for SCA3 disease).

spinocerebellar ataxia type 3 ---> ATXN3 GeneticChange 160

» ATXN3 ---> spinocerebellar ataxia type 3 Regulation 108

Machado-Joseph disease, also known as spinocerebellar ataxia -3.

10.6 ATXN3: a Mendelian Gene Disorder

We can kind of figure this protein is central to the disease based on the 160 references indicating
that a GeneticChange in ATXN3 is associated with SCA3 and also that 108 references indicate that
ATXN3 regulates the disease as well.

Let’s click on External identifiers and we will see that there is a link to OMIM (the Online Mendelian

Inheritance in Man database).

»y Protein ATXN3 (ataxin 3)

4 Properties Entrez GenelD: 110616; 4287: 60:
ezl Unigene ID: Hs.532632: Mm.2
Exernal Identers Swiss-Prot Accession: AOAOAOMS38: A7

Ontological relationships QOHINO

Colletions Swiss-Prot ID: ATX3_HUMAN; A

4 Associated Relations R 109150: 607047

Al valabinns 7477T00)
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This database was initiated in the early 1960s by Dr. Victor A. McKusick as a catalog of Mendelian traits
and disorders and is maintained at the Johns Hopkins University. Dr. McKusiek is widely known as the

"father of medical genetics."

#109150
MACHADO-JOSEPH DISEASE; M]JD

Alternative titles; symbols

SPINOCEREBELLAR ATAXIA 3; SCA3
SPINOCEREBELLAR ATROPHY III
AZOREAN NEUROLOGIC DISEASE
SPINOPONTINE ATROPHY
NIGROSPINODENTATAL DEGENERATION

Phenotype-Gene Relationships

Phenotype Phenotype Gene/Locus
Location  Phenotype MIM number Inheritance mapping key Gene/Locus MIM number
14932.12 Machado-Joseph disease 109150 AD 3 ATXN3 607047
Clinical Synopsi Phenotypic Series  ~

v TEXT

A number sign (¥) is used with this entry because Machado-Joseph disease (M]JD), also known as
spinocerebellar ataxia-3 (SCA3), is caused by a heterozygous (CAG)n trinucleotide repeat expansion
encoding glutamine repeats in the ataxin-3 gene (ATXN3; 607047) on chromosome 14q32.

Normal individuals have up to 44 glutamine repeats, and MJD patients have between 52 and 86
glutamine repeats. Incomplete penetrance is associated with 45 to 51 repeats (Todd and Paulson,
2010). ©

Machado-Joseph disease (MJD), also known as spinocerebellar ataxia-3 (SCA3), is caused by a
heterozygous (CAG)n trinucleotide repeat expansion encoding glutamine that repeats in the ataxin-3

gene.

There is a wealth of information on SCA3 disease in this OMIM entry. Scroll down through the

Description and Clinical Features:
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Machado-Joseph disease, named for affected families of Azorean extraction, is an autosomal
dominant progressive neurologic disorder characterized principally by ataxia, spasticity, and ocular
movement abnormalities. Although independently described as a seemingly separate disorder,
spinocerebellar ataxia-3 is now known to be the same as Machado-Joseph disease.

The molecular genetics Of MJD/SCA3 has shown that in normal individuals, the ATXN3 gene was
found to contain between 13 and 36 CAG repeats, whereas most of the patients with clinically diagnosed
MJD and all of the affected members of a family with the clinical and pathologic diagnosis of MJD

showed expansion of the repeat number to the range of 68 to 79.

The pathogenesis of MJD/SCA3 is clearly related to the expanded CAG repeats since cell death in
cultured cells expressing a portion of the ATXN3 gene that included the expanded CAG repeats occurred

only when the CAG repeat was translated into polyglutamine residues®.

The neuron-speciﬁc phenotype of Machado-Joseph disease can be explained by experiments
showing that L-glutamate-induced excitation of patient-specific induced pluripotent stem cell (iPSC)-
derived neurons initiates calcium-dependent proteolysis of ATXN3 followed by the formation of
SDS-insoluble aggregates. Aggregate formation was further dependent on functional sodium and
potassium channels as well as ionotropic and voltage-gated calcium channels, and was not observed in
iPSCs, fibroblasts, or glia.

1: lkeda H, Yamaguchi M, Sugai S, Aze Y, Narumiya S, Kakizuka A. Expanded polyglutamine in the Machado-Joseph disease protein induces

cell death in vitro and in vivo. Nat Genet. 1996 Jun;13(2):196-202. PubMed PMID: 8640226.

2: Koch P, Breuer P, Peitz M, Jungverdorben J, Kesavan J, Poppe D, Doerr J, Ladewig J, Mertens J, Tiiting T, Hoffmann P, Klockgether T, Evert
BO, Wiillner U, Briistle O. Excitation-induced ataxin-3 aggregation in neurons from patients with Machado-Joseph disease. Nature. 2011 Nov

23;480(7378):543-6.. PubMed PMID: 22113611.



10.7 ATXN3
and Cell
Processes

Let’s learn

more about the

ATXN3 gene by

copying it into a i

. : ._ ER-associated
new workspace & protein catabo...

M
fur,

~
=

and adding apoptosis
protein ubiquitination
cell processes

to it, filtering ;
@

for 10 or more

. ]
= -

references.
protein deubiquitination cell death

We can see by
inspecting the
relation table and some of the references that normal ATN3 has positive protein deubiquitinating

activity and is involved in the endoplasmic reticulum-associated degradation pathway:

“The action of ataxin-3 in this context requires its deubiquitinase activity as well as the intact proteasome
function, suggesting that ataxin-3-mediated deubiquitination may promote proteasomal degradation of

misfolded or dysfunctional proteins to alleviate polyQ-associated toxicity.”

From Liu Y, Ye Y. Roles of pg7-associated deubiquitinases in protein quality control at the endoplasmic reticulum. Curr Protein Pept Sci.

2012 Aug;13(5):436-46. Review. PubMed PMID: 22812527

We can drill down further into the article from which this knowledge was extracted and we come

across a very useful summary of the biological conditions under which normal ATXN3 functions:

“Polyubiquitination of misfolded proteins... is thought to be associated with the formation of

inclusion bodies... The diseases associated with protein misfolding and aggregation are recognized
as “conformational diseases” ... The common feature of these diseases is the tendency of misfolded
protein to form aggregates. Misfolded proteins can be refolded by molecular chaperones or cleared

by the ubiquitin-proteasome system (UPS).”



On the other hand, mutant ATXN3 clearly promotes the apoptosis of neurons:

“PolyQ-expanded ataxin-3 is neurotoxic and induces neuronal apoptosis through the mitochondrial

pathway”
And,

“Ataxin-3 has also been proposed to regulate protein degradation via endoplasmic reticulum-associated

protein degradation.”

From Huang Q, Figueiredo-Pereira ME. Ubiquitin/proteasome pathway impairment in neurodegeneration: therapeutic implications.

Apoptosis. 2010 Nov;15(11):1292-311. doi: 10.1007/510495-010-0466-z. Review. PubMed PMID: 20131003

Also from the definition of the cell process: ER-associated protein catabolism,
(External Identifiers, GO ID 0030433 at AMIGO),

ER-associated protein degradation (ERAD) is the series of steps necessary to target endoplasmic
reticulum (ER)-resident proteins for degradation by the cytoplasmic proteasome. Begins with
recognition of the ER-resident protein, includes retrotranslocation (dislocation) of the protein from the
ER to the cytosol, protein ubiquitination necessary for correct substrate transfer, transport of the protein

to the proteasome, and ends with degradation of the protein by the cytoplasmic proteasome.

The picture is getting clearer!
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Mutant ATXN3 deregulates the normal processes of protein degradation with the resulting build-up of

toxic accumulations of misfolded proteins into insoluble aggregates.

So, what about therapeutic treatments, do any exist for this unfortunate condition?

--let’s go find out:

10.8 Therapeutic Treatments: Clinical Trials

(Add, Network Builder, Advanced
Expand Pathway, Small Molecule,

Clinical Trial)

varenicli
ne

' spinocerebellar
ataxia type 3

Network Builder

Step 3: Select Advanced Filters

Entities Filter Relations Filter
Cell Binding
Cell Process Biomarker
Clinical Parameter CellExpression
Complex ChemicalReaction
Disease v ClinicalTrial Add Condition | =
Functional Class DirectRegulation
Protein Expression
V| Small Molecule Add Condition FunctionalAssoc...
Treatment GeneticChange
miRNAEffect
MolSynthesis
MolTransport
PromoterBinding Y
Check All Uncheck All ‘ Reset Check All Uncheck All | Reset
«Back || Nexts || ResetaFiters Cancel |

Wow, not too many drugs in clinical trials

(maybe this is because SCA3 is a rare disease).

Let’s quickly go check them out, right click
on the entity and go to Properties, External
Identifiers, PubChem CID:
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,C Small Molecule varenicline

4 Properties Reaxys ID: 10668886; 14347664; 18342890
Cenera PubChem SID: 135126373; 135126374
St lioiiios PubChem CID: 170361; 170362: 5310966; 6918678
Othiex Propetiies CASID: 249296-44-4; 375815-87-5

> Ontological relationships InChiKey: JQSHBVHOMNKWFT-DTORHVGOS,

HMDB ID: HMDB15398
MedScan ID: 1065009

> Collections
4 Associated Relations
= All relations (311)

This will usually give you a nice, succinct summary of a compound/drug’s mechanism of action (MOA)

and therapeutic indication.

ATABASE

O Compound Summary for CID 170361 & pownload @ share © Help

Varenicline
v S ¥ P & 4« W

STRUCTURE VENDORS DRUG INFO PHARMACOLOGY LITERATURE PATENTS BIOACTIVITIES

PubChem CID: 170361

Varenicline; 249296-44-4; JQSHBVHOMNKWFT-UHFFFAOYSA-N; J-501695; Varenicline (INN); 6,10-Methano-6H-pyrazino[2,3-

Chemical Names: h](3]benzazepine,7,8,9,10-tetrahydro-  More...

Molecular Formula: Cy3H13N3

Molecular Weight: 211.268 g/mol

InChl Key: JQSHBVHOMNKWFT-UHFFFAOYSA-N

Drug Information: Drug Indication Therapeutic Uses Clinical Trials

In this case, varencline is partial agonist (activator) of the nicotinic receptor and is used for smoking

cessation. The clinical trial record indicates that a modest response was noted in patients with SCA:
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ClinicalTrials.gov

Search

A service of the U S Nabonal insttutes of Heasn =
Try our Deta test site

Fina Studies About Clinical Studies Submit Studies Resources About This Site
Study to Determine the Safety and Tolerability of Varenicline (Chantix®) in Treating Spinocerebellar Ataxia Type 3

This study has Deen completed ClinicalTriats.gov Identifier

NCT00002771
Sponsor
Unsversity of South Flornaa First receved October 8. 2009
Last upaated June 152012

Collaberutorn Last venied June 2012

Habonal ALana F oundaton . ¢ Chande

Bob Alson Alaxa Research Center (BAARC

e

by Party)
Theresa Zesiewicz University of South Flonda
Full Text View  Tabular View  No Study Results Posted
———> > Purpose

Spenoc erebeilar atand ON. speech OMcult 9 Recently inamdual Case reports
nave suggested tat v oas. A MOGest respon Ais with SCA. SUPRESHING that it s

P y e 3 that it De systematically assessed The

present study wil test whether

Condition Intervention Phase
Spnocerebetiar Atana Type 3 Orug vareniciine Phase 2

Drug placeto

Stuay Type .
Study Design Al

10, OUICOMES ASSOSSON)

>-controtied Phase | Study 10 Determine the Safety and Tolerabity of Varencine (Chantu®) in Treating Spinocerebetar Ataxa Type 3

A quick similar look at lithium carbonate and 4-phenylbutyrate shows that they are a mood stabilizing

agent or have antineoplastic activity, respectively.

It clearly looks like these trials are about repurposing drugs developed for other indications and are also

primarily directed at treating the symptoms of ataxia.

10.9 New Potential Targets

So what’s in the pipeline?
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Let’s find ALL protein and small molecule negative regulators discussed in connection with SCA3 in the

scientific literature.

Network Builder X
Step 3: Select Advanced Filters
Entities Filter Relations Filter
Cell ClinicalTrial A
Cell Process DirectRegulation
Clinical Parameter Expression
Complex FunctionalAssoc...
Disease GeneticChange )
Functional Class miRNAEffect
v Protein Add Condition MolSynthesis
v Small Molecule Add Condition MolTransport |
Treatment PromoterBinding a
ProtModification
QuantitativeCha...
v Regulation “Effect” = "negative’
StateChange t
| CheckAll || UncheckAll || Reset | | CheckAll ||UncheckAll || Reset |
«Back H Next » [ Reset All Filters l

Sort results by the
highest number of
references (highlighted small
molecules above are already in

clinical trials).
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Relatson Qujea Tyrpe ® of Referende..  PAOD

Reguistion D) WAL, 105,

Reguistion

Beguistion

T Meduan, Med

Source

Median, Med

Medican, Med

L. Meduan, Med

$alecied Sente CrangeType
1779 s Oe

Evhdanie thow
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Purkinge co Eye, Benin

Purkinge ce Corebeum, Pr
Brain, braan

Eye
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Relation Object Type # of References Effect

—>» temsirolimus ---| spinocerebellar ataxia type 3 Regulation 6 negative
—> BECNL ---| spinocerebellar ataxia type 3 Regulation 5 negative
—>» HSPALA ---| spinocerebellar ataxia type 3 Regulation 5 negative
=3 rapamycin ---| spinocerebellar ataxia type 3 Regulation 5 negative
—> butyrate ---| spinocerebellar ataxia type 3 Regulation - negative
=» ATXN2 ---| spinocerebellar ataxia type 3 Regulation 3 negative
=> HSPBT ---| spinocerebellar ataxia type 3 Regulation 2 negative
=>» Li+ ---| spinocerebellar ataxia type 3 Regulation 2 negative

Medican

[
[
[
[

Meducan, Med PbUren, Aruron

WTI Medican Lncouraged by e gatine

"Chemical activation of autophagy with rapamycin or its analogue CCI-779 [Temsirolimus] also reduces
the levels of mutant ataxin-3, and ameliorates its toxicity in cell and mouse (expressing full-length ataxin-
3-Q70) models of SCA3."™

"These data demonstrate that autophagy is a key degradation pathway, with beclin-1 playing a significant

role in alleviating Machado-Joseph disease pathogenesis."™

"Over expression of HSP70 or specific Hspgo chaperones suppressed neurotoxicity in the Drosophila

spinocerebellar ataxia3 model, suggesting that modulation of protein folding affects the disease process."

1. Sarkar S. Regulation of autophagy by mTOR-dependent and mTOR-independent pathways: autophagy dysfunction in neurodegenerative
diseases and therapeutic application of autophagy enhancers. Biochem Soc Trans. 2013 Oct;41(5):1103-30. PubMed PMID: 24059496.

2. Nascimento-Ferreira |, Santos-Ferreira T, Sousa-Ferreira L, Auregan G, Onofre |, Alves S, Dufour N, Colomer Gould VF, Koeppen A, Déglon
N, Pereira de Almeida L. Over expression of the autophagic beclin-1 protein clears mutant ataxin-3 and alleviates Machado-Joseph disease. Brain.
2011 May;134(Pt 5):1400-15.PubMed PMID: 21478185.

3. Bernards A, Hariharan IK. Of flies and men--studying human disease in Drosophila. Curr Opin Genet Dev. 2001 Jun;11(3):274-8. Review.
PubMed PMID:11377963.
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An emerging theme in potential therapeutic approaches to treatment of SCA3 disease is to go beyond
just treating the symptoms of ataxia. Other treatments include proactively promoting the cellular

process of autophagy (intracellular degradation system) and boosting proper protein folding.

Looks promising!

Before we go, what did we learn today?

. How to identify the most studied aspects of a rare disease.
. How to identify the gene mutation associated with SCA3 disease.

. Study the molecular genetics and pathogenesis of the SCA3 using the OMIM database link out
from Pathway Studio.

. Data mining the scientific literature from Relations and References.
. Identification of small molecules involved in clinical trials for SCA3.
. Identification of potential small molecule and protein targets for therapeutic intervention for

SCAs.



Study Questions 10

1. Find four proteins that are positively regulated by varenicline.
2. Find the top five diseases (by # of references) that are inhibited by varenicline.
3. Find cell processes affected by varenicline. How many of them? What are the top two cell

processes (by # of references)?

4. How many total relations are in the Pathway Studio database for the rare disease “Evans
Syndrome”?
5. What drug is currently in clinical trials for Evans Syndrome? What is the most studied drug (by #

of references) that may be useful for the negative regulation of Evans Syndrome? At what target

on what cell type is rituximab targeted?

6. What top three diseases (by # of references) are most associated with Evans Syndrome?

7. Based on information obtained in Questions 4 and 5, what is the most likely affected major

tissue organ system in Evans Syndrome?



For Small Molecule Abundance, Clinical
Trials, Functional Associations between
Diseases, and Cell Processes, How Do

Exercise 10.1: What proteins regulate the synthesis or catabolism of a small
molecule?

Identifies proteins involved in the translocation of a protein or small molecule target.

Step 1: Create New Pathway or within Pathway, select a protein(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Upstream

Step 5: Entities: Select “Protein and Small Molecules” Relations: Select "MolTransport"
Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 10.2: What small molecules/drugs have been tested in clinical trials for a
disease?

Identifies small molecules/drugs that have been involved in clinical trials. Drugs are included in
ChemEffect Data. ClinicalTrial relations are included in DiseaseFx data. Monodonal antibodies are
represented as small molecules in the ChemEffect database.

Step 1: Create New Pathway or within Pathway, select disease

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Downstream

Module 10: Understanding a Rare Disease | For Small Molecule Abundance, Clinical Trials, Functional Associations
between Diseases, and Cell Processes, How Do I...



Step s5: Entities: Select “Small Molecule” Relations: Select "ClinicalTrial"

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 10.3: What cellular processes are associated with a disease?

Identifies associations between cellular processes and diseases (no Direction in the relations).
Step 1: Create New Pathway or within Pathway, select disease

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: All

Step s5: Entities: Select “Cell Process” Relations: Select "FunctionalAssociation"

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish
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Further Study:

1. In this module, you identified three drugs already in clinical trials for SCA3. Of these, 4-phenyl
butyrate was withdrawn prior to enrollment. The other two (lithium carbonate and varenicline) went to
completion. Identify results in the literature for these two drugs. (Hint: Check the clinical trial record for

the lithium publications and other Pathway Studio SCA3 relations for varenicline publications.)
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Module 11

Progeria and Aging
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11.1 Definition of a Rare Disease

Progeria, an abnormal congenital condition, is associated with defects in the LAMIN TYPE A gene and is

characterized by premature aging in children.

What are the connections between Progeria, aging, and cancer ?

It is a sobering fact of genetic study that a significant amount of our understanding of normal

physiological processes is derived from the study of diseases in which things go wrong.

Single gene (monogenic), so-called Mendelian (inherited) defects are a particularly
useful source for study because the ultimate genetic causal factor is known. Examples of these types of
diseases include cystic fibrosis (due to mutations in Cystic Fibrosis Transmembrane Conductance Regulator

[CFTR] gene) and sickle cell anemia (mutations in hemoglobin S).

11.2 Hutchinson-Gilford Progeria Syndrome (HGPS)

Hutchinson-Gilford progeria syndrome (HGPS) is an extremely rare genetic
disorder that causes premature, rapid aging (the rate of aging is accelerated up to seven times
that of normal) shortly after birth.
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Individuals with HGPS have mutations in their LMNA gene that encodes lamin A and C, the A-type

lamins, which are an important structural component of the nuclear envelope.

Incomplete processing of mutant lamin A (also called progerin) results in nuclear lamina abnormalities
resulting in an age-dependent, cumulative, and ultimately devastating effect on nuclear architecture and

function leading to spatial disorganization and transcriptional dysregulation.
Nevertheless, the question still remains:

Why do LMNA mutant cells enter senescence earlier than

normal cells?
11.3 Progeria, Cancer, and Aging

One approach to this question is to perform a comparative

literature analysis between the disease of progeria, the cell

process of aging, and the disease of neoplastic transformation.

-l S
First step is to add all database relations to progeria:
Network Builder X
Step 3: Select Advanced Filters
Entities Filter Relations Filter
v Cell Add Condition v Binding Add Condition *
v Cell Process Add Condition v Biomarker Add Condition
v Clinical Parameter Add Condition v CellExpression Add Condition
v Complex Add Condition v  ChemicalReaction Add Condition
v  Disease Add Condition v ClinicalTrial Add Condition |=
v Functional Class Add Condition v  DirectRegulation Add Condition
v Protein Add Condition v Expression Add Condition
v Small Molecule Add Condition v FunctionalAssoc... Add Condition
v Treatment Add Condition v GeneticChange Add Condition L
v miRNAEffect Add Condition
v MolSynthesis Add Condition
v MolTransport Add Condition
v PromoterBinding Add Condition ~
| CheckAll | Uncheck All H Reset } l Check All H Uncheck All I Reset I
‘ « Back H Next » { Reset All Filters Cancel |

| proéeria |
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11.4 Progeria, All Relations

Progeria — All Relations

11.5 Progeria, Cancer, and Aging—Shared Relations

Next, in sequence, add in “aging” and “Relations between Selected and Unselected”:

206 Module 11: Progeria and Aging | 11.4, 11.5
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Then, add in “Neoplastic Transformation” and “Relations between Selected and Unselected”

Interactive Network Filter

] o Proten

] o Smal Uoeuie
Relatony

B pnts) Bingic) Bustnovn

& of Referances

Filtered | Total
e

Filter for Regulations only:
[sawe s Copy | Fnion | cancet | T
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Select “Unconnected Entities,” then edit “Remove”:

View “Entity Table View”, Sort “Local Connectivity”, Ascending

(If column is not in Entity Table View, click on tab on any column header, go to Customize Table and Add

Column to display).

Select and remove all entities
with less than 3 connections.

(The rationale here is that we want only
entities that are connected to all three
targets; progeria, aging, and neoplastic
transformation. This is a pretty good
approximate method; some entities

will sneak in on the basis of multiple
connections to a single entity. Check stem

cell for an example of this - then remove!)

100 Selected Deselect All

v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v
v

Name

£J methylene blue

o COKNIA

£ zoledronic acid

J EIN

3 ARNTL

3 oxcu

£J \onatarnib

& MY

o CBXS
gamma-glutamyltransterase

3 M

£ doryeydine

& MIR9-1

3 ERCCL

4 fibroblast

£ Fu277
DNA repair protein

2 SUV39HL

& INSR

£J camptothecin

& H2AFX

3 AT

& EzH2

£J dihydrotachysterol

o RET

3 HDACL

3 ADIPOQ

& WRN

o SIRT6

o ZMPSTE24

£ pravastatin

£J A

Module 11: Progeria and Aging

Object Type Total Connectivity Lol &
Small Molecule 1036 2
Protein 6801 2
Small Molecule 1226 2
Protein 2058 2
Protein 1360 2
Protein 2502 2
Small Molecule 202 2
Protein 188 2
Protein 495 2
Fundtional Class 2008 2
Protein 8562 2
Small Molecule 3782 2
Protein 1610 2
Protein 751 2
Cell 11447 2
Small Molecule 22 2
Functional Class 550 2
Protein 608 2
Protein 3479 2
Small Molecule 957 2
Protein 2192 2
Protein 5268 2
Protein 279 2
Small Molecule a7 2
Protein 1392 2
Protein 3115 2
Protein 4957 2
Protein 39 2
Protein 1050 2
Protein 178 2
Small Molecule 1357 2
Small Molecule 9387 2

11.5 Progeria, Cancer, and Aging—Shared Relations
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Return to Graph View and select “Layout by Localization, Plain Membrane.”
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Select All, Tools, Enrichment Analysis, SNEA, Cell Processes.

Gene Set Seed Overlap Percent Overlap  Overlapping Entities p-value

senescence 40 1 metformin, proteinase inhibit... 9.20903E-51
cellular senescence 37 2 metformin, CTNNB1, CDKN2A, ... 2.13369E-50
aging 40 1 metformin, proteinase inhibit... 5.49471E-49
cell regeneration 33 2 metformin, CTNNB1, CDKN2A, ... 4.29845E-46
mitotic entry 36 1 proteinase inhibitor, CTNNB1,... 1.58458E-44
cell renewal 2 3 metformin, proteinase inhibit... 1.45328E-43
protein processing 34 2 metformin, proteinase inhibit... 1.66965E-43
cellular stress response 27 4 proteinase inhibitor, CTNNB1,... 6.27053E-43
dedifferentiation 29 3 metformin, proteinase inhibit... 6.92878E-43
adipocyte differentiation 33 2 metformin, proteinase inhibit... 2.26588E-42
quiescence 29 3 metformin, proteinase inhibit... 4.17508E-42
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Select All, Tools, Enrichment Analysis, SNEA, Diseases.

Gene Set Seed ¥ Overlap Percent Overl... Overlapping Entities p-value
——;;_rogeria 37 50 metformin, proteinase inhibit... 1.51866E-103
__heoplastic transformation 37 2 metformin, proteinase inhibit... 6.77341E-48
breast neoplasm 35 2 metformin, proteinase inhibit... 1.25166E-43
skin cancer 29 3 metformin, proteinase inhibit... 2.73584E-43
virus infection 35 | metformin, proteinase inhibit..., 5.55773E-43
diet-induced obesity 31 3 metformin, CTNNBL, INS, RB1, ... 5.64549E-43
malignant transformation 33 2 metformin, proteinase inhibit... 3.61593E-42
pancreatic neoplasm 25 4 metformin, proteinase inhibit... 1.00071E-38
diabetic nephropathy 29 2 metformin, CTNNB1, INS, TGFB... 1.94865E-38
hypertrophy 35 1 metformin, proteinase inhibit... 6.67571E-38
atherosclerosis 36 1 metformin, proteinase inhibit... 8.36620E-38
hyperplasia 33 1 metformin, proteinase inhibit... 1.59165E-37

# \ Clearly this gene set is critical for progeria, aging, and neoplastic
[,k
VALIDATED

-

11.6 Progeria Gene Expression Data

transformation as we would expect from its construction. Now let’s go

get some gene expression data in order to explore this question further.

Download the expression data set either directly from the GEO website or from Dropbox
(data for Module 11)] See Appendix 1.A for full import instructions.
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“Remove” all columns except “Sample” and “Sample Type” at step 7 of the

import process:

Import Experiment

Sample Type:
Experiment Name:

Description:

Annotations:

Import Experiment

Sample Type:

Experiment Name:

Add/Remove Annotation:

Step 7 of 11. Experiment properties

| Intensity
| GSE69391

[ Expression data from young and old healthy humans, as well as HGPS patients

Source name

Human skin fibroblasts from ...
Human skin fibroblasts from ...
Human skin fibroblasts from ...
Human skin fibroblasts from ...

Add ] [ Rename ] [ Remove ]
Sample Description
GSM1700587 mRNA gene exp...
GSM1700588 mRNA gene exp...
GSM1700589 mRNA gene exp...
GSM1700590 mRNA gene exp...
GSM1700591 mRNA gene exp...

Human skin fibroblasts from ...

tissue

Primary in vitro ...
Primary in vitro ...
Primary in vitro ...
Primary in vitro ...
Primary in vitro ...

sample type

HGPS patient
HGPS patient
HGPS patient
HGPS patient
HGPS patient

<|

LI

] »

Step 7 of 11, Experiment properties

Intensity
GSE69391

-

Description: | Expression data from young and old healthy humans, as well as HGPS patients

Add/Remove Annotation:

Annotations:

Sample

GSM1700587
GSM1700588
GSM1700589
GSM1700590
G5M1700591
GSM1700592

sample type

HGPS patient
HGPS patient
HGPS patient
HGPS patient
HGPS patient
HGPS patient
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The next step indicates that the samples are nicely clustered by phenotype:

Import Experiment X
Step 8 of 11. Sample Correlation Explorer

Include All | Exclude All

1 GSM1700593 (young healthy)
1 GSM1700595 (young healthy)
1 GSM1700594 (young healthy)
2 GSM1700598 (old healthy)

2 GSM1700597 (old healthy)

2 GSM1700596 (old healthy)

3 GSM1700590 (HGPS patient)
3 GSM1700589 (HGPS patient)
3 GSM1700592 (HGPS patient)
3 GSM1700591 (HGPS patient)
3 GSM1700588 (HGPS patient)
3 GSM1700587 (HGPS patient)

[ « Back H Next » ]

Primary skin fibroblasts were harvested from young and old healthy humans, as well as HGPS

patients.

Import Experiment

Step 10 of 11. Find Differently Expressed Genes

We will be interested in the contrasts between HGPS
Step 1. Choose group of classes1: | Step 2. Choose group of classes 2:

and healthy cells (both young and old) as well as HGPS patient HGPS patient
young healthy young healthy
between old and young healthy cells. old heaithy old heaithy

Now when you open up the gene expression data set

alongside our last saved pathway you will see this! Siep AN Remuve fescatiel Exession: [

Name Classes 1 Classes 2

HGPS patient vs young healthy HGPS patient  young healthy
HGPS patient vs old healthy HGPS patient old healthy
old healthy vs young healthy old healthy young healthy

| «Back Next»i\
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You'll notice right away that the network for progeria, aging, and neoplastic transformation is now color-
coded to the experimental data. It’s using the data as selected in the data view column (in this case, the
progeria versus young healthy fold changes). This feature can be toggled on/off using the “Link” button on

the left-hand side of the data view ruler.

Now, go analyze your data!

Follow these steps!

1. Sort data in column 1, ascending, this will put downregulated genes at the top.

2. Under the View tab, “Hide Unmapped Probes”.
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H “« ”
3. Filter, “Probes by Value”, select o oopec by value

first column, hide probes within

Select samples of interest: [Select Al ] [ Deselect All

-0.6 to 10 (this will, in effect, select

probes with a logFC < Name
v E] HGPS patient vs young healthy

HGPS patient vs old healthy
old healthy vs young healthy
[x] Gsm1700587

[1] Gsm1700588

o.01 (this will in effect select probes [X] GsM1700589

[1] Gsm1700590 o
[1] Gsm1700591

>

-0.6 or -1.5 fold or less),

hide probes with p-values exceeding

with p-values < 0.01 or an FDR of

o,

10%). [x] Gsm1700592
[x] Gsm1700593
= i

Filtering conditions (specify at least one - min, max or p-value cutoff)
“ o .
4. Select “Probes Remaining Hide probes | within v  range -06 to |10
T T .
After F"te”ng ’ indicate in Hide probes with p-values exceeding |0.01

the pop-up box that the selection
should apply to the “HGPS patient

{ oK ] [ Cancel

vs young healthy” column.

5. All this work should result in the selection of approximately 1400 progeria downregulated genes

(1408 to be exact).

Now we'll do some quick SNEA for diseases and cell processes to characterize the downregulated

genes (access SNEA via the Tools dropdown box on the right side of the Experimental Data View ruler).

And the

Answer is...!
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For diseases:

Gene Set Seed
carcinogenesis

malignant transformation
metastasis

neoplastic transformation

neoplasm

For cell processes:

Gene Set Seed
chromatin remodeling

cell cycle regulation

Overl...

272
95

139
102
325

Overlap
134
134

Percent Over... Overlapping Entities

4 SIRPA, TRIMS9, AGFG1, BCCL..
3 USP24, MLLT10, MGMT, RAP...
3 SIRPA, MGMT, JMJD6, DDX4...
5 RBM39, MGMT, TRRAP, PRK...
2 SIRPA, LAMA4, TRIMS9, BCCL..

Percent Overl... Overlapping Entities
9 CLOCK, LBR, NIPBL, CHD2, T...
8 TRIMS9, CLOCK, MGMT, BCC...

ELSEVIER

p-value

1.13352E-71
1.24809E-31
6.77140E-31
3.68008E-30
5.24672E-29

p-value

1.41367E-52

8.85798E-47

So, the downregulated genes from this progeria data set are characterized by cancer genes, as well as

genes involved in chromatin remodeling and cell cycle regulation.

As you inspect this data set, you will notice a curious thing. It
appears that many of the Progeria downregulated genes are also

downregulated in aging but just not as much.

&

."..g

In order to test this hypothesis computationally, we must first export the data

for these genes for analysis using Excel. You don’t have to do this yourself

(although you are welcome to try!), you can simply download the results from

Dropbox (GSE69391 allSIG DR progression genes 04-20-17.xlsx).
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First, you'll average the gene expression for each phenotype group:

Progeria Down-regulated Genes Display an Intermediate Phenotypein Aging

600.00

500.00 +

(Intensity)

Average Gene Expression

400.00 -

300.00

200.00

100.00

0.00 +
young healthy old healthy HGPS patient

Phenotype

It looks like you were right! It appears there is a trend of decreasing expression from young healthy
-> old healthy -> Progeria for those genes (1,408), which are statistically significantly downregulated

between Progeria and young healthy.

This is an exciting finding as it confirms a direct transcriptional link i&

between Progeria and aging.

<
11.7 Progeria Progression Genes (\\:}
A

It would really be interesting to examine these genes directly, but
first, you need to separate out only those genes (out of the total 1,408 j

downregulated genes) that contribute to this pattern.
You can call them the “progression” genes.

You can identify them using a very simple computational algorithm that requires that the average
expression for each gene be greater from young healthy to old healthy to Progeria (see formula in Excel

spreadsheet).

Filter for just those genes and transfer them to the second sheet. You can see that fully 1,088/1,408 (or
77%) of the original downregulated genes conform to this pattern. Clearly, this represents an important

trend in the data!
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Now all we have to do is Copy/Paste (or ctrl C/ctrl V) these genes back into Pathway Studio (Import
Entity List) for further analysis.

Now, let’s do something a little bit different!
11.8 Progression Genes, SNEA, Expression Regulators

We'll perform a SNEA which identifies upstream expression regulators for these progression genes:

Enrichment Analysis of Selected Entities

Input Objects: | NIPBL, RAP2B, DDX46, METTL7A, HNRNPULL, C220rf39,
DDXS5S, FAM175A, METTL21A, TBLIXR1, ERCC4, MYO9A,
TBC1D31, FANCM, PPP1R21, ARID4A, MirlS5hg, ZNF107,

Analysis Type:  Find Sub-Networks Enriched with Selected Entities v
p-value = |0.05
Min Overlap: |1

[¥] Include only overlapping entities in Pathways
Max Networks: 100

Neighbors: @ Expression Targets
miRNA Targets
Chemical Expression Targets
Binding Partners
Protein Modification Targets
Disease Biomarkers (Quantity)
Disease Biomarkers (Mutations)
Proteins/Chemicals Regulating Diseases
Proteins/Chemicals Regulating Cell Processes

Custom Select types...

The expression of a large number (84) of the progression

genes appears to be influenced by the proteasome endopeptidase complex (p-value < E-7):

Gene Set Seed Overlap  Percent Over..  Overlapping Entities p-value
= proteasome endopepticase.. 84 6 MLLTL0, PAN3, CLOCK SOR.. 6.96636E6
KCNN2 3 15 NRF1, TFAM, AXL 240281E4
ubiquitin ), 6 CLOCK, MGMT, BIRCS, BMP..,  292039E4
P53 ) 3 MGNT, RAP2B, HNRNPULL, .. 3.89700E4
ubiquitin-protein ligase 31 ] PPP2CA, SAVL, NR3CI, HDA.. 4.71147E4
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Progression genes whose expression
is influenced by the proteasome
endopeptidase complex:

11.9 The Proteasome Endopeptidase Complex and Progeria

Is there a direct connection between this complex and Progeria?

proteasome 1
endopeptida : 1 !
se complex 1 I'O erla i

Network Builder X

Step 3: Setup Preview

X No relations were found. Please select other parameters.

Potential Connections
Entites: 0
Relations: 0 €

— Applied Relation Filters

BindingX Biomarkerx CellExpressionX
ChemicalReactionX ClinicalTrialx DirectRegulationX
ExpressionX FunctionalAssociationX GeneticChangeX
miRNAEffectX MolSynthesisX MolTransportX
PromoterBindingX ProtModificationX QuantitativeChangeX
RegulationX StateChangeX

Test this by selecting both entities (in a new pathway) and then, “Add, Direct Interactions, All”
And the answer is that we can find none at this time in the Pathway Studio database.

What about between the proteasome endopeptidase complex and aging?
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proteasome,
- endopeptida
complex

-3 Regulation (negative) proteasome endopeptidase
complex ---| aging
121 references Well, actually there is substantial evidence for a

Because the proteasome plays an essential role in connection between a loss of proteasome function
cellular processes, an age-associated decline in

proteasome function is assumed to contribute to the and the “deve|0pment of age-related pathology”.
development of age-related pathology and to the

aging process itself And now we've identified a similar new connection

An age-related decrease in proteasomal activity has
been assumed to be involved in the aging process and
the development of age-related pathology. from gene expression data.
It has previously been reported that the proteasome
exhibits declines in function during cardiac
ischemia/reperfusion and aging.

between proteasome function and progeria directly

And that’s not bad for a day’s work!
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Before we go, what did we learn today?

. The importance of single gene (monogenic) inherited defects for studying normal physiological
function.

. How to combine entities and relations between diseases (progeria and cancer) and a cell process
(aging)-

. How to integrate gene expression data into a disease model for progeria.

. Identification of progression genes between young healthy, old healthy, and progeria patients.

. How to use a SNEA for the identification of enriched upstream regulators of gene expression.

. Identification of a new connection between deteriorating proteasome function, aging, and

progeria.



Study Questions 11

Before answering the questions:

Read in the gene expression data set provided, calculate downregulated significant genes for HGPS
versus young/healthy and old/healthy versus young/healthy. Save each pathway separately. Use

significance criteria as outlined in the module to answer the following questions:

1. Combine the two pathways above and find the intersection. Save the resulting overlapping genes. Run
an SNEA for diseases on this group. What is the top enriched disease (by p-value)? Run an SNEA

for cell processes on this group. What is the top enriched cell process (by p-value)?

2. Subtract the “old/ healthy versus young/healthy” pathway from the “HGPS versus young/healthy”
pathway and save the result. Run an SNEA for diseases on this group. What is the top enriched
disease (by p-value)? Run an SNEA for cell processes on this group. What is the top enriched cell

process (by p-value)?

3. For the SNEA cell process “cell survival” group from Question 2, what are the top three (by p-value)

expression regulators? (Hint: SNEAS expression regulators)

4. How many genes/proteins are in the top group from Question 4? How many of these genes are also
connected to the cell process of aging? (Hint: Check local connectivity for genes/proteins linked
to both aging and cell survival.) What are the top five genes/proteins (by # of references) in this
group for aging?

5. A mutation in which the five genes from Question 4 can directly cause Progeria? (Hint: Reassociate

Progeria with the five genes from Question 4.)



For Cell Interactions, How Do I...

Exercise 11.1: What is the role of a cell in disease/clinical parameter?
Finds what role cells(s) have in Clinic Parameters and Diseases.

Step 1: Create New Pathway or within Pathway, select cell(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: All

Step s5: Entities: Select “Clinic Parameters and Disease ” Relations: Select "Regulation”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 11.2: How does a disease affect a certain cell type?

Finds effects of a disease on cell(s).

Step 1: Create New Pathway or within Pathway, select a disease(s)
Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool
Step 4: Select Direction: All

Step s5: Entities: Select “Cell" Relations: Select "Biomarket and QuantitativeChange and Regulation and
StateChange"

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish



Exercise 11.3: What proteins affect cell function?
Finds how proteins regulate cell functions.

Step 1: Create New Pathway or within Pathway, select cell(s)
Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool
Step 4: Select Direction: Upstream

Step s5: Entities: Select “Protein, Complex, and Functional Class ” Relations: Select "Regulation'

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 11.4: What small molecules affect cell function?

Finds how small molecules regulate cell functions.

Step 1: Create New Pathway or within Pathway, select a cell(s) and or cell process(es)
Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction:Upstream

Step 5: Entities: Select “Small Molecule Class " Relations: Select ""Regulation”

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish



Exercise 11.5: What proteins are expressed in a cell? What proteins are exposed at
the surface of the cell?

Finds what proteins have cell expersions relations or are exposed at the surface of a cell.
Step 1: Create New Pathway or within Pathway, select a cell(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: All

Step 5: Entities: Select “Protein” Relations: "CellExpression"

Add condition: Mechanism “is equal to” surface

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish

Exercise 11.6: What proteins/small molecules are secreted from the cell?

Finds what proteins secrete a specific proteins and/or small molecules

Step 1: Create New Pathway or within Pathway, select a cell(s)

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Downstream

Step 5: Entities: Select “Protein or SmallMolecule” Relations: "MolTransport"

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish



Exercise 11.7: What proteins are secreted from the tumor cell?

Identifies what proteins are secreted from cancers.

Step 1: Create New Pathway or within Pathway, select Disease

Step 2: Select Add- > Network Builder

Step 3: Select Expand Pathway, Advanced Expand Pathway Tool

Step 4: Select Direction: Downstream

Step 5: Entities: Select “Protein, Complex, and Functional Class ” Relations: Select "QuantativeType"

Add condition: QuantitativeType “is equal to” secretion

Continue to Network Builder Step 5 and click Launch Interactive Network Builder or Finish
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The simplest way to get data into Pathway Studio is by direct import from GEO.

GSE33463

Download file either directly from Import

the GEO website or from Dropbox

SE33463_series_matrix.txd).

Import to your home directory and ' b i

1ia tormar D Tss-ceimans \oman mOSng CIE wnS G3E man (con Be
browse to file in Pathway Studio . l
“Import Experiment.” e

b Nvag whae Peger 4-15- 14

—
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Appendix 1.A

Data Import from the Gene Expression Omnibus (GEO)

Getting gene expression data (microarray and
RNASeq data) successfully into Pathway Studio.

Pathway Studio can import gene expression data directly from GEO or from a tab-
delimited spreadsheet file. Import is designed to be highly flexible, allowing user-
defined location of key fields and column designations.

So you can.....

And Follow the Yellow Brick Road !

(the 11-step program) l
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And Follow the Yellow Brick Road!

i Step 2 of 11. Select header row, ¥ such exts
1 7] Mo header row
OB CARDWS CREDWA GBI CIMIDUS GRS CABDEN CHEDE -
A 1343091 17678 171928 AT 148718 14 4831 172019 17158 ]

BABLIMINS 102 gt Expesiment =
WA 2631199 791
A 651209 842 Step 3 of 11. Sebect frst data row.

| - |

?
?

e e s
A 1651228 36

NARIMIMS 1528 L3AIN  119MM LA LI 138168 13488
RABLIONID BT L oeiissiin 79112 78447 19507 75057 7959 79515 THM
BAMNZ0 TTE e sim saer ra5  soar 198 T mam
WABLISIY MY | o i 770 75003 1977 79647 ™™n 18818 160 "}
BABLIAIIN SO0 aaepesian s13M sos Team  sowT T e Emend :

MLIEIDS TEN stz t6302  16en 162 ooe  1ssee  wma g ||
BAR 3BT TN

ty
BAR 1632229 90173 T [ §34] 2409 [ ®o0 ] 83573 Ba43 “ 4
BN 3631258 T4 I

RMR_ISSIZ 77285 15633 (¥ [ B2 T8437 146345
LA 36819 7

b o o v o=t [l e
« 3 : 258 79515 79634 ‘
[T T 0411 7841 75213 79006 2004 Bo9sa
MM 1651237 78084 s0x8 ron s0917 som so9s L0 %
RMNI6SII 74377 746305 7.0 7445 778 740m 7.697 Lk e
[TETRT e e ram8 7833 s soon 1533 L1009 by
A 165825) 74500 14082 80107 784461 756% 2.75%7 7.229%
NARLOSIINE 12025 123586 10338 s 10093 umm  uowm - el
< lad '] positon 0
| aBack || Nets i:-m«’
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This works particularly well because it will automatically import the phenotype data.

Import Experiment X

Step 7 of 11. Experiment properties

Sample Type: ‘lmensity ll
Experiment Name: [R.NA Seq 1l W
Description: | simple RNA SEQ - normalized counts
Add/Remove Annctation: [ Add ] [ Ranama l[ Rarmows
Annotations: | Sample phenotype
P26 'Cass1 ~
P28 ' Qlass1
PE-2 ' Cass1
PB-4 ' Cass1
Pe-5 ' Qass2
PE-7 PB-7 Y

Use Ctrl+C/V to copy/paste tabular data after selected cell

| =8ack || Nea» |

Import Experiment X

Step 9 of 11. Mapping
Type of Identifiers: | Microarray ID v .
R l["“ = .. Just make sure to specify the
p Manu rer: | Ilum =l ) ) )
Crip Name: [TuminaMarmmatie = correct identifier type (Hint:
Probeset to Gene Map Limit |1 | v Affymetrix and lllumina are

among the most popular.).
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Appendix 1.B

Data Import from a Tab Delimited File

Example 1:
EntrezlD CC-6  CC-8  CC-2  CC4  CC5  CC7  CC1  CC3
497097 31.75776 34.09936 25.46663 30.25447 26.30409 18.32842 25.24533 17.16282
Class 1= CC - 6,8,2,4 100503874 5.60431 11.36645 15.67178 9.454523 1.878864 1.832842 5.049066 0
100038431 0 0 0 0 0 1.832842 0 0
Class 2 = CC -1,4,5,7 10888 0 0 0 0 0 1.832842 0 0

20671 1.868103 3.788818 3.917944 9.454523 3.757727 3.665685 5.049066 1.716282
27395 44.83448 30.31055 41.13841 35.92719 35.69841 38.48969 31.97742 44.62334

18777 50.43879 45.46582 45.05635 49.16352 26.30409 40.32253 28.61137 36.04193

Gene identifier = Entrez 100503730 1.868103 0 1.958972 0 0 1.832842 0 0
GenelD 21399 99.00948 77.67077 105.7845 54.83624 67.63909 111.8034 119.4946 97.8281
eneil. 58175 3.736207 7.577636 1.958972 5.672714 3.757727 9.164212 8.41511 5.148847
108664 160.6569 168.6024 178.2664 151.2724 114.6107 159.4573 186.8154 157.898

18387 0 0 0 0 0 1.832842 0 0

12421 226.0405 212.1738 248.7894 206.1086 191.6441 214.4426 255.8193 293.4843

240690 192.4146 215.9626 188.0613 240.1449 217.9482 201.6127 203.6457 207.6702

310263 246.5806 234.9067 276.215 264.7267 223.5848 285.9234 316.4081 305.4983

71096 18.68103 9.472046 21.54869 7.563619 7.515455 20.16127 13.46418 22.31167

59014 11.20862 17.04968 3.917944 11.34543 15.03091 12.8299 11.78115 5.148847

76187 9.340517 5.683227 9.79486 5.672714 1.878864 7.33137 6.732088 1.716282

72481 0 0 1.958972 0 0 3.665685 0 1.716282

76982 13.07672 17.04968 11.75383 7.563619 3.757727 10.99705 11.78115 17.16282

17864 7.472413 11.36645 17.63075 18.90905 18.78864 14.66274 21.87929 25.74424

70675 69.11982 75.77636 60.72813 62.39985  41.335 62.31664 70.68692 53.20476

170755 20.54914 17.04968 9.79486 17.01814 13.15205 25.65979 13.46418 18.87911

620986 1.868103 1.894409 0 1.890905 1.878864 0 0 0
240697 1.868103 3.788818 0 1.890905 5.636591 3.665685 1.683022 6.86513
73824 1.868103 7.577636 9.79486 9.454523 5.636591 14.66274 18.51324 15.44654
266793 0 1.894409 0 0 0 0 0 0
100038398 0 1.894409 0 0 0 0 0 0
69312 0 0 0 0 0 1.832842 0 0
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Find data at:
PS tab delimited data set for import — example1_10-06-16.tx{

Locate the data in your files.

Step 1 File Upload
Experiment Type: | RNA-Seq v

File Format (@) Tab-geimaed format including GDS and GSE matrix (can be

COmprSSES as gZ]
() Excel files (XLS/XLSX) I

File: | normizedCounts. txt
Biomarin demo
4 Elsevier in the Classroom
Biomarker workflow

Folder to save

Pre-eclampsia Data Analysis
Pre-eclampsia Workflow
RNA Data Analysis
Toxicology Workfiow
Variant Analysis |

JP Consult 07-26-16

Lit Metrics 07-26-16

NGST

Manually input the phenotype class names.

Import Experiment
Step 7 of 11 Experiment properties
Sample Type: |Intensity v
Experiment Name: RNA Seq_l

Description: | simple RNA SEQ - normalized counts

Add/Remove Annotation: Add Rename Remove
Annotations: | Sample phenotype

PE-6 ' Class1 -

P3-8 ' Cass1 ‘
' =

P22 Class1 I ‘
'

Pg-4 Class1
'

P8-S Class2

pe-7 8-7 i

Use Ctrl+C/V to copy/paste tabular data after selected cell
= Back Next =

Appendix 1.B | Appendix 1.B | Data Import from a Tab Delimited File

Browse..

1

Next =

Hint: Copy and Paste (using

Ctrl C and Ctrl V) the sample
and phenotype columns into
Excel. Rename as needed and
then copy and paste back into
Pathway Studio (this is especially
helpful for large data sets).


http://downloads.pathwaystudio.com.s3.amazonaws.com/documentation/EIC%20Workbook/Appendix%20I.B/PS%20tab%20delimited%20dataset%20for%20import%20-%20example1_10-06-16.txt
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Locate the data in your files.

Empoet Exparmpnt

Step 5 of 11 Mapping
Type of ldentifiers | Enrez GennlD =

Peobeset 1o Geng Map Limir | 1 -

w6 er w2 4 ms .

SEIT SAMI0INNIN00. LLIGASTATIO. 1SETITTSMINTE  S4BASTINNNGT.. LATHAGISOSS

1eoze<31 [N i
IFAESN DEpHAMEnt

me S

27 1AMI03070667  3TMBLEMSISE. 39179431088 169 10 o4 11 Find (ifesenly Expressed Genes

T SRR RII0RITMIL. <LKl

W S, o e |2 Do et e
sosesso NGO ! cas
wss S KoL
BT ITMNMLM TSTGMSIL. 1TSS [
el gl
it 10MSRBMAOTI 1GLEOMINAIE 17426644338
Pe-3 Pa-3
we I
B ZSRRNS. BRI, MBS
szwan [NOS NAMERASSEY  SNCGASAANSATE | SH AAYanSaAsl
4 | it i Step 3. Add/Remove Diffecential Expression Add
Name Clazes 1 Clasges
Clags 2v3 Clams 1 Claas 2 Caxil

Mukiple Tessing Comection:  BenjaminkHochbeng nFDR.l -

!

Nea

!
2
i
H
i
i
i
i
§
%
i

e rerma rerm

 }

Now....analyze your data!

oa
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Example 2. Import Fold Change and P-value Data
A B C D E F G J K
1 EntrezID Symbol ki_vs_wt::adjust_p value ki_vs_wt:foldChange GeneName Chr  Start End EnsembliD  UNIGENE
2 231130 Tnip2 0.46295 5.1541 TNFAIP3 interact 5 -34496096 -34513979 NM_139064;N ENSMUSG00C Mm.28615
3 330222 Sdk1 0.46864 4.6492 sidekick homolog 5 141241534 142213791 NM_177879;N ENSMUSG00C Mm.151931;N
4 50787 Hs6st3 0.46864 4.1528 heparan sulfate ¢ 14 119138265 119869815 NM_015820;N ENSMUSGOOC Mm.445777
5 21405 Hnfla 0.46864 4.1521 HNF1 homeobox 5  -114948980  -114971062 NM_009327;N ENSMUSGOOC Mm.332607
6 66589 Ube2vl 0.31656 2.9121 ubiquitin-conjuge 2  -167607639  -167632005 NM_023230;N ENSMUSGOOC Mm.278783;V
Il 197591 Rnl8s 0.21073 2.3094 18S ribosomal RM 6 NA NA NR_0D03278 NA NA
8 102436 Lars2 0.23964 1.9412 leucyl-tRNA syntl 9 123366940 123462664 NM_153168;N ENSMUSG00C Mm.276076
S 72003 Synpr 0.20006 1.8036 synaptoporin 14 13284780;134513615469;1361NM_0011630: ENSMUSG00C Mm.317515
10 17263 Meg3 0.20006 1.4666 maternally expre 12 109545398;10¢€ 109568600;10S NM_144513;N ENSMUSG00C Mm.289645;M
11 | 100861531 Rnd5s 0.20006 1.3918 45S pre-ribosom: 17 39842997 39848829 NR_046233 NA NA
12 16438 Itprl 0.20006 -1.2386 inositol 1,4,5-tris 6 108213096 108551116 NM_010585;N ENSMUSGO0OC Mm.227912
13 12307 Calbl 0.23948 -1.3468 calbindin 1 4 15881264 15906709 NM_009788;N ENSMUSGO0C Mm.277665
14 57295 Icmt 0.25878 -1.429 isoprenylcysteine 4 152297214 152307126 NM_133788;N ENSMUSGO0C Mm.277464
15 22629 Ywhah 0.46864 -1.4367 tyrosine 3-monot 5 33018816 33027966 NM_011738;N ENSMUSG00C Mm.332314
16 11676 Aldoc 0.16688 -1.4774 aldolase C, fructc 1 78324158 78326760 NM_0013034: ENSMUSG00C Mm.7729
17 56298 Atl2 0.46864 -1.4953 atlastin GTPase : 17 -79848392;-79¢ -79896028;-79¢ NM_0012866< ENSMUSG00C Mm.175403
18 20623 Snrk 0.20006 -1.5039 SNF related kinas 9 122117266 122169702 NM_00116457 ENSMUSGO0OC Mm.257989
19 242202 Pde5a 0.23964 -1.5084 phosphodiestera 3 122729158 122859374 NM_153422;N ENSMUSG00C Mm.134911
20 67792 Rgs8 0.094407 -1.512 regulator of G-pr 1 153653037 153697665 NM_026380;N ENSMUSGO0OC Mm.379143
21 104175 Sbkl 0.20006 -1.5168 SH3-binding kina 7 126272619 126294999 NM_145587;N ENSMUSG00OC Mm. 29660
22 20513 Slc1aé 0.46295 -1.5268 solute carrier far 10 78780456 78814825 NM_005200;N ENSMUSG00C Mm.6257
23 18546 Pcpd 0.20006 -1.5802 Purkinje cell prot 16 96467606 96525793 NM_008791;N ENSMUSG00C Mm.5023
24 239217 Kctd12 0.20006 -1.6075 potassium chann 14  -102976581  -102982637 NM_177715;N ENSMUSG0OC Mm. 246466
25 66540 Fam107b 0.20006 -1.75 family with seque 2 3713458 3782134 NM_025626;N ENSMUSGO0OC Mm.277864
26 98758 Hnrnpf 0.462595 -1.7649 heterogeneous n 6 117906782;117117925622;117 NM_00116642 ENSMUSGO0C Mm.422979;M
27 110834 Chrna3 0.46864 -4.1142 cholinergic recef 9 -55011343 -55026559 NM_145129;N ENSMUSG00C Mm.63569
28 30937 Lmcdl 0.23964 -4.8776 LIM and cysteine 6 112273758 112330423 NM_144799;N ENSMUSGOOC Mm.234441

Find data at:

PS tab delimited data set for import — example2_10-10-16.tx{

Locate the data in your files.

Import Experiment x

Step 1. File Upload.
Import Experiment

Experiment Type: Gene Expression -

File Format: @ Tab-delimited format, including GDS and GSE matrix (can be

compressed a5 .g2)
© Excel files (XLS/XLSX) /

File: | PS tab delimited datset for import-example2 10-10-11| | Browse..

Folder to save: 4 L. My Projects
J. ASD M$10-10-16
J. David Jones UCL 11-04-16
J. Gordon Broderick NOVA 11-02-16
4. Mumina Joint Webinar

Step 5 of 11 Select first sample column.
# of columns per Sample |2

Expression Value column position (in Sample)
p-value column position

l:] Call column position g

Gene identifier = Entrez GenelD

i My Projects
4. NYAS White Paper 08-15-16
J. Sanofi Services Contract 08-30-16 -~
). Terry Gaasterland 11 1016 g
20513 | sclas |G 15262 sohte carrier famiy 1 (hgh... 10 ::
uee | acoc [ 1474 aidolase C. fructose-bispho... 11 :i =
= 17263 Meg3 _ 14666 maternaly expressed 3 12 lI
o 72003 syror [ 1:036 synaptoporin 14 ]
B o DS 17 ————
so7e7 | wees: [ ¢ 152: heparan sufate 6-O-sufotr.. 14 1
Indicate data location; fold SN ro+ N - :::: Stnaat M S
’ 100861531 ~rsss  |EOOCII 1 :51¢ 455 pre-ribosomal RNA 17
change and p-value. _ TP e stastin GTaze 2 1
66540 | ram1070 |ESOCHN 175 famiywithsequencesimia.. 2w
< 1 | »
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Limit data to these two columns

—~
.

i.e. p-value and fold change).

Import Experiment

Step 6 of 11 Select last column of last sample.

o ws  owwr  ase eeooGpeensge 1 ) VoL this example, for
253 scles | SESSINNNNNNETSEEE :ote carrier famiy 1 (hgh .. 10 simplicity’s sake we only have

11676 Aldoc aldolase C fructose-bispho... 11 3
17263 Meg3 matemally expressed 3 2 ) one comparison. In fact, this
]

72003 Synpr synaptoporin 14
239217 Kctdl2 potassium channel tetrame... 14

method could be adopted

for any number of different,

18546 Pepd Dufqme cell protein 4 16 ¢ ) .
100861531 RndSs 455 pre-ribosomal RNA 17 : separate comparisons. Simply
REGT At2 — T adjust the # of columns

66540 Faml07b family with sequence simila... 2  :

865890 voe2vl voiquitn-conjugating enzy... 2 highlighted (all have to be in
242202 PdeSa phosphodiesterase SA ¢G... 3 ) —— th I 'F Id h
12307 Calbl calbindin 1 - ] € same p-Va ue’ 0 c ange
572851 ket soprenyicysteine carbonyl... 4 ) order and also have to be
22625 Ywhah tyrosine 3-monooxygenase... S v

grouped together (see below).

S

[ A P

Indicate data type.

X

Import Experiment
&) Fold change data ~

Step7of 11 Experiment pcopemes @Iﬂwew - Yrrer ~ [ - Bece » ®

Sample Type:  Signed fold-change M

Experiment Name: | Fold change daﬂ 6_vs_wt-adjus...

owsre —)

Add/Remove Annotation:

Annotations: | Sample phenotype
K_ovs_wtadjust_... K_vs_wt-adjust.

4.62950E-1
4.68640E-1
4.68640E-1
4.68640E-1
3.16560€-1
210730€-1
239640E-1
2.00060E-1
2.00060E-1
2.00060E-1
2.00060E-1
239480E-1
258780E-1
4.68640E-1
1.66880E-1

AT2 [ ress 46864081
SNRK [ asos 2000601
PDESA [ 1seed 2396408-1
RGSS [ sy 9.440708-2
seK1 [ s 2.00060E-1
SIC1A6 [ s 46295081
pess |
XCTD12 [ veoms| 200060E-1
FAM1078 g 2.00060E-1

1 HNRNPE [ e 4.62950€-1
Now....analyze your data! N .

e o7 I
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Appendix 1.c

Data Import for RNASeq Data

Complex RNASeq data (from the CuffLinks program)

Find data at:

LungNormaI_vs_LungTumor.gene_exg.diFF_10-10-16.txj

A B G D E F G H 1 J K L M N (o]
1 gene locus sample_1 sample_2 status value_1 value_2 FC_T/N log2(fold_change) test_stat p_value FC_T/N log2(fold_change) q_value significant
& 42430 chra:1644: LungNorm LungTumor OK 0.888877 1.63541 1.839860858 0.879596665 3.10178 0.00015 1.839860858 0.879596665 0.000336887 yes
3 42430 chr1:2209¢ LungNorm LungTumor OK 18.2479 7.90096 0.432979137 -1.207630583 -5.79906 0.00005 0.432979137 -1.207630583 0.00011798 yes
4 42431 chrl:2209; LungNorm LungTumer OK 4.59102 9.55956 2.082230093 1.0581295 440671 0.00005 2.082230093 1.0581295 0.00011798 yes
5 42431 chr19:847{ LungNorm LungTumor OK 4.61475 8.07907 1.750705889 0.807936737 2.8992 0.00005 1.750705889 0.807936737 0.00011798 yes
6 42432 chr5:1262( LungNorm LungTumor OK 0.962022 0.407359  0.42344042 -1.239769104 -3.10235 0.0001 0.42344042 -1.239769104 0.000228857 yes
7 42433 chr2:2171; LungNorr LungTumor NOTEST 0.0110425 0.0189432 1.715481096 0.778613228 0 1 1.715481096 0.778613228 1no
8 42434 chr10:940! LungNorm LungTumor OK 8.41669 3.9645 0.471028397 -1.086114056 -4.99175 0.00005 0.471028397 -1.086114056  0.00011798 yes
9 42435 chr5:1035: LungNorm LungTumor OK 47.5576 32.7109 0.687816458 -0.539904457 -2.82576 0.00005 0.687816458 -0.539904457 0.00011798 yes
10 42436 chr2:1605¢ LungNorm LungTumor OK 40.1367 21.811 0.543417869 -0.879866088 -4.64003 0.00005 0.543417869 -0.879866088 0.00011798 yes
11 42437 chr10:459! LungNorm LungTumor OK 8.24987 10.7157 1.298893195 0.377282806 1.62279 0.0205 1.298893195 0.377282806 0.0323616 yes
12 42438 chrl2:581¢ LungNorm LungTumor OK 0.946702 0.561338 0.592940545 -0.754040644 -1.81427 0.0172 0.592540545 -0.754040644 0.0275972 yes
13 42439 chr17:607; LungNorm LungTumor OK 0.536472 0.652436 1.216160396 0.282333514 0.187988 0.8053 1.216160396 0.282333514 0.836655 no
14 42614 chrl6:303{ LungNorm LungTumor OK 1.46039 2.53332 1.73468731 0.79467563 2.00533 0.01285 1.73468731 0.79467563 0.0211307 yes
15 42615 chr2:2421( LungNorr LungTumor OK 37.9996 617796 1.625796061 0.701146258 1.85005 0.009 1.625796061 0.701146298 0.015243 yes
16 42616 chr22:423’ LungNorm LungTumor OK 1.04544 1.09603 1.048391108 0.068177023 0.176019 0.80155 1.048391108 0.068177023 0.833478 no
17 42617 chr17:565¢ LungNorm LungTumor OK 3.06323 15.6396 5.105591157 2.352078015 8.52392 0.00005 5.105591157 2.352078015 0.00011798 yes
18 42618 ¢chr22:197( LungNorm LungTumor OK 12,3691 3.63608 0.293964799 -1.766284684 -5.7979 0.00005 0.293964799 -1.766284684 0.00011798 yes
15 42619 chrX:1187: LungNorm LungTumor OK 2.84457 5.64163 1.983298003 0.987901468 3.76105 0.00005 1.583298003 0.587901468 0.00011798 yes
20 42620 chr7:3584( LungNorm LungTumor OK 46.1913 56.5115 1.223423026 0.290923334 150383 0.0314 1.223423026 0.290923334 0.0477865 yes
21 42621 chr5:1320f LungNorm LungTumor OK 4.00653 4.6348 1.156811505 0.210153806 0.84747 0.2275 1,156811505 0.210153806 0.281308 no
22 42622 ¢hr17:752" LungNorm LungTumor OK 106.781 110.778 1.037431753 0.053016432 0.278004 0.68845 1.037431753 0.053016432 0.73395 no
23 42623 chr2:1103( LungNorm LungTumor OK 57.1868 36.4956 0.638182238 -0.647959639 -3.31384 0.00005 0.638182238 -0.647959639  0.00011798 yes
24 42624 chrd:7787( LungNor LungTumor OK 15.9228 26.6012 1.670635818 0.740397274 3.86171 0.00005 1.670635818 0.740397274 0.00011798 yes
25 42627 chr7:5586: LungNorm LungTumor NOTEST 0.0527852  0.0305913 0.57954313 -0.787012065 0 1 0.57954313 -0.787012065 1no
26 42628 chr1:8732{ LungNorm LungTumor OK 17.5671 19.1205 1.088426661 0.122244201 0.573455 0.4174 1.088426661 0.122244201 0.476824 no
27 AlBG ¢chr19:588! LungNorm LungTumor OK 0.274634 0.480508 1.749630417 0.807050207 1.04905 0.1744 1.749630417 0.807050207 0.222972 no
28 A1BG-AS1chrl9:588! LungNorm LungTumor OK 0.120942 0.333523 2.757710307 1.453470912 1.41657 0.1016 2.757710307 1.463470912 0.137601 no
29 A2m chr12:921" LungNor LungTumor OK 53.9448 1066.04 19.76168231 4.304633864 22.4442 0.00005 19.76168231 4.304633864 0.00011798 yes
30 A2M-AS1 chrl2:921LungNorm LungTumor OK 0.27323 0.482627 1.766376313 0.820792731  0.0886351 0.654 1.766376313 0.820792731 0.702531 no
31 A2ML1  chr12:897: LungNorm LungTumor OK 9.77056  0.0543773 0.005626832 -7.473461386 -9.22745 0.00005 0.005626832 -7.473461386  0.00011798 yes
32 AAGALT c¢hr22:430{ LungNorm LungTumeor OK 18.9259 5.0193 0.265207995 -1.914803825 -8.70986 0.00005 0.265207995 -1.914803825 0.00011798 yes

Step 1. ldentify columns to be imported, in this case, log2 fold change and g-
value. Hint: you may need to change the original position of the fold change and p-value columns so

that they are located side-by-side in the final spreadsheet import.
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The CuffDiff output provides a significance call for each calculated estimate of
differential expression (see last column above).

It is strongly recommended that the user ' /

pre-filter their data to include only significant \

calls. This will eliminate, among other things,

high fold changes measured at or below n——
background levels on both sides. This will

NOT be evident after the data has been /
imported into Pathway Studio and could

seriously (and silently) impact the resulting

analysis. The data below reflects this pre-

filtering step.

A B Cc D E F G H 1 J K L M N o

1 gene locus sample_1 sample_2 status value_1 wvalue_2 FC_T/N log2(fold_test_stat p_value FC_T/N log2(fold_q_value significant
2 42430 chr4:1644: LungNorm LungTumec OK 0.888877 1.63541 1.839861 0.879597 3.10178 0.00015 1.839861 0.879597 0.000337 yes
3 42430 chr1:2209¢( LungNorr LungTumc OK 18.2479 7.90096 0.432979 -1.20763 -5.79906 0.00005 0.432979 -1.20763 0.000118 yes
4 42431 chr1:2209: LungNorm LungTumec OK 4.59102 9.55956 2.08223 1.05813 4.40671 0.00005 2.08223 1.05813 0.000118 yes
5 42431 chr19:847¢ LungNorm LungTumc OK 4.61475 8.07907 1.750706 0.807937 2.8992 0.00005 1.750706 0.807937 0.000118 yes
6 42432 chr5:1262( LungNorm LungTumec OK 0.962022 0.407359 0.42344 -1.23977 -3.10235 0.0001 0.42344 -1.23977 0.000229 yes
7 42434 chr10:940: LungNorm LungTumc OK 8.41669 3.9645 0.471028 -1.08611 -4.99175 0.00005 0.471028 -1.08611 0.000118 yes
8 42435 chr5:1035: LungNorm LungTumc OK 47.5576 32.7109 0.687816 -0.5399 -2.82576 0.00005 0.687816 -0.5399 0.000118 yes
9 42436 chr2:1605¢ LungNorm LungTumc OK 40.1367 21.811 0.543418 -0.87987 -4.64003 0.00005 0.543418 -0.87987 0.000118 yes
10 42437 chr10:459: LungNorm LungTumc OK 8.24987 10.7157 1.298893 0.377283 1.62279 0.0205 1.298893 0.377283 0.032362 yes
11 42438 chr12:581¢< LungNorm LungTumc OK 0.946702 0.561338 0.592941 -0.75404 -1.81427 0.0172 0.592941 -0.75404 0.027597 yes
12 42614 chr16:303f LungNorm LungTumc OK 1.46039 2.53332 1.734687 0.794676 2.00533 0.01285 1.734687 0.794676 0.021131 yes
13 42615 chr2:2421( LungNorm LungTumec OK 37.9996 61.7796 1.625796 0.701146 1.85005 0.009 1.625796 0.701146 0.015243 yes
14 42617 chr17:565¢ LungNorm LungTumc OK 3.06323 15.6396 5.105591 2.352078 8.52392 0.00005 5.105591 2.352078 0.000118 yes
15 42618 chr22:197( LungNorm LungTumc OK 12.3691 3.63608 0.293965 -1.76628 -5.7979 0.00005 0.293965 -1.76628 0.000118 yes
16 42619 chrX:1187: LungNorm LungTumc OK 2.84457 5.64163 1.983298 0.987901 3.76105 0.00005 1.983298 0.987901 0.000118 yes
17 42620 chr7:3584( LungNorm LungTumc OK 46.1913 56.5115 1.223423 0.290923 1.50383 0.0314 1.223423 0.290923 0.047787 yes
18 42623 chr2:1103(LungNorrr LungTume OK 57.1868 36.4956 0.638182 -0.64796 -3.31384 0.00005 0.638182 -0.64796 0.000118 yes
19 42624 chra:7787(LungNorm LungTumc OK 15,9228 26.6012 1.670636 0.740397 3.86171 0.00005 1.670636 0.740397 0.000118 yes
20 A2M chr12:921° LungNorm LungTumc OK 53.9448 1066.04 19.76168 4.304634 22.4442 0.00005 19.76168 4.304634 0.000118 yes
21 AZ2ML1 chrl2:897: LungNorm LungTumc OK 9.77056 0.054977 0.005627 -7.47346 -9.22745 0.00005 0.005627 -7.47346 0.000118 yes
22 A4GALT chr22:430f LungNorm LungTumc OK 18.9259 5.0193 0.265208 -1.9148 -8.70986 0.00005 0.265208 -1.9148 0.000118 yes
23 A4GNT chr3:1378< LungNorm LungTumc OK 0.146681 0.598347 4.07924 2.0283 2.40885 0.01205 4.07924 2.0283 0.019945 yes
24 AACS chr12:125! LungNorm LungTumc OK 5.90326 3.5885 0.607884 -0.71813 -3,13482 0.00005 0.607884 -0.71813 0.000118 yes
25 AADAC chr3:1513< LungNorm LungTume¢ OK 0.829139 1.74367 2.102989 1.072441 2.00692 0.00735 2.102989 1.072441 0.012659 yes
26 AADACL2 chr3:1513¢LungNorm LungTumc OK 2.06816 0.364689 0.176335 -2.50361 -2.55421 0.0222 0.176335 -2.50361 0.034796 yes
27 AADAT chra:1709¢ LungNorm LungTumc OK 9.23837 6.97247 0.754729 -0.40597 -1.73537 0.0139 0.754729 -0.40597 0.02271 yes
28 AAGAB chr15:674¢ LungNorm LungTumc OK 12.972 9.93491 0.765873 -0.38482 -1.75333 0.01895 0.765873 -0.38482 0.03013 yes
29 AAMDC chrl1:775: LungNorm LungTumc OK 6.15364 23.9798 3.896848 1.962308 7.90551 0.00005 3.896848 1.962308 0.000118 yes
30 AAR2 chr20:348. LungNorm LungTume OK 9.21531 6.73B42 0.73122 -0.45162 -1.96335 0.0045 0.73122 -0.45162 0.008046 yes
31 AARS chr16:702f LungNorm LungTumc OK 68.7434 39.2857 0.571483 -0.80722 -4.34398 0.00005 0.571483 -0.80722 0.000118 yes
32 AARS2 chr6:4426¢ LungNorm LungTumec OK 5.13432 1.64905 0.321182 -1.63854 -6.77488 0.00005 0.321182 -1.63854 0.000118 yes
33 AASDH chrd:5720< LungNorm LungTumc OK 6.86677 9.32449 1.357915 0.441393 2.10929 0.00375 1.357915 0.441393 0.006785 yes

Find data at:

|LungNormaI_vs_LungTumor.gene_exg.diFF2_10-10-16.txj
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Import fold change and g-value data the same as in Appendix I.B, Example 2.

Import Experiment X

Step 5 of 11. Select first sample column.

# of columns per Sample vl ‘
Expression Value column position (in Sample) :1
p-value column position :2
Call column position 0

>

979137 -1.207630583 579906 0.00005 0.432979137 0.00011798  yes
1230093 1.0581295 440671 0.00005 2.082230093 0.00011798  yes
705889 0.807936737 28992 0.00005 1.750705559 [E0TOSCISTMMM 000011798  yes
44042 -1.239769104 310235 0.0001 0.42344042 0.000228857 yes
028397 -1.086114056 499175 0.00005 0.471028397 0.00011798  yes
816458 -0.539904457 282576 0.00005 0.687816458 000011798  yes
417869 -0.379866085 464003 0.00005 0.543417869 000011798  yes
893195 0.377282806 162279 00205 1.298893195 00323616 yes

940545 -0.754040644 181427 00172 0.592940545 00275972 yes

68731 0.79467563 200533 001285 1.73468731 00211307  yes

796061 0.701146298 185005 0.009  1.625796061 ITONMGISRMMI 0.015243  yes -
m »

Mo

Import Experiment X

Step 6 of 11. Select last column of last sample.

979137 -1.207630583 -5.79906 0.432979137
1230093 1.0581295 440671 0.00005 2.082230093
705889 0.807936737 23992  0.00005 1.750705889
44042  -1.239769104 -3.10235 0.0001 0.42344042

028397 -1.086114056 -4.99175 0.00005 0.471028397
816458 -0.539904457 -2.82576 0.00005 0.687816458
417869 -0.879866088 -4.64003 0.00005 0.543417869
893195 0.377282806 162279 0.0205 1.298893195
940545 0754040644 -1.81427 0.0172 0.592940545
68731 0.79467563 200533 0.01285 1.73468731

796061 0.701146298 1.85005 0.009 1625796061
|591157 2.352078015 8.52392 0.00005 5.105591157
964799 -1.766284684 -5.7979  0.00005 0.293964799
298003 0.987901468 3.76105 0.00005 1.983298003
423026 0.290923334 1.50383 0.0314 1.223423026 yes

182238 -0.647959639 331384 0.00005 0.635152233 [EIEAT0S0030MNO000II7S8N yes -
« [ ]

<
m
“

yes

<
I3
“

yes

yes

-<
m
“

yes
yes
yes
yes
yes
yes

yes
yes
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Indicate data type (in this case, log2 of fold change = Log-ratio).

Import Experiment

Sample Type: | Log-ratio

Description:

Add/Remove Annotation: Add

Annotations: | Sample

Indicate probe identity type.

Import Experiment

Step 9 of 11 Mapping /

Type of Identifiers: Nametmd |

Probeset to Gene Map Limit | 1 v

AlBG-AS1  AlBG-AS1 AlBG-ASl chrl$:58858171-58874214  LungNormal LlungTumor OK 0.120%4
ALCF ALCF ALCF <chrl0:52553168-52645435 lungNormal  lungTumor NOTEST 0

AM A A2M chrl29217772-9268558 LungNorma lungTumor OK 539448
A2M-AS1 | A2M-AS1  A2M-AS]1  chr129217772-9268558 lungNormal  lungTumor OK 027323
A2MLL A2MLL A2MLL chrl2:8975149-9029381 LungNorma LlungTumor OK 9.77056
A2MPL A2MPL A2nPL <chrl2:9381128-9386803 LungNormal LlungTumor  NOTEST 0
ASGALT ALGALT ALGALT chr22:43088126-43116876 LungNormal lungTumor OK 189259
AAGNT A4GNT A4GNT chr3:137842559-137851229 lungNormal  LlungTumor OK 014668
AADE AADE AADS chrl7:31340105-32483825 LungNorma LungTumor  NOTEST 0
AAAS AAAS AAAS chr12:53701239-53715412 lungNormal  LungTumor OK 268
AACS AACS AACS chr12:125549924-1256278... LungNormal lungTumor OK 550326
AACSPL AACSPL AACSPL chr5:178191863-178203277 LlungNormal  LungTumor  NOTEST 0.01569
AADAC AADAC AADAC <hr3:151347319-151546276  LungNormal LungTumor OK 0.82913;
AADACL2 AADACL2 AADACL2 chr3:151347319-151546276 LungNormal  LungTumor OK 206816
AADACLI3 AADACL3  AADACL3  chrl:12776117-12788726 LungNorma lungTumor  NOTEST 0
AADACLI4 AADACLY AADACLI4  chrl12704565-12727097 lungNormal  LlungTumor NOTEST 0
AADAT AADAT AADAT chr4:170981372-171011372  LungNormal LungTumor OK 923837
AAEDL AAEDL AAEDL chr3:99403532-99417599 LlungNormal  LungTumor  OK 129649
<« 1l »
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Step 7 of 11 Experiment properties

Experiment Name:  CuffDiff output

log2(foid_change)

Use Ctrl+C/V to copy/paste tabular data after selected cell

A

phenotype
log2(fold_change)

Hint: when the probe identity uses gene
symbol (as in this case) it’s often best to
use the Name+Alias designation as this
will capture both current and past gene
symbol assignments for the same gene/

protein entity.

Appendix 1.C | Data Import for RNASeq Data



Now....analyze your data!

Appendix 1.C | Data Import for RNASeq Data

Name b
Class: phenotype
SFTPC
SFTPB
SFTPAL
SFTPA2
NAPSA
PGC
SCGB3A2
AQP4
AGTR2
SFTPD
CACNA2D2
CLDN18
TMEM100
SCN1A
HHIP
AGBL1
VEPH1
AGER
CA4
NKX2-1
TRHDE
SLC6A4
RASGRF1
FCN3
WIF1
GRIAL
FOXA2
NDNF
C160rf89
ANKRD1
ADH1B
CRTAC1
MCEMP1
PKHD1L1
COL6AG
TYRP1

b 4
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q_value
q_value
1.1798E-4
1.1798E-4
1.1798E-4
1.1798E-4
7.48607E-4
0.00703833
1.1798E4
0.0169025
0.00152403
0.0140808
1.1798E-4
0.00199503
0.0154719
1.1798E-4
1.1798E-4
0.0198685
1.1798E4
1.1798E4
0.00862657
9.46723E4
0.0350243
1.1798E4
1.1798E4
1.1798E4
1.1798E-4
1.1798E-4
0.0047396
1.1798E-4
6.47053E4
1.1798E-4
1.1798E-4
0.00152403
1.1798E4
1.1798E4
1.1798E-4
2.7RR57F 4
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Appendix 2

Pathway Studio Data Model

The type of entities you want to connect in pathway view will
define a set of allowed relations; the choice of relation type
defines additional parameters such as Mechanism, BiomarkerType,
ChangeType, and QuantitativeType.



Relation type RNEF Effect Mech | Bio Change | Quantit [ Is Direct | Allowed types for Entity | Allowed types for Entity 2
menu option Control Physical |1
anism | marker Type ative
type
Type
Type
Binds and Direct positive Direct Protein, FunctionalClass, | Protein, FunctionalClass,
activates Physical | Complex, SmallMol Complex, SmallMol
Regulation
Binds and Direct negative Direct Protein, FunctionalClass, | Protein, FunctionalClass,
inhibits Physical | Complex, SmallMol Complex, SmallMol
Regulation
Binds Binding Direct Protein, FunctionalClass, | Protein, FunctionalClass,
Physical | Complex, SmallMol Complex, SmallMol
Bio Biomarker Protein, FunctionalClass, | CellProcess, Disease,
Complex, SmallMol ClinicalParamter
marker for
Diagnostic Biomarker diagnostic Protein, FunctionalClass, | CellProcess, Disease,
Biomarker for Complex, SmallMol ClinicalParamter
Prognostic Biomarker prognostic Protein, FunctionalClass, | CellProcess, Disease,
Biomarker for Complex, SmallMol ClinicalParamter
Expressed in Cell Protein, FunctionalClass, | CellType
Complex
Expression
Catalyzes Chem Direct Protein, FunctionalClass, | SmallMol
Physical | Complex
Reaction
Activates Expression | positive Protein, FunctionalClass, | Protein, FunctionalClass,
expression Complex, SmallMol Complex
Inhibits Expression | negative Protein, FunctionalClass, | Protein, FunctionalClass,
expression Complex, SmallMol Complex
Genetically linked | Genetic Protein, FunctionalClass, | Disease

Change

Complex




Epigenetically | GeneticChange epigenetic Protein, Disease
controlled in FunctionalClass,
Complex
Gene GeneticChange mutation Protein, Disease
mutated in FunctionalClass,
Complex
Gene deleted | GeneticChange gene deletion Protein, Disease
in FunctionalClass,
Complex
Gene GeneticChange gene Protein, Disease
amplified in FunctionalClass,
amplification
Complex
Activate MolSynthesis positive Protein, SmallMol
synthesis FunctionalClass,
Complex, SmallMol
Activate MolSynthesis negative Protein, SmallMol
degradation FunctionalClass,
Complex, SmallMo
imports MolTransport import Direct Protein, Protein,
Physical | FunctionalClass, FunctionalClass,
Complex Complex, SmallMol
Exports MolTransport export Direct Protein, Protein,
Physical | FunctionalClass, FunctionalClass,
Complex Complex, SmallMol
Activates MolTransport positive Protein, Protein,
transport FunctionalClass, FunctionalClass,
Complex Complex, SmallMol
Inhibits MolTransport negative Protein, Protein,
transport FunctionalClass, FunctionalClass,
Complex Complex, SmallMol
Binds gene Promoter Direct Protein, Protein
promoter Physical | FunctionalClass,
Binding
Complex
Binds gene Promoter positive Direct Protein, Protein
promoter to Physical | FunctionalClass,
Binding

activate gene

expression

Complex




Binds gene Promoter negative Direct Protein, FunctionalClass, | Protein
promoter to Physical | Complex
Binding
inhibit gene
expression
Increase activity | Quantitative positive activity Protein, FunctionalClass, | CellProcess, Disease
in Complex
Change
Decrease activity | Quantitative negative activity Protein, FunctionalClass, | CellProcess, Disease
in Complex
Change
Increase Quantitative positive abundance Protein, FunctionalClass, | CellProcess, Disease
abundance in Complex, SmallM
Change
Decrease Quantitative negative abundance Protein, FunctionalClass, | CellProcess, Disease
abundance in Complex, SmallMol
Change
Increase Quantitative positive expression Protein, FunctionalClass, | CellProcess, Disease
expression in Complex
Change
Decrease Quantitative negative expression Protein, FunctionalClass, | CellProcess, Disease
expression in Complex, Treatment
Change
Activates or Regulation positive Protein, FunctionalClass, | Protein,
Induces Complex, SmallMol, FunctionalClass,
Treatment Complex,
CellProcess, Disease,
ClinicalParamter
Inhibits or Regulation negative Protein, FunctionalClass, | Protein,
Diminishes Complex, SmallMol, FunctionalClass,
Treatment Complex,
CellProcess, Disease,
ClinicalParamter
Change StateChange phospho Protein, FunctionalClass, | CellProcess, Disease,
phosphorylation Complex ClinicalParamter
rylation
status in
Change splicing | StateChange alternative Protein CellProcess, Disease,

pattern in

splcing

ClinicalParamter




Altered in

StateChange

Protein,

FunctionalClass,

CellProcess, Disease,

ClinicalParamter

Complex
Phospho ProtModification phospho Direct Protein, Protein,
Physical FunctionalClass, FunctionalClass,
rylates rylation
Complex Complex
Phospho Prot positive phospho Direct Protein, Protein,
Physical FunctionalClass, FunctionalClass,
rylates to Modification rylation
Complex Complex
activate
Phosphorylates Prot negative phosphorylation Direct Protein, Protein,
Physica FunctionalClass, FunctionalClass,
to inhibit Modification
Complex Complex
Ubiquitinates Prot negative ubiquitination Direct Protein, Protein,
Physical FunctionalClass, FunctionalClass,
Modification
Complex Complex
Acetylates Prot acetylation Direct Protein, Protein,
Physical FunctionalClass, FunctionalClass,
Modification
Complex Complex
Acetylates to Prot positive acetylation Direct Protein, Protein,
activate Physical FunctionalClass, FunctionalClass,
Modification
Complex Complex
Acetylates to Prot negative acetylation Direct Protein, Protein,
inhibit Physical FunctionalClass, FunctionalClass,
Modification
Complex Complex
Methylates Prot methylation Direct Protein, Protein,
Physical FunctionalClass, FunctionalClass,
Modification
Complex Complex
Methylates to Prot positive methylation Direct Protein, Protein,
activate Physical FunctionalClass, FunctionalClass,
Modification
Complex Complex
Methylates to Prot negative methylation Direct Protein, Protein,
inhibit Physical FunctionalClass, FunctionalClass,
Modification
Complex Complex
Glycosylates Prot glycosylation Direct Protein, Protein,
Physical FunctionalClass, FunctionalClass,
Modification

Complex

Complex




Glycosylates to | ProtModification positive glycosylation Direct Protein, FunctionalClass, | Protein,
activate Physical Complex FunctionalClass,
Complex
Glycosylates to | ProtModification negative glycosylation Direct Protein, FunctionalClass, | Protein,
inhibit Physical Complex FunctionalClass,
Complex
Activates Expression positive Protein, FunctionalClass, | Protein,
Expression Complex, SmallMol, FunctionalClass,
Treatment Complex
Inhibits Expression negative Protein, FunctionalClass, | Protein,
Expression Complex, SmallMol, FunctionalClass,
Treatment Complex
Cleaves to ProtModification positive Protein, FunctionalClass, | Protein,
activate Complex FunctionalClass,
Complex
Cleaves to ProtModification negative Protein, FunctionalClass, | Protein,
inhibit Complex FunctionalClass,
Complex
Induce cleavage | Expression negative Protein, FunctionalClass, | Protein,
or degradation Complex, SmallMol, FunctionalClass,
Treatment Complex
Inhibit Expression Protein, FunctionalClass, | Protein,
cleavage or Complex, SmallMol, FunctionalClass,

degradation

Treatment

Complex






