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Systems Biology in Early Times

. Systems Bi0|Og! - The study of the

mechanisms underlying complex biological
processes as integrated systems of many interacting
components. Systems biology involves (1) collection
of large sets of experimental data (2) proposal of
mathematical models that might account for at least
some significant aspects of this data set, (3)
accurate computer solution of the mathematical
equations to obtain nhumerical predictions, and (4)
assessment of the quality of the model by comparing
numerical simulations with the experimental data.

* First described in 1999 by Leroy Hood




Systems biology: dynamic network

 Elements (genes, proteins, etc.)- nodes
 Interactions between the elements- edges

* Elements and their interactions are affected
by the Context of other systems within-
cells and organisms

* Interactions between/among elements give
rise to the system’s Emergent properties




Disease Arises from Disease-Perturbed Networks

Non-Diseased Diseased



Current Systems Biology

= System Perturbation

= Generation of comprehensive global data
= |dentification of key molecules

= Network modeling

= Generation of hypotheses

= Validation of hypotheses



Resources and tools for systems approaches

Choi et al., Molecular Plant (2014)



Current Systems Biology

= System Perturbation

= Generation of comprehensive global data

Analysis of genomic, proteomic & metabolomics data & data integration.

= |dentification of key molecules

|dentification of differentially expressed molecules.

= Network modeling

Network modeling and analysis for ID of key regulators and pathways.

= Generation of hypotheses

= Validation of hypotheses



Development of tools for systems biology
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ID of subnetworks
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INID database: transcriptome & interactome
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Developmental signaling pathways

Auxin ABA

Pathogen receptor Pathogen effector
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Interplays among developmental pathways

identifying Network models for Interplays among Developmental
signaling pathways in plants

Home Start Analysis Documentation Download
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Interplays among developmental pathways

Hormone Biotic stress
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Network models showing Interplays among

developmental pathways
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Development of tools for systems biology

Integration of multi-omics data
PNAS, 2005a & b
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GI(GIGANTEA), an Important Modulator of the Core

Oscillator of Arabidopsis

-Gl

TOC1 protein _—/\

ZTL protein

+ Gl

A model of the plant circadian clock

Harmer, Annu.Rev.Plant.Biol.(2009)
Kim et al., Nature (2007)




Mathematical modeling predicts network structure

Structure 1 Structure 2 Structure 3 Structure 4 Structure 5
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Mathematical modeling predicts network structure

Structure 1 Structure 2 Structure 3 Structure 4 Structure 5
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Experimental confirmation by transgenic plants
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Application of systems approaches




Application of these tools for various studies

The utility of these tools has been demonstrated in various systems biology studies.

» Dynamic disease-perturbed networks during the course of prion disease

progression Molecular Systems Biology, 2009 & age-related networks of
Arabidopsis leaves along the lifespan Science, 2009; Plant Physiology, 2016.

» Construction of RA-associated networks PLOS One, 2012; PNAS, 2015
describing pannus formation, and selection of key regulators of the networks
Arthritis and Rheumatism, 2011; JEM, 2012; PNAS, 2014

» Construction of T2D-associated networks, selection of key regulators of the
networks Cell Metabolism, 2013; Diabetes, 2015, and elucidation of a retrograde
signaling mechanism from the networks Science Signaling, 2012

» Construction of cancer-associated networks Nature Reviews Cancer, 2011 & 2012
and selection of key regulators of the networks JCI, 2012; Oncogene, 2014;
Cancer Research, 2016; Nature Communications, 2015; JI, 2015

» Construction of network models related to other diseases, such as AD Cell Death
and Differentiation, 2014, PD Nature Communications, 2013, and Interstitial
Cystitis Molecular & Cellular Proteomics, 2011, and a metabolic network
underlying pharmacokinetics of tacrolimus CPT, 2010.



oral disease-perturbed networks:

Prion disease
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Time-evolving cell cycle networks
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Application of these tools for various studies

The utility of these tools has been demonstrated in various systems biology studies.

» Dynamic disease-perturbed networks during the course of prion disease
progression Molecular Systems Biology, 2009 & age-related networks of
Arabidopsis leaves along the lifespan Science, 2009; Plant Physiology, 2016.

» Construction of RA-associated networks PLOS One, 2012; PNAS, 2015
describing pannus formation, and selection of key regulators of the networks
Arthritis and Rheumatism, 2011; JEM, 2012; PNAS, 2014

Construction of T2D-associated networks, selection of key regulators of the
networks Cell Metabolism, 2013; Diabetes, 2015, and elucidation of a retrograde

signaling mechanism from the networks Science Signaling, 2012

» Construction of cancer-associated networks Nature Reviews Cancer, 2011 & 2012
and selection of key regulators of the networks JCI, 2012; Oncogene, 2014;
Cancer Research, 2016; Nature Communications, 2015; JI, 2015

» Construction of network models related to other diseases, such as AD Cell Death
and Differentiation, 2014, PD Nature Communications, 2013, and Interstitial
Cystitis Molecular & Cellular Proteomics, 2011, and a metabolic network
underlying pharmacokinetics of tacrolimus CPT, 2010.



Mitochondrial disorders
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A Cybrid model with

mtDNA 3243 A>G mutation
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System-level Analysis of Cybrid Models

High glucose
(4.5g/L)
wild
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Mutation-load Dependent Differential
Expression Patterns
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What Regulates Changes in C3 ?
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Future in systems biology & medicine
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Complementary nature of different omics datasets

Subtype 2
Subtype 3
1
| 0.8
06
0.4
0.2
0

|||||||||||||II||||I|||||||||||||

]
-




Single cell systems biology

/e ) gn\. ,_
ofciz o] Lt

/"",// g



Cancer stem cells & drug resistance

Cellular heterogeneity Cancer stem cells & drug resistance

Intra-patient Intra-tumour
variation variation

Cancer Stem Cells

Single cell transcriptomics - Degree of Resistance
To Chemotherapy

35



Big data analysis

Finding relationships
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Big data analysis

Finding rules

Google

. how can u
how can u get herpes
how can u get hiv
how can u get aids
how can u get chlamydia
how can u get mono
how can u last longer in bed
how can u mend a broken heart
how can u lose weight fast

how can u get hpv
how can u get hepatitis ¢

Googla Search 'm fecting Lucky

Google

how can an individual

how can an individual impact the course of history
how can an individual make a difference

how can an individual affect society

how can an indnvidual change history

how can an indvidual

how can an individual reduce global warming

how can an individual be supported to refiect on an incident
how can an indwvidual help to conserve water

how can an indvidual influence an organization

how can an individual buy stock

™

Google Search Fm Fealing Lucky



Other big data problems in proteomics

Finding frequently co-varying proteins in different
pathways (cross-talks between pathways) ???

Finding frequently co-varying network modules
(pathways) that can be used as bases for
interpretation of a new dataset???



Protein layer

Peptide layer

Spectrum layer

Network architecture

Protein B

Protein C
Protein A

ptide A-1
Peptide A-2
Peptide A-3

D\

Peptide annotations:
(O From database
= First propagation
= Second propagation
§ Third propagation

+42M-480DVTIOHPWFK
-64
+42M+16DVTIQHPWFK +42MDVTIQHPW+16FK
+28

+42M+16DVTIQHPW+ IBF +A2MDVTIQHPW+44FK

\\ +]E
+42M+16DVTIQHPW+44FK

Edge: Protein-protein
Interactions

Edge: Correlation in
peptide ratios

Edges:
Relationships based on PTMs
Co-occurrence rate



Happy Birthday !!

Happy Retirement !!



