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Who am I?

• Originally from Sofia, Bulgaria

• MSc in Bioinformatics at Saarland 

University (first Cytoscape app in 2007)

• PhD at Max Planck Institute for 

Informatics with external stay at 

University of California, San Francisco 

(meeting the Cytoscape team in 2013)

• Postdoc / Assistant professor at NNF 

Center for Protein Research, University 

of Copenhagen (working with STRING, 

Cytoscape & omics data since 2016)



Why networks?
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High-throughput technologies

Adapted from Griss et al., Mol & Cell Prot, 2020.

• Enable us to characterize genome- and proteome-wide 

expression changes 

• Usually result in hundreds of regulated molecular players 

(genes, proteins, etc.)

• It is challenging to derive relevant biological insights from 

‘omics data
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A typical proteomics dataset

Temporal analysis of neuroblastoma cells in response to nerve growth factor 

(NGF) by mass spectrometry (Emdal et al., Science Signaling, 2015).
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A typical proteomics dataset

They identified 78 proteins that 

interact with TrkA (tropomyosin-

related kinase A) after 5 min or 10 

min of NGF stimulation.

5 min log ratio = log2 (abundance 5 min / abundance control)
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From gene lists to networks

Network analysis & 

visualization: 

Identify target genes and 

their cellular context, 

e.g. STRING

Protein interaction network with 

proteomics data visualized on the nodes

Protein abundance

-2                       0                        2



Networks are a useful and intuitive 

abstraction of complex biological systems

that lends itself to visualization!

Koutrouli et al. (2024): Learning about understudied 

proteins through co-expression. Bioinformatics, 40.

Gordon et al. (2020): A SARS-CoV-2 protein interaction 

map reveals targets for drug repurposing. Nature, 583.



10

Agenda

08:15 Introduction to biological networks + exercise

09:15 STRING & functional enrichment + exercise

10:15 Introduction to Cytoscape & stringApp + exercise

11:15 stringApp demo & exercises

12:00 Lunch break

13:00 Network visualization and analysis + exercise

14:00 Hands-on exercises / Work with your own data 

Materials: https://tinyurl.com/netbio2025 

https://tinyurl.com/netbio2025
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Intended learning outcomes

• Describe biological networks and give examples for the 

most common representatives

• Name and describe the sources of information integrated 

in the STRING database

• Perform functional enrichment analysis

• Analyze omics data using Cytoscape & stringApp

– Import your data into Cytoscape using stringApp

– Master network layouts and data visualization

– Perform clustering and enrichment analyses

• Know where to find relevant documentation and tutorials
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What are networks?

• Consist of nodes (vertices, circles) 

and edges (links, lines)

• Represent relationships between        

the entities (nodes)

• Networks are everywhere…

• Social networks (Facebook, 

LinkedIn)

• Public transportation system

• Nervous system

• … and many more

node

edge
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➔Important to understand what 

    the nodes and edges mean!

• Nodes can represent proteins, 

genes, metabolites, diseases, etc.

• Edges represent some kind of 

relationship between the nodes

– Protein-protein interactions

– Protein-ligand interactions

– Metabolic reactions

– Diseases comorbidities

– Gene-disease associations

Biological networks

Pathways: metabolic, signaling, 

regulatory, such as KEGG

Interaction networks: protein-protein, 

protein-drug, such as STRING
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Applications in Research
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SARS-CoV-2-human network

Gordon et al. (2020): A SARS-CoV-2 protein interaction map reveals targets for drug 

repurposing. Nature, 583, Fig. 3

• AP-MS with 26 SARS-
CoV-2 proteins reveals 

332 interactions with 

human proteins

• Merged human-human 

physical protein 
interactions to identify 

complexes

• Used fill color to highlight 
known drug targets
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The bright side in the dark

Koutrouli et al. (2024) Understudied 

proteins in the FAVA network. 

Bioinformatics, Fig. 5 

• 30% of the genes in the human 

genome are considered "dark”

• FAVA: High-quality functional 

association network inferred 

from scRNA-seq and 

proteomics data

• Better studied proteins are 

green, understudied - purple, 

known physical interactions are 

shown as darker, thicker edges

• 1039 understudied proteins are 

connected to 611 better studied 

ones by predicted interactions.



Do you already have some 

ideas, if and how you can use 

networks in your project(s)?
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STRING

• Collect and integrate multiple types of 

evidence for known protein-protein 

associations

• Predict new associations and transfer 

across species

• Assign confidence score to each 

association

Joint collaboration between the groups of 

Christian von Mering (University of Zurich), 

Lars Juhl Jensen (University of Copenhagen),

and Peer Bork (EMBL Heidelberg)

Query for protein trpA
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STRING exercise 1

https://jensenlab.org/training/string/

• Query the database

• Inspect the evidence

• Change query parameters

https://jensenlab.org/training/string/
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STRING evidence channels
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Predictions from genomic context

Korbel et al., Nature Biotechnology, 2004.

12,535 organisms

Gene fusion

Gene neighborhood

Gene co-occurrence

(phylogenetic profiles)
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Experimental evidence

Look for consistent similarities 

between expression profiles in 

many different conditions

Includes both RNA-based 

expression data as well as 

protein expression

Pair-wise interactions from 

experiments in curated 

databases like IntAct & BioGrid

Can be any type of biochemical, 

biophysical or genetic interaction, 

like pull-down experiments
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Gene co-expression networks

van Dam et. al., Briefings in Bioinf, 2017

Commonly used measures: Pearson or Spearman correlation

Issues: 

• Data sparsity and redundancy

• Information is not always linear
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FAVA

Koutrouli et al., Bioinformatics, 2024

Dimensionality 

reduction using a 

variational auto-

encoder

∼0.5M single cells and 

∼32k proteomics studies
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FAVA performance

Koutrouli et al., Bioinformatics, 2024
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“Higher-level” knowledge

Also known as Databases

Curated pathway databases like 

KEGG & Reactome

Known protein complexes
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“Higher-level” knowledge

Co-occurrence text mining for 

functional associations

Natural language processing 

using deep learning methods for 

physical interactions

Also known as Databases

Curated pathway databases like 

KEGG & Reactome

Known protein complexes
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STRING confidence scores

• However, it is not that simple:

→ Parsers and mapping files

– Many databases

– Different formats

– Different names

– Varying quality

– Not comparable

– Not the same species
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STRING score calibration

→Quality scores [0,1] based on a gold standard

→Common scale for comparison and implicit weight by 

quality

von Mering et al. Nucleic Acids Research, 2005

STRING 

score 
(how likely are 

two proteins part 

of the same 

KEGG pathway or 
protein complex) 
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STRING confidence scores

https://string-db.org/help//faq/#how-are-the-scores-computed 

https://string-db.org/help/faq/
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STRING network visualization

Evidence view Confidence view
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Type of interactions

Functional associations vs. physical interactions

Indirect 

functional 

association

Physical 

complex 

formation

New since STRING v11.5
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Access to STRING

• Web interface

• Evidence viewers

• Bulk download files

• Programmatic access

• Web services

• Cytoscape stringApp

string-db.org Szklarczyk et al., Nucleic Acids Res., 2025



Questions?
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From gene lists to interpretation

Functional enrichment: 

Identify relevant 

pathways & processes, 

e.g. KEGG & GO

Network analysis & 

visualization: 

Identify target genes and 

their cellular context, 

e.g. STRING

Protein interaction network with proteomics 

data visualized on the nodes

Significantly overrepresented GO terms for 

biological process
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STRING exercise 2

https://jensenlab.org/training/string/

• Data from a proteomics study

• Get network of multiple proteins

• Change query parameters

• Explore functional enrichment

• Show enrichment on network

https://jensenlab.org/training/string/
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From gene lists to enrichment

Functional enrichment: 

Identify relevant 

pathways & processes, 

e.g. KEGG & GO

Significantly overrepresented GO terms for 

biological process



44 Gene ontology example

Cell cycle KEGG pathway

Enrichment analysis

Gene sets (pre-knowledge databases):

• Gene Ontology (GO)

– Biological process (such as DNA repair, signal transduction) 

– Molecular function (such as catalysis, transport, binding)

– Cellular component (such as mitochondria, ribosome)

• Pathways, e.g. KEGG or Reactome

• Genomic location

– Chromosomal location

– Enhancer regions/Transcription factors

– Overlapping SNPs, etc. 

Methodologies:

• Over-representation (enrichment) analysis

• Gene set enrichment analysis (GSEA)
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Over-representation analysis

Given: a list of regulated genes or proteins and a list of 

annotations (aka gene sets or enrichment terms) such as 

GO biological processes

Goal: identify the gene sets that are statistically over-

represented in the list of regulated genes compared to a 

background list of genes

How: use Fisher’s exact test to calculate a p-value and 

correct for multiple testing to get a false discovery rate value
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Enrichment in STRING
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Gene set enrichment analysis

• aka GSEA is performed on a ranked list of all genes

• Kolmogorov-Smirnov test to identify which terms show 

a non-random distribution across the sorted gene list, 

followed by multiple testing correction

Up-regulated

Down-regulated

mitochondrion cytosol nucleus
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GSEA in STRING



Questions?
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From STRING to Cytoscape

• What if we want to …

- Create networks for large lists of genes

- Integrate and easily show additional experimental data

- Have more powerful analysis and visualization options
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Cytoscape

• Open source tool for network analysis and visualization

• Large, active community of developers & users

However, Cytoscape 

itself doesn’t know 

any biology

→ Cytoscape apps: 

apps.cytoscape.org







stringApp
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Cytoscape core concepts

Networks
e.g., protein-protein 

interaction networks

Visual Styles

Tables
e.g., actual network data 

or annotations
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Cytoscape core concepts

Networks
e.g., protein-protein 

interaction networks

Visual Styles

Tables
e.g., actual network data 

or annotations
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Cytoscape automation

• Use commands from R, Python, or JavaScript to execute 

Cytoscape, stringApp, and other apps’ functionality

https://github.com/cytoscape/cytoscape-automation/wiki 

https://github.com/cytoscape/cytoscape-automation/wiki
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Let’s try it out!

How many have installed Cytoscape 3.10.3?

If not installed yet, get it from here: 

http://cytoscape.org/download.php

http://cytoscape.org/download.php
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Launch Cytoscape

Control panel:

List of networks

Visual styles

Selection filters

Layout tools

App Store

Network view

Table panel: 

Node Attributes Table

Edge Attributes Table

Default layout

Zoom in/out
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Install stringApp v2.2

Troubleshooting: If your browser doesn’t allow you to install the app 

directly from the App Store, you can still download it. Then, switch to 

Cytoscape and go to Apps → App Store → Install apps from file. Find 

the downloaded app in your files and press the Open button. 

https://apps.cytoscape.org/ 

https://apps.cytoscape.org/
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stringApp exercise 1

In this exercise, we will perform some simple queries to retrieve molecular networks 

in Cytoscape using the stringApp.

Exercise 1.1: Protein queries

Question 1: How many nodes are in the resulting network? How does this 
compare to the maximum number of interactors you specified? What types of 

information do the Node Table and the Edge Table provide?

Exercise 1.2: Compound queries

Question 2: How is this network different from the protein-only network with 

respect to node types and the information provided in the Node Table? 

Exercise 1.3: Disease queries

Question 3: Which additional attribute column do you get in the Node Table for a 

disease query compared to a protein query? 

Exercise 1.4: PubMed queries

Question 4: Which attribute column do you get in the Node Table for a PubMed 
query compared to a disease query? 

https://jensenlab.org/training/stringapp/

Pick two query types and try them out!

https://jensenlab.org/training/stringapp/
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• Starting with a list of genes          

and no network data

– stringApp

– IntAct app

• Starting with a pathway of interest

– KEGGscape app

– ReactomeFI app

– WikiPathways app

• Starting with your own network data 

– from files, e.g. Excel tables or text files

– from R or Python via automation

Import networks in Cytoscape
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stringApp

• STRING protein query 

– Queries for STRING interactions for one 

protein or for a list of identifiers

• STITCH compound query 

– Queries for protein-compound interactions 

• STRING disease query

– Queries for disease-associated proteins 

from DISEASES and for STRING 

interactions between them

• STRING PubMed query

– Retrieves STRING interactions for proteins 

co-occurring with the query term in PubMed

• STRING cross-species query 

– retrieves STRING interactions between and 
within the proteins of two interacting species
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stringApp protein query
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STRING network in Cytoscape
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Node table (attributes)

• Subcellular localization scores (https://compartments.jensenlab.org/)

• TISSUES expression scores (https://tissues.jensenlab.org/)

• Pharos drug target information (https://pharos.nih.gov/)

Nodes (and edges) can have data associated with them

https://compartments.jensenlab.org/
https://tissues.jensenlab.org/
https://pharos.nih.gov/
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Related databases: Jensenlab

• COMPARTMENTS: 

Subcellular localization 

database

• TISSUES: tissue expression 

database for human, mouse, 

rat and pig

• DISEASES: disease-gene 

associations mined from the 

literature

• All three provide confidence 

scores between 0 and 5 stars

http://jensenlab.org/resources/

http://jensenlab.org/resources/
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Related databases: Pharos

https://pharos.nih.gov/ 

https://pharos.nih.gov/
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Pharos drug target information
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• Visual attributes

– Nodes: fill color, border color, border width, size, 

shape, opacity, label, etc.

– Edges: line style, line color, line width, line opacity, 

ending type, ending color, etc. 

• Mapping types

– Continuous (numeric values)

• Expression values, edge interaction scores

– Discrete (categories)

• Type of interaction, protein family

– Pass-through (labels)

Visualize data using styles
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Know your identifiers
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Expression data as node colors
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Omics Visualizer app

• Import your multi-omics data as an Omics Visualizer table

• Retrieve a STRING network for the proteins in the table

• Visualize as pies inside or donuts around the nodes

Legeay et al., F1000 Research, 2020
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• Cytoscape sessions save 

everything (.cys files)

• Export networks in different 

formats

• Export node & edge tables as 

text files

• Publication quality graphics in 

several formats

Save data



Questions?



stringApp demo
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stringApp exercise 2

In this exercise, we will work with the list of proteins associated with epithelial 

ovarian cancer (EOC) in the study by Francavilla et al. to perform typical network 

import and visualization tasks. 

2.1 Protein network retrieval & layout 

Question 1: How many nodes and edges are there in the resulting network? Do 
the proteins all form a connected network? Why?

Question 2: Do any of the suggested layouts help you to recognize patterns in the 

network? In which way?

2.2 Discrete color mapping

Question 3: How many of the proteins in the network are ion channels or GPCRs? 

Question 4: How many kinases are in the network?

2.3 Data import

Question 5: Do you see the columns from the Excel table in the Node Table?

2.4 Continuous color mapping

Question 6: Are the up-regulated nodes grouped together?

https://jensenlab.org/training/stringapp/

https://doi.org/10.1016/j.celrep.2017.03.015
https://jensenlab.org/training/stringapp/
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Why use (biological) networks?

• Networks are powerful tools

✓ Intuitive visualization

✓ More efficient than tables

✓ Reduce complexity

✓ Great for data integration

• But also… Challenging!

• Many network analysis & 

visualization techniques 

available

Doncheva et al. (2019), J Proteome Res, 

18(2): 623-632, Fig. 2 & 3. 
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Networks as tools

• Visualization

• Analysis

Doncheva et al. (2019), J Proteome Res, 

18(2): 623-632, Fig. 2 & 3. 
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• Visualization involves:

– Data overlays

– Layouts and animation

– Exploratory analysis

– Context and interpretation

• Analysis involves:

– Topological properties

– Hubs and robustness

– Modularity/clusters

– Data integration

Networks as tools

Doncheva et al. (2019), J Proteome Res, 

18(2): 623-632, Fig. 2 & 3. 
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Depiction

Various ways to depict biological networks

• Node-Link (graph) representation

• Partitioned Node-Link representation

• Matrix representation
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• Visual variables: what can we vary to encode data?

– Position

Visualize data on networks
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• Visual variables: what can we vary to encode data?

– Position

– Size

Visualize data on networks
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• Visual variables: what can we vary to encode data?

– Position

– Size

– Shape

Visualize data on networks
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• Visual variables: what can we vary to encode data?

– Position

– Size

– Shape

– Color

• Hue

Visualize data on networks
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• Visual variables: what can we vary to encode data?

– Position

– Size

– Shape

– Color

• Hue

• Saturation

Visualize data on networks
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• Visual variables: what can we vary to encode data?

– Position

– Size

– Shape

– Color

• Hue

• Saturation

• Brightness / lightness / value

Visualize data on networks
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• Visual qualities: what are the visual variables good at?

– Selective (easily spot groups with the same value) 

→ all, except for shape

Visualize data on networks
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• Visual qualities: what are the visual variables good at?

– Selective (easily spot groups with the same value) 

→ all, except for shape

– Quantitative 

→ position and size

Visualize data on networks



95

• Visual qualities: what are the visual variables good at?

– Selective (easily spot groups with the same value) 

→ all, except for shape

– Quantitative 

→ position and size 

– Ordered 

→ saturation and brightness, but not hue or shape

Visualize data on networks
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Example: protein families

Enzyme

GPCR

Kinase

Not annotated

Network layout: node position

Annotated: node size, brightness, saturation 

Protein family: node hue

Confidence of 

interactions: edge 

width & saturation



97

Example: proteomics data

Protein abundance

-2                       0                        2

Direction: 

node hue

Magnitude: 

node brightness

Confidence: 

edge width & 

brightness
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• Redundant encoding

– E.g. size and brightness

Tips & tricks
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• Redundant encoding

– E.g. size and brightness

• Complementary encodings

– E.g. size, brightness and hue (protein families example)

– E.g. hue and brightness (proteomics data example)

Tips & tricks
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• Redundant encoding

– E.g. size and brightness

• Complementary encodings

– E.g. size, brightness and hue (protein families example)

– E.g. hue and brightness (proteomics data example)

• Competing encodings

– E.g. node hue and edge hue

Tips & tricks
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• Determine the location of nodes and (sometimes) the 

paths of edges on the 2D space

• Use them to emphasize the relationships between nodes

• There is not one correct layout → Try different things!

Layouts

Force-directed Circular

Cross-species network created with stringApp 2.0, Doncheva et al., J Proteome Res, 2023.
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• Captures the structure of the network by identifying 

dense subgraphs, e.g. 

– Protein complexes in protein-protein interaction networks

– Functional modules in functional association networks

• Advantages for visualization → it can guide the layout of 

the network and be used for network simplification, e.g.

– Represent each cluster as one node

– Show only edges within clusters

Network clustering



Why use (biological) networks?

Doncheva et al., J Proteome Research, 2019
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• Group nodes together based on a measure of similarity 

between the nodes, e.g. edges or edge weights

• MCL (Markov CLustering)

– Fast algorithm

– No need to specify number of clusters  

Network clustering example
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Clustering in Cytoscape
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• Can be very useful for 

visualization

• Many categories: Gene 

Ontology, Pathways, 

Diseases & phenotypes, 

Tissues & subcellular 

localization, Protein domains, 

Publications

• Visualize significant terms

• Filter terms by category or 

remove redundant terms

• Group-wise enrichment on  

all clusters in the network 

stringApp functional enrichment
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Animation

• Useful to show changes in a network: 

– Over a time series

– Over different conditions

– Between species



108

Animation



Questions?
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stringApp exercise 3

In this exercise, we will continue to analyze the network of differentially abundant 

proteins from Francavilla et al. study. 

Prerequisites: install the app ClusterMaker2 from the App store!

3.1 Network clustering

Question 1: How many clusters have at least 10 nodes?

3.2 Subnetworks and physical interactions

Question 2: How many nodes and edges are there in this cluster?

Question 3: How many edges does the resulting network contain and why are 

there now fewer edges?

3.3 Functional enrichment

Question 4: How many statistically significant terms are in the table? Which is the 

most significant term for each of the categories GO Biological Process, GO 

Molecular Function, and KEGG Pathways?

3.4 Enriched publications

Question 5: What is the title of the most recent publication?

https://jensenlab.org/training/stringapp/

https://doi.org/10.1016/j.celrep.2017.03.015
https://jensenlab.org/training/stringapp/
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Supporting lectures

https://www.youtube.com/c/LarsJuhlJensen 

https://www.youtube.com/c/LarsJuhlJensen
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Tutorials & getting help

• STRING & stringApp:

– YouTube videos: https://www.youtube.com/c/LarsJuhlJensen 

– Tutorials & exercises: https://jensenlab.org/training/

– Automation repository: 

https://github.com/scaramonche/EuBIC2020_Cytoscape  

• Cytoscape

– Tutorials: https://github.com/cytoscape/cytoscape-tutorials/wiki

– YouTube videos: 

https://www.youtube.com/channel/UCv6auk9FK4NgXiXiqrDLccw

– Helpdesk mailing list: cytoscape-helpdesk@googlegroups.com

– Publications using Cytoscape:   

https://cytoscape-publications.tumblr.com/ 

– Automation: https://github.com/cytoscape/cytoscape-automation/wiki 

https://www.youtube.com/c/LarsJuhlJensen
https://jensenlab.org/training/
https://github.com/scaramonche/EuBIC2020_Cytoscape
https://github.com/cytoscape/cytoscape-tutorials/wiki
https://www.youtube.com/channel/UCv6auk9FK4NgXiXiqrDLccw
mailto:cytoscape-helpdesk@googlegroups.com
https://cytoscape-publications.tumblr.com/
https://github.com/cytoscape/cytoscape-automation/wiki
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Hands-on exercises

• Continue with the online exercises at 

https://jensenlab.org/training/ 

• Work with your own data by adapting the exercises

• Try out one of the Cytoscape tutorials at  

https://github.com/cytoscape/cytoscape-tutorials/wiki

– E.g. Basic data visualization, RNA-seq data analysis, Using 

WikiPathways App

• Use R or Python to access Cytoscape

– Official R2Cy tutorial using stringApp: 

https://cytoscape.org/cytoscape-automation/for-

scripters/R/notebooks/stringApp.nb.html

– More automation tutorials at 

https://github.com/cytoscape/cytoscape-automation/wiki

https://jensenlab.org/training/
https://github.com/cytoscape/cytoscape-tutorials/wiki
https://cytoscape.org/cytoscape-automation/for-scripters/R/notebooks/stringApp.nb.html
https://cytoscape.org/cytoscape-automation/for-scripters/R/notebooks/stringApp.nb.html
https://github.com/cytoscape/cytoscape-automation/wiki

	Intro
	Slide 1
	Slide 2: Who am I?
	Slide 4
	Slide 5: High-throughput technologies
	Slide 6: A typical proteomics dataset
	Slide 7: A typical proteomics dataset
	Slide 8: From gene lists to networks
	Slide 9
	Slide 10: Agenda
	Slide 11: Intended learning outcomes
	Slide 12: What are networks?
	Slide 13: Biological networks
	Slide 14: Applications in Research
	Slide 15: SARS-CoV-2-human network
	Slide 16: The bright side in the dark
	Slide 17

	STRING
	Slide 19
	Slide 20: STRING
	Slide 21: STRING exercise 1
	Slide 23: STRING evidence channels
	Slide 24: Predictions from genomic context
	Slide 25: Experimental evidence
	Slide 26: Gene co-expression networks 
	Slide 27: FAVA
	Slide 28: FAVA performance
	Slide 29: “Higher-level” knowledge
	Slide 30: “Higher-level” knowledge
	Slide 32: STRING confidence scores
	Slide 33: STRING score calibration
	Slide 34: STRING confidence scores
	Slide 35: STRING network visualization
	Slide 36: Type of interactions
	Slide 38: Access to STRING
	Slide 39

	STRING enrichment
	Slide 40: From gene lists to interpretation
	Slide 41: STRING exercise 2
	Slide 43: From gene lists to enrichment
	Slide 44
	Slide 45
	Slide 48: Enrichment in STRING
	Slide 50
	Slide 51: GSEA in STRING
	Slide 52

	Intro to Cytoscape
	Slide 53: From STRING to Cytoscape
	Slide 54
	Slide 55
	Slide 56
	Slide 57: stringApp
	Slide 58: Cytoscape core concepts
	Slide 59: Cytoscape core concepts
	Slide 60: Cytoscape automation
	Slide 61
	Slide 62: Launch Cytoscape
	Slide 63: Install stringApp v2.2
	Slide 65: stringApp exercise 1

	Cytoscape basics
	Slide 66: Import networks in Cytoscape
	Slide 67
	Slide 68
	Slide 69
	Slide 70
	Slide 71: Related databases: Jensenlab
	Slide 72: Related databases: Pharos
	Slide 73
	Slide 74: Visualize data using styles
	Slide 75
	Slide 76
	Slide 78: Omics Visualizer app
	Slide 79: Save data
	Slide 80

	Demo & stringApp exercise 2
	Slide 81
	Slide 82: stringApp exercise 2

	Network vis & analysis
	Slide 83: Why use (biological) networks?
	Slide 84: Networks as tools
	Slide 85: Networks as tools
	Slide 86
	Slide 87: Visualize data on networks
	Slide 88: Visualize data on networks
	Slide 89: Visualize data on networks
	Slide 90: Visualize data on networks
	Slide 91: Visualize data on networks
	Slide 92: Visualize data on networks
	Slide 93: Visualize data on networks
	Slide 94: Visualize data on networks
	Slide 95: Visualize data on networks
	Slide 96
	Slide 97
	Slide 98: Tips & tricks
	Slide 99: Tips & tricks
	Slide 100: Tips & tricks
	Slide 101
	Slide 102
	Slide 103: Why use (biological) networks?
	Slide 104
	Slide 105
	Slide 106
	Slide 107
	Slide 108
	Slide 111
	Slide 112: stringApp exercise 3

	The End
	Slide 113: Supporting lectures
	Slide 114: Tutorials & getting help
	Slide 115: Hands-on exercises


