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cosBl applications in drug discovery

Patient OMICS + Disease Monitoring

Population

e

Patients
Classification

'I‘ Genomics 7 w 'i‘ ’i' ’i‘ 'i'
Transcriptomics = R .
— Proteomics /\V — T Trognosts

Metabolomics
. w Biochemistry... VK

T

Systems Biology

Analysis . . .
Y Diagnosis/Disease

Subtyping

//

|dentification
of Responder

f

Therapy Selection

Target
identification
& validation

T T T

—y Preclinical —» Clinical —y» Launch

* Target Identification

* Drug molecular mechanism
of action

* Drug repositioning

* Toxicology Biomarker
* Drug response

e Compound selection
 Modeling

* Dose regimen selection

* Disease Biomarkers-Patient selection
* Patient stratification

* Toxicology
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scientific literature

iInformation retrieval

unstructured text

information extraction

structured facts

ey

Protein (Entity)

STAT3 Ser(727) phosphorylation may

v

knowledge bases,
models, etc.

I the present shady, sigred acthis S |STATY Se(T27) od was i d
n rekason 10 ectivetion of protein (MAFP) kinese famiy noudrg si0naknegy protein kinase
{BRK)1, odan N-tarmival kinase (N1 and pIB (mactvating Krase) In sspones 15 Inderieuids OLG stmaiation. ARRough IL-6 con
actuate ERK-1 1 HapG2 culs, STATS basaschuntion and SarT27) phoaphonfalon men ot recuond by Lideg e MAP KesswERK knsse
{MEC) nhvbior PDSGOSE of by oVt ssion of Sominani-negetive Raf. IL-6 10 not actsak JNKG-1 In HapG2 cols v STATS was @ poor
Subetrate for JNK-1 autivannd by anisaempdin, cxcheding o roke for JNK1 in L4-ndused STATI asiwrion. Howewer, BEK: UMKK 4 jwhere
SEX-1 stands 1or stress-acheaiod prolein trass (SAPKVERX trase 1, and MG stands for MAP Kinses kirose 4] wes actwried in
reagcnss 1o L8 and cvertaprassion of domisart-segatve SEK-1/MIOC-AA L) reduced boly IL-84sduced STATS Ser(727) pheaphoriaten
a6 wel o5 BTATS 10 BEK- IMKK4 wpet Vv, Rac-1and MEXC woro identlied s
componants of a sigrel taarsduction coscode that leads to STATI ransactvarson in sesponse 1o L4 stimelyson. Ferhermaoee, inhiblion of
SO0 Kinase 3ty with e Inhisior SER0I500 dd not block STATY Ser(727) both besed s well an 1L-0-
Indaced STATS rurecthwtion, ndicating that 538 may 82! 63 & negitve regusier of IL4-rduced STATS rough & presertly
UPRNOWE MANGNGM. IN CoNthson 1Hase 3313 ingioato hat IL-6-nduced BTAT3 and Sen727) L
indagendect of ERK-1 0r N1 actvix Bet imsohves 2 gp130 recegiorsgraling coscade Tt nclades Vv, Rac-1, MEKK and SEX-1/MKK-4
8 wared e CIon COTDROrETR.

[NLP methods]
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involve Vav and Rac-1
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... Precision literature mining
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glycoprotein
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AZGP1 \\ Zinc-
alpha2-glycoprotein
\\ ZAG
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\\ ZAG \\ zinc-
alpha2-glycoprotein
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alpha2-glycoprotein
\\ ZAG
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osogium glutamate

adiponectin
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OBJECTIVE: Our study aimed to investigate

whether- activates

regulator of energy metabolism , in human skeletal mus-
cle cells (SkMc) \\ DISCUSSION AND CONCLUSION:
These results show tha.t-]ea,ds to phosphoryla-
tion of AMPKa and ACC, thereby activating a pathway

AMPKa, an important

central to the regulation of energy metabolism

ZAG mRNA was detected by RT-PCR in the mouse
WAT depots examined (epididymal, perirenal, s.c., and
mammary gland) and in interscapular brown fat \\
Mice bearing the MAC16-tumor displayed substantial
losses of body weight and fat mass, which was accompa-
nied by major increases in mRNA and protein
levels in WAT and brown fat

Mice bearing the MAC16-tumor displayed substantial

losses of body weight and fat mass , which was accom-

panied by major increases in- mRNA and protein
levels in WAT and brown fat

e wtiposind SHENPERNESHOE| (170)

downregulated with fat mass expansion in obesity \\

RESULTS: In human subjects,JAAGIMRNA level was
negatively correlated with BMI (r = -0.61, P <0.001, n
= 23, visceral; r = -0.6, P <0.05, n = 14, subcutaneous)

and fat mass (r = -0.62, P <0.01, visceral; r = -0.6, P
<0.05, subcutaneous)

Serum levels o correlated with serum levels of
cholesterol (P = .00088) in healthy subjects and during
weight loss (P = .059)

AMPK

thermogenesis



Precision literature mining

Selected literature sources

-2 US NLLM bibliographic databases
o PubMed
o MEDLINE
o OA Comm, PubMed Central (PMC)
o Author Manuscript Collection (PMC)
-2 US Patents > 2002 (~3.7/M)
- EU Patents (in progress)
= Clinical Trials (~250K)
- Human-curated MeSH headings

Selected knowledge base sources

Genes, for ~IK Mammalians - NCBI (~11.1M)
Proteins - UniProt (~-310K)

Chemicals - PubChem (~320M in progress)
MeSH Terms - NLM (~270K)

Diseases - OMIM+CTD (~90K)

Symptoms - Ontology (~1K)
Microorganisms taxa (~1.oM)

N2 20 20 28 20\ 22\%

Pre-1966

PN ed

MEDUNT

PMC



strengths

personalised query language

extended search base

statistical
overrepresentation

annotated txt generation
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strengths

Seeded approach
APHER o1
boa g

Network building using highly
connected neighbors

of biomolecules Module detection

of interest
/&@
4 v
l / Addition of biomolecules of interest
Module detecti / to the network o i
odule detection - . t 5
y [ %

Functional annotation analysis

Pathway enrichment
GO terms (Biological Processes)

flexibility

Alzeimer
ApoE44 ApoE33
fieee fitee
fieed fiiee
Protein-protein APOE44 Transcriptionallsignature identits
interaction network L) bed

multilayered network

(HPRD)

Genomic data
bO4 04 B
<«

|

Functional annotation & Pathway analysis

customized pipelines




RCH- \
69‘ U,v/
<& S /
Ie

3 % /
S 3 ) y.

"ng s on\"’ \l,s:,ﬁ o /
COSBI unique technologies e

Simulation Ngorthm

N B ; Y 4 modeling &
e Feades B 0N 0 : . .
‘ / simulation

Nl (

. y@%@z
% /\\%{
\ ;- %/
, / \é7 N\
> i
/ pathway analysis

'\,- -
) biomarker identification '
ANV

data integration ‘?*

knowledge
extraction



solution

v Uarw

B O oasion

' t

A 8 € ' T A
Q0 =T
"
> T 7 T
. EB
on
e
= [
;T ok

HoNa lure M e Mad
H A raction GO O LOncl ruccion

' '

A B8 A i
Ty I

iy RN 'l

2012 ﬁ‘f ) 3}|MPROVER COSBI overall 24 out of 52 groups, in EU

syslemshialogy =i ficaticn COSBIF out of 52 on the sub-challenge MSD

Ret o0



other examples

GSE32891 (FDA, Jefferson, AR) r High Dose
mRNA from L 4 6 Hours

p I’OSta te cancer signature size: 50+50, top 20% edges s

'& < High Dose
% . Lt CONTROL . g 24 Hours

Lt A -~ ACETAMINOPHEN (100mg/Kg) ' X7 Y
& - : ).' ,‘p :‘.f' ACETAMINOPHEN (1250mg/Kg) el it‘
e, o - L0
LB ot 6h
~

e -

3d

7d

e . o
' . High Dose
toxicology Y T bays
® -
MRNA from liver in rats e
GSE39314
MIRNA from urine of PCa and BPH patients
Signature size 12+12, top 20% edges .
-
. -
autism
® -
>
- .
=
.
° Posterior Cingulate Cortex

GSE37772
mMRNA from lymphoblast cell lines derived from
386 individuals of 196 Simons Simplex Families

) Microarrays from laser
" microdissected neurons
Signature size: 25+25, top 20% edges

AD different brain regions



strengths /

GSE 32041 cytokines in
Parkinsonian syndromes

no need of a priori hypotheses

process-based classification — no need to limit the length ot
data type
insensitive
easy to visualize

Different Labs, different
cell type (Color)

batch insensitive

~N L

e - time-dependent markers --.gw
7 N
S,

\
n-ary classification Pat
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2 =17 algorithm,

e
"\* N transcriptomics » probes with p < 0.05

list of DEGS

building correlation network

lcorrelation network

module identification
l list of lists of co-expressed genes

functional annotation
clustering of each list

l list of DEGs modules
* PPI network

 tissue » identification of the closest
* molecule role (receptors) receptors to each DEGs module

list of receptors
A 4

for each receptor identify the paths to
genes in the DEGs module up to distance 9

list of trees rooted in receptors
1 and with DEGs as leaves

for each tree and path in the tree identify best
pathway according to similarity score / NAS

l list of pathways for each DEG module

normalized fold changes —————>

aggregation of similar pathways

}

* Aggregated list of pathways
* p-value
* network activity score (NAS)

B) ° JAN

PN

Previous
knowledge

Experimental
evidence

Pre-knowledge
Exp evidence

Pre-knowledge

Exp evidence

Pre-knowledge

Exp evidence

transcriptomics

functional annotation

PPI network, tissue specificity,
protein annotation

DEGs module topology

canonical pathways (KEGG,
BioCarta, PID,Reactome)

DEGs module topology
fold changes

@® protein

@ | protein in DEG module

A receptor

A receptor selected to be root
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prioritize pathways
bridge biomarkers with modeling and simulation
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2 D. Nikolic, C. Priami, R. Zunino. A Rule-
m O d e | I n g I a n g u a g e S based and Imperative Language for
Biochemical Modeling and Simulation.

Proceedings of SEFM'12, LNCS,
Springer, 2012.

C. Priami, P. Quaglia, R. Zunino. An

Ca Se imperative language of self-modifying
graphs for biological systems.
Studles L. Dematte, C. Priami, A. Romanel. Th«_e BlenX Language: a tutorial. In Formal Proceedings of ACM SAC'12, 1903-1909,
Methods for Computational Systems Biology, (M. Bernardo, P. Degano, G. ACM, 2012.
Zavattaro, Eds.), LNCS 5016, 313-365, Springer, 2008. L

L. Dematté, C. Priami, A. Romanel. The Beta Workbench: a computational
fool to study the dynamics of biological systems. Briefings in Bioinformatics, 2 01 2
9(5): 437-449, 2008.

L. Dematté, R. Larcher, A. Palmisano, C. Priami, A. Romanel. Programming Blenx
Biology in BlenX. In Systems Biology for Signaling Networks 1:777-821, S. Choi,
Ed., Springer, 2010. 2008

Beta

C. Priami. The Stochastic pi-calculus. b | N d ers

The Computer Journal, 38(6):
578-589, 1995. 2004

Stochastic
C. Priami, A. Regeyv, E. Shapiro, W. C. Priami and P. Quaglia. Beta binders for
Silvermann. Application of a o) I-ca I cu lus biological interactions. Proceedings of CMSB04,
stochastic name-passing calculus to LNBI 3082, 21-34, 2005.
representation and simulation of
molecular processes. Information 1995 C. Priami, P. Quaglia. Operational patterns in

Processing Letters, 80:25-31, 2001. Beta-binders. Transactions on Computational

Systems Biology, I:LNBI 3380, 50-65, 2005.
C. Priami. Language-based
erformance prediction of distributed
and mobile systems. Information

and Computation, 175:119-145, Implementation
2002.
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Modeling is fast becoming fundamental to understanding the processes
that define biological systems. High-throughput technologies are producing
increasing quantities of data that require an ever-expanding toolset for their
effective analysis and interpretation. Analysis of high-throughput data in the
context of a molecular interaction network i particularly informative as it has
the potential to reveal the most relevant network modules with respect to a
phenotype or biological process of interest

Analysis of Biological Systems collects classical material on analysis, modeling
and simulation, thereby acting as a unique point of reference. The joint
application of statistical techniques to extract knowledge from big data and
mapitinto mechanistic models s a current challenge of the ield, and the reader
willlearn how to build and use models even if they have no computing or math
background. An in-depth analysis of the currently available technologies, and
a comparison between them, is also included. Unlike other reference books,
this in-depth analysisis extended even to the field of language-based modeling.
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hierarchical modeling integrated platform
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