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=" The systems biology approach to complex diseases

= Biological question

= Workflow for identification diagnostic and therapeutic markers
o Construction and analysis of E2F1 map
o Identifcation of tumor specific core-regulatory network(s)
o Dynamical analysis of core-regulatory network(s)
— Stimulus response behavior
— Perturbation analysis

o Experimental and patient data validation of model predictions
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The Systems Biology Approach BIOINFORMATICS
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Tumor progression and metastasis BIOINFORMATICS

Local invasion
Initiation Tumor formation Tumor neovascu
Intravasati-..

* Malignant tumors and metastasis are frequently resistant to chemotherapy.

* Therapy-induced resistance will result in recurrence and further disease
progression.

* The transcription factor E2F1 has recently been identified as a key regulator
in tumor invasiveness and metastasis by switching duties during
carcinogenesis.
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Hallmarks of cancer: Deregulation of the RB/E2F pathway
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The dual role of the E2F1 in carcinogenesis BIOINFORMATICS

.. as a tumor suppressor ... as a metastasis inducer
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E2F1 levels predict disease progression and patient survival BIOINFOR
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E2F1 promotes tumor progression
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Cell migration and invasion
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Define Research Questions: underlying mechanisms? ' BIOINFORMATICS

* Which gene signatures promote the malignant phenotype?

* What the possible therapeutic candidates that can render
invasive phenotype to non-invasive

* What are the mechanisms underlying E2F1 mediated drug
resistance?

www.sbi.uni-rostock.de 10




SYSTEMS BIOLOGY

BIOINFORMATICS
Workflow ROSTOCK
- Literature mining Graph theory - Biomedical properites - ODE based model - Clinical data

- Databases - Gene expression data - Logic-based model validation
- Domain knowledge - Hybrid model - In vitro validation
Multi-objective
function
E2F1 - Centrality measures - Bladder core network - Predictions of disease - Validated molecular
interactions map - Network motifs - Breast core network molecular signatures signatures
- Gene prioritization - Identification of potential - Validated drug targets
T drug targes

Khan et al., 2017, Nature comm. doi:10.1038/s41467-017-00268-2
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Construction of modularized map of E2F1 in tumor progression BIOINFORMATICS
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Network characterization BIOINFORMATICS

= Network characterization therough topological properties (e.g., node degree (ND)
and betweenness centrality (BC)) which provide useful information regading the
network archetecture?.

= Node degree is the number of edges connected to a node, and

= Betweennecess centrality is the number of shortest paths from all nodes to all
others that pass through that node.

Nodes Edges

Node ‘B’ has highest
degree is called ‘hub’, known
for their importance in network
organization and very often are
transcription factors playing
a central role in orchestrating
cellular functions?3.

deg(B) =6

Node ‘A’ has highest
betweenes centralilty which
serves as gate keeper in the

communication between
different part of network?.

stAzt ot

1. Barabasi et al., Nature reviews genetics. 2004 Feb;5(2):101. .
2. He etal,, PLoS genetics. 2006 Jun 2;2(6):e88. = Tool used: Cytoscape plugin NetworkAnalyzer

3. Jeong et al., Nature. 2001 May;411(6833):41.
:
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Motif identification BIOINFOR

= Biological networks are enriched in recurring structural patterns called network
motifs including feedback/feedforward loops?.

= They induce non-intuitive behavior and play a crucial role in system dynamics®?.

N
I
— Y E2F1 (LEF1
nnnnn \ 'I\E2F11 \\_,_/ \Tr/ LT

For mechanism-based investigations, these regulatory loops provide valuable
insights into the regulation of cellular processes but identification of important

loops is challenging.
ey < oFe

= Tool used: Cytoscape plugin NetDS

Alon U. Nature Reviews Genetics. 2007 Jun;8(6):450.
Yeger-Lotem et al., PNAS genetics. 2004 Apr 20;101(16):5934-9. 14
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Identification of the regulatory core: Motifs ranking
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Identification of a regulatory core from the large network
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| | K DS
Dynamical analysis of core-regulatory networ BIDINFOR

= Stimulus response behavior
= Perturbation analysis
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* Simple yet powerful modelling formalism in explaining the in-put/out-put behavior of

large biochemical systems

* Large logic-based models are easier to analyze, compared to large systems of differential

equations.
* Best choice when detailed quantitative information is not available

* Boolean models are simplest logical modeling approach
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BLADDER CANCER
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= OQur simulation results suggest that

1. When E2F1, TGFBR1 and FGFR1 are simultaneously active bladder cancer cells
become highly invasive (EMT = 3).

2. Asimilar effect was observed in breast cancer when E2F1, TGFBR2 and EGFR

are simultaneously active.

Khan et al., 2017, Nature comm. doi:10.1038/s41467-017-00268-2
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Model Validation
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bladder cancer patients

Progression-free survival probability
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Progression-free survival probability

Progression-free survival probability
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Classification of patients based on proposed vs. random
signatures

TCGA breast cancer cohort
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Model driven experimentation
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Non-invasive cell lines
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Invasive cell lines
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In silico perturbation for drug targets
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(a) Bladder cancer
|_Sigature Double in silico perturbations in regulatory layer Qutput
E2F1 | TGFBR1| FGFR1 | ZEB1 | TWIST1 | SNAIl NFKB1 | SMAD2,34| CDH1| EMT
1 1 1 1 1 1 1 0
1 1 1 0
1 1 1 0
1 1 1 0
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1 1 1 1
(b) Breast cancer
| Sigature Double in silico perturbations in regulatory layer Output
E2F1 TGFBR2| EGFR SRC FN1 SNAIl | SNAI2 CDH1 EMT

1 1

1
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1 1

Khan et al., 2017, Nature comm. doi:10.1038/s41467-017-00268-2
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Model driven experimentation
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Bladder cancer
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