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FROM MICROARRAYS TO NETWORKS
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Types of Networks and Network Visualization
Network Annotation and Metrics / Obtaining Information
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[1] MICROARRAYS



DNA microarrays:
(otherwise known as gene or genomic chip, 
DNA chip or gene array)  
Are collections of microscopic unique DNA 
spots(probes) attached to a solid surface 
(glass,silicone). The probes  can be long 
(500-1500bp) cDNA sequences.

0nly  the pathological sample  

Only  the "control" sample

Equal amounts of the gene in 
pathological and "control" cells

More of the gene's amount(signal) in 
pathological cells than in "control" cells

No gene in either pathological or 
"control" cells

The cDNA technology is a complex electrical-optical-
chemical process:
• cDNA slide fabrication
• mRNA preparation
• fluorescence dye labeling
• gene hybridization
• robotic spotting
• green and red fluorophores excitation by lasers
• imaging using optics
• slide scanning
• analog to digital conversion using either charge-coupled 

devices (CCD) or photomultiplier tubes (PMT)
• image storage and archiving



Microarrays Experiment https://www.scq.ubc.ca/spot-your-genes-an-overview-of-the-microarray/

https://www.scq.ubc.ca/spot-your-genes-an-overview-of-the-microarray/


Steps taken on the data processing part

Segmentation, grid application, export intensity 
through quantification of the signal
 
Background correction, normalization, filtering

Statistical methods for the detection of significant 
differentially expressed genes
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Analysis of data

   Data pre-processing

Digital image processing



[2] OBTAINING DATA



Search GEO Database for proper datasets :
The Gene Expression Omnibus Genomic Database (GEO), is a public
repository of the National Center for Biotechnology  Information (NCBI) 
of high performance experiments. https://www.ncbi.nlm.nih.gov/geo/

https://www.ncbi.nlm.nih.gov/geo/


Search GEO Database for proper datasets :
The Gene Expression Omnibus Genomic Database (GEO), is a public
repository of the National Center for Biotechnology Information (NCBI) 
of high performance experiments. https://www.ncbi.nlm.nih.gov/geo/

“CONTROLS”

“DISEASE”
2 CONDITIONS

AFFYMETRIX
AGILENT
ILUMINA

https://www.ncbi.nlm.nih.gov/geo/


SERIES MATRIX

• With this in mind, the marketing department would inform the department to create a prototype. 

• Marketers must link the price to the real and perceived value of the product, but they also must take into account supply costs, 
seasonal discounts, and prices used by competitors. In some cases.

• The production department would then start to manufacture the product, while the marketing department. 



ANNOTATION TABLE/PLATFORM



[2] DATA PRE-PROCESSING



 
Background correction
Normalization of the intensity values by filtering the data of 
low intensity (of questionable quality ).
The normalization step is key to reducing volatility so that 
to adjust data and to remove systematic errors.

 

Analysis of data

1

2  
Logarithmic transformation of data
(Improving Graphic Imaging and Interpretation)
•The variance of the logarithmic intensity values depends  
less on the absolute values
• Normalization takes place additionally
• Normalizing high asymmetric distributions
• Gives a more real picture of the variance

 
3  

Normalization
(Correction of system error of fluorescence intensities)
The noise must be removed to receive the real signal.
•Minimize systematic errors in expressions of the same tile
•Multiple tile comparison

 

RMA (& GCRMA)
MAS5 (no log2)

Limma R  package neqc(),  backgroundCorrect()

MA PLOT / BOXPLOT / HISTOGRAM/ HEATMAP / VOLCANO PLOT

https://www.nature.com/articles/nrg1749

https://www.nature.com/articles/nrg1749
https://www.nature.com/articles/nrg1749


Data Manipulation
In order to proceed to Differential 

Expression Analysis

From Illumina Platform we keep only the 
Gene Symbol and ID columns1

We create a class label row based on the 
series matrix file, filled with 0 for Normal 
and 1 for Diseased

2

Normality test (Boxplot)3

 class label

 Intensities



Data Manipulation
In order to proceed to Differential 

Expression Analysis

From the Gene Symbol column of the 
Illumina Platform, we keep only the first 
name of each symbol

4

We keep only the unique rows5

We vanish the entries (rows) with empty 
cells in the Gene Symbol column 6

1



[3] EXPLORATORY 
ANALYSIS



on our data

normIntensities<-normalizeQuantiles(Intensities)
Boxplot(Intensities)

MA plot
Before and after log2 
transformation

hist(Intensities)

https://www.nature.com/articles/nrg1749


Differential Expression Analysis 
Taking the normalised  data and performing 
statistical analysis to discover quantitative changes 
in expression levels between experimental groups.To 
understand the effect of a drug we may ask which 
genes are up-regulated (increased in expression) or 
down-regulated (decreased in expression) between 
treatment and control groups.

Statistical  Measures
P-value
The lower the p-value, the lower the probability that 
the two mean of the values will be the same, and 
therefore the two conditions. 
Significant p-value < 0.05 !

Fold Change
Measure that describes the amount of change that 
occurs from an initial to a final state. Is calculated 
simply as the ratio of the difference between final 
value and the initial value over the original value.

Log2 transformation on expression data
logFC
Average(Pathological Expression Values) = A
Average(Normal Expression Values) = B

The logarithm in the logFC is typically calculated for 
the base 2. That means one unit of the logFCs 
translates to a two-fold change in expression. The FCs 
can be calculated from the logFCs as FC = 2^logFC.

 

Statistical Analysis /Control
Biological phenomenon or random variation in mRNA 
levels ?
t-test 
Calculation of statistical t:
>> t, the smaller the likelihood that the two average 
values will be identical
<< t, the greater the likelihood that the two average 
values will be identical



DE  analysis and output table with statistics

 model.matrix

 lmFit

 ebayes

 topTable

Functions used :

LIMMA R package



Filtering and Sorting
platform_two_col toptable

merge(platform_two_col, toptable, by= “ID”)



We keep only the 
entries with

 P-value < 0.05

We sort the entries 
based on p-value

We keep only the 
entries with 

logFC>1 | logFC<-1

We sort the entries 
based on the 

abs(logFC)
bigger --> smaller

1 2 3 4

Filtering and Sorting

Top significant DE  
genes



TOP 1000 GENES



Heatmap
Used in molecular biology to represent the 
level of expression of many genes across a 
number of comparable samples.
Heatmap(), pheatmpap()

Volcano Plots
 Is a type of scatter-plot that is used to 
quickly identify changes in large data sets 
composed of replicate data. It plots 
significance versus fold-change on the y 
and x axes, respectively.
 ggplot2,plot.ly

VENN diagram  VENNY, venndiagram()
Shows all possible logical relations between a 
finite collection of different sets. These 
diagrams depict elements as points in the plane, 
and sets as regions inside closed curves. 

/home/vicky/Desktop/THESIS_FINAL/ss_vs_nash/heatmap_
ss_vs_nash.pdf#master-page3

mirnas_pheatmap

http://bioinfogp.cnb.csic.es/tools/venny/

https://plot.ly/online-chart-maker/

file:///home/vicky/Desktop/THESIS_FINAL/ss_vs_nash/heatmap_ss_vs_nash.pdf#master-page3
file:///home/vicky/Desktop/THESIS_FINAL/ss_vs_nash/heatmap_ss_vs_nash.pdf#master-page3
file:///home/vicky/Desktop/mirs_sy/mirnas_larsa/mirnas_heatmap.png
http://bioinfogp.cnb.csic.es/tools/venny/
https://plot.ly/online-chart-maker/


Additional steps for the in situ validation of the accuracy of the 
suggested biomarkers:

Top DE genes are suggested biomarkers

Weka is a collection of machine 
learning algorithms for data 
mining tasks. Weka contains tools 
for data pre-processing, 
classification, regression, 
clustering, association rules, and 
visualization



Additional steps for the in situ validation of the accuracy of the 
suggested biomarkers:

Top DE genes are suggested biomarkers

Machine Learning Results in R: one plot to rule them all!

https://datascienceplus.com/machine-learning-results-one-plot-to-rule-them-all/

https://datascienceplus.com/machine-learning-results-one-plot-to-rule-them-all/
https://datascienceplus.com/machine-learning-results-one-plot-to-rule-them-all/


Enrichment Analysis
Gene set enrichment analysis (GSEA) (also 
functional enrichment analysis) is a method to 
identify classes of genes or proteins that are 
over-represented in a large set of genes or 
proteins, and may have an association with 
disease phenotypes. The method uses 
statistical approaches to identify significantly 
enriched or depleted groups of genes. 

Tools for performing GSEA

1

2

3

Enrichr

GeneSCF

DAVID

4 QuSAGE (R/Bioconductor)
http://bioconductor.org/packages/release/bioc/html/qusage.html

https://david.ncifcrf.gov/summary.jsp

http://genescf.kandurilab.org/

http://amp.pharm.mssm.edu/Enrichr/

/home/vicky/Desktop/THESIS_FINAL/overview.pdf

DAVID_ Database for Annotation, Visualization, and Integrated Discovery (Labor
atory of Human Retrovirology and Immunoinformatics (LHRI); National Institute 
of Allergies and Infectious Diseases (NIAID); Leidos Biomedical Research, Inc.
 (LBR).pdf

http://bioconductor.org/packages/release/bioc/html/qusage.html
https://david.ncifcrf.gov/summary.jsp
http://genescf.kandurilab.org/
http://amp.pharm.mssm.edu/Enrichr/
file:///home/vicky/Desktop/THESIS_FINAL/overview.pdf
file:///home/vicky/Documents/DAVID_%20Database%20for%20Annotation,%20Visualization,%20and%20Integrated%20Discovery%20(Laboratory%20of%20Human%20Retrovirology%20and%20Immunoinformatics%20(LHRI)%3B%20National%20Institute%20of%20Allergies%20and%20Infectious%20Diseases%20(NIAID)%3B%20Leidos%20Biomedical%20Research,%20Inc.%20(LBR).pdf
file:///home/vicky/Documents/DAVID_%20Database%20for%20Annotation,%20Visualization,%20and%20Integrated%20Discovery%20(Laboratory%20of%20Human%20Retrovirology%20and%20Immunoinformatics%20(LHRI)%3B%20National%20Institute%20of%20Allergies%20and%20Infectious%20Diseases%20(NIAID)%3B%20Leidos%20Biomedical%20Research,%20Inc.%20(LBR).pdf
file:///home/vicky/Documents/DAVID_%20Database%20for%20Annotation,%20Visualization,%20and%20Integrated%20Discovery%20(Laboratory%20of%20Human%20Retrovirology%20and%20Immunoinformatics%20(LHRI)%3B%20National%20Institute%20of%20Allergies%20and%20Infectious%20Diseases%20(NIAID)%3B%20Leidos%20Biomedical%20Research,%20Inc.%20(LBR).pdf
file:///home/vicky/Documents/DAVID_%20Database%20for%20Annotation,%20Visualization,%20and%20Integrated%20Discovery%20(Laboratory%20of%20Human%20Retrovirology%20and%20Immunoinformatics%20(LHRI)%3B%20National%20Institute%20of%20Allergies%20and%20Infectious%20Diseases%20(NIAID)%3B%20Leidos%20Biomedical%20Research,%20Inc.%20(LBR).pdf
file:///home/vicky/Documents/DAVID_%20Database%20for%20Annotation,%20Visualization,%20and%20Integrated%20Discovery%20(Laboratory%20of%20Human%20Retrovirology%20and%20Immunoinformatics%20(LHRI)%3B%20National%20Institute%20of%20Allergies%20and%20Infectious%20Diseases%20(NIAID)%3B%20Leidos%20Biomedical%20Research,%20Inc.%20(LBR).pdf


[6] Networks



What is a network ?

A theoretical structure that 
describes the relationships 
between elements that 
represent it in its form.



Biological networks: 
at all levels of study of the life sciences from the 
most tiny (molecular) to the most macroscopic 
(ecosystems)

Networks and 
Biology

Genes 
              Proteins  
                                   Metabolites...

Physical
               Biochemical 
                                             functional 
             



Regulatory Networks : 
Regulation of expression between genes

Types of biological 
Networks

Metabolic Networks
Nodes -->  Enzymes and Metabolites
Edges --> Chemical Reactions
A description of the overall activity of the 
metabolism

Regulatory Networks :
Regulation of expression between genes

Signaling/Propagation Networks
Cell signaling processes
Nodes --> proteins
Edges --> Activation reactions that are 
stages in the transmission of a signal

Metabolic Networks
Nodes -->  Enzymes and Metabolites
Edges --> Chemical Reactions
A description of the overall activity of the 
metabolism

Protein Interaction Networks
All protein-containing biological networks 
are networks of protein interactions
Physical Interaction Relationships

Identifying such interactions --> extremely 
difficult experimental



Molecular 
Interactions

Human Interactome > 200.000 interactions

DISEASE - complex 
interactions disorders
Absence - presence of 
an interaction

Limited mapping of 
disrupted molecular 
interactions

Problem of 
understanding - 
investigating diseases



Databases

 Biomolecular Interaction Network Database(BIND)
 Biological General Repository for Interaction Datasets (BioGRID) 
 Human Protein Reference Database (HPRD)
 Molecular Interaction Database (IntAct)
 Molecular Interactions Database (MINT)



[7] Co-expression



Network Inference Methods

Systems Biology - Development of 
Statistical Methods of Construction 

of Co-Expression Networks - 
Network Relationship Based on 
Molecular Expression Profiles - 

Gene-Gene Discovery - Phenotype

Absence of 
molecular 

interactions 
mapping

need to 
understand 
molecular 
interactions - 
diseases

Rapid 
accumulation 
of molecular 
expression 

profiles



Gene co-expression network (GCN)
Is an undirected graph.
Nodes --> genes
Edge --> a significant co-expression relationship between a 
pair of genes 
Construction
looking for pairs of genes which show a similar expression 
pattern across samples. 
Biological interest
Co-expressed genes are controlled by the same transcriptional 
regulatory program, functionally related, or members of the 
same pathway or protein complex.

Use R packages to move from the level of expression 
to the level of coexpression

The direction and type of 
relationships are not defi ned 

in gene coexpression 
networks

Constructed using data sets from 
high-throughput gene expression 

profi ling technologies such as 
Microarrays or RNA-Seq



Co-expression network 
constructionInput

Gene expression data [Intensities file]

nxm matrix where
n --> the number of genes we want to test
m-->  the number of samples



Co-expression network 
construction

Degree of similarity (coexpression measure)
It is calculated among the pairs of genes
Create a new table --> how similar the expression levels of 2 genes are alikes



Co-expression network 
construction

Co-expression measures

Pearson Correlation

Spearman Correlation

Partial Correlation

Genie 3

Correlation Mutual 
Information

Tree Based

ARACNE

CLR

MRNET

C3NET



Mutual information
Mutual information 
The information that is shared between two 
variables
How much the uncertainty decreases taking into 
account the expression levels of a gene when we 
know the expression levels of another gene

Joint Entropy 



Co-expression matrix

Parmigene / clr algorithm
Igraph / R package  

Context Likelihood Or Relatedness Network            

CLR algorithm is an extension of relevance network. Instead 
of considering the mutual information I(Xi;Xj) between 
features Xi and Xj, it takes into account the score  
sqrt(zi2+zj2), where

and mean(Xi) and sd(Xi) are, respectively, the mean and the 
standard deviation of the empirical distribution of the mutual 
information values I(Xi,Xk), k=1,...,n

We used iGraph package in order to switch 
from the co-expression matrix to the final 
edge list 

 Knmi.all

 clr

 Graph.adjacency

 Get.edgelist

Functions used :



Adjacency matrix

edgelist --> /home/vicky/Desktop/THESIS_FINAL/ss_vs_n
ash/EDGE_LIST.html

file:///home/vicky/Desktop/THESIS_FINAL/ss_vs_nash/EDGE_LIST.html
file:///home/vicky/Desktop/THESIS_FINAL/ss_vs_nash/EDGE_LIST.html


[8] CYTOSCAPE



The direction and type of 
relationships are not defi ned 

in gene coexpression 
networks

Constructed using data sets from 
high-throughput gene expression 

profi ling technologies such as 
Microarrays or RNA-Seq

Bioinformatics platform for the analysis and 
visualization of molecular interactions, 
networks and biological pathways.
A key aspect of its software architecture is the 
use of plugins for specialized capabilities



The direction and type of 
relationships are not defi ned 

in gene coexpression 
networks

Constructed using data sets from 
high-throughput gene expression 

profi ling technologies such as 
Microarrays or RNA-Seq

Cytoscape-GeneMANIA plugin

Draws information from heterogeneous sources
It uses a large set of data from unified operating 
networks for 6 organizations
Networks are divided into 7 categories 
(type of interactions)



Types of Interactions
BioGRID

Genetic Interaction:
 Two genes are operably linked if the effects of disruption of a gene are modified by the disruption of another gene  
(BioGRID)

Co-localization: Two genes are linked if they are expressed in the same tissue or their products are in the same cellular 
region.

Predicted: Two genes are linked if their products interact with another organism - (bibliography)

Shared protein domains: Two gene products are linked if they have a similar structure - (InterPro, SMAR and Pfam)

Pathways: Two genes are linked if they are on the same path.( Reactome, BioCyc and Pathway Commons).

Co-Expression: 
Two genes are linked if their expression levels are similar in a gene expression study. Most of these data - 
(Gene Expression Omnibus (GEO) and the corresponding publications).

Physical Interaction: 
Two gene products bind if they were found to interact in a protein-protein interaction study. Data - (BioGRID and 
Pathway Commons)



CYTOSCAPE APP STORE



CYTOSCAPE APP STORE



CYTOSCAPE APP STORE



GENEMANIA EXPORT RESULTS

Gene 1 Gene 2 Weight Type

CDR1 PODN 0.11246 Co-expression

CDR1 ZPBP 0.054254 Co-expression

NPPC PHOX2B 0.064768 Co-expression

… … … …

YY1AP1 POTED 0.04958 Genetic interactions

YY1AP1 SHOX 0.027611 Genetic interactions

YY1AP1 USP2 0.305926 Genetic interactions

ZPBP USP2 0.807896 Genetic interactions



NETWORK VISUALIZATION



NETWORK VISUALIZATION



NETWORK VISUALIZATION



SUPERNETWORK



[8] NETWORK METRICS



NETWORK METRICS

Degree Centrality
"An important node interacts with a large number of 
other nodes"
Degree of center corresponds to the number of nodes 
adjacent to a given node.

Closeness Centrality
"An important node is relatively close to the other 
nodes in the network and can communicate quickly 
with them"
Proximity is defined in the simplest way as the inverse 
of the total distance of the node v by all other nodes

Betweenness Centrality
"An important node will be included in a large number 
of all the shortest paths among other nodes"
It is calculated as the ratio of the shortest paths 
running through the node v to the sum of all the 
shortest paths

Degree: "Hubs" have a central regulatory role

  Closeness: a "probability" of a protein to be
 functionally important for several others

Betweenness: ability of a protein to bring distant 
proteins into communication

NETWORK METRICS IN BIOLOGYDEFINITIONS



R
Igraph (! First convert to graph)
(global - local headquarters)

Cytoscape 
Add CytoNCA
CentiScaPe plugin
Network Analyzer



CytoNCA



CentiScaPe



CentiScaPe



Network Analyzer



BIG 
CONCEPT
Likewise a fish is technically fast when it 
bears a waif, or any other recognized symbol 
of possession; so long as the party waiting it 
plainly evince.



BIG 
CONCEPT
Likewise a fish is technically fast when it 
bears a waif, or any other recognized symbol 
of possession; so long as the party waiting it 
plainly evince.



THE END

QUESTIONS ?
https://www.youtube.com/watch?v=stgYW6M5o4k

https://www.youtube.com/watch?v=stgYW6M5o4k
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