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IPA Analysis Overview

An IPA (Core) Analysis maps your data to the Ingenuity Knowledge
Base (KB) and provides the following outputs:

— Biological functions and diseases that are over-represented in your
data, and the predicted directional effects on these functions and
diseases

— Signaling and metabolic canonical pathways enriched in your data.

— Predicted upstream transcription regulators that might explain
the changes observed in your data.

— Molecular networks (algorithmically generated pathways describing
potential molecular interactions in your experimental system)
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Data Upload to IPA
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Supported ldentifiers for Data Upload

-
IDs

Affymetrix Entrez Gene GenPept Ensembl miRBase Affy SNP

(LocusLink)* (mature) IDs Reglstry
Number
Agilent GenBank International RefSeq miRBase dbSNP HMDB
Protein Index (stemloop)
(IPI)
ABI Gene Symbol- UniProt/ UCSsSC KEGG
human Swiss-Prot (hgl18)
(HUGO/ Accession
HGNC, EG)
Codelink Gene Symbol- UCSC PubChem
mouse (EG) (hgl9) CID
lllumina Gene Symbol-
rat (EG)
Ingenuity Gl Number
UniGene

*Primary mapping to Entrez Gene
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Species Support

Species Supported in IPA
The following species are supported with full content in IPA.

* Human
» Mouse
» Rat

For the following species, we support DbSNP, Entrez Gene, Genbank, Genpept, NCBI Gl number, Unigene, and
Swissprot/Uniprot identifiers as well as some array-specific data. The identifiers for these species are mapped
according to their HomoloGene to the ortholog information in the Ingenuity Knowledge Base. The supporting content
for these specific species is not yet inked to their mappings (i.e. the content will be specific to human, mouse, and
rat). Species marked with a * indicate that we only support Affymetrix identifiers of this species

Arabidopsis thaliana

Bos taurus (bovine)
Caenorhabditis elegans
allus gallus (chicken)

Fan troglodytes (chimpanzee)
Danio rerio (Zebrafish)

Canis lupus familiaris (caning)
Drosophila melanogaster
Macaca mulatta (Rhesus Monkey)*
Saccharomyces cergvisiae
Schizosaccharomyces pombe
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Key Terminology

Observation
« An experimental condition or sample
Expression Value

 Numerical value indicating level of expression or
significance of a specific identifier

INGENUITY
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Uploading Multiple Observations

* IPA calculates significance based on the number of
genes/molecules that map to a biological function,
pathway, or network.

* Differences between observations will be determined by
differences in the number of genes that map to these
categories.

 Values associated with IDs need to be either filtered prior
to upload or filtered via a threshold during analysis set up.
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Multiple Observation: No Filtering

PROBE_ID

Observation 1

Observation 2

Observation 3

Observation 4

1007 s at

1.102060201

-1.950174692

-2.284966033

-1.490350557

200012

-1.056204495

-1.278105602

-1.126543599

-2.976190286

200061

-1.169087572

-1.202210924

-1.331014726

-2.310772708

200062

1.04380303

-1.251690101

-1.400551146

-2.511834387

200095

-1.039891293

-1.393501117

-1.155986718

-2.106450544

200633_at

-1.18377169

-1.502370828

-1.137044297

-3.547585559

200650_s_at

1.105123325

-1.503295614

-1.263102761

-3.071208931

200680 x at

-1.121915583

-1.19019341

-1.261911465

-2.902124686

200716_x_at

1.055138928

-1.395614383

-1.199132766

-2.592501325

Significant Genes

10

10

10

10

All observations have 10

look identical in IPA
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Multiple Observations: Pre-filtering

PROBE_ID Observation 1 Observation 2 Observation 3 Observation 4
1007_s at -1.950174692 -2.284966033
200012 x_at -2.976190286
200061 s at -2.310772708
200062 _s_at -2.511834387
200095 x at -2.106450544
200633 _at -1.502370828 -3.547585559
200650 s at -1.503295614 -3.071208931
200680 x_at -2.902124686
200716 _x at -2.592501325
Significant Genes 9

Pre-filtering data for fold change less than 1.5 will differentiate
the four observations because there are differing numbers of
probes/genes for each observation.
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Multiple Observations: Filtering During Analysis
Set-up

PROBE_ID Observation 1 Observation 2 Observation 3 Observation 4
1007 _s_at -1.950174692 -2.284966033
200012 x at -2.976190286
200061 s at -2.310772708
200062_s_at -2.511834387
200095 x at -2.106450544
200633 _at -1.502370828 -3.547585559
200650 s at -1.503295614 -3.071208931
200680 _x_at -2.902124686
200716 x at -2.592501325
Significant Genes 9

Setting a threshold of 1.5 during analysis set up will result in
IPA ignoring values less than 1.5 fold up or down,
differentiating the samples.
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Best Practices of Data Upload

» Calculate metrics outside of IPA (e.g. fold-change, p-value).

» Create an Excel spreadsheet or tab delimited file
One column must have identifiers, preferably the left-most column
Can have up to 20 observations
0 to 3 expression value-types per observation
Only 1 header row allowed
Place data in top Excel worksheet

Place metric you would like to visualize, usually fold-change (recommend
log2[ratio]), in the first column after ID.

Optionally upload the max intensity, or RPKM, between case and control to
understand magnitude of signal

* If you can group related observations into a single spreadsheet, do so.
« Specify array platform (chip) if possible
— Its is OK for “Not specified/applicable”

» Pre-filter you data at the lowest threshold that you have confidence in.
— For example, probe measurement p-value of .05 or other criteria.
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Why don’t all of the molecules in my dataset map to the
knowledge base?

« The gene ID might not correspond to a known gene product. For
example, most ESTs are not found in the knowledge base (exception:
ESTs that have a corresponding Entrez Gene identifier are found in
the knowledge base).

* A gene/protein ID might correspond to several loci or more than one
gene. Such identifiers are left unmapped in the application due to the
ambiguity of the identity.

* Identifiers for species other than human, mouse or rat must map to
human, mouse or rat orthologues in order to map in IPA.

« SNPs must map to a single gene. SNPs that fall greater than 2 KB
upstream or 0.5 KB downstream of a gene coding region will not be
mapped in IPA during data upload, since they cannot be
unambiguously mapped to a single gene.

« There may be insufficient findings in the literature regarding some
molecules.
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Data Upload Format Examples

A B A B C A B I
Accession ID A Log(Ratio) A Fold Change B Log(R;atm) B Fold Change

Accession ID Log(Ratio)  Fold Change
AAL34409 0.0143

Accession ID Fold Change
AALI4409

AAL0G422 AALDG422
NR3C1 NR3CA

1
2 AAL34400 0.0143
3 ;
707 4
NOTCH4 -1.1334 5 NOTCH4

1 ]
7
8
9

1

2

3 AA406422
4 NR3C1
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ABCCSH 11 |ABCCS
GABRE 12 |GABRE
HE9576 1.251 13 HGB9576
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— Tip: IPA will auto-detect the identifier type if it is in the first column of your spreadsheet
Gene list with 1 or more identifiers and a single measurement of one observation

— Tip: IPA can import fold-change, log(ratio), ratio, p-value, intensity/RPKM

Gene list with 1 or more identifiers and a multiple measurements of one observation

— Tip: Up to 3 different measurements can be mapped

— Tip: Measurements can be in any order but ‘easiest’ if log(ratio) is the first measurement

Gene list with 1 or more identifiers and a multiple measurements of multiple observations

— Tip: File can contain up to 20 different observations

Data can be in text file, or Excel file

— Tip: If using an Excel file ONLY the first worksheet is read and used
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Creating an IPA Core Analysis
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Creating

an IPA Core Analysis

Create Core Analysis - [analysis : Time course. Treated vs untreated]

Make sure reference set

matches source of molecules

> General Settings

Network Generation C...

Data Sources All

Confidence Experiment...

Species All

Tissues & Cell Lines All

Mutation All

ADVANCED | SAYE AS DEFAULTS

Set Cutoffs

Analysis Filter Summary
Population of genes to consider for p-value calculations: . i i
Consider only relationships where

confidence = Experimentally
Observed

Reference Set | Human Genome U133 Plus 2.0 Array

Relationships to consider:
Affects networks and transcription factor analysis

Optional Analyses:

=¥l My Project

® Direct and Indirect Relationships : o S
Assembles networks and identifies transcriptional

regulators with only direct relationships. Results in
networks in which members are nearer neighbors of
one another and biases for binding relationships.

) Direct Relationships

Click here to apply filter cutoffs and see number

Set data cutoff filters
Expression Value Type  Cutoff

-17.2747 to 46,8718 ‘Both Up/Downregulated " 363 analysis-ready molecules across observations

0.0 to 03994
Preview Dataset Time course. Treated vs untreated Observation; (120 hours (3043 :|

Analysis-Ready (304) | Mapped IDs 461) | Unmapped 1Ds (20) | All IDs (481 |

ET e o

D

209459_s_at
207692_s_at O
205132 at

that are network and function eligible

Fold Change

p-value

Raowys: (<]

Crug(sy
walproic acid, vig...

Fold Change

12974
+14.652
141570
119161
t4.054
12267
+4.429

MNates

View other observations if a multi-
observation data set

ADAMTS9*
ADAMTSL3

ADAM metallopep
ADAMTS-like 3

A kinase (PRKA) a
alkaline bhosnhat,

Extracellular Spacgpepticase
unknown other
Plasma Membrane|other
Plasma Memhranelohosphatase

“Analysis ready “molecules should be 100-
1500 for best results, but other values can
work

OOooOoOoOogiQd

- -
-

RUN ANALYSIS CANCEL
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Creating an IPA Core Analysis: Using Filters

Create Core Analysis - [analysis : Time course. Treated vs untreated]

_ | rAnalysis Filter Summary
> General Settings

Several filters available. Set Consider only relatlonships where
confidence = Experimentally

criteria to filter out findings of _ | Observed
Data Sources All less interest. Optional Analyses:

] =4 My Project
efrect Relationships [l My Pathways
[l My Lists

= Ingenuity CWS
Tissues & Cell Lines All ¥ My Pathways
[l My Lists
Mutation All =l Alcon

I My Pathways
¥ My Lists

Set Cutoffs

Network Generation C...

Confidence Experiment...

Species All I Relationships

Expression Value Type  Cutoff Range Focus On
Fold Change -17.2747 to 46,8718 ‘Both Up/Downregulated " 363 analysis-ready molecules across observations

p-value 0.0 to 03994
Preview Dataset Time course. Treated vs untreated Observation; (120 hours (3043 :|

Analysis-Ready (304) | Mapped IDs 461) | Unmapped 1Ds (20) | All IDs (481 |

oo v vt | oo o v | caanre o | custonazs e IR Rows: (150~ @

Fold Change p-value o Notes 7 Symbol Entrez Gene Name |Location Typeis) Drugis)

+2.974 2.00E-06 209459 _s_at ABAT 4-aminobutyrate a| Cytoplasm enzZyme walproic acid, wig...
+14.652 1.59E-04 207692 s_at D ACAN* aggrecan Extracellular Spacgother
+41.570 0.00EDD 205132_at ACTC1 actin, alpha, cardial Cytoplasm enZyme
+19.161 0.00EQO 226814 _at ) ADAMTS9* ADAM metallopep| Extracellular Spacqpeptidase
+4.054 0.00EQOD 213974 _at ADAMTSL3 ADAMTS-like 3 unknown other
+2.267 3.00E-06 205771 s_at AKAP7 A kinase (PRKA) an Plasma Membrane|other |
+4.479 1.00F-0/ 215783 5 at Al PL alkaline nhnsnhatd Plasma Membraneliphosphatase -

IDoooooolo

-

RUN ANALYSIS CANCEL
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Creating an IPA Core Analysis- Network

Create Core Analysis - [analysis : Time course. Treated vs untreated

. . X — - Analysis Filter Summary
‘ General Settings |Generate Networks as part of this analysis {may increase analysis time by several m|nute5)|

Consider only relationships where
confidence = Experimentally

I N G i 0. I Include endoge aus chemicals

Genes are always included

Data Sources Al Molecules per network

. ) - Option to turn off molecular
Confidence Experiment.. 35 .

. networks for a faster analysis
Metworks per analysis

Tissues & Cell Lines All

Option to exclude endogenous

Mutation All chemicals from networks

{
|
[ Species Al
|
|

ADYANCED | SAVE AS DEFAULTS

Set Cutoffs

Expression Yalue Type Cutoff Range Fine-tune format of networks
Fold Change -17.2747 to 46.8718 W mo e E 05 =rtdlysis-ready molecules across observations

p-value 0.0 to 0.9994

Preview Dataset Time course. Treated ws untreated Observation; |120 hours (304) -

Analysis-Ready (304) | Mapped IDs (461) | Unmapped IDs (20) | Al IDs (481) |

(o0 10 i | oo o v | caonreonrvees | cvsronezs vame TN Rows: [1-50 <1 3

Fold Change p-walus D MNates 4/ Symbol Entrez Gene Name [Location Typels) Drrugis)
+2974 2.00E-06 209459 s_at ABAT
+14.652 1.59E-04 207692 s_at D] ACAN* aqggrecan Extracellular Spacgother
+41.570 0.00ED0 205132 _at ACTC1 actin, alpha, cardial Cytoplasm enzyme
19161 0.00E00 226814 _at D ADAMTS9* ADAM metallopeq Extracellular Spacgpeptidase
14,054 0.00E00 213974 _at ADAMTSL3 ADAMTS-like 3 unknown other
+2.267 3.00E-06 205771 s5_at AKAP7 A kinase (PRKA) an| Plasma Membrane|other n
4479 1.00E-N6 215783 s at ALPL alkaline nhosnhatd Plasma Membranelphosphatase x

4-aminobutyrate a| Cytoplasm enEyme valproic acid, vig..

Oooooogo

-

RUN ANALYSIS OO NCEL
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Creating an IPA Core Analysis- Advanced Settlngs

Create Core Analysis - [analysis : Time course. Treated ws untreated

Analysis Filter Summary

[ > General Settings Population of genes to consider for p-value calculations: ; . .
Consider only relationships where

Network Generation 0., Reference Set |Human Genome U133 Plus 2.0 Array '| confidence = Experimentally
Observed

Data Sources All Relationships to consider: Optional Analyses;

Affects networks and transcription factor analysis

Make sure molecule coloring
® Direct and Indirect Relationships is set for a metric such as
[ Species Al ) Direct Relationships fold change, |og ratio, etc.

Confidence Experiment...

Tissues & Cell Lines All

Mutation All

ADYANCED || SAVE AS DEFAULTS Select expression value for node colaring: |Fold Change w| This expression value type will be used to calculate the
directionality of functions and will be displayed in colar on
5et Cutoffs pathways and networks.

Expression Yalue Type  Cutoff Duplicate Resolution

Fold Change When IDs map to the same gene, protein, or other molecule:

p-value Apply cutoffs before consolidating IDs: ‘Yes {recommended)

Confirm how you would like
to resolve duplicates

Preview Dataset Time course. Tre Resolve duplicates using Exp Walue ‘Fold Change

Analysis-Ready (304)\\Mapped 1md  Consclidate IDs using the expression \falue:‘maximum

ADD TO MY PATHWAY | ADD TO MY ST E Observation to Include i I:I

Fold Change p-value
+2.974 2.00E-06 Deselect any observations cid, vig..

14652 1.59E-04 #1L Zhours 9 that you would like to
+41.570 0.00E00

+19161 0.00E00 #2024 hours exclude from the analysis

+4,054 0.00E00 #3 120 hours
+2.267 3.00E-06

+4.479 1.ODE-0&

Include Observation Name Analysis Ready

_DDDDDDDD
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Saving an IPA Core Analysis

Create a new project
folder to group
related data

~Start Analysis

Choose Workspace: My Projects

Project; IPA Training

Analysis Name; Time course, FCZ, PY.05

Motes: Cells treated with

Replace time stamp
Compound A or untreated|

with parameters for
(max 1600 chars) easy reference

Enter notes that
provide basic
information about
experiment

INGENUITY
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Using Core Analysis Pre-filters

e Set criteria to filter out findings of less interest.
— Species
— Tissue
— Data source

e Filter stringency

— A “Stringent” setting requires that each of a pair of molecules and
the relationship that connects them meet the filter criteria

— A “Relaxed” filter requires that the gene or protein expression of the
molecules connected by a relationship meet the filter criteria
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Using Core Analysis Pre-filters, Cont.

» Unspecified refers to findings or molecules where
cell/tissue/organ is not specified or classified

protein-protein interactions [1]

Binding of MATRILYSIN [MMP7] protein and human TIMP2 protein occurs in a cell-free system.

 Pre-filter Advantages

— Focuses IPA analysis on networks, biological functions, and
canonical pathways on molecules and relationships closely related
to the experiment.

* Pre filter Disadvantages
— Loss of information

— Loss of relationships that may be applicable to your species or
tissue but were described in a different speices or tissue.
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Create Core Analysiz - [analysis - Prostate Dizease_txt]

Filters and General Settings

General Settings

Species Al

Data Sources Al

[
[
{ >@es % Cell Lines DY-145..

SAVE AS DEFAULT FILTERS

3 of 3 Obzervations zelected for Analyziz Click. Edit to zelect obzervationz to be analyzed.

Expression Value Parameters

Proprietary and Confidential

I CIvel

[ Lung
-] WMammary Gland
[ Ovary

-] Pancreas

J 1P

Proztate Gland

-[] Salivary Gland
-] Skeletal Muscle
~[] Small Intestine
-] Spleen

Stringent filter
[filter molecules and relationzhipz)

Relaxed flter
[filker maolecules)
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Analyzing Results
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Ingenuity Definitions

Networks

» Generated de novo based upon input genes, proteins, or
chemicals

Canonical Pathways (Signaling and Metabolic)

« Are generated prior to data input, based on the literature
Do NOT change upon data input

* More directional (proceed “from A to Z”)

My Pathways and Path Designer Pathways

e Custom pathways

* You can add information/edit custom pathways
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Approaches to Viewing Results

 IPA will subdivide your data into slices based on molecule
connectivity (networks), cellular functions, and involvement
In canonical pathways.

e Spend time surveying the information. Not everything is of
scientific interest, look for slices of your data that address
your scientific question, are consistent with known
biological processes, are consistent with pathology, etc.

e Typically the goal will be to find a set of genes/molecules
that can be looked at in greater detail by building a custom
pathway .

e If you are comparing observations, run comparison
analysis.
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IPA calculates two distinct statistics as part of a
core analysis.

= P-value:
= Calculated using a Right-Tailed Fisher’s Exact Test

»Reflects the likelihood that the association or overlap between a set of
significant molecules from your experiment and a given
process/pathway/transcription neighborhood is due to random chance.
The smaller the p-value the less likely that the association is random.

*The p-value does not consider the directional effect of one molecule on
another, or the direction of change of molecules in the dataset.

= /-SCcore;

»Applied in some analysis types and provides predictions about upstream
or downstream processes.

=Takes into account the directional effect of one molecule on another
molecule or on a process, and the direction of change of molecules in the
dataset.

Proprietary and Confidential
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Core Analysis Statistics

IPA calculates the following statistics for the outputs of a core analysis:

Analysis Type P-value (FET)*

Functions Analysis \/
Downstream Effects
Analysis \/ \/
Canonical Pathway \/
Analysis
Transcription Factor
Analysis \/ \/
Network Analysis \/

*Different values will enter into the calculations for p-values and
Z-scores, depending on the analysis type.
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Downstream effects analysis

(functional analysis)
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Downstream effects analysis - a whole new way to
visualize biological trends in your experiment

e Uses Z-score to predict
Increases or decreases in
downstream biological J
processes

Downstream Effects Map

Click squares belr.. o exp re tently Yie /

 Use a hierarchical overview to ==z r
[

guickly get a top-to-bottom
view of the biology affected in
your experiment

development of endothelial tissue predicted to be increased (z-score 2.196).0
istent with in sed in development of endothelial tissue

e ZOoOm in on areas of interest i
and quickly see the specific n
genes and references that
support a prediction

(

2024315 ot
8171 at
10095

204602 at

B
27816_at

226731 at
1964

3541 at
202270 at

DDDDDDDDDDDDDDDDDD

202281 5_at
02912_at
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Downstream Effect on Bio Function

Size of the

Toggle to the Bar
Color by and Scale Chart

Tox Functions \

Color by: Decreasing <-1.760 m 1.938 Increasing Highlight: T il More Info Provide Feedback

Click squares below to explore  Currently Viewing:
Cancer Cell Death Tissue Development Cellular Developm.. | Organismal De.. | Cellular Assembly.. |Tissue Morphology | Cellular .. | Hematole.. | Cardiova.. | Organ D.. |Neurolog..

Small Mole.. | Organism.. | Skeletal. | Connecti. | Hemato..
Cell Morphology | skaletal and Mus..

Reproductive Syst.. | Gastrointestinal..
Connectiv.. | Gene Exp.. |Lymph.. | Respi.. | Endo. | Tum..

Cellular Movement Emb i
ryonic Develo..
Cellular Growth and Pro. Cell-To-Cell Sign...

Organ M. [immun..| Metab... | Devel.. | Repr..
Immune Cel.

Cell Cycle Cardiovascular..

= Res.. | Der.. | Or.. | Re..
Lipid Me...
- Hematological Sys.. Carbo..

Genetic Disorder | Inflammat... Ner.. | € | Ant.

Inflamma.. Pos... |y,
0rg.. | Du
Hep..
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Ontology Levels

Bio Functions ', Tox Functions |

4
Size by: |-log (p-value) «| Color by: Decreasing <-1.760 1.938 Increasing Highlight: [None -| LI sHow sarcHarT i

Click sguares below to explore  Currently Viewing:

proliferation of cells proliferation of epithelial cells proliferation of muscle cells proliferation of colon can.. proliferation of bone marrow.. proliferation of tu..

proliferation of cancer cells .
- -

proliferation of connective.. | proliferation of smooth ...
proliferation

roliferation of breast cancer.. . z
e proliferation of breas

Click to See the Specific
Genes and Findings
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Functional Category and Statistical
Result
Access Findings

EUTLR JLAIL 0

|I Downstream Effects Analr.sl : |:||:|.1.1.:\|: for Effects

proliferation of epithelial cells(z-score 1.991). Overlap p-value 8.80E-10

0D O MY PATHWAY | ADD TO My LT | cusTOMEZE TaLE ] cReTE DaTASET SRS A More Info

D Genes in dataset Prediction (based on expre.. |7 Fold Change
HEZ162 HPN Decreased +3.016 Decreases (1)

AALEAE00 WYC Increased +2.761 Increases (&)
AADIDDZ9 PREKCA Increased +2.175 Increases (3)

HZ4650 LAMC]L Increased +1.917 Increases (1)
M71159 MTAL Increased +1.873 Increases (1)

R19956 VEGFA Increased +1.807 Increases (2)

+1.787 Affects (1)

Prediction Logic Dt { VEGFA:Known to increase proliferation of epithelial cells and isf |,
Upregulated+ in the dataset therefore predicted

to increase the function (1)

]

Il

Il

[

Il

Il

U

Il

[

[ ' -
[ |aA4BBR45 Decreased +1.576 Decreases (1)
[

Il

]

U

Il

L

Il

Il

se

Increg

M74BEZ Increased +1.572 Increases (1)
HE5052 Increased +1.564 Increases (2)
W4B713 EGFR Increased +1.515 Increases (10)
HE4048 REL1 Increased +-1.559 Decreases (5)
AA4564329 SMAD4 Increased +-1.565 Decreases (4)
MEFDZ9 CDKB Increased +-1.570 Decreases (1)
AA4BTSED METAP2 Decreased Increases (1)

AA4BOTS5Z CCNG2 Increased . Decreases (1)

A AFv AT T TrrEER Affarte (1%

lected /Total rows : 0/42

Expression Value in
Your Dataset
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Day 10 :

Summary ] Functions\! Canonical Pathways \ Transcription Factors\,l Metworks \ Metwork El(plorer\ Overlapping Networks\ Meolecules \ Lists \ Wy Pathways \\

Bic Functions\Tox Functions\

b A

Click squares below to explore  Currently Viewing:

Size by: |-leg (p-value) = Colorby: Decreasing 4—1.??9m 2.280 Increasing Highlight: L A More Info  Provide Feedback

Hematological System Dewelopment and Function Cellular Dewvelopment

accumulation of myeloid cells
[-log (p-walue) 4848 : z-zcore 2.002 ]

Cancer

Cell Dezth

Inflammatory Response

Cellular Mowvemernt

Hermatopoiesis

Cell-Ta-Cell Signaling an...

Tissue Morphology

Cell Cyicle

Lymphoid Tissue Structur...

Hemzatological Diseass

Tissue Development

Irflammatory Disease

Irmmunalogical O...

Gastrointestinal D...

Organismal Injur...

Skeletal and Mu...

Genetic Disorder

Cell-mediated ...

Cellular Growth and Proliferat... Imrnune Cell Trafficking

Infectious Disease | Cellular Functi... |Gene Expression

Small Molecule... Artigen Present... | Respiratory Oi...

Connective ...

Oermatalog...

Connective. ..

Hepatic Sy...

Cardiowvasc...

Skeletal an... | Embryonic... | Reproduct. ..

Qrganis... |Organ O... (Maolecul ... | Lipid ...

Renal ... |Cardicw... | Cell... | Anti... | Cell...

Turmor ...
Organ... Car... |Hepa... |Neuwr...
QOrganis... Fre He.. |Re..
Hurmor... "
Cell Sig... | ooy .
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Downstream Effects Analysis: Evidence for Effects ©

accumulation of myeloid cells predicted to be increased (z-score 2.002). Overlap p-value 1.42E-05
12 of 15 genes have expression direction consistent with increased in accumulation of myeloid cells.

ADD TO MY PATHWAY (| ADD TO My LIST ||| CUSTOMIZE TABLE @' Provide Feedback A More Info

1] Genes in dataset ¢ Prediction (based on expressi... [Fold Change Findings

1368742 at C5AR1 Increased +2.000 Increases (1)
1373579 _at RARL Increased +1.800 Increases (1)
1398256_at IL1E Increased +5.800 Increases (1)
1386893 _at GRM Increased +2.400 Increases (2)
1370083_at CCR1 Increased +4.100 Increases (1)
1368321 _at EGR1 Increased +5.100 Increases (2)
1368940_at P2RY2 Increased +2.900 Increases (4)
1374468 _at MYDES Increased +3.800 Increases (3)
1368494 _at 510048 Increased +5.000 Increases (1)
1391384 _at THF Increased 1600 Increases (8)
1398275 _at hARAP G Increased +5.400 Increases (3)
1370224 at STATS creasec +2.700 Increases (2)
1367715 _at TMFRSFLA Jecreasec +4.800 Decreases (2)
1368885 _at EMTPD1 Decreased +6.300 Decreases (1)
1371249 at ¥BP1 (includes EG:140614) Decreased +1.500 Decreases (1)

|
O
O
O
O
O
O
O
O
O
O
O
O
O
O
O

Selected/Total rows ; 0/15
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Downstream Effect z-score

Differential Gene Expression
(Uploaded Data)

+ T Literature-based effect genes have on process or function

Predicted Effect-
1: Increasing (correlated), -1: inhibited (anti-correlated)

X Efxlf N+_N_
L= — =

1
= = = — = .447
g N VN V5

“z-score” is statistical measure of correlation between
relationship direction and gene expression.
Z-score > 2 or < -2 is considered significant

Actual z-score is weighted by relationship, relationship bias, data bias

Proprietary and Confidential INGENU |MT¥
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Functional Analysis (FA) Workflow

» Goal is understand biology and identify smaller subsets of
genes that are of interest

» Genes related to a particular function can be :
— sent to a pathway for building and/or overlay analysis

— saved as a new Data Set and sent to Core Analysis for additional
categorization and segmentation

Proprietary and Confidential INGENUITY'
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Canonical pathway analysis
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Canonical Pathway (CP) Workflow

e Scan CP names for pathways of particular interest
e Survey many top or interesting CPs by viewing
— Click on CP bar in chart and click “VIEW PATHWAY”

o If your data has values, are overlaid values consistent with
molecular relationships between molecules?

— If CP indicates that gene A increases expression of gene B, do the
data indicate that genes A and B are co-regulated?

Proprietary and Confidential INGENUITY'
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Canonical Pathway tab

BD Fold_MR vs TX :

“E B

Summar}r\t I'\leh»\.u:nrks'\l Functions " Canorical F‘athwa_',rs\ Lists\ F'Eltl'w\.lag,.rs\l Molecules\ Metwork Explorer‘ll Overlapping Networks\

CUSTOMIZE CHART [{(UZTER BAR CHART || LINE CHART | STACKED BAR CHART ([N B2 E RO AR N T

Ew 69 &) [

i More Info

|. BD Fold_MR ws TX | |-I- Ratio |

g

w EN

[¥]

-laglp-value)

\

Interferon Signaling
a-Adrenergic Signaling

.

Antigen Presentation Pathway
lactors Promoting Cardiogenesis

TR/RXR Activation

im Vertebrates
Wirus Entry wia Endocylic

CCR3 Signaling in Eosinephils

CDKS Signaling

Pathways
Cardiac B-adrenergic Signaling

Thrombin Signaling
Falty Acid Biosynthesis

Citrate Cycle

14-3-3-mediated Signaling
Renin-Angictensin Signaling

Glutamate Receptar Signaling

Glyeolysis/Gluconeagenasis

CXCR4 Signaling

CCRS Signaling in Macrophages

cAMP-mediated Signaling

Arachidonic Acid Metabalism

uctose and Mannose Metabolism

Caveolar-mediated Endacytosis

ADD TO PATHWAY

ADD TO LIST

CUSTOMIZE TABLE

S (&)

& molecule(z) aszociated with Interferon Signaling at BD Fold_MB ws TX [Ratio: 6/29 [0.207) ]

Exp. Chart

=

Synorym(z]

2010002112R
Awd12491,
G10P1,
GARG-16,
IFI-56,

IFISE-K,

Entrez Gene Mame

interferan-induced
pratein with
tetratricopeptide repeat

|dentifier

Exp Val

Affymetrix
203153_at

Fold Change | p-valus
-2.482 B.49E-03

MNetwarks

Laocation

Cytoplasm

Selected/T otal molecules :

0/6
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Pathway Navigation

e Scroll-wheel on mouse controls zoom, or use toolbar zoom
buttons.

o Left-click selects (turns blue)
* Left-click-drag on nodes moves the node
 Right-click hold-and-drag moves your view
 Right-click brings up menu for controlling
— tool tip (mouse-over node pop-up)
— copy/past Navigation Control
— Highlight
— selection

* Node shapes indicate a protein’s primary function, see
Help>Legend

* Relationship lines indicate the type of relationship and the
mouse-over letter the type of relationship, see Help>Legend

[+]

)
O
©

INGENUITY"
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Pathway Navigation, continued

* Double-clicking a node brings up the node summary

— You can navigate to the Gene/Chem View page by clicking the
protein name at the top of the summary window pane.

* Double-clicking a relationship line brings up the
relationship summary

— You can to the literature evidence findings by clicking the “View
relationships between:...” link at the top of the summary window

pane.
e Groups

— Groups are represented by a double outline applicable to any
molecule shape. These represent cases where findings use a
general gene name to describe a gene class or group of isoforms

— Complexes of different proteins are also given a double outline
*View members by left-click selecting, then right-click>Show Membership

INGENUITY

Proprietary and Confidential
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Directional Effects Applied to Pathways & Networks

Leukocyte

1 R ‘_ 2
Directio . @ ' g'

Use observed

expression changes (19
to suggest functional

““ i | effects (%) on

ENWAL = neighbouring molecules

sensmg
WASP

Cell mobility © *1 Vav)

: RAF‘IJ sm’l

Set altered activation
states to observe
predicted effects on
canonical pathways

INGENUITY

Proprietary and Confidential



Canonical Pathways

£ 1L-10 Signaling |

[E|@ Edit: | 0] [X| | |‘“_ I @ oUERLAY|||[FATH DESIGNER

View: #$ ,_—\ SE |ZJ E Zoom: -CI}_ Export:@-@-@- [El

You can predict the upstream and downstream effects
of activation or inhibition on other molecules. Begin by
applying expression values from a dataset or analysis,
or interactively in silico.

Predict effect of dataset or in silico changes

I:l Display prediction legend

Predict effects:

|Upstream and Downstream '|

Activate or inhibit molecules interactively in silico

Select the value to apply and then click the
mualecules you wish to apply them to.

Use expression values from a Dataset or Analysis
Current Analysis/Dataset/List: Day 10
Change Analysis/Dataset/List

Overlay: | MAP (Molecule Activity Predictor) -| :IL'NS"-'““"“‘-‘

¥|O|
[
[©

I

© 2000-2012 Ingenuity Systems, In

c. All rights reserved.

(]

FS

Eilirusbin

Bilrverdin

Prediction Legend —
MNore Extreme less
'. Upregulated O
'. Downregulated O

mare confidence less

'. Predicted activation O
@ Predicted inhibition €

Predicted Relationships
| eads to activation
| eads to inhibiticn

Findings inconsistent
with state of downstream
molecule

= Effect not predicted

Proprietary and Confidential




Canonical Pathways

£ HER-2 Signal... |

Al %3] et o (x| [E (00 e (¢

OUVERLAY

FATH DESIGHMER

View: |35

.\

z_'\\

|_J 5 Zoom: —Q . Export@-@-@ﬂ' [_|

v|

Overlay: | MAP (Melecule Activity Predictor)

LEAR

You can predict the upstream and downstream effects
of activation or inhibition on other molecules. Begin by
applying expression values from a dataset or analysis,
or interactively in silico.

4 HER-

2 Signaling in Breast Cancer

o

[¢]

Orvarenpression af HER-2 s dwata
1 Eane amg iScion
2} Tramacrigianal deregukabon

Predict effect of dataset or in silico changes

[

Predict effects:

Sigraing via HER-1 HER-2 heterod mers

Display prediction legend

[0 —o—— [©] [0]@[O

|Upstream and Downstream "|

Activate or inhibit molecules interactively in silico

Select the value te apply and then click the
melecules you wish to apply them to.

AT rediEtes Se ancoge nic g raling

m funchion of EGFRHER 2 hefodmers
Use expression values from a Dataset or Analysis \ /] Al
Current Analysis/Dataset/List: Hi12FC e \ .-:‘ Iyt
Change Analysis/Dataset/List 1 J ], "IL E‘L

Coadll coycier progression
and fypemmiieraton

Coatll urdraal

@@ “®
Kl’l)u M:|M2 [eltegsn
p53 i
Coall cycer prg e 5on Carba frydrare Irvasan and
and cell praliferaton mestatalsm resta s as of calls

Prediction Legend
more extreme

'. Upregulated
D Downregulated

mare confidence

lesz

O
O

'. Predicted activation D
'. Predicted inhibition C:)

Predicted Relationships
== | eads to activation
m—= | eads to inhibition
Findings inconsistent
with state of downstream ||
molecule

=== Effect not predicted

© 2000-2012 Ingenuity Systemns, Inc. All rights reserved.
4 h

[o]

S g
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Upstream Regulator Analysis/

Transcription Factor Analysis
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What is Upstream Regulator Analysis?

* The upstream regulator analysis is based on prior knowledge of
expected effects between transcriptional regulators (TR) and their
target genes stored in the Ingenuity® Knowledge Base.

* The analysis examines how many known targets of each transcription
regulator are present in the user’s dataset, and also compares their
direction of change (i.e. expression in the experimental sample(s)
relative to control) to what is expected from the literature in order to
predict likely relevant transcriptional regulators.

* IPA’s definition of upstream transcriptional regulator is quite broad —
any molecule that can affect the expression of other molecules, which
means that upstream regulators can be almost any type of molecule,
from transcription factor, to microRNA, kinase, compound or drug.

Proprietary and Confidential !NszE |T\| ‘EJ |';r¥
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Upstream Regulator Analysis: How does it work?

» Use experimentally observed
relationships (vs. Predicted event)
between Upstream Regulators
and genes to predict potential
regulator and activation

 Predict activation or inhibition of
regulator to explain the changes in
gene expression in your dataset

 Calculates two complementary
statistical measures:

— Activation z-score
— Overlap p-value

Proprietary and Confidential !NszE |T\| ‘EJ INTY
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How does i1t work?

Can we predict the activation state (activated/inhibited) of a potential
regulator from expression data?

Approach: Two complementary statistical measures:
» Activation z-score

» Overlap p-value Evaluate the perturbed genes

in the dataset that are known
targets of a particular regulator

TR - target edge types considered:
e EXpression

* Transcription

* Protein-DNA binding

Data set
Upstream Regulator- (differentially-
regulated genes in expressed genes)
Ingenuity Knowledge
Base

Proprietary and Confidential INGENUITY'
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Activation z-score

Every TR is analyzed

4 Literature-based effect TR has on downstream genes

Differential Gene Expression (Uploaded Data)

Predicted activation state of TR:
1: activated (correlated), -1: inhibited (anti-
correlated)

X E[' X; N+ — N_

4
z=—= = = — =204
o YN YN Ve

e z-score is statistical measure of correlation between
relationship direction and gene expression.
e Zz-score > 2 or < -2 is considered significant

Actual z-score can weighted by relationship, relationship bias, data bias

Proprietary and Confidential !N GENU INT!
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Summary | Functions ', Canonical Pathways * Upstream Regulators | Networks ', Network

Upstream Regulator p-value of overlap
LY294002 i i 3.11E-05

miR-29b-3p (and o : = g '
estrogen receptor Click to view all genes in dataset that

SPDEF — ~are part of the TR neighborhood.

. WCCL2, +
Select TRs and downstream genes tee i i _ bCCL2, +

and display on an interactive pathway i _ L CDH1L. +
as a network. i _ CCL2, +C

wortimannin chemical - kinase in d HCCLZ, +C

SPBO0125 chemical - kinase in|Activated 2.158 . CCL2, +C

PKD1 ion channel . THRG, +5L
TGFBL (includes EG: growth factor Inhibited X . +ABCCZ, ¢
lipopolysaccharide chemical drug Inhil Upstream Regulator Analysis: Evidence for Effects

TP53 (includes EG:2 transcription regulatiinhit LY294002 predicted to be activated (z-score 3.304). Overlap p-value 3.11E-05
tretinoin chemical - endogendinhit

FGF2 growth factor Inhit

tert-butyl- hyd roguir chemical reagent Inhil___ B¢ 4 More |

cytokine Inhit []ip Genes in dataset ;  Prediction (based on e... |Fold Change Findings
Hs.78909 ZFP36L2 Activated +-2.190 Downregulates (2)
Hs.119597 5CD Activated +-1.665 Downregulates (4)
Hs.6838 RND3 Activated +-2.798 Downregulates (1)
Hs.6241 PIK3R1 Activated +-2.347 Downregulates (2)
Hs.169378 MPDZ Activated +-2.001 Downregulates (1)
Hs.247297 MEN1 Activated +1.868 Upregulates (8)
Hs.104105 MEIS2 Activated +-3.827 Downregulates (1)
Hs.78465 JUN Activated +-4.334 Downregulates (4)
Hs.2006 GSTM3 Activated +-2.015 Downregulates (1)

Hs.79022 GEM Activated +-2.151 Downregulates (1)
FCE? Activate GSTM3: Known to be downrequiated by the Upstream Regulator and is
bt - f\a Et‘DownreguIatedJr in the dataset, therefore Upstream Regulator is
Hs.85146 Lo Cvated predicted to be activated
S = . R4 Activated +-1.699 Downregulates (2)
Hover over the Prediction column to see whether Actvated +-8.323 Downregulates (1)

the directionality of change of an individual gene Hs.195175 Activated +-2.881 Downregulates (1)

suggests activation or inhibition of the TR Hs.82401 fctaree e Downregulates (2)
J| [Hs.340 Activated +-3.232 Downregulates (5)

17 of 20 genes have expression direction consistent with activation of LY294002.

Oooooooooo L] OO O OO

Click gene names to link out to gene views.
View extensive information from the literature
about the transcription regulators.

1 I o A Y
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ldentify cross-talk between Upstream Regulator in
focused regulatory networks

o Automatically generate a
directed TR-target
network

Add relationships to the
regulatory network, e.g.
upstream signaling

molecules, or to disease,
biological process

associations S
W ol
% “ ~ 00 Relationship Summary
View relationships between:ESR1|ADORAL |ENDEEES I

% |Click Add Relationship to create a custom relationshi

See published evidence
for the regulatory ¥ PP
Interactions |

expression [1]
In human breast carcinoma, human ERA [ESR1]
rotein is involved in expression to human ADORA1
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Mechanistic Networks

Upstream Regulator Analysis Results:

| E2 of MCF7 12 hrs - 2012-12-01 03:23 PM

ADD TO MY PATHWAY

ADD TO MY LIST

< [J| MECHANISTIC NETWORKS

Summary ', Functions ', Canonical Pathways ' Upstream Regulators \ Molecules ' Lists ', My Pathways ',

CUSTOMIZE TABLE (Jj DI5FL

e & [£]

Activation z-sc... |6.509 - 1.315

(pl of 9)

v| x| _iJ More Info

Upstream Regulator

|Fold Change

Molecule Type

Predicted Activation State _Activation z-score

p-value of overlap

[Target molecules in data... | 7|

Mechanistic Network [ 7|

beta-estradiol
estrogen

ESR1

F5H

Mek.
ERD4
APK 1

gentamicin
MYC

LEP

CREB1

)

chemical - endogenous mammali
chemical drug

ligand-dependent nuclear recept
complex

group

kinase

kinase

chemical drug

transcription regulator

growth factor

transcription regulator

Which predicted upstream
regulators might work together to

explain the expression changes in
this dataset?

Proprietary and Confidential

Activated
Activated
Activated
Activated
Activated
Activated
Activated
Activated
Activated
Activated
Activated

2.51E-27
8.49E-05
1.77E-09
1.47E-06
9.93E-09
3.05E-06

ABCAL, +ABCCS, . ...all 183
ABCAL, +AREC/A.. ...
ABCCS, +ADA, +

ACPP, +ADM, +A... ..
HABCEL, +BCL2LIL, - 4.
[FADATZ, +CCR1, . ...

beta

-

289 (14)
206 (3)
133 (3)

2IPA
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Mechanistic Network Algorithm

» Algorithm seeks large overlaps between an upstream regulator’s
targets and a more downstream regulator’s targets

Upstream molecule likely to operate Upstream molecule less likely to operate
thru this more downstream regulator thru this more downstream regulator

Shares 6 of 7 of the more Shares 1 of 7 of the more
downstream regulator’s targets downstream regulator’s targets

Proprietary and Confidential
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IPA Upstream Regulator Analysis results table with Mechanistic
Networks

MCF-7TxtD10 vs. MCF-7cc

Summar].r‘l.l Functions‘l.l Cancnical Pathways * Upstream F‘xegulators‘l,l Net'l.n.rorks"lll Molecula‘lll Ligs‘lll My Pathways‘lll Click to see the
T o] L veeons JRCEYEYES B

[] |Upstream Regul..{Log Ratio Molecule Ty... | T|Predicted Activ... |Activation z-sc... [Notes /  p-value of ... |Target maolecules

1] 129 +1.844 other Activated 6.911 bias «all 50 267 (17} -

1| IFMA2 +-0.498 cytokine Activated 7729 bias Click to bring up 5, .all 70| 233 (18)

Ol | IRF7 +2.289 transcription reg|Activated 6.513 bias settings AR, . ..all 47) 171 (14)

L | IFNG +-0.079 cytokine Activated 2.431 : -all130) 260 (19

1| IL1RM +0.159 cytokine Inhibited -5.911 bias T.04E-31 HATFS, ~.. ..all 43] 265

1| mapk1 +-0.081 kinase Inhibited -6.268 7.73E-31 (FADAR, - .all

1| TNF 43,658 cytokine Activated 5673 7.71E-28 esE gL 7 O Upstiealin reguiald
L1 | lipopolysacchari chemical drug  |Activated 5.570 4 49E-25 TABCAL L.alll SlELEEIIZ0 =
[ | Interferon alpha group Activated 6.915 bias 1.84E-25 TADAR, - ..all 2AE 2L
1| IrRFL T1.504 transcription reg|Activated 5.091 bias 3.82E-23 (E2N, B3l 40 213 (16)

[ | TRIM24 +0.155 transcription reg|Inhibited -5.608 bias 4,30E-23 MEBST2, k. ..all 33 128 ()

][ TLR2 +0.224 transmembrane |Activated 4,048 bias 1.59E-22 TAECAL L.all47] 150 (12)

L1 | poky mrC-RMNA chemical reagen|Activated 5.393 bias 1.75E-22 TABCAL .. 5 (15)

[1] STAT3 +0.639 transcription reg|Activated 3.205 bias 4834 of datase Il >

1] ¥n group Activated 5.145 bias 2.31E-

]| IFMBL +2.729 cytokine Activated 4.310 4.00E- S : S :

[ | sTATZ2 +0.998 transcription reg|Activated 3.048 6.68E- :

1] rF2 0128 transcription reg|Activated 3.555 bias 6.71E-20 +ABCCZ L.all33) 161 (13)

[ | IFMARL +-0.505 transmembrane [Activated 3377 bias 6.86E-19 (THATF3, ~.. ..all 28 197 (16)

L1 | IFMAL/FNALS cytokine Activated 3.951 bias 9.38E-19 AR+ . all 22 234 (19)

[ | stallimycin chernical drug  |Activated 4,629 bias 3.23E-18 IHEMP3, - ..all 22 224 (15)

O | MKx2-3 +0.239 transcription reg(Inhibited -4,438 4 59E-18 (HADN, = all 43

L1 | tretingin cherical - endojfctivated 5593 6.86E-18 tABCAL ..all 123 258 (15)

[ | bromodeoxyurid chemical drug  |Activated 4,734 bias 8.52E-18 EMPI, - aall 23 237 (18)

]| 11e +-0.153 cytokine Activated 4.878 1.06E-17 +ABCCZ ..all83 112 (11)




You can change the settings and re-run

. EZ2 of MCF7 12 hrs - 2012-12-01 03:23 PM

Summary ' Functions ', Canonical Pathways ' Upstream Regulators \". Molecules ', Lists ', My Pathways

ADD TO MY PATHWAY (§ ADD TO MY LIST |j| CUSTOMIZE TAELE |§ DISPLAY AS NETWORK

g &) (£

Upstream Regulator Fold Change Molecule Type

| v |Predicted Activation Stateg  Activation z-score

estr

Ccon

beta-estradiol

800 Calculate Mechanistic Networks

chemical - endogenous mam E«dﬁ[hﬂiuated

&

Create a set of networks based on the regulators found in this analysis.

Input - which regulators to include
Cutoff for p-value of overlap: [0.01 range 2.51E-27 to 1.00E00"
Cutoff for activation z-score: |1.0 range 0.000 to 6.509 (absolute value)

Depth vs. Breadth of the network generated

I (i)

' Max Breadth e
| 1 1 1 1 | | | | | |

Depth (# of steps between regulators) = 2
Breadth (# of downstream regulators) = 20

{ Max Depth

Filter out weaker relationships between regulators based on their overlapping targets

p-value cutot

Include interactions between regulators
* Both @ Only Direct  Only Indirect

Include relationship types between regulators
[] Select all
~[vl activation
[[] chemical-chemical interactions
chemical-protein interactions

_iJ More Info

RESTORE DEFAULTS CANCEL

Proprietary and Confidential

6.509
4.281

-

New results
replace the original
ones
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Mechanistic Network Settings

Calculaic Mechanisic et S S

Minimum absolute
z-score of each
regulator

Max # of layers below the
top regulator

Interaction types

Types of relationships
that can connect
regulators

Proprietary and Confidential

Create a set of networks based on the regulators found in this analysis. A MoreInfo

Minimum p-value of
each regulator

Input - which regulators to include
Cutoff for p-value of overlap: |0.01
Cutoff for activation z-score:

range 2.15E-53 to 1.00E00
range 0.000 to 8.431 (absclute value)

Depth vs. Breadth of the network generated

iMaJ(Depth' AR A T, MaxBreadth wit.

Max # of regulators downstream of

Depth (% of steps between regulators) = 2 each upstream regulator

Breadth (# of downstream regulators) = 5

Filter out weaker relationships between regulators based on their overlapping targets

Include interactions between regulators
®) Both ) Only Direct ) Only Indirect

p-value cutoff:

Minimum p-value of
neighborhood overlap

Include relationship types between regulators
[ ] Select all

~[w| activation

-] chemical-chemical interactions

~[v| chemical-protein interactions

~[] expression

~[w| inhibition

-[v] leads to

(v localization

RESTORE DEFAULTS

INGENUITY



nle: TNF mechanistic network

Prediction Legend —
maore extreme less
'. Upregulated D
'. Downregulated Q
Mechanistic Network (regulators more confidence less

Only) ] @ Predicted activation ¢
@ Predicted inhibition

Predicted Relationships
== | eads to activation
= Leads to inhibition
Findings inconsistent
with state of downstream
molecule
= Effect not predicted

Filter for targets
under control of
each regulator

The entries in the table show how a target (row) supports the prediction of a regulator (celumn) in the network above.
Selecting regulators in the network filters the table,

Log Ratic  |Molecule... || TNF IFNG 1B STAT3 STAT2 STATL NFKB (com...
13,668 transporter | Activated Inhibited
4,380 transporter Inhibited

Activated

5534 transporter | Inhibited Inhibited
+-1.639 transporter | Inhibited Activated
e peptidase | Inhibited Table of the targets for each

42252 | enzyme regulator

1O00O00oOoOim

Selected,/Total targets: 0/256
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Network analysis

(Different from Mechanistic Networks)
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Networks in IPA

e Purpose:

— To show as many interactions between user-specified molecules in
a given dataset and how they might work together at the molecular
level

* Why are Ingenuity networks biologically interesting?

— Highly-interconnected networks are likely to represent significant
biological function

Proprietary and Confidential !NszE |T\| ‘EJ INT!



Networks

* Networks are assembled based on gene/molecule
connectivity with other gene/molecules.

— Assumption: the more connected a gene/molecule, the more
iInfluence it has and the more “important” it is.

* Networks are assembled using decreasingly connected
molecules from your data set.

» Genes/molecules from the Knowledge Base may be added
to the network to fill or join areas lacking connectivity.

A maximum of 35, 70, or 140 genes/molecules can
comprise a network based on parameter settings.

* Networks are annotated with high-level functional
categories.

Proprietary and Confidential INGENUITY'
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Networks, cont.

e Keep in mind:
— Networks may contain smaller networks of connectivity related to
specific functions, i.e., don’t be afraid to subset a network.

— Larger cellular networks may span IPA assembled networks, i.e.,
don’t be afraid to merge networks.

— Networks should be treated as “starter pathways” that you then
modify based on your biological understanding and questions you
want answered using pathway building (Build button) and analysis
(overlay button) tools.

Proprietary and Confidential !NszE |T\| ‘EJ INTY
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Key Terminology Review

* Focus Molecule:

— Molecules that are from uploaded list, pass filters are applied, and
are available for generating networks

e Networks:

— Generated de novo based upon input data

— Do not have directionality

— Contain molecules involved in a variety of Canonical Pathways
e Canonical Pathways (Signaling and Metabolic)

— Are generated prior to data input, based on the literature

— Do NOT change upon data input

— Do have directionality (proceed “from A to Z”)
My Pathways and Path Designer Pathways

— Custom built pathways manually created based on user input
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Viewing Networks
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The analysis is composed of 6 networks, To view a network, select the appropriate network(s) and click Yiew Metwarks, To merge selected netwarks, click Merge Metworks,

Maolecules in Metwork Score Focus Moleculed Top Functions

ACTGZ (includes EG:72), +ADREB1, L ANTXR1, L ANXAL, L ATPZB4, Calpain, -EDNRA, ERE, F Actin, +FGFRZ*¥, 59 24 Respiratory Disease, Cardiovascula

Glutathione transferase, GST, +GSTM2¥, LGSTM4, +GSTMS, +G5TM3 (includes EG:2947)*, L GSTP1Y, Syskem Development and Function,
AZ*, Ik, +MAPKG, -MYLK, - PDE4D, FDGF BB, FI3K, +PIK3R1, Pka, PLC, +PPP1R12A, Ras homolog, Crgan Morphology

R 5T14, +STOM, + TACC1, + TEAD1, +VCL

Actin, beta- io|, +C7, +CHMN1, CNNZ, COROLC, DFP, +DST, +EPHAL*, +F2, FAM10SB, GH1, GNL1, IFRDZ, IL1B, Cell-To-Cell Signaling and

ILK-2, ITGE3, +1 KRTS, +LPHNZ, +MEIS1*, +MEIS2, MFHASL, +MYOF, +MNELLZ2, -0GN, PF4, SAMD4A, Interaction, Hematological Swstem
SERPIMNE10, +SLC14AT, 5, LSTARD3, TGFB1, TNF, - ZFP36L2 Developrment and Funckion, Immune
Cell Trafficking

Akt, ATF4, CABC1, CBR3, +CHI3L2 | PEA Ave R ' Cell Death, Hematological System

HLF (includes EG:3131), HNF44, : Developrent and Function, Infectio
P38 MAPK, PPPIR13L, PRPIRISE, PRY o Netwgrkl\‘ Mechanism
ZNF71

HPS1, HP54
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= @ Genetic Disorder, Cellular Assembly
and Organization, Cellular

Development

3-hydroxybutyrate dehydrogenase, ) e R | Lipid Metabalism, Smal Molecule
= N . e Biochemistry, Cancer

Glyceral-3-phosphate dehydrogenasd
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How Networks Are Generated

Focus molecules are “seeds”

Focus molecules with the most
Interactions to other focus

molecules are then connected

together to form a network .

Non-focus molecules from the
dataset are then added

Molecules from the Ingenuity’s KB
are added \&
Resulting Networks are scored

and then sorted based on the
score

35 molecules per network for visualization purposes
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Example Network
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