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Copyright © 2019 GGA Corp. All rights reserved.

* This presentation and/or any related documents contains statements regarding our plans or
expectations for future features, enhancements or functionalities of current or future products
(collectively "Enhancements"). Our plans or expectations are subject to change at any time at our
discretion. Accordingly, GGA Corp. is making no representation, undertaking no commitment or legal
obligation to create, develop or license any product or Enhancements.

* The presentation, documents or any related statements are not intended to, nor shall, create any legal
obligation upon GGA Corp., and shall not be relied upon in purchasing any product. Any such
obligation shall only result from a written agreement executed by both parties.

* In addition, information disclosed in this presentation and related documents, whether oral or written,
Is confidential or proprietary information of GGA Corp.. It shall be used only for the purpose of
furthering our business relationship, and shall not be disclosed to third parties.
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sseee Statistical Analyses Used in IPA

* Null hypothesis: No overlap between molecules from dataset and
disease/function/upstream regulator/pathway.

» Calculate using the right-tailed Fisher’s Exact Test.

« Significant p-value < 0.05

Note: Benjamini-Hochberg correction for multiple testing can be
implemented in some cases
TR

4 f_.ﬂeferenuﬂ Set

YOVEOBEY

111111011

* Predicts Activation or Inhibition

« Correlation between what is known (IPA Knowledge Base) and

your expression data

— Sample to Insight
Copyright©2019 GGA Corp. All rights reserved. 19



33222 Network types in IPA

— QIAGEN

[
& Bl
GGA

Upstream Analysis

%

Dataset Molecules

Function Analysis

Dataset Molecules

Diseases / functions

Mechanistic Network of Upstream Regulators

Upstream
Regulator

Other upstream
regulators

DatasetMolecules @ @' @ @ @® © @

Regulator Effect Network Interaction Network
Any

Dataset Molecules

Diseases / functions

— Sample to Insight
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Summary: @RI ABZTER ZOhE

AN

Canonical Pathways : 5t 2 BB 52 Z/9Signaling PathwayiiMetabolic Pathway
Upstream Analysis: 5B EAE i p 2 E) 53 F BRIRIUpstream molecules - KIKRIRIEIHF
XA EMESES WA EI 2 H&INE -

Disease&Function : TRBRBEREZIHITERREZELZER

Networks : 2IRBEER PSS FEIMNMAEIEEEZ - B o FIABuild Tool&Overlay
Tool3ETTIEBEIMEERE - L LB N MERMEARGEERBRINWIRSNEERE -
Regulator effect: i L Nils ZiRAEBEHES

Analysis Match:tE¥t SN E i B B B i 2 iR IEBLIHHE

Expression Analysis - Childhood exacerbated asthrma GSEL6032 with FOR GEOZR
\ Canonical F"athways\'\ Upstream Analy‘sis\'\ Dizeases & Functions"\ Regulator Effects\'\ Netwnrks\'\ Lists\'\ By Pathway‘s\'\ Molecules \'\ Analysis Match

» Experiment Metadata
 Analysis Settings

~ Top Canonical Pathways

Mame
Phagosome Formation

Iron homeostasis signaling pathway

IL-12 Signaling and Production in Macrophages
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— QIAGEN

"Childhood Exacerbated Asthma - 2012-03-25 08:49 AM :

Summary ' Functions \Camnical Pathways ', Transcription Factors |, Networks ', Network Explorer | Overlapping Networks ', Molecules ', Lists ' My Pathways |

Bio Functions \Tm( Functions \\.

CUSTOMIZE CHART | AUETIETH| BAR CHART ||| LINE CHART

[m cnidnond Exacerbated astnma - 2012-03-25 06:49 am |

=]
n

5
o

-log(p-value)

migration of cells
[ z-score 3.758 ]

Immune Cell Traffi..

Click squares below to explore Currently Viewing:
Cellular Movement Inflammatory Res...

Cell-To-Cell Signaling .. | Small Molecule... | Cellular Gr.. | Molecular... | Cardiova.. | Organ...
|

Tissue Morpho.. | Antigen.. |Nervou.. | Infect. | Cancer |Rena..

Tissue Development

Cell Death | ConNe..| Org.. | Cel. |Imm..| Or..

Lipid Metabolism

€ € 3
% % : £ E ¥ B z Cell.. | Con.. | Em. | Ce.. | M..] R-
a & 43 g zy ¢ g Cellula..
! 2 “ g ; § :E' 2 Eg = Organismal Injury and.. Skele. l'-\"'“l- Ew |C.
g _g g5 4 a g 5 & i Cardiovascula.. | Hem LI
é 3 §§ S g 54 ‘E':' Renal an.. —= - H. | C.|F.
In
3 5 §3 § £ =5 Ske_ |G | |-
|« ] N.
. 4
Table view | Tree View
v | R T T cstoae e [EA T pr e ra—]
[] | Category Functions Annotation p-Value Predicted Actival= Regulation { Molecules |# Molecules
1| Cellular Movement cell mavement 3.80E-08 TR 3.801 [FADORA3", +ALB*, TALOX12, TALOX15B*, +ANGPT2*, TANGPTL3", - all 99| 99 -
1] Cellular Movement migration of cells 2.04E-D8 Increased 3.758 [tADORA3*, +ALB*, tALOX12, tALOX15B%, +ANGPT2*, +ANGPTL3*, -_ all 92| 92
[ | Cell-To-Cell Signaling an{ binding of tumor cell lines | 4.34E-04 Increased 2.673 [+CD44 (includes EG:100330801)*, +EGF (includes EG:13645), +GAL... all 14| 14
1| cellular Movement leukocyte migration 5.26E-06 Increased 2.469 [tADORA3®, +ALB*, +ANGPTZ*, +AQP9, +C2*, 1C3ARL, +CCBP27, +... all 50 50
1] Immune Cell Trafficking | leukocyte migration 5.26E-06 Increased 2.469 [FADORA3*, +ALB*, +ANGPT2*, tAQP9, +C2*, +C3AR1, +CCBPZ*, +... all 50| 50
[] | Hematological System De| cell movement of leukocytes| 4.94E-04 Increased 2.411 [tADORA3®, +ALB*, +ANGPTZ*, +AQP9, +C2*, +C3ARL, +CCBP2*, +... all 39( 39 ~|

Identify over-represented biological functions and predict how those
functions are increased or decreased in the experiment

— Sample to Insight
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PLA[Color by]igE Zz-score, -log (p-value), AR ] DR fHEL e A T —[@ 57 &: Mid-
R o Mo S I IR (1332 h AL M =10l |evel functional category (level 2) Ei

IR =N Y bR ERE SR 9= 00 )-SR - =R lP=] I\l Specific functions (level 3)

INEEEIEM - RRIFEHEFRMMBANESR -

Smokers ws. MonSmokers £ 2 E
4 - B L . -
Summary | Functions I\ Canonical Pathways \ Transcription Fact: \ Networks\\‘ Metwork Explarer \\‘ Overlapping Nehvorks\ Molecules\ LIStS\ My Pathways C I . k t h b h t |
Bio Functions \ Tox Funcliorls\
Size by: |-log (p-value) +| Color by: Decreasing <-1.923 m 2.280 Increasing Highlight: EI SHOW BARCHART _UIMcre Info Provide Feedback
Tis=sue Development Cell-To-Cell Signaling and ... Lipid Metabolism Cellular Mowvemert Gastroirtestinal Disease §lmmune fell Traffic... | Hematological Dis... | Neurclogical Di=... | %itamin and Min... | Inflammstory R...
|
- Inflammatory... | Connective Ti... | Organ Dewel... |Immunologic... | Endocrine ...
Skeletal and Musc...
Organismal Dewvelopment
Small Molecule Biochemistry Hematological Systerm Dewv... Genetic Disorder Malecular Transport
Skeletal an... | Hematopoi... | Nutrition... | Organ k... |Cell Sign...
Qrganismal In...
Mervous Systermn D
Irfectiou... |Dewvelopm...| Respirat... | Hair and...
Tissue Marphol ogy FerEhElEE. .
P Metabolic Oi...
Endocrine System ... Connectiv._. Cell Cy... | Behaw... |Lymph... | Cell_..
L Cellular Growth and Prolife... i i
ancel Cardiowassular Disease | ooj|yjar Developmant N
Organ... | Free . [Carbo...
Cell Death | Cellul...
Cardiowascular System... = = z
: R ductive... ena... |G (0.
Embryconic Dewelo... Sproductive Hepat...
Reproducti...
Drug Met... | Cell M. Arti... [ A |0
Derma...
Dige...
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Canonical Pathways : 5l 2 BB 52 Za9Signaling Pathway&iMetabolic Pathway

Expression Analysis - Childhood exacerbated asthrma GSEL6032 with FOR GEOZR
\ Canonical F"athways\'\ Upstream Analy‘sis\'\ Dizeases & Functic'ns"k Regulator Effects\'\ Netwnrks\'\ Lists\'\ By Pathway‘s\'\ Molecules \'\ Analysis Match

» Experiment Metadata
 Analysis Settings

~ Top Canonical Pathways

Mame
Phagosome Formation
Iron homeostasis signaling pathway

IL-12 Signaling and Production in Macrophages

— Sample to Insight
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Canonical Pathways#5 R1Z &
=5 81Signaling PathwayEiMetabolic Pathway i 88 B8t FI1& AR B HES ]

Expression Analysis - Childhood exacerbated asthma GSE16032 with FDR GEOZR

ummary  Canonical Pathways | Upstream Analysis | Diseazes & Functions | Regulator Effects | Metworks | Lists | My Pathwa Molecules | Analysis Match
S ry ps ys g y ys ys

Ehﬂr’c\,I Cwerlapping \I'.
el View as| e B e ' Horizontal @ Vertical (&) S @9 <]
B positive z-score -score = 0| |l negative z-score no activity pattern available
£
£

-lag({p-walue)
= —- ] w I
Eicosanoid Signaling _

c = m m = w = m o = m = o m
g a £ @ £ £ =] Co ] B £ £ o a £ @ £ £ 2 g
g £ c z £ £ S 5 3 (=3 £ £ z £ = z = £ & £
m = E ] ] ] = C o, T ] m E = ] E ™ ] _m =
£ c =l = [= [= = Coa = o B [= c = c c = C C s} z
= m o m =y =) = [= =0 m a5 =y =y m o =y m =y =y [ = o
= = 3 o in in m == o = [} i o in [} o in in FwE i
L - = c 4 — = o eE z oo | i il c = m o o o il ~
u noz o w 2 w = = [ = u o =} o m E = E i P [5]
E m [=] = o i} o a = 3 ! o 8 o = i =
g = o i 5 o L] CocC S5 u = = = E 2 b 2 i R~
o 2%  BL = = = U T Fog = i = G e a9 =
o ] I = = .= 7 w =k ] = 28 &

o E m 0 o a = W m o ] Eo | E L Lt o =
£ 2 = 3 ¥ o554 cC 2 = = mo BEE L
T £ E£Z £ £ 5 BE = g v = E 2 h gt 3 T
5 EE = s fat o W 52 =] E & B u z

S e/ E T & = 5 2 = =zgL £

in m oo Ba a m “ 3

—_ = =z = o m a

= - a =} 2 .

! m i

5 = [0 = o

10 molecule(s) associated with Eicosanoid Signaling at Childhood exacerbated asthma GSE16032 with FDR GEO2R. [Ratio: 10/63 (0.153)] [z-score: 2.236] [p-value: BA1E-(
— Sample to Insight '
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Upstream Analysis: 5 HEIE R ch 2 &) 53 FARARYUpstream molecules - DIKRIEIHFE
XA EMESES WA EI 2 H&INE -

Expression Analysis - Childhood exacerbated asthma GSE16032 with FOR GEO2R ©
\ Canonical F"athways\'\ Upstream Analy‘sis\'\ Diseases & Functic'ns"k Regulator Effects\'\ Netwnrks\'\ Lists\'\ By Pathway‘s\'\ holecules \'\ Analysis Match

» Experiment Metadata
 Analysis Settings

~ Top Canonical Pathways

Mame
Phagosome Formation
Iron homeostasis signaling pathway

IL-12 Signaling and Production in Macrophages

— Sample to Insight
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Statistical measure of correlation between the transcription
regulator (TR) and resulting gene expression

@ N = 8 genes

“““@.‘ '!'Lliengjree():t on downstream genes
@@@@@)@@@@‘ Differential gene expression

(Uploaded Data)

1I1I-1!1,

1 1!0 11

Z-score > 2 or < -2 is considered significant

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

— Sample to Insight
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Regulator effect:#% L Filf Z iAIERE T E

Expression Analysis - Childhood exacerbated asthma GSE16032 with FDR GEQ2R ©
\ Canonical F"athways\'\ Upstream Analy‘sis\'\ Diseases & Functic'ns"k Regulator Effects\'\ Netwnrks\'\ Lists\'\ By Pathway‘s\'\ holecules \'\ Analysis Match

» Experiment Metadata
 Analysis Settings

~ Top Canonical Pathways

Mame
Phagosome Formation
Iron homeostasis signaling pathway

IL-12 Signaling and Production in Macrophages
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83338 Concept of “Regulator Effects” - Spring 2014

— QIAGEN

Hypotheses for how activated or inhibited upstream regulators
cause downstream effects on biology

Upstream Regulators
Simplest Regulator Effects result

A ‘.

O O |
A
I
1
Algorithm '.
Molecules in the dataset > |
1

First iteration \, l l
Disease or
Function
Displays a relationship between the
Disease or regulator and disease/function if it exists

Function

Downstream Effects Analysis

Causally consistent networks score higher
The algorithm runs iteratively to merge additional regulators with diseases and functions

— Sample to Insight
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BlR AR

GGA

Upstream Regulator Analysis

2

Downstream Effects Analysis

Regulator Effects

Algorithm

Next
iteration

Additional Displays relationship
S between the regulators as
iterations well as regulators and

functions if they exist

Pe-We+ Pi- Wi+ Pn-Wn
(S)Ws

Consistency Score =

Copyright©2019 GGA Corp. All rights reserved.
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Networks : 2IRBEER PSS FEIMNMAEIEEEZ - B o FIABuild Tool&Overlay
TooliETTIEREAKEAE - U LR/ MERBEANREEERE RN MEERE -

Expression Analysis - Childhood exacerbated asthma GSE16032 with FOR GEO2R ©
\ Canonical F"athways\'\ Upstream Analy‘sis\'\ Diseases & Functic'ns"k Regulator Effects\'\ Netwnrks\'\ Lists\'\ By Pathway‘s\'\ holecules \'\ Analysis Match

» Experiment Metadata
 Analysis Settings

~ Top Canonical Pathways

Mame
Phagosome Formation
Iron homeostasis signaling pathway

IL-12 Signaling and Production in Macrophages

— Sample to Insight
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1. Focus molecules are “seeds”

2. Focus molecules with the most
Interactions to other focus molecules
are then connected together to form a
network @

3. Non-focus molecules from the
dataset are then added

4. Molecules from the Ingenuity’s
Knowledge Base are added ™~

5. Resulting Networks are scored and
then sorted based on the score

Molecules per Network  Networks per Analysis
35 - |25 -
35 10

70 25
140 50

— Sample to Insight
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Live Demo

— Sample to Insight
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A. Multi-Omics Analysis using IPA

Integrate and compare genomics, transcriptomics, proteomics and
metabolomics data to see the big picture on your focus research

RO TERIER

— Sample to Insight
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Single Experiment

« Time Course
* Dose Response

VL vnerin

« System biology
« Combining SNP, CNA, mRNA, microRNA, proteomics,

etc

Set Analysis

« Exploring Common Molecules across one or more
experiment (s)

— Sample to Insight
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I
2

IAGEN

Canaonical Pathways "\ Upstream Analysis * Diseases & Functions \'\ Regulator Effects \I'. Metworks \I'. Lists "\ Iy Pathways \I'. holecules \'\ Comparison Settings \'\

Diseases and Bio Functi::uns\Tox Functl'orts\'\

Chart HEEtmEIFI‘\l

Sort Method: Visualize: |Activat|'onz—s-core v|

-Settings/Legend : Pathwa:.r\'l Molecules\\
More Info : Overlay: EEC P32 Tumor vs Norm RPﬁM. %d’ﬁhﬁﬂ_g_e
e — T~ —_
Measurement- Artivatinn 7-scare ~2-990 _ - 10 — °| S@F’T-’iHj'* =
oleo .

U{TTeE
EFZAT
Elsuu-"fz:_ _

\
..-""',.' T —

A e
sq\t?h —_

Insignificance Threshold: I:I (absolute value)

F .
5+ 6% = EEE R

@*Hu

=]

/

/

!

/

| f

/

= = = =
s HEE HE . T ——
- S|w| E[ E| E|w Y -
- =ERE - PE= %| P'/'l
= o || = =] E -
; RREEE
- ojo|o|o|o|o i |
= olo|lo|o| oo STIMI=
3 glg|nim e L T ———
= d3 -_EI'-:EI-_E “E| LE El L__1 -'--_..____-_-
il SNEIRERENEIRE ——m, _—
rganismal death [ | - @f-TATEfEL N
Meorbidity or mortality L e ———
iral Infection T -
nfection by RMA virus S'F%.Mf_ErE —_——
nfection of cellz I h@ W 4 e ——— _
Cell survival o E{I'DD-EIE I.-ﬁ.GEN. All rights reserved.
Cell death of osteosarcoma ¢ - -

— Sample to Insight
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Single Experiment

« Time Course
* Dose Response

VL vnerin

« System biology

« Combining SNP, CNA, mRNA, microRNA, proteomics,
etc

Set Analysis

« Exploring Common Molecules across one or more
experiment (s)

— Sample to Insight
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Research AIM:

0 To attain a systems biology understanding of your research by bringing multiple
types of genomic data together (SNP, CNA, mRNA, microRNA, proteomics, etc.).

Challenge:

O Data types measured different molecular status in experiment

0 Too much data, some data types may have extra ‘noise’(i.e. arrays)
O Venn Diagram-type comparison excludes ‘A affects B’ information

Solution:

O Identify phenotypes, disease associations, and pathways that are common themes
for multiple data types using Comparison Analysis

O Interactive pathways overlay multiple data types and find genes up or down-stream
that change in the various data types.

O Pathway tools find regulatory connections between molecules of interest and the
various data types

0 microRNA Target Filter can link microRNAs and targets from miRNA and target data
sets

How do you integrate multiple data types now?

— Sample to Insight
22
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— QIAGEN

_ CNA MRNA
Mutations ICNV Expression

Methylation J

[ ChlIP-Seq

[ miRNA }\
Expression

Biological Iterpretation

Phosphorylation J

Protein }
Expression

— Sample to Insight
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23222 IPA: A Point of Data Integration GGA

— QIAGEN

_ CNA MRNA
Mutations ICNV Expression

[ Methylation }

[ ChlIP-Seq

[ miRNA }\
Expression
Biological Interpretation

Phosphorylation }

Protein }
Expression

— Sample to Insight
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seses What do you want out of this comparison? COA
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Review your workflow — What are your goals?
Core Biological Interpretation
MRNA data TS
Comparison
Analysis
Metabolomics Core
data Analysis

Pathways?
Export?
References?
Lists?

— Sample to Insight
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Single Experiment

« Time Course
* Dose Response

VL vnerin

« System biology
« Combining SNP, CNA, mRNA, microRNA, proteomics,

etc

Set Analysis

« Exploring Common Molecules across one or more
experiment (s)

— Sample to Insight
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IPA Analysis of Metabolomics Data
Including Cross-Platform Integration with

Transcriptomics Data from a Diabetic
Mouse Model

Integration of metabolomics and transcriptomics data to aid biomarker
discovery in type 2 diabetes

Susan C. Connor,7*“ Michael K. Hansen,:” Adam Corner,° Randall F. Smith? and
Terence E. Ryant®

Received 15th July 2009, Accepted 4th December 2009
First published as an Advance Article on the web 23rd March 2010
DOI: 10.1039/b914182k

— Sample to Insight
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urine

liver
adipose
muscle

IPA analysis
(biomarker)

db/db diabetic
mouse model

— Sample to Insight
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Input dataset

* Observation 1 : urinary NMR-based metabolomics data

* Observation 2 : liver transcriptomic data

» Observation 3 : adipose transcriptomic data

* Observation 4 : muscle transcriptomic data

metabolomics data + transcriptomic data

ID Symbol Fold Changp-value D Fold Change p-value ID Fold Changp-value D Fold Change p-value
CO06TL  (38)-3-methyl Z-ozopentanoate 1344 0.00E+00 CO0&71 -1.344 0.00E400] | COSZ70 149 QO0E+00! | cons7l 1244 D00E400
COLOSY  (R)-3-hydroxybutyric acid L3110 Q.00E400 01089 1311 000E400| | COOSSS -1.49 Q00E+00| | co1089 1AL 000E400
05984 2-hydrozybutyric acid 1244 Q.00E+0 1416083 _at 2 3RIELHZ| | COOOZG 2031 QO0E400| | 1452730 _at 2 ZH0ELD3
CO0322  Z-ozoadipic acid 2 1433936 _at 2 286ED3| | COOZ33 -1.371 0.00E+00| | 1436187 _at 2 2.594E-12
COO0Z26  Z2-ozoglutaric acid 2031 0.00E400 1434454 at 2 18pEDZ| | COOL4L -1.559 Q00E+00| | 1424722 _at 2 3BTELZ
CO1468  4resol 164 000E+00 1453238 5_at 2 893EL5| | COLCE9 -1.311 QUODE4D0| | 1456546 _at 2 113E02
C00642  4-hydroxyphenylacetic acid 1,002 0.00E400 1435137 & at 2 30pELR| | C11457 -1.838 Q.00E+00) [ 1455692 <2 1.11EL2
CO0033  acetic acid 1226 18302 1427932 _5_at 2 977ED8| | CUZ642 -1.072 Q00E+00) | 1448038 _at 2 4.14E04
CO2571  acetyl-L<arnitine 1011 0.00E400 1430989 _a_at 2 37LELHZ| | COZ571 -1.011 QUOOE4D0| | 1451588 at 2 B20OE27
CO0212  adenocsine 1066 0.00E400 1445035 _at 2 391E02| | COOZLZ -1.066 Q00E400( | 1424365 _at 2 104ED4
C0O1551  allantoin 1081 0.00E+00 1424365 _at 2 254E47| | CODO4L 1.119 Q.O0E+00) | 1436339 at 2 261E-12
00233 alpha-ketoisocaproic acid 1,371 0.00E400 05984 1,344 0.00E400| | COL551 1.081 Q.00E+00| | cosas4 21344 000E400
00141 alpha-ketoisovaleric acid -1.559 0.00E+00 00322 2 0.00E+00| | CO5954 -1.344 0.00E400) | CO0322 2
CO0417  cis-aconitic acid 1208 Q.00E+00 CO0026 2031 000E+00| | COL585 -1.49 QO0EHDQ| | COO026 2031 0.00E+00
CO0158  citric acid 1.262 0.00E400 1429115 at 2 459Nz | COOS03 -1.49 Q00E4030| | 1435524 at 2 TAZED6
Co0327  citrulline 2 1435522 a_at 2 186E0s| | COO6Y] -1.344 QO0E400| | 1452170 _at 2 BB2ELDE
CO0200  creatine 1,33 0.00E+400 1428083 _at 2 10BEN9| | CO0417 1.208 O.00E+00| | 1424968 _at < L94E06
CO0791  creatinine 1281 600E06 1455207 at 5 o75p.04| | COOLSS 1.262 0.00E+00| | 1433530 _at 2 146E03
00879 D-galactaric acid 2.896 0.00E+00 1420269 _at 5 seopps| | CO0300 -1.33 0.00E+00] | 1428500_at 2 400EDS
C00124  D-galactose 3,183 0.00E400 1423357 at o og8En3| | CO0543 -1.12 Q.00E+00| | 1439962 _at 2 534EL05
CO0031  D-glucoss 10,045 Q.00E400 1453207 at 2 44103 | CO0346 1248 OQ.00E+00| | 1435522 _a_ 2 254E03

— Sample to Insight
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A
_ ——"isovaleric acid
ATP2A3.
/I \\\
<

) e < a hexanoic acid*

pentanoic aci /

P c036 /N /

=~ _/‘ 3\.\\ \\ h \\ //
T 'S /
P CPT1‘A\\§; UCP1 /
— — BEANEE s i cutncacnd
<ﬁnm—insdh—dependentdiabetes mellitus = \>”A ,;’LEP ““““
— e ———— - A\
TN - /\/ X :"‘\ ' acetic acid
. /,’ \ ~ L
e e T /,’/ //7\ 1\t\"\:\\/ \\ malonic acid

Lpl:\\ﬁr\ g2 /palmlﬁé ac‘d / \CREB1 \Q

. / iier <% RNA polymerase Il
G4 P %f?’L-tmodolhyronme

UCP3. SLC2A4 ™ w';i 1y \Gsk3 :
N ,ﬁ/ £, UCP2 EDN1 \: @m Leucine and Isoleucine DogradaD
e ‘_._-—-"

AMPK BAX DBT W

(')

A
HSPD1 (mcludes EG:3329)
- lsobutyry;-goenzyme A

BCKDHA .alpha-ketoisovaleric acid

Mﬂ@ﬂ@te

<16 Vaine, Loucine and Isdleucine Biosynthesis val'.-,e\\
< TGP Pantothenate and CoA Biosynthesis >

Network describing lipid metabolism, small molecule biochemistry and transport

— Sample to Insight
Copyright©2018 GGA Corp. All rights reserved. 31



& B
33322 IPA analysis result
QIAGEN

Liver Adipose

Gluconeogenesis pathway mapping metabolomics and transcriptomics results

— Sample to Insight
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Result;

« Several biomarkers (e.g., BCAAs, nicotinamide
metabolites, pantothenic acid) have not previously been
suggested as possible biomarkers for diabetes.

« metabolomics highlighted at least 24 distinct pathways that
distinguish diabetic and control mice. The pathways most
affected were amino acid, amino group metabolism and
the urea cycle. Also affected were fatty acid biosynthesis,
degradation and transport, DNA and protein synthesis
changes in urinary protein, MUP and NAG, energy
metabolism, and steroid hormone synthesis.
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Compare
Select Entities to compare and click Add Entities to Compare
B GBM vs Norm Expression - 1.5LR-p0.05
[ GBM paper CNA_q0.05
ED My Projects [E GBM paper Mutation Data_Freq>2%
(2 Data integration training
[+-E9 Dataset Files
H CLEAR ALL
B et
- B GBM vs Norm Expression - 1.5LR-p0.05
~B GBM paper CNA_g0.05
: B GEM paper Mutation Data_Freg>2%
E My Pathways
G &2 My Lists
EH[E GBM
@[ Charite -- Cellular study
B Charite--Human Study Entities Comparison Results
FH[E3 Melanoma Case Study
F-[ET UPMC Union of all nodes in Entity (1305)
H-Ea Projectl. AACS ia
gg Er::;ipo[‘;hellal Genes ABCAL
o ABCC3
F[E3 Tubulin binders heart Effect ABHD3
EH[ED EMS 211111 ABR
BH[ET Bibliol ACCHL
BH[ET Erasmus Wednesday ACOTT
=H[E3 Erasmus training ACPE
EH[E Certification Exam =~ ACSBG1 |
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Ratio

B Union mRMAs (1.5LR), CHAs, Mut (=29
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IPA Core Analysis: B4 B

GGA
00000
a8
Upstream | B9 (@]|[E] p-velue of over...|168E-11 - 792604 (1 of9) ~| () i Mere Info
An al yS | S ||O Upstream Regulator |Log Ratio Molecule Type El Predicted Activation State |Activation z-score |/ p-value of overlap [Target molecules in dataset E"Mechanistic MNetwork El
[ | rosiglitazone chemical drug Activated 3.746 1.68E-11 [PACAAZ, +ACADVL, . .. E||59||2_4_I’J__(1;51)_| -
]| PPARG +0.706 ligand-dependent nuclear receptor |Activated 4.793 2.22E-09 ~all 53 185 (18) \~\
| TNF 45150 cytokine Inhibited -3.414 2.82E.05 ABCC2, +ABR, T+A.. ..all147 244 (18) \~\\
FU nCt| ons [1| 9-cis-retinoic acid chemical drug 1.201 i i
cvstonuzs concr R > S by: [ lua) <] Colorby:| s | 4.5 Mechanistic
| View as: ize by: |-log (p-value) olor by: |z-score one m 5145 NetWOka
*| | Click squares below to explore  Currently Viewing: -
concertration syrthesis oxidation tranzport homeostaszis
i i Q
T 75 — __ |
2 oxidation of lipid
; co [-log (p-walue) 5272 : zscore 2.104 ] Ut quartity | Eforagell Se=ul
=l ] | -
2 accurulztion ]
25 . - — - - \
[ ] [ Rsgitazone | [ = rate] LPS/IL-1 Mediated Inhibition of RXR Function Canonical 1
Overlay: Rosiglitazone_10uM \\
00 45 Pathways
E AY
2 40 i [*] y
=]
s ole/o
3 EEL O \
2 ’I;" 25 — J— HL Ry
'-Sm' 20
- 15
Kl I iy Regulator
0.5 Effects
0.0
5 £ - 9 \
5 £ £ E Py RN
= £ [ E A A B NN N NN
2. B 5 3 AR A I T U N N N
= [ & o PP | NN S
2 5 5 B - S v N \\
E - 5 3 / RV AR AN ~
24 ks E 3 - I\
B = ) 7 -
=g = - I
o 2 c@ ‘ crc/\ s | ceLs 1313
l:‘ =
a 2.960E-" 5\-\2 530E-6 5.190E;6 2530E-4 : 1.3 UEZ 3 360E-4 ’2400E3 /BQQOE@
- 1.810 z’zaq ‘g,ggE 4 240 \ LEC 84 /0854 0999/ g-gggE 3
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Networks
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| microRNA Target Filter

68 microRMNA Families have targeting information awvailable.

Filtered to 51 microRMAs targeting 32 mRMAS,

ADD,REPLACE MRNA DATASET EXPRESSION PAIRING

Details “\‘Summary \l

| ADD TO MY PATHWAY | ADD TO MY LIST

B &)

Use |7/ ko filker a column. Add data or more columns using 'Add columnis) [+] '

Rows:

e

microRMNA dataset: melanoma_microRMA_data  Add column(s) Relationship Add column(s) mRMA datasst: mRMA Metaskasis vs Mormal - 2FC, 0.05PY Add column;
(5] Symbol  metastatic melanoma (Fold .. | Source El Confidence El Expression Pairing (] Symbaol Fold Change Muolecular Type Pathyary 1
hsa-let-7c let-7 —3.120 TargetScan Human High (predicted) + 5072015 ADRBKZ 13,394 kinase Colorectal Cancer Mek
hsa-let-7c let-7 -5.120 TargetScan Human Moderate (predicted) + SO67167 ALREA T2.136 kinase Molecular Mechanisms
hsa-let-7c let-7 —3.120 TargetScan Human High (predicted) + 5105121 GHR T2.052 transmembrane receptor | Growth Hormone Sign.
hsa-let-7c let-7 -5.120 TargetScan Human Moderate (predicted) + 7994131 PRECE T4.995 kinase Breast Cancer Requlaf
hsa-miR-206 mir-1 +1.530 TargetScan Human Moderate (predicted) + 7956301 LRP1L —3.463 transmembrane receptor | Colorectal Cancer Met
hsa-miRk-206 mir-1 +1.580 TargetScan Human High (predicted) + 5005201 NGFR —Z2.917 transmembrane receptor | PTEM Signaling
hsa-miR-122 mir-122 +1.970 TargetScan Human High (predicted) + 7IE3670 MAP3K12 —3.119 kinase erm Cell-Sertoli Cell 3
hsa-miR-122 mir-122 +1.970 TargetScan Human Moderate (predicted) + 5157524 TLR4 —6.250 transmembrane receptor | Colorectal Cancer Met
hsa-miR-1253-5p mir-125 —-1.450 TargekScan Human Moderate (predicted) + 7955213 CHRMAS 2965 transmembrane receptor | AMPE Signaling
[al heamib 1252 B0 1 dEn =l=F N kel 4ed OOC
, Pathways
T
mslng M(_)I_IeC:Ie (Cancer/ MRNA ll
T
yP Growth)
A v

88 data
points

13,690
targets

1,090
targets

333
targets

39
targets

32
targets

Use Pathway tools to build hypothesis for microRNA to mRNA target association
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B Goal: Utilize newly discovered microRNAs to better understand biology around
potential MRNA targets/disease

B Challenge: New and rapidly evolving field with different measurement
technigues and prediction algorithms leading to variability in data

B Need: Identify mRNA targets to microRNAs using biological and experimental
information, correlate microRNA and mRNA target expression, specify easy to
use confidence levels of interaction predictions, annotate mRNA targets with
biological context, pathways, species, etc., all within a single workflow

B Outcome: Reduce time of identification of relevant mRNA targets from months
to minutes
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Office: +886-2-2795-1777#3012

P
'3 allim 4y Fax: +886-2-2793-8009 EXT 1022

My E-mail: clairtsai@gga.asia
GGA MSC Support: msc-support@gga.asia
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