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 Introduction
◦ Microarrays and Gene Regulatory Networks
◦ Problem definition

 Methodology
◦ MinePath algorithm
◦ Web based implementation (www.minepath.org)

 Experiments
◦ Comparison study
◦ Biological Validation
◦ Discovery of new knowledge
◦ miRNAs

 Conclusions

http://www.minepath.org/
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Response 
to treatment

Non Response 
to treatment
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The two of the most important:

Microarray gene-expression 
experiments

Molecular pathways and gene 
regulatory networks (GRNs) 
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Initial expectation: microarrays would reveal specific
gene signatures for various phenotypes

Barabási et al*: “Given the functional interdependencies
between the molecular components in a human cell, a
disease is rarely a consequence of an abnormality in a
single gene, but reflects the perturbations of the
complex intracellular and intercellular network that links
tissue and organ systems.”

But it seems to be bounded to a number of limitations
mainly because of the complexity and the individual
variations and heterogeneities associated with the
induced gene-signatures

* Barabási, Albert-László, Natali Gulbahce, and Joseph Loscalzo. "Network medicine: a network-
based approach to human disease." Nature Reviews Genetics 12, no. 1 (2011): 56-68.
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Use of microarray data √ √ √ √ √ √ X √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √

Use GRNs √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √

Use pathway genes √ √ √ √ √ √ X √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √

Use sub-paths X X X X X X X X X X X X X X X X X X X X X √ √ √ √ √ √ √ √ √ √ √ √ √

Use topology X X X X X X √ √ √ √ √ √ √ X X X X X X X X √ √ √ √ √ √ √ √ √ √ √ √ √

Use regulatory mechanisms X X X X X X X X X X X X X X X X X X X X X X X X X X X √* X √** √ √ √ √

Identify discriminant  genes √ √ √ √ √ √ X √ √ √ X √ √ X X X X X X √ √ X X X X X X X X √ X X √ √

Identify discriminant  pathways X X √ X X X X X X √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √ √

Identify discriminant  sub-paths X X X X X X X X X X X X X X X X X X X X X √ √ √ √ √ √ √ X X X X √ √

Web based X X X X X X √ X X X X X X X X X X X X X X X X X X X X X √ √ X X X X

Visualization support X X X X X X √ √ √ √ √ X X X X X X X √ √ X X X √ X X √ √ √ √ X X √ X

Advanced Gene Set Analysis Discriminant pathways & sub-paths

Advanced Gene Set Analysis
 All neglect the regulatory mechanisms of GRNs
 None can identify discriminant sub-paths
 Limited support of visualization features
 only one supports web based interface

Discriminant pathways &sub-paths
 Five methods can handle effectively the regulatory

mechanisms
 Two out of them can identify discriminant sub-paths

in GRNs

Most of the methodologies lack of visualization features and support for web based platform

* takes advantage only of the activations between genes
** A web server which uses SPIA
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MinePath introduces a new methodology for the identification of
differentially expressed functional paths or sub-paths within a gene
regulatory network (GRN) using microarray data analysis.

Innovative features & benefits:

◦ MinePath takes advantage of the regulatory mechanisms in a GRN such as
the direction and the type of interaction (activation/inhibition) between
genes for each sub-pathway.

◦ Contrary to similar efforts which visualize the state of genes on a pathway,
MinePath identifies and visualizes differentially expressed regulatory
mechanisms and sub-pathways of GRNs.

◦ MinePath is a web based application (no setup is needed) which can
compute, identify and visualize differentially expressed paths from your
expression data within seconds
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Based on Information Gain
& Entropy*

 0 indicates a non-
expressed or under-
expressed gene

 1 indicates over-
expressed gene

* Potamias G., Koumakis L., & Moustakis V. "Gene
selection via discretized gene-expression profiles
and greedy feature-elimination." In Methods and
Applications of Artificial Intelligence, pp. 256-266.
Springer Berlin Heidelberg, 2004.
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GRNs are described through standard graph annotations.

 Nodes can be either genes, groups of genes, compounds or other networks.

 Edges can be one of the gene
relations known from the
biology theory



14

Sub-paths decomposition:

 KGML (KEGG XML) processing

 All possible GRN sub-paths are extracted

Extension (optional):

 take into account the starting
and ending points of each sub-
path as a new sub-path

 In our example 2 more sub-
paths:

◦ A--|C

◦ B--|C
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MinePath provides two options to cope
with the one to many (probe to gene)
issue:

 Max Probe: selection of the value of
the probe with the highest intensity
out of all the probes that map to the
same gene (default option).

 Probes clones: produce all the
possible combinations of sub-paths
based on probes and not on gene ids.

3*3*1*3*2 = 54 sub-paths in this example
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Sub-paths are extracted from the
graph using basic Boolean
operations for optimization

 Activation is mapped as a logic
AND

 Inhibition as a logic XOR

 sub-paths with more than one
reaction require the
combination of previous sub-
path and the last relation using
a logic AND
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The result is an array of sub-
paths with binary values for every
sample in the form of a
discretized microarray
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MinePath produces a binary matrix containing information
about the sub-paths (active or not) for the specific samples

 Transformation does not aim to reduce the dimensionality
issue of microarrays

 e.g. U133A (22.283 probes) & all hsa KEGG pathways produce more than
30.000 sub-paths

 MinePath analysis identifies:
◦ The “best” or in our case the most discriminant features (sub-

paths) using two different filtering/ranking methodologies:

 the discriminant ranking

 the polarity ranking

◦ The “best” common sub-paths (sub-paths that appear to be
functional for both phenotypes)
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 Assume the two phenotypic classes P (positive), N (negative).
The following quantities are computed:

◦ HP = number of P samples that the sub-path holds.

◦ LP = number of P samples that the sub-path does not hold.

◦ HN = number of N samples that the sub-path holds.

◦ LN = number of N samples that the sub-path does not hold.

Discriminant rank for each sub-path (𝑟𝑠𝑏): 𝒓𝒔𝒃 = 𝑯𝑷 × 𝑳𝑵 − 𝑯𝑵 × 𝑳𝑷

• expresses a differentiation characteristic
• represents the descriptive power of the sub-path per phenotypic class
• Ordering the positive ranks in descending order and the negative ranks in ascending

order we may identify the most discriminant sub-path with respect to phenotypic
classes P and N.

Polarity rank for each sub-path (𝑟𝑠𝑏): 𝒓𝒔𝒃 =
𝑯𝑷−𝑯𝑵

𝑯𝑷+𝑯𝑵
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Sub-paths which are
always activated may
fill-in the gap
(functional interaction)
between two sub-
paths and reveal a
complete functional
and biologically
valuable route.

Colour coding:

 Red: sub-paths active at class 1

 Blue: sub-paths active at class 2

 Orange: sub-paths that are

always active.
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MinePath provides mechanisms that validate the best sub-paths against
the different phenotypes using well-known algorithms and validation
procedures from the area of machine learning:

◦ Decision tree learning (C4.5)

◦ Naïve Bays

◦ Support Vector Machines (Linear kernel)

By default MinePath computes, stores and reports 10-fold cross-validation results, but
additional modelling experiments could be conducted and evaluated

◦ e.g. following a train vs. independent test experimentation mode
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MinePath is Java based

◦ More than 5500 lines of code

 Uses open source libraries:

◦ Cytoscape for the handling of the graphs

◦ Weka for the validation of the best sub-paths

 Provides as output:

◦ the matrix (sub-paths vs samples) of the dataset

◦ the best (according to the ranking) sub-paths

◦ the best sub-paths that are always functional

MinePath web-server (Web 2.0 application):

◦ frontend-backend software design using AJAX calls

◦ Use of Ext-JS library and pure JavaScript

◦ Use of Cytoscape Web library for the visualization
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MinePath has been implemented to be modular and to be easily extended to
support more algorithms and different clinical scenarios

◦ e.g. Find disrupted pathways in nephroblastoma using miRNA expression data.

1. Initially we collect the data
2. we identify the target genes

from the miRNAs,
3. we analyse using MinePath
4. finally we train the model

using the disrupted sub-paths

For the miRNA scenario we assume that all the KEGG pathways are fully functional. 
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KEGG Id Pathway description

1 has04310 Wnt signalling

2 hsa04010 MAPK signalling

3 hsa04012 ErbB signalling

4 hsa04060 Cytocin-cytocin receptor interaction

5 hsa04110 Cell cycle

6 hsa04115 p53 signalling

7 hsa04150 mTOR signalling

8 hsa04210 Apoptosis

9 hsa04350 TGF-β signalling

10 hsa04370 VEGF signalling

11 hsa04510 Focal adhesion

12 hsa04512 ECM-receptor interaction

13 hsa04520 Adherens junction

14 hsa04630 Jak-STAT signalling

This extra functionality provides the possibility to merge GRNs into one graph for further
analysis.
Is an of-line functionality that can be used only from the standalone tool of MinePath.

• Using this extra functionality we created an artificial pathway, which is the merged pathway
of the 14 cancer related pathways
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http://minepath.org 
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Select or upload gene 

expression dataset

Select pathways Run MinePath
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Statistics for each pathway participated in the experiment such as the number of genes,
the number of sub-paths, and number of sub-paths for each class and for the common
sub-paths, percentages and three scores:

 Pathway power (pwA): is the sum of the significant sub-paths in the pathway
(including the common sub-paths) divided by the number of the total sub-paths of
the pathway.

 Pathway discriminant power (pwDS): is the number of the significant sub-paths for
the two classes divided by the number of the total sub-paths of the pathway.

 The pathway score (Score):Score = pwA * pwDS

The user can also
short the results
based on any of

these features.
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MinePath supports active

interaction and immediate

visualization when the end user

sets new thresholds for the two

phenotypes or for the always

active sub-paths, as well as to

hide/show the overlapping

relations and hide/show the

association-dissociations of the

pathway from the control panel

An example of the ErbB pathway for the ‘4ERdatasets’ dataset

Colour coding:

 Red: sub-paths active at class 1

 Blue: sub-paths active at class 2

 Magenta: overlapping sub-

paths in the two classes

 Orange: sub-paths that are

always active.
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MinePath is equipped
with special functionality
that enables the
reduction of network’s
complexity:
• deletion of genes
• deletion of relations
• deletion of parts of the

network
• re-orientation of its

topology.

The functionality is

available with a right click

(in the viewer).

Thresholds:13 for class 1 (ERpos), 13 for class 2 (ERneg), 95% for always active sub-paths 
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Pathway

MinePath 

score (pw 

diff) 

ORA P

(GGEA) 

Rank 

(FiDePa)

Neurotrophin signalling 1 5.5E-15 –

Pancreatic cancer 1 3.8E-14 12

Renal cell carcinoma 1 1.3E-13 –

Chronic myeloid leukaemia 1 6.3E-13 8

Glioma 1 5.1E-12 20

Insulin signalling 1 3.2E-11 18

Adherens junction 1 4.9E-11 6

MAPK signalling 0.977 0.0000044 1

Cell cycle 0.966 --- 19

Adipocytokine signaling pathway 0.964 --- 14

Toll-like receptor signalling 0.962 1.2E-09 10

Acute myeloid leukaemia 0.957 0.00000039 –

Apoptosis 0.955 0.04 3

Leucocyte transendothelial migration 0.952 3.9E-11 24

Nature killer cell mediated

cytotoxicity
0.938 6.5E-11 2

Pathways in cancer 0.93 1.8E-24 –

T cell receptor signalling 0.926 1.2E-17 7

ErbB signalling 0.926 8.9E-13 –

mTOR signalling 0.92 0.0000012 15

B cell receptor signalling 0.917 4.2E-12 17

Colorectal cancer 0.875 1.1E-14 11

Focal adhesion 0.855 1.4E-18 5

Wnt signalling 0.851 1.2E-10 –

GnRH signalling 0.829 6.5E-11 16

VEGF signalling 0.8 1.5E-13 22

Non-small cell lung cancer 0.8 0.00000034 –

Fc epsilon RI signalling 0.44 4.1E-13 9

Endometrial Cancer --- 0.00000016 –

GGEA* :
Glioma cases from the GSE4271 (100 samples)
versus the control cases from the GSE1133
(158 samples)

 most of the selected pathways from GGEA have
been identified as highly discriminant using
MinePath

 17 pathways listed in the FiDePa also occur in
the top 25 of the GGEA ranking

 MinePath ranked Glioma pathway as highly
discriminant (score 1) while using FiDePa is
ranked in 20th position and using GGEA in 12th

position.

10-fold cross validation using the best sub-paths is 100%.

* Geistlinger, Ludwig, et al. "From sets to graphs: towards a realistic
enrichment analysis of transcriptomic systems." Bioinformatics 27.13
(2011): i366-i373.
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Reference 

Standard**

KEGG 

Pathway Title PATHOME* DAVID GSEA

HIF1 hsa04150 mTOR signaling X X X

hsa05200 Pathways in cancer 0 X X

hsa05211 Renal cell carcinoma X X X

P53 hsa04115 P53 signaling X X X

RB(cell cycle) hsa04110 Cell cycle X X 0

Apoptosis hsa04210 Apoptosis X X X

GLI hsa04340 Hedgehog signaling X X X

APC hsa04310 Wnt signaling 0 X X

RTK hsa04012 ERBB signaling X X X

hsa05200 Pathways in cancer 0 X X

SMAD hsa04350 TGF-βsignaling X X X

PI3K hsa04012 ERBB signaling X X X

hsa05200 Pathways in cancer 0 X X

hsa04150 mTOR signaling X X X

hsa04010 MAPK signaling 0 X X

hsa04910 Insulin signaling 0 X X

hsa04510 Focal adhesion 0 0 X

hsa04062 Chemokine signaling 0 X X

hsa04370 VEGF signaling X X X

19 Hits 8 1 1

Selected 27 15 17

Reference 

Standard**

KEGG 

Pathway Title PATHOME* DAVID GSEA MinePath

HIF1 hsa04150 mTOR signaling X X X 0

hsa05200 Pathways in cancer 0 X X 0

hsa05211 Renal cell carcinoma X X X X

P53 hsa04115 P53 signaling X X X X

RB(cell cycle) hsa04110 Cell cycle X X 0 X

Apoptosis hsa04210 Apoptosis X X X X

GLI hsa04340 Hedgehog signaling X X X X

APC hsa04310 Wnt signaling 0 X X 0

RTK hsa04012 ERBB signaling X X X X

hsa05200 Pathways in cancer 0 X X 0

SMAD hsa04350 TGF-βsignaling X X X 0

PI3K hsa04012 ERBB signaling X X X X

hsa05200 Pathways in cancer 0 X X 0

hsa04150 mTOR signaling X X X 0

hsa04010 MAPK signaling 0 X X 0

hsa04910 Insulin signaling 0 X X 0

hsa04510 Focal adhesion 0 0 X 0

hsa04062 Chemokine signaling 0 X X 0

hsa04370 VEGF signaling X X X X

19 Hits 8 1 1 11

Selected 27 15 17 19

PATHOME*

 For validation, authors
compared the performance
with DAVID and GSEA based on
a reference set of known
cancer related pathways**.

 Gastric cancer study GSE13861
◦ 65 Tumor samples
◦ 19 non-tumor samples

where X not detected, 0 Detected

* Nam et al. "PATHOME: an algorithm for accurately detecting differentially expressed subpathways." Oncogene (2014).
** Vogelstein, Bert, & Kenneth W. Kinzler. "Cancer genes and the pathways they control." Nature medicine 10.8 (2004): 789-799.

Core reference set 

Reference 

Standard**

KEGG 

Pathway Title PATHOME* DAVID GSEA MinePath

HIF1 hsa04150 mTOR signaling X X X 0

hsa05200 Pathways in cancer 0 X X 0

hsa05211 Renal cell carcinoma X X X X

P53 hsa04115 P53 signaling X X X X

RB(cell cycle) hsa04110 Cell cycle X X 0 X

Apoptosis hsa04210 Apoptosis X X X X

GLI hsa04340 Hedgehog signaling X X X X

APC hsa04310 Wnt signaling 0 X X 0

RTK hsa04012 ERBB signaling X X X X

hsa05200 Pathways in cancer 0 X X 0

SMAD hsa04350 TGF-βsignaling X X X 0

PI3K hsa04012 ERBB signaling X X X X

hsa05200 Pathways in cancer 0 X X 0

hsa04150 mTOR signaling X X X 0

hsa04010 MAPK signaling 0 X X 0

hsa04910 Insulin signaling 0 X X 0

hsa04510 Focal adhesion 0 0 X 0

hsa04062 Chemokine signaling 0 X X 0

hsa04370 VEGF signaling X X X X

19 Hits 8 1 1 11

Selected 27 15 17 19

Reference 

Standard**

KEGG 

Pathway Title PATHOME* DAVID GSEA MinePath

HIF1 hsa04150 mTOR signaling X X X 0

hsa05200 Pathways in cancer 0 X X 0

hsa05211 Renal cell carcinoma X X X X

P53 hsa04115 P53 signaling X X X X

RB(cell cycle) hsa04110 Cell cycle X X 0 X

Apoptosis hsa04210 Apoptosis X X X X

GLI hsa04340 Hedgehog signaling X X X X

APC hsa04310 Wnt signaling 0 X X 0

RTK hsa04012 ERBB signaling X X X X

hsa05200 Pathways in cancer 0 X X 0

SMAD hsa04350 TGF-βsignaling X X X 0

PI3K hsa04012 ERBB signaling X X X X

hsa05200 Pathways in cancer 0 X X 0

hsa04150 mTOR signaling X X X 0

hsa04010 MAPK signaling 0 X X 0

hsa04910 Insulin signaling 0 X X 0

hsa04510 Focal adhesion 0 0 X 0

hsa04062 Chemokine signaling 0 X X 0

hsa04370 VEGF signaling X X X X

19 Hits 8 1 1 11

Selected 27 15 17 19
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Test (using all sub-paths)

Dataset GSE2034 GSE2990

Sub path Acc Precision Recall
ROC 

Area
Acc Precision Recall

ROC 

Area

T
ra

in
  (

be
st

 s
ub

-p
at

hs
) 645 GSE2034 86.71% Acc. (10-fold) 53.550 0.604 0.536 0.329

1264 GSE2990 73.07 0.534 0.731 0.500 87.43% Acc. (10-fold)

746 GSE3494 77.27 0.778 0.773 0.721 54.644 0.627 0.546 0.370

794 GSE7390 83.56 0.829 0.836 0.748 73.770 0.891 0.738 0.839

1013
4ER 

datasets
99.30 0.993 0.993 0.987 100 1.000 1.000 1.000

Dataset GSE3494 GSE7390

Sub path Acc Precision Recall
ROC 

Area
Acc Precision Recall

ROC 

Area

T
ra

in
  (

be
st

 s
ub

-p
at

hs
) 645 GSE2034 85.02 0.867 0.850 0.740 70.202 0.786 0.702 0.747

1264 GSE2990 86.23 0.744 0.862 0.500 67.670 0.458 0.677 0.500

746 GSE3494 95.54% Acc. (10-fold) 79.292 0.812 0.793 0.794

794 GSE7390 89.87 0.888 0.899 0.694 87.87% Acc. (10-fold)

1013
4ER 

datasets
99.59 0.996 0.996 0.985 99.49 0.995 0.995 0.992

Dataset 4ER datasets AVERAGE

Sub path Acc Precision Recall
ROC 

Area
Acc Precision Recall

ROC 

Area

T
ra

in
  (

be
st

 s
ub

-p
at

hs
) 645 GSE2034 80.19 0.829 0.802 0.777 72.241 0.772 0.723 0.648

1264 GSE2990 80.96 0.847 0.810 0.584 76.984 0.646 0.770 0.521

746 GSE3494 79.64 0.812 0.796 0.747 72.714 0.757 0.727 0.658

794 GSE7390 86.43 0.888 0.864 0.867 83.408 0.874 0.834 0.787

1013
4ER 

datasets
87.41% Acc. (10-fold) 99.595 0.996 0.996 0.991

The merged dataset (4ER) performed the best
accuracies overall. Even though the merged
dataset actually contains the test subset each
time, its trained model provided very high
accuracies (over 99%) overall the datasets.

 “Xu et al* “Integrating data from multiple studies to
obtain more samples appears to be a promising way
to overcome the prevalence of study-specific
signatures and difficulties in validating the prognostic
tests constructed from these signatures on
independent data.”

Dataset GSE2034 GSE2990 GSE3494 GSE7390
4ER 

datasets

Platform Affy-U133A

Class ER+ vs ER-

ER+ samples 209 149 213 134 705

ER- samples 77 34 34 64 209

Probes 22283

KEGG Ids 20967

* Xu, Lei, et al. "Merging microarray data from separate breast
cancer studies provides a robust prognostic test." BMC
Bioinformatics 9.1 (2008): 125.
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Exploring ErBb for the 4ERdatasets using MinePath

Merged ER datasets & 14 cancer
related pathways

1. Load/visualize ErbB signaling
pathway

2. Double the thresholds (ER+ from 6
to 12, ER- from 8 to 16 & common
to 90%)

3. Delete inactive genes and relations

According to the literature, the
results are quite relevant to the
estrogen-receptor status.

 Hutcheson et al*: “…fulvestrant
treatment is sensitive to the
actions of the ErbB3/4 ligand
HRGb1 (NRG1) with enhanced
ErbB3/4-driven signaling activity,
and significant increases in cell
proliferation …”

* Hutcheson, I.R., et al.: Heregulin beta1 drives gefitinib-resistant growth and invasion in
tamoxifen-resistant MCF-7 breast cancer cells. Breast Cancer Research 9(4):R50, (2007)
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* Stamper, Brendan David, et al. "Transcriptome correlation analysis
identifies two unique craniosynostosis subtypes associated with IRS1
activation."Physiological genomics 44.23 (2012): 1154-1163

** Dufour, Cécilie, et al. "FGFR2-Cbl interaction in lipid rafts triggers
attenuation of PI3K/Akt signaling and osteoblast survival." Bone 42.6
(2008): 1032-1039.

Craniosynostosis (GSE27976*)

 199 patients compared against a control
population (n = 50)

MinePath identified Rap1 signaling pathway as
one of the most discriminant pathways and the
most informative for Synostosis:

 CSF1CSF1RCRKRAPGEF1RAP1AA
PBB1PTLN1ITGA2B leading to Focal 
Adhesion

◦ Stamper et al* :

 FGF7/CSF1 (the most discriminant gene)

 Focal adhesion pathway (the most
discriminant pathway )

 CSF1CSF1RCRKRAPGEF1RAP1AP

LCE1 leading to the PI3K-Akt signaling

pathway.

◦ Dufour et al** identified that PI3K/Akt
attenuation plays important role in the control of
osteoblast survival by FGFR2 signaling (member
of the fibroblast growth factor FGFR family).
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Decision tree
(3 sub-paths)

 Accuracy

◦ 100% in train vs test

◦ 80% in 10-fold

◦ 78% in LOOCV

Zeidman et al* proved that PKCε through its
regulatory domain can induce immature neurite-
like processes via a mechanism that appears to be
of importance for neurite outgrowth during
neuronal differentiation in neuroblastoma cells

Santo et al** identified the forkhead
transcription factor FOXO3a as a key target
of the PI3K/AKT pathway in neuroblastoma
and concluded that the inactivation of
FOXO3a by AKT was essential for
neuroblastoma cell survival.

Brown et al*** using morphoproteomic
analysis revealed the activation of the NF-
kappaB pathway in high risk
neuroblastoma cases

* Zeidman, et al. "PKCε, via its regulatory domain and independently of its catalytic domain, induces neurite-like processes in

neuroblastoma cells." The Journal of cell biology 145, no. 4 (1999): 713-726

** Santo, et al. "FOXO3a is a major target of inactivation by PI3K/AKT signaling in aggressive neuroblastoma." Cancer research 73,

no. 7 (2013): 2189-2198.

*** Brown et al. "Morphoproteomic confirmation of constitutively activated mTOR, ERK, and NF-kappaB pathways in high risk
neuro-blastoma, with cell cycle and protein analyte correlates." Annals of Clinical & Laboratory Science 37, no. 2 (2007): 141-147.
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Pathway selection methodologies show similarities with gene signatures
in terms of level of information used over the years
Three categories of methodologies focuses on the identification and
selection of discriminant pathways and sub-paths:

1. identification of differentially expressed pathways using microarrays
2. Pathways or sub-paths selection using topology
3. Pathways or sub-paths selection using regulatory mechanisms

The most advanced and newer category
is the third one which seems to be at its
first steps and could possibly gain a
momentum.

This assumption amplifies with the
similarities we can find between the
discriminant gene regulatory (sub)-
networks and microarray gene selection
methodologies.
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Only four tools take advantage of the underlying GRN gene regulation mechanisms, naming
GGEA, SPIA, TEAK and PATHOME.

The main differences are:

 Methodologies count the activations and inhibitions (most of them with +1 and -1
respectively) and each sub-path gets a final score per phenotype which is also used as a
ranking. Contrary, our approach strictly checks and takes into account only sub-paths
that are functional for each phenotype

 Even though these methodologies take into account sub-paths none of them report sub-
paths. They sum up and provide a ranking for each pathway as a whole.

 MinePath is the only methodology which takes into account and visualizes sub-paths
fully functional in both phenotypes. These sub-paths have no discriminant power but
can link the gap (functional interaction) between two sub-paths and reveal a complete
functional root, which is biologically valuable

 MinePath offers a complete solution based on a productive environment with efficient,
interactive and user-friendly visualization that offers rich exploratory capabilities

 Web based implementation
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MinePath serves the users’ exploratory needs to reveal the regulatory mechanisms that
underlie and putatively govern the expression of target phenotypes

 The phenotype information is extracted from microarrays and all the selected GRNs are
evaluated for the identification of the most informative sub-paths at the specific
phenotype.

 These sub-paths present evidential molecular mechanisms that govern the disease itself,
its type, its state or other targeted disease phenotypes

MinePath introduces a new and efficient representation of the differentially expressed sub-
paths over a Web-based human-computer interface.

 supports live interaction, immediate visualization of regulatory relations and it is equipped
with special topological and network-adjustment functionalities

The methodology was applied on gene-expression studies and results were quite indicative and strongly
supported by the relevant biomedical literature
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The modular implementation gives us the ability to “build on demand” new
tools based on end user scenarios

◦ miRNA scenario/extension
◦ Validate candidate sub-paths (GRN reconstruction validation)

Additional functionality:

◦ For the methodology

 Introduce new ranking algorithms

 Introduce other pre-processing methodologies (apart discretization)

 Support multi-class datasets

 Support other quantified gene-expression data (e.g., RNA-seq)

◦ For the platform

 automated uploading of microarray data from public sources (e.g., GEO)

 merging of gene-expression datasets (to serve meta-analysis needs)

 visualization of two or more pathways in order to enrich exploratory quests
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 Koumakis L., Potamias G., Tsiknakis M., Zervakis M. and Moustakis V. Integrating Microarray
Data and GRNs. Methods in Molecular Biology (under review)

 Koumakis L., Potamias G., Sfakianakis S., Moustakis V., Zervakis M., Graf N. and Tsiknakis M.
“miRNA based pathway analysis tool in nephroblas-toma as a proof of principle for other
cancer domains.” In Bioinformatics and Bioengineering (BIBE), 2014 14th IEEE International
Conference on BioInformatics and BioEngineering.

 Koumakis, L., Moustakis, V., Zervakis, M., Kafetzopoulos, D., & Potamias, G. Coupling
Regulatory Networks and Microarays: evealing Molecular Regulations of Breast Cancer
Treatment Responses. Artificial Intelligence: Theories and Applications. Lecture Notes in
Computer Science, 7297, 239-246 (2012).

 Koumakis, L., Potamias, G., Zervakis, M., & Moustakis, V. (2011). Integrating microarray data
and gene regulatory networks: Survey and critical considerations. 10th International
Workshop on Biomedical Engineering. Kos, Greece 5-7 October 2011.

 K. Kalantzaki, L. Koumakis, E. Bei, M. Zervakis, G. Potamias and D. Kafetzopoulos.
Experimental Model Construction and Validation of the ErbB Signaling Pathway. 13th IEEE
International Conference on Bioinformatics and Bioengineering. Chania, Greece, November
10-13, 2013
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H παρούσα έρευνα έχει συγχρηματοδοτηθεί από την Ευρωπαϊκή Ένωση (Ευρωπαϊκό
Κοινωνικό Ταμείο - ΕΚΤ) και από εθνικούς πόρους μέσω του Επιχειρησιακού
Προγράμματος «Εκπαίδευση και Δια Βίου Μάθηση» του Εθνικού Στρατηγικού
Πλαισίου Αναφοράς (ΕΣΠΑ) – Ερευνητικό Χρηματοδοτούμενο Έργο: Ηράκλειτος ΙΙ .
Επένδυση στην κοινωνία της γνώσης μέσω του Ευρωπαϊκού Κοινωνικού Ταμείου.

http://minepath.org 
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GSE2034 / 209 ER+ (“0”), 77 ER- (“1”) BRCA cases

Wang Y, Klijn JG, Zhang Y, Sieuwerts AM et al. Gene-expression profiles to predict distant metastasis 

of lymph-node-negative primary breast cancer. Lancet 2005 Feb 19-25;365(9460):671-9.


