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1998: Format start of University of Catanzaro

2001/2002: Start of a Inter-University Bachelor on
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Informatics and biomedical engineering

2017: University Campus now (bottom)
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~Dubium sapientiae initium
e Predictive, preventive, personalized and participatory (P4) medicine is an
emerging medical model that is based on the customization of all medical aspects

(i.e. practices, drugs, decisions) of the individual patient

- Predictive medicine: early diagnosis of a large set of diseases through regular scanning of the omic
data (e.g. biomarker discovery)

- Preventive medicine: prevent the development of some diseases before the appearance of
symptoms through the monitoring of ‘wellness’, i.e. the behaviour of patients avoiding possible
unhealthy practices

- Personalized medicine (Precision medicine) is an emerging approach for disease treatment and
prevention that takes into account individual variability in genes, environment, and lifestyle for each
person. Pharmacogenomics has a key role.

e January 20, 2015, President Obama announced the Precision Medicine Initiative® (PMI) - NIH
- Participatory medicine: the active involvement of patients in the medical processes (e.g. patient-

driven networks).

e ‘Participatory Medicine is a model of cooperative health care that seeks to achieve active involvement by patients, professionals,
caregivers, and others across the continuum of care on all issues related to an individual’s health.” (Society for Participatory
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OUTLINE

e Experiences at University of Catanzaro in high
performance management, preprocessing and
analysis of omics data

e PART I: Genomics data
e PART II: Proteomics data
e PART lll: Interactomics data

e Conclusions
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e Microarray-based Genomics Data
- gene expression and genotyping data

e Automatic preprocessing of gene expression data
- micro-CS: preprocessing and annotation of gene expression data

e Statistical analysis of genotyping data

- DMET-Analyzer: preprocessing and analysis of DMET (Drug
Metabolizing Enzymes and Transporters) SNP (Single Nucleotide

Polymorphism) data
~ coreSNP (multicore implementation)

e Data Mining analysis of genotyping data
- DMET-Miner: Association Rule Mining to extract from DMET data Association
Rules able to correlate the contemporary presence of SNPs with patient’s
conditions (e.g. TOX vs NOTOX)
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Part l: Genomics Data

Microarray-based Genomics Data
e (gene expression and genotyping data

Automatic preprocessing of gene expression data
- micro-CS: preprocessing and annotation of gene expression data

Statistical analysis of genotyping data

- DMET-Analyzer: preprocessing and analysis of DMET (Drug
Metabolizing Enzymes and Transporters) SNP (Single Nucleotide
Polymorphism) data

— coreSNP (multicore implementation)

~ cloud4SNP (cloud-based implementation)

Data Mining analysis of genotyping data

- DMET-Miner: Association Rule Mining to extract from DMET data Association
Rules able to correlate the contemporary presence of SNPs with patient’s
conditions (e.g. TOX vs NOTOX)
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Gene expression = RNA “volume”
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Prezentator
Notatki do prezentacji
The term “gene expression” refers to the process that occurs when a gene guides the production
A gene is “expressed” when the protein is made (the gene is “on”).
Since the process of making a protein starts with the making of the RNA, one can measure gene expression by looking at the RNA produced by the gene
An active gene will produce a lot of its RNA product while a low activity gene will produce very little RNA
Measuring RNA volume to look at gene expression levels can be very powerful and useful when it comes to determining the function of a gene as well as finding drugs to fight the disease
The example on the slide shows a Normal Cell and the genes that are active in that cell
The y axis shows the amount of RNA present indicating the “volume” of the gene
Each # represents a different gene
Notice that the genes #1-15 and #63-97 are active at variable levels.  The taller the line, the more RNA expressed (= the gene is actively expressed)
The Malignant Cell has difference genes on and in different levels than the normal cell
Notice the middle genes #17- 31 are very active, but were inactive in the normal cell
Also, other genes that were on in low levels in the normal cell are much more active in the malignant cells (like #67 and 69)
So, if someone wanted to work on stopping the malignant cells, they would want to focus their attention to the genes that are active in the malignant line, but not the normal line
This is where GeneChip® microarrays come in – they help find those genes!



~Dubium sapientiae initium

Single Nucleotide Polymorphisms (SNPs)

e A SNP is a variation in a single nucleotide that occurs at a specific

position in the genome and is present in an appreciable percentage (e.g.

>1%) within a population

e When in a specific base position, a base (e.g. C) appears in most
Individuals, but in a minority of individuals the position is occupied by a
different base (e.g. A) then there is a SNP at that specific base position.

TYPES OF SNPs

/

Non-coding region

Do not affect
protein
sequence
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Missense ‘ Nonsense

Result in a different amino acid in the
sequence protein

Result in a truncated, incomplete,

and usually nonfunctional protein
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Microarray-based Genomics data analysis

e \We considered gene expression data and SNP (Single

Nucleotide Polymorphism) genotyping data produced using
microarrays

e \We addressed two main problems:

—  The automation of the preprocessing pipeline of gene expression
microarray data

e micro-CS: preprocessing and annotation of gene expression data
- The efficient (parallel) analysis of SNP genotyping microarray data

e DMET-Analyzer: statistical analysis of DMET (Drug Metabolizing
Enzymes and Transporters) SNP data

e coreSNP: a parallel implementation of DMET-Analyzer

e DMET-Miner: Association Rules correlating the presence of
SNPs with patient’s conditions (e.g. TOX vs NOTOX)
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Part l: Genomics Data

Microarray-based Genomics Data

Automatic preprocessing of gene expression data
- micro-CS: preprocessing and annotation of gene expression data

Statistical analysis of genotyping data

- DMET-Analyzer: preprocessing and analysis of DMET (Drug
Metabolizing Enzymes and Transporters) SNP (Single Nucleotide
Polymorphism) data

— coreSNP (multicore implementation)

Data Mining analysis of genotyping data

- DMET-Miner: Association Rule Mining to extract from DMET data Association
Rules able to correlate the contemporary presence of SNPs with patient’s
conditions (e.g. TOX vs NOTOX)
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R Hpm mG Workflow of analysis of gene
N expression data

e (i) preprocessing:
— Summarisation recognizes the position of different genes in raw images,
associating different regions of pixels to the unique gene that generated them.

— Normalisation corrects the variation of gene expression in the same array due
to experimental bias.

— Affymetrix Power Tools (APT) is the command-line tool provided by
Affymetrix for preprocessing. It uses some chip-specific libraries

e (ii) annotation: associates each gene to functional information, such as
biological processes, and a set of cross reference DB identifiers
— Annotation is usually done using vendor-provided libraries (e.g. Affymetrix)
e (iil) statistical or data mining analysis:
- Analysis may be performed by external tools (e.g. TIGR MeV, Weka, R, etc.),
but this requires data movement and further data reorganization

e (iv) biological interpretation and access to external knowledge bases

OPEN PROBLEM: THIS PROCESS INVOLVES SEVERAL TOOLS AND
CHIP-SPECIFIC / VENDOR-SPECIFIC LIBRARIES AND MAY BE
ERROR PRONE
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" Theformat or raw .cel files

CEL File Structure

Header Section

Intensity Section

1.5,0.2, 10 »Probeset]
2,0.1, 25
5.2,2.1,5
3.2,2.1,15

—™Probeset1

12, 0.1, 35
51.2,2.1,14 »Probesetn
43.2,2.1,15
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e The preprocessing of Affymetrix CEL files is performed using
specialized tools, e.g. the APT (Affymetrix Power Tools) command line
tools

e apt-probeset-summarize is an APT tool for summarizing and
normalizing expression probe data from CEL files.
- It needs library files (either a cdf file or pgf/clf files) for defining probesets

- It can perform different types of summarization, e.g. the Robust Multiarray Average
(RMA) and the Probe Logarithmic Intensity Error (PLIER) algorithms
e For exon arrays, the Detection Above BackGround (DABG) is provided
— It can perform two main types of normalization, the quantile algorithm and the
sketch-quantile algorithm, that re-scale each expression value of a dataset.

apt-probeset-summarize -a rma-sketch -a plier-mm-sketch -d chip.cdf
-0 output-dir --cel-files cel list.txt

apt-probeset-summarize -a rma -d HuEx-1 O-st-v2.cdf -o/home/output -
cel-files/home/list.txt

e A further step is annotation, that allows to associate to each expression value
the related gene and further biological annotation,

- e.g. database identifier, description of molecular function, associated protein domains, Gene
Ontology data,

e by using annotation files often provided by chip manufacturer
cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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e The main drawbacks of such an approach are the need:

to generate and store intermediate files in a manual way that prevent the automation of the
process;

to know details of the used chips and related preprocessing tools and libraries;

to manually download the most updated summarization and annotation libraries from the
vendor website, and

to manually import preprocessed files in the analysis platforms (e.g. TM4 MeV, Weka,
etc.), that may introduce errors.

e The automation of the preprocessing pipeline could speed-up the entire
analysis process and reduce possible errors, allowing the user to
concentrate on biological aspects.

e micro-CS is a tool to normalize, summarize and annotate gene expression
data produced by Affymetrix microarray reducing user intervention

system handles the guided selection and automatic upgrading of the software libraries
needed by Affymetrix tools to preprocess and annotate gene expressions

the tool is available with a stand-alone user-interface or as a TM4 MeV plug-in

e TM4: a free, open-source system for microarray data management and analysis. Biotechniques. 2003
Feb;34(2):374-8.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017



F _‘Dubium sapientiae initium m |CrO'CS

e 1-CS preprocesses Affymetrix microarray data to
automatize summarization, normalization, and

annotation of microarray. (—
- u-CS users can directly manage binary data without | ColFiles Workflow of Analysis

worrying about locating and invoking the proper ~ ———————f————————————————————————

preprocessing tools and chip-specific libraries. S — Summarization |
_ users of the x-CS plugin for TM4 can manage ‘ Normalization |
Affymetrix binary files without using external tools, :
such as APT (Affymetrix Power Tools) and related . l N :
libraries. Choice and Download :
e -CS offers four main advantages: “'Lﬂ':;ﬂﬁ@ i
- (i) it avoids to waste time for searching the correct :
libraries, ] !
— (i) it reduces possible errors in the preprocessing Summartzation :
and further analysis phases, e.g. due to the incorrect Normalization l
choice of parameters or the use of old libraries, Annotation :
— (i) it implements the annotation of preprocessed /! ‘ :
data, " CSVFiles ‘ E
- (iv) it may enhance the quality of further analysis I a |
since it provides the most updated annotation :
libraries. : . .
e 1-CSclient is freely available (TM4 plugin or TMEV Analysis |
standalone tool) Third Part Software |
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Libraries

Annotation Manager APT-Wrapper Library Manager
- —_—

Annotatio Library

DB APT-Tools DB

Gurzl and Cannataro BMC Bioinformatics 2010,11:315
httpe/ b | l.com/1471-2105/11/315

BMC
Bioinformatics

SOFTWARE Open Access

u-CS: An extension of the TM4 platform to manage
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FoOCus

Automatic summarisation and annotation of microarray data

Pietro H. Guzzi - Maria Teresa Di Martino * Giuseppe Tradigo -
Pierangelo Veltri - Pierfrancesco Tassone - Pierosandro Tagliaferri -
Mario Cannataro

e To study the molecular bases of BRCAL1-related differential sensitivity to the
drug, we analyzed the whole gene expression profile of HCC1937 and
HCC1937/wtBRCAL cells following in vivo and in vitro exposure of tumor
cells to cisplatinum (CDDP)

- HCC1937 is a BRCA1-defective breast cancer cell line which discloses higher

sensitivity to CDDP as compared to the BRCA1 full length cDNA transfected
clone HCC1937/wtBRCAL1l

- Gene expression profiling was performed by Affymetrix technology using Human
GeneArray 1.0ST.

- Array data were preprocessed using pu-CS and analyzed using Gene Expression

Console, GeneSpring and Ingenuity Pathway Analysis (IPA).
cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Microarray-based Genomics Data

Automatic preprocessing of gene expression data
- micro-CS: preprocessing and annotation of gene expression data

Statistical analysis of genotyping data

- DMET-Analyzer: preprocessing and analysis of DMET (Drug
Metabolizing Enzymes and Transporters) SNP (Single Nucleotide
Polymorphism) data

— coreSNP (multicore implementation)

Data Mining analysis of genotyping data

- DMET-Miner: Association Rule Mining to extract from DMET data Association
Rules able to correlate the contemporary presence of SNPs with patient’s
conditions (e.g. TOX vs NOTOX)

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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e The Affymetrix DMET (Drug Metabolism Enzymes and Transporters) platform
investigates 225 ADME genes, i.e. genes involved in Absorption, Distribution,
Metabolism and Excretion (ADME) of drugs, for pharmacogenomics case-
control study.

e Pharmacogenomics is a branch of genomics that aims to predict the response to
drugs of an individual based on an his/her genotype

- The hypothesis of DMET analysis is that a different response to drugs may be
related to modifications (SNPs) in those ADME genes

e We want identify the SNPs that make effective/ineffective a drug treatment using
efficient Statistical Analysis and Association Rule Mining
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Workflow of a DMET pharmacogenomics experiment

Population A Probes | Subject; | Subject; [ Subjects | Subject,
Probe; | C/C C/C T/T /T
|, Samphe Probe; | G/C c/c /T AJA
Preparation Probes C/T C/T C/T Cc/T
Probey, G/G A/G G/G G/G

Fopulation B

raw microarray
data {.CEL data)

preprocessed microarray

data {,CHP data, tabular data) Knowledge

Models

e OPEN PROBLEMS:

- NO BIOINFORMATICS SOFTWARE FOR ANALYZING DMET SNP DATA WAS
AVAILABLE AT THE TIME OF RESEARCH (ONLY MANUAL ANALYSIS WITH
EXTERNAL SOFTWARE)

-  PERFORMANCE ISSUES WHEN INCREASING SIZE OF EXAMINED POPULATION

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Workflow of a DMET
pharmacogenomics experiment

e Sample collection and DMET chip preparation: biological samples are
collected and treated to perform microarray experiments;

- Affymetrix DMET chip allows the investigation of 1936 probes, each one representing a portion of
the genome having a role in drug metabolism;

— usually samples are divided in two classes, e.g. on the basis of the response to a drug (Population
A and B).

e DMET microarray experiments: produce raw expression data, contained in
.CEL files (one file per sample);

e DMET data preprocessing and SNPs detection: Affymetrix proprietary tools,
(e.g. apt-dmet-genotype command line tool or DMET Console) are used to
summarize and average expression values contained in .CEL file to produce
.CHP files (one file per sample);

- all .CHP files need to be combined to form a single table containing the detected SNPs for all
samples;

- similarly to gene expression microarray, the SNPs table will contain in position (i,j) the SNP
detected by probe i in the sample j;

e SNPs analysis: usually the Fisher statistical test is used to evaluate if a different
distribution of SNPs among two classes of samples is statistically significant or
not. The analysis, often performed manually using external software, produces a

list of SNPs ordered by p-value
cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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e DMET-Analyzer is a tool for automated pre-processing and statistical

analysis of SNP data generated by the Affymetrix DMET platform

- the system finds and highlights all statistically significant SNP variations found in the
data

DMET-Analyzer supports the automatic statistical analysis in DMET-
based pharmacogenomics studies.

- It has a simple graphical user interface that allows users (doctors/biologists) to upload
and analyze DMET files produced by DMET Console in an interactive way.

Starting from a DMET dataset, DMET-Analyzer is able to find
statistically relevant subsets of SNPs that separate two input classes

- DMET-Analyzer tests in an automatic way if the distributions of each SNPs detected
on each probe on the two classes of subjects (e.g. Healthy vs Diseased, RESP vs
NORESP, TOX vs NOTOX) are statistically significant.

The system is freely available and currently used by the Oncology Unit
of the “Mater Domini” University Hospital, Catanzaro, Italy.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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DMET-Analyzer allows to test in an automatic
way If the different distributions of each SNPs
detected on each probe on the two classes of
subjects (e.g. RESP vs NORESP) are statistically
significant.
o It performs a massive amount of Fisher’s tests
without user intervention
e It provides several statistical corrections (FDR,
Bonferroni) useful for low samples experiments
|t uses two parameters to
o discard probes whose SNP distributions
are “similar”, avoiding useless tests
o discard Fisher’s tests with high p-value

Probes | Subject; | Subjects | Subjecty | Subjecty
Probe; C/C C/C T/T T/T
Probes G/C C/C -/T A/A
Probes C/T C/T C/T C/T
Probey G/G A/G G/G G/G

cannataro@unicz.it

e

v
Loading DMET data set

And
Subjects Separation

Step: 1

Y

Computing Occurrence Matricies
And Step: 2
Display Matrix Levels

-
-

Y
( Computing Fisher's Test

And Step: 3
Display Results

Compute Fisher's Test on

other probes

No

Start new Analysis No

Fig. 2. DMET-Analyser flowchart.
CGW 2017, Krakow, 24 October 2017
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SOFTWARE Open Access

[ _ DMET-Analyzer: automatic analysis of @
Al Do > Dubium s - Bicinformatics
______ Affymetrix DMET Data

Pietro Hiram Guzzi'™, Giuseppe Agapito', Maria Teresa Di Martino?, Mariamena Arbitric®, Pierfrancesco
Tassone?, Pierosandro Tagliaferri® and Mario Cannataro

-

DMET-Analyzer use: loading input data and
selection of classes

B O O taxstatico¥20def¥%20tox_vs_ctrl_NS(1).xls .:: SNP Analyser: Table of Probes &...

CTREL CTRL CTREL CTRL CTEL TOX TOX TOX
TAX68_(D... TAX69_(D... TAX9_(D... TAX70_(D... TAX71_(D... IEFE RSN IS
G/G G/G GJG A/G GJ/G
cic T T T T
AJA AJA AJA AlA AJA A
T o/t c/T c/C c/c
G/G G/G G/G G/G G/G
AJA AJA AJA AlA AJA
AT AR AJA AJA AJA AT AT ArA
AJA AJA AIG AlA A/G
GJ/G GJ/G G/G A G/G Setting Class Label
- -/- -/- -/- -/~ R YR |
AJA AJA AfA AfA AfA Set ClassA Label: CTRL
oT oT c/c c/T c/C
cic cic C/C c/C c/c :
c/c c/c c/T c/c c/c set Classh Label:| TOX
BjA AjA ASA A AJA AJA AJA AJA o
T T T T T VL i A i 7] | OK |
G/G G/G G/G G/G G/G T
T T TIT /T T
G/G G/G G/G G/G G/G
e /G G/C G/G G/G C/G  |NOCALL  [G/G |
G/G G/G GJG GJG GJ/G G/G
T T T T T i N i T N T
cannataro@unicz.it | Start Preprocess | CGW 2017, Krakow, 24 October 2017
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Heat Map probe navigator window

99”07 .:: Probes Navigator :.
o oo o

ool I O N HNA

aM_10008

AMJUUIU.

AMJDDH.

AM_10019

AM_]uuzs..

AM_10024

AMi]DDSS .

AM_10034

From s0 to s23 Class B
From s24 to s70 Class A

800 280Paz.txt .:: DMET Analyzer: Differences of ALLELES frequencies in classB with respect to classA :.. /Users /giuseppeagapito

:M 4 Compute exhaustive Fisher's Test #B E ;0 :0 :0 c" 038636 :] 0 gu ;0 1;“0
. e 1, 32... 0. .| .| ! 0 . i K
11 Compute specific Fisher's Test EM 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
v 1] Statisticals Test »  Hardy&Weiberg Calculator 31 b o 00 00 s 00
. AM_11554 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Fre uec Dlﬁerences Table AM_11564 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM_11576 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
- AM_L1595 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
- dlﬁerences Of SN PS AM_11597 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM_11608 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
. AM_11609 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
fre uenCIeS for each robe AM_11611 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM_11613 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM_11621 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
CIaSS B W rt CIaSS A AM_11622 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
LLE] AM_L1624 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

AM_11625 0.0 0.0 0.0 -0.00454... 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.016942...
AM_11627 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM_11629 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 -0.00392... 0.0
AM_11630 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM 11632 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM_11637 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM_L1639 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM_11643 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
AM_11647 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

AM_11648 0.0 0.0 0.0 0.028925...0.0

cannataro@unicz.it
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Statistical tests:

|[Choose to activate one Correction:

@ Without Correction
() Activate Bonferroni Correction

() Activate FDR Correction

1) Setting correction;

Test significance: |95%

[ OK

2) Executing Fisher’s tests;
3) Analyze results.

The Fishers test calculator uses the
data contained into two Occurrences
Tables to compute the Fishers test for
each couple of allele belonging to the
two classes.

The algorithm avoids the computation
of trivial tests, e.g. tests where the
Fisher Test contingency table
contains three zero values that leads
to a p_value=1 are discarded.

Fisher tests results with p_value > Ft
(Filter Threshold, default 0.05) are
discarded.

cannataro@unicz.it

8 O O taxstatico%20def%20tox_vs_ctrl NS(1).xls .:: Results without CORRECTION ::.

Probe Set ID:AM 10109
CTRL TOX

AlA 43 19
NOCALL 2 5

Significance level between two nucleotides computed by Fisher's Test: 0.039566 3642 1487205,
withour correction.

Frobe Set ID:AM [022]

CTRL TOX
cco o2 s
Save AA 3 5

Significance level between two nucleotides computed by Fisher's Test: 0.03 /44561495343373,
withont correction.

Frobe Set [I:AM 10496

CTEL TOX
AMG 26 &
Ala 11 13

Cimmidinnman Laneal Juotsarasam fencn masalactidors acemmesbod b Dielsmele Taeks 01 S99 3 3000 1 31 TS0

_ Sart by Increasing Pvalues _! Sort by Decreasing Pvalues

Number of Significant €N '%QJ@;MJ&I@C@\MG%@MM&M&%?



TABLE 1
Example Dataset Containing Alleles Detected in 8 Subjects

Through 2 |Probes (np = 2 and ns = 8) TABLE 9
Table for the Class A Occurrences Table
SNPs Input Table
Probes 51 So | Sz | §14 | S5 Se | St | Ss _P“-"‘Obﬁl ala, 3 c/t, 1
Probe; afa | a/a | afa | ot | Ut | Ut | tt | th Probey | afa, 2 | ale, 1 | tt,1
Probes a/a | a/c | a/a tt alc | alc | cft t/t
TABLE 6 TABLE 7 ‘
Probe; A/A and T/T SNPs Occurrences for Fisher Test Probe; A/A and C/T SNPs Occurrences for Fisher Test
Class A | Class B Class A | Class B
ala 3 0 ala 2 0
t/t 0 J clt 0 1

P-value = 0,0286 P-value = 0,3333

The formula below gives the exact hypergeometric probability of observing this particular arrangement
of data, assuming the given marginal totals, on the null hypothesis that Class A and Class B subjects
are equally likely to have those SNPs

Contingency Table | Class A Class B _

SNP 1
SNP 2 C d
b+d

c+d

a+c at+b+c+d (=n)

a+b\ fc+d
Fisher : the probability of obtaining any ( a ) ( ¢ ) (a + b)! [c +d)! (a +¢)! (b+d)!
such set of values is given by the p= =
bypetgedieiccitistribution (

I el n!
i ) CGW 2017, Krakow, bl ol B 5017
a C



Analysis of results: annotations, dbSNP
and PharmGKB links

e Each probe presented in the result window:
- has a link that allows users to visualize annotations

- is enriched of links to external databases such as
dbSNP and PharmGKB allowing to automatically
retrieve further SNP information

e PharmGKB stores knowledge about the impact of
genetic variation on drug response for clinicians
and researchers

e dbSNP is a public-domain archive for simple
genetic polymorphisms

Data Flow in dbSNP

a) Submission b) Database Build | c) Retrieval | d) Applications |
Research labs L
— 551234 — Pharmacogenomics
~TGA[GIC]CTA-- Genotypes

— 552468 e—
~TGA[G/C]CTA-- E:n"lm"d 1114

il . GWAS
Gene view
$ Map view
Databases Validation

—p SS1768  m— - .
--TGA[G/C]CTA-- Evolutionary studies

| cannataro@unicz.it

L Allele frequencies
{ Location m
Sequencing centers NCBI 1S087 = Ei‘:;er;‘:ifgos'ty —s Functional genomics

800

..: Annotations ::.

Probe Set [D: AM_10109
dbSNF RS ID: rsi2358192
Chromosome 10
Physical Position 96731936
Strand
ChrX
pscudo-autosomal G
region |
Cytoband q23.33
Flank
Allele A
Allele B
ENSTOU000260682 . exon , U, Hs.282624 , CYI2CY
. 1559 , cytochrome P450, family 2, subfamily C.
Associated Gene polypeptide 9 : NM_000771 . CDS . 0, Hs.282624 .
CYP2C9 , 1559, cytochrame P450, family 2,
subfamily C, polypeptide &
Genetic Map

Microsatellite

D1052360 . downstream , 29989 ; D10S2358
upstream , 16816

Fragment Enzvme
Type Length Start Stop

Allele Frequencies

Heterozygous Allele
Frequencies

Number of
mdividuals™Number of
chromosomes

In Hapmap

Strand Versus dhSNP

Copy Number Variation

Probe Count

ChrX
pseuda-autosomal
region 2

In Final List

Minor Allele

Minar Allele Frequency

% GC

CW 2y, KT
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A peroxisome proliferator-activated receptor gamma (PPARG)

D bi
\___/"f ubium sapien polymorphism is associated with zoledronic acid-related

osteonecrosis of the jaw in multiple myeloma patients: analysis
by DMET microarray profiling

2011 Blackwell Publishing Ltd, British Journal of Haematology doi:10.1111/].1365-2141.2011.08622 x

j British Journal of Haematology

A cohort of 19 patients affected by multiple myeloma (MM) treated with
aminobisphosphonate zoledronic acid (ZA) were enrolled in a case-control study.

- 9 patients presented osteonecrosis (ONJ) after the treatment and
- 10 patients were the control

The aim of the study was to investigate the association among specific SNPs and
the adverse event ONJ induced by ZA.

Results demonstrated the presence of 8 SNPs that were related to ONJ.
- Genotypes were determined using DMET Plus GeneChip.
- Pharmacogenomic profiles were generated by Affymetrix DMET Console software
- Statistical analysis was performed by two-tailed Fisher’s exact test.

DMET-Analyzer identified the 8 SNPs (with same p-values) that were

statistically associated with ONJ occurrence, as those identified in the BJH work
using manual analysis, in very less time

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017



25 O VK & coreSNP: the parallel version
i e of DMET-Analyzer

e To face the increasing volume of genotyping data in pharmacogenomics studies,
we designed coreSNP, a parallel multi-threaded version of DMET-Analyzer

\

Current DMET chips investigate 1936 probes, each one representing a portion of the genome
having a role in drug metabolism (225 ADME-related genes are investigated), but novel chips
may investigate millions probes

Genome Wide Association Studies (GWAS) involve very large populations of patients, thus
datasets for pharmacogenomics studies are increasingly huge

e coreSNP takes into account the data parallelism that can be exploited when
analyzing DMET data and uses a simple Master/Slave parallel programming
approach to decompose computation

e coreSNP uses a Fisher Significance (Fs) threshold to discard probes where
SNPs distributions among the two classes A and B are very close, i.e. the Fisher
tests involving the SNPs detected on that probe are not computed, thus reducing
the computational load of the system:

A probe i is discarded if for each SNP j, | FDT[i,j] | <= Fs, where FDT is a Frequency
Difference Table that contains the difference among the frequencies of the SNP j detected on the
probe i, respectively in class B and in class A

If Fs=0, i.e. the most conservative option, only probes with identical alleles distributions in class
A and B are discarded.

User may also choose to avoid filtering and all probes are tested with Fisher.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017



CORES

NP

Data Parallelism in coreSNP

'm, number of samples (patients

cannataro@unicz.it

[nxm]

- n, number of probes (1936 for current DMET chips)

)

#Core: number of cores (automatically detected by the Master Node)

CGW 2017, Krakow, 24 October 2017
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coreSNP Architecture

DMET
Annotation
File

GUI Event
Manager

GUI Event

Data Clean

i Master
DMET Data Input
Console Preproces
Output

Look and Feel
Manager

cannataro@unicz.it

Results

Alleles Extraction

Alleles Occurences
Management

Alleles Occurences
Frequency Matrix

Fisher’s Test
Calculator

CGW 2017, Krakow, 24 October 2017
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coreSNP:; Master and Slave

Algorithm 1 Master Algorithm

Require: F,, Fy, // class A and B data files names

Require: nsg,, nsp, // number of samples in class A and B
Require: ns, // total number of samples ns = ns, + ns;
Require: np, // number of probes, for DMET data np = 1936
Require: ncore, // number of cores

Require: F's, // Fisher Significance Threshold, default 0
Require: F't, // Fisher Filter Threshold, default 0.05

1:
2:

Begin
ComputePartitionsLimits(np,ncore, start, end) // start;, end;, i =

1,...,ncore, point to first and last probe (row) of data files partitions Algorithm 2 Slave Algorithm

For Each Core i =1,...,ncore
COBEGIN
Result;=slave(F,, Fy,, ns,, nsy, start;, end;, F's, Ft)

Require: F,, Fy, // class A and B data files names
Require: ns,, nsp, // number of samples in class A and B
Require: start, end, // limits of data strips assigned to Slave

COEND Require: ns, // total number of samples ns = ns, + nsy
Result=merge(Resulty,...,Resultncore, Ft) // results are merged Require: F's, // Fisher Significance Threshold, default 0
and ordered by p-value (not significant results have previously been  Require: Ft, // Filter Threshold, default 0.05

discarded by Slave threads) and SNPs are annotated with URLs to

dbSNP and PharmaGKB ;

8: print(Result) // results are showed to the user ordered by p-value )
9: end. 3:
4:

o:

6:

7

8:

9:

10:

cannataro@unicz.it 11:

Begin

For Each Probe i = start, start + 1,.. ., (end — start) + 1

Begin

Oa;=ComputeAllelesOccurrences(Fy,nsq,1);
0b;=ComputeAllelesOccurrences(Fp,nsp,i);

FDT;, = % — %; // Frequency Difference Table
DiscardProbes(F DT;, F's); // eventually discard probe 4
Result;=ComputeFisherTests(Oa;, Ob;, Ft); // computes Fisher
tests and discards not significant results

End,;

Return(Result);
end. CGW 2017, Krakow, 24 October 2017
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Performance evaluation: SpeedUp

Datasets characteristics; Table Reports the Number of Probes
and Samples, and the Datasets Dimension on Disk

Dataset #probes #samples | size[Kbytes]
DM ET 1, D31 28 245
SNP 1, D62, 599 28 136,673

coreSNP Response Times Without Probe Filtering (Fs = 0.0)

| Dataset 1 2 + ] 16
| DMET 20,647 10,630 5,926 3,278 2,333
[ 5NFP 11,943,086 | 5,813,502 | 2,890,561 1,511,745 | 866,140

coreSNP Response Times with a Light Probe Filtering

(F's = 0.001)

Dataset 1 2 4 ol 16

DMET 20,530 10,545 5,876 3,170 2,557
SNP 10,074,622 | 4,926,823 | 2,432,625 1,233,423 | 732,328

Input Probes (#IP), Discarded Probes (#DP), Tested Probes
(#TP), Executed Fisher Tests (#FT), Significant Fisher Tests
(#SFT), when Varying the Fisher Significance Threshold (Fs)

Fs #IP | #DP | #TP | #FT | #SFT
025 | 1,931 | 1,918 13 89 23
020 [ 1931 | 1,904 | 27 212 37
010 | 1,931 | 1,582 | 349 | 2,704 | B8O
005 [ 1,931 | 1,367 | 564 | 4,148 | 80
001 | 1931 | 876 | 1,055 | 5932 | 80
0001 | 1,931 | 876 | 1,055 | 5932 | 80

| 00 | 1931 0 1,931 | 7,041 80

cannataro@unicz.it

Speed-up

Theoretical Speed-up

DMET dataset Speed-up (Fs = 0.001)
DMET dataset Speed-up (Fs = 0.0)
SNP dataset Speed-up (Fs = 0.001)
SNP dataset Speed-up (Fs = 0.0)

2 4 6 8 10 12 14
Number of Cores

16 18

CGW 2017, Krakow, 24 October 2017



Part l: Genomics Data

Microarray-based Genomics Data

Automatic preprocessing of gene expression data
- micro-CS: preprocessing and annotation of gene expression data

Statistical analysis of genotyping data

- DMET-Analyzer: preprocessing and analysis of DMET (Drug
Metabolizing Enzymes and Transporters) SNP (Single Nucleotide
Polymorphism) data

— coreSNP (multicore implementation)

Data Mining analysis of genotyping data

- DMET-Miner: Association Rule Mining to extract from DMET data Association
Rules able to correlate the contemporary presence of SNPs with patient’s
conditions (e.g. TOX vs NOTOX)

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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e Association Rules are used to find frequent patterns, associations,
correlations, or causal structures among sets of items in transaction
databases.

e Let X be an item-set, X = Y an association rule and T a set of
transactions of a given database

e Support is an indication of how frequently the item-set appears in the
database

— The support value of X with respect T is defined as the proportion of transactions
in the database which contains the item-set X, and is indicated as supp(X)

e Confidence is an indication of how often the rule has been found to be true

- The confidence value of arule X — ¥ with respect to a set of transactions
T, is the proportion of the transacuons tnhat contains X which also contains Y.

- Confidence may be interpreted as an estimate of the conditional probability
that a transaction having {X} also contains {Y}

conf(X = Y) = supp(X UY)/supp(X).

e Goal: Find all rules 5 _. y with minimum confidence and support


Prezentator
Notatki do prezentacji
Proposed by Agrawal et al in 1993. 
Assume all data are categorical.
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Mining Association Rules

e Association rules are usually required to satisfy at the
same time:
o a user-specified minimum support and
o a user-specified minimum confidence.

e Association rule generation is usually split up into two
separate steps:

1. A minimum support threshold is applied to find all frequent
Item-sets in a database.

2. A minimum confidence constraint is applied to these
frequent item-sets in order to form rules.

e Main algorithms are Apriori and Frequent Pattern-
Growth (FP-Growth).
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DMET-Miner

e DMET-Miner transforms a case-control DMET
dataset In a transaction database and It 1s able to mine
Assoclation Rules from such dataset

e DMET-Miner i1s based on a modified version of the
Frequent Pattern-Growth (FP-Growth) algorithm

e The modified version of FP-Growth needs to scan
only twice the database to build an FP-Tree, a
structure based on extended prefix-tree, making it
possible to store in a compressed way crucial
Information about the frequent patterns.



DMET-Miner

a)User chooses the data file
to be loaded

@® O @ BC_10_06_10_tab.txt .:: DMET-Miner: Table of Probes &

A

G,

D E F

PROBE SE... NONRESP NONRESP NONRESP NOMNRESP  NOMRESP
AM_10001 C/C cic cjc cjic

AM_10002 G/G G/G G/G

AM_10003 C/T T T

AM_10004 G/G GjC GJ/c

AM_10005 C/T T oT

AM_10006 T/T T oT

AM_10008 A/A AfA AlA

AM_10010 C/C T T

AM_10011 A/GC AJC AJC

AM_10012 G/G G/C GJ/G

AM_10013 A/G AfG AJG

AM_10014 C/T ciT T

AM_10016 C/T T T T ciT

AM_10017 G/G GJ/G c/c G/C G/G G/G
AM_10019 NOCALL ASA AlA AlA NOCALL AlA
L ]

s St

Rules are calculated
and visualized

ELSEVIER

DMET-Miner: Efficient discovery of association rules from

pharmacogenomic data

Giuseppe Agapito™ B | Pietro H. Guzzi® & Mario Cannataro® &

+ Show more

b)User selects the classes
for each sample by clicking
. ondata tabl <) Input table is automatically

filtered and inverted by DMET-Miner

|PROBE SET ILAM_10001 AM_10003 AM_10004 uu.ooos |AM_10006 AM_10008

NONRESP  C/C cft GG

NONRESP  C/C or G/G Q‘T
NONRESP  C/C o7 G/G T
NOMRESP  C/C or G/G oT
NONRESP  C/C or G/G or
NONRESP  C/C om G/G "
NONRESP  C/C cfc 6/G cfc
NONRESP  C/C cfr G/f6 o
NONRESP  C/C T/ G/G 7
NONRESP  C/C i G/G T
NONRESP  C/G s G/G T
NONRESP  €/C cfc G/G cfc
NONRESP  NOCALL /T G/G or
NONRESP  C/C i G/G T
RESP c/c o AG T
RESP c/c v G/G 4

il
or
or
or
("3
T
cfc
ot
T
T
T
c/c
or
T
o
T

Volume 56, August 2015, Pages 273-283

AM_10652_G/G:14
AM_10652_G/G:14
AM_10652_G/G:14

AM_13423_C/C:14
AM_13423_C/C:14

AM_13423_C/C:14

AM_14234_A/A:14
AM_14234_A/A:14

AM_14297_C/C:14

=RESP: 14 (conf: 1.00)
AM_14297_C/C:14

=RESP: 14 (conf: 1.00)

=RESP: 14 (conf: 1.00)

d) Results are shown to the user.
He may visualize annotation and links to

external databases.

@® ¢ @ BC_10_06_10_tab.txt .:: SNP Analyser: Annotations ::, /U...
Probe Set ID: AM_10001
[ dbSNP RS ID: 54148042
Chromosome 10
Physical Position 73769359
Strand +
ChrX
pseudo-autosomal ]
region 1
Cytoband q22.1
Flank -
Allele A ———

Allele B

Journal of Biomedical Informatics

doi:10.1016/.jbi.2015.06.005

§8893888538588S8S

gene model
(contig mRNA transcript):  GRCK3S  NT_030050.14 MM_004273.4 NIE_004264.2 forward plus strand 80, coding




DMET-Miner Algorithm and Mined Rules

L DK ] Lt

Require: A table of GOA annotacion as input dataset [ Solve of Claes =

Ensure: 4 set of Weighted Association Rules TF{ AM_SIETI 040136 Gh AM_LAM4B_E/C:36 &6 AM_13343_0/0:34 &6 AR_181BE_AA:33 A& M
1: Data Structure indtiolization: 108, FETree, Flres AM_INAEEGAGTIS BE AM_LEFL_C/CI2S B AR 1R1AN_GAGTTY R AM_INIED_GOGTIE Bk AM_18D
Sermitivity: 350, Specificity: &b 42ESTL4SESTLAN
5 A — convertdnput TFQ WM_N18T2 CA0136 B& MM L4348 _C/Ci36 G5 A 13347_G/GIE4 66 AM_TS1BE_LL133 GBS AN
e Seniltiwity: 47. jﬂqinl}m::n. Sprcificity: 70 BETIHINISHAEIEY
% for all # £ 108 do TF] AM_N18T2 40106 B& BM_ L4348 C/Co36 G5 MM 13347 _GeGIB GE AM_181BE_878113 BE BM
. ; - B BR_TRIF1_TAC:TY R WA TRIRD G060 75 Rb AH_TNL4L_GiGodd b BM_TEN0B_G/G:T1 &k WE_
L wninfupp ¢ somputelTD ) _ Semsifleity: 20.S88106721311474, Specificity: 33, Fi3aany
B frequentltemelist + compute(wS, wminSupp] TP WH_N18T m W Bk MM mu_cn:,u A 13:-!:_!.1;':.:1 Bh W TAIBE_AAL; 1T BE BN
B iF wS(z) < wminSupp then Sensiblvity: 38.8, Speeificily: 7B, 37145715557
. P TF| AH_§1872 muﬁnm_u_uu_ P36 BE WE_1334F_GGrE BE WE_TE1BE_RSRI13
5 TDB remove(z) i d Lb M 19114 G/G:98 Lk pn_:un_,m. 37 b AH_IBLT? T/T:3% | THEW RORRERP cosf: @53
B frequentitemsList.supportUpdate + row Senmitiwityr 41, ; Specificiny] B, 714 HS7148571
o el EA et A ‘““"s;m“ e Ay e genti 8.8
110: 0 T FALNE ®
- froquentltemalist + Update(wSi{z)) Ir| WCHIBTI C/C06 Kb AN L3R C/C:38 4 112 G5 M NLIIM A B
11:  end if AH_EBAEE G5 LEUHL_C/Co25 Ab A 18195 GOG:TH AL AM_13181_G0L:24 |
1% end for et ivlity u.mmnsmns. Specificityr 52,8
TP MM 18T C00: 08 Bb AM_T4348_C/C-38 Lb &M 10347 GrGo34 &L AM_Da0BE ArR: 33 | THE
18 deacendingSorting! frequent!temaliat] H:l'lll:l'nll:!'l 55, 1; Specificiny B 2ESTHAIESTIARG
d ; - w NIATI_C/C:06 | TEEM MOMRESP conf: 1.8
W: descendingSorting(TDE) Sensitleity: $8.8, Specificity: Lid.d
B FPTree o frequentitemsList TF{ WA_N18TZ_CA0106 G AN TAD4E_C/C:36 1 THEN WONRLS® coaf: 1.9
N . Seriiblwity: &7, 02a528aendaes, doecificity: 104.0
i for all $ £ TO0L do TFQ WM_N18T2_CA0136 BA MM_ L4348 /0136 G5 AM_13347_G/GiE4 66 AM_JS1BE6_LALI33 BE AN
it map each item of £ on FPTREE :n-:lml Ia.rl H b BH_LELTT_ Trr i::“q.'uuuc;;j::a;nm:mi cenf: 1.0
"l F C1WLTHI . CLENRCENYR "
& if perfscimatch theo TP M TIATICACE00 b E 8 &b L LI3AZ GAGEM 66 WL LAIOEAAIL) bk BN
1%: ' pdate(w3(z]) PT_TiTelS G& Ne_18 15 G AM_IMEBL_CT12% 1 THEW SF fosf: 1.8
2 else Bermitiviiy: 41, r Eﬂrl.ﬂrll:l: 14 714 A7 1AFA5 71
a1, nodeCreation|z: TF] W4_N18T3 CFE1 08 A BHM_L434H_C/C:36 L4 AM_19343_L/0:34 AL AM_1818E_A7L:13 AL BM
' - / WH_ERETI_TVTIIS Bk A Gitnes &b AR 1191 CACT TS &6 AM_IRIGI_GS5125 | TREN RO
28 end if Cennibiluilby: 41. T, Spsplfieiiy: B, P14TASI14TES 1
¥ end for hgmider of Steang Bules foendes 13 with confidence saloe] B8 and sisisos Support
21 buildFP-Tresa()
. DT EREE Raler of lasy BESP
25 for all (node € PPTREE] do TF] W 1BI38 606153 GA AM_LIORI_C/C:91 Gh AP 14TO4_A/A:dd &k AM_1S525_G/:4% B4 MM
2 create dTres H-nlltlﬂt;: 74, SEBRSLIGIAZGT, Specificityn B9, SERAS NSRS RES
T repeat TP AM_NEASR GG 82 Bb AM_1TIOWL_C/C-%1 Gb &M 14794 Avk-4l & WM 18808 G545 kb BM
_ : . Sensitlvityl 75, &7LERE1IATNTSS, Specifichtyl B5.71478571428571
28: if fnode sreq < wminSupp then TP AM_TRIIR_GG: 52 Bh MM_LIORL_C/C:S1 &b MR TATR_AGADED &5 WM_18335_Gr0i45 | TeE
26 remaove epinade] Sensivlvityy 7210475400836, Specificity: PO, SPRITAIPRITE]
30 end if I WA INIM_G5:33 Bb RM_LIGFL L/T:51 & A 14 hrdd ) THIM RISP cosf: @, 5411
4 until Alree — @ Sensitinity: 72, 30TEU2OTENNY, Speeificity: I.Mﬂ&ﬂlﬂ
wl : R = TF{ WM_UNI_G/5152 B& MM_LI9%1_C/C:51 1 THEW RESP conf: B, RERPGIZINTRIZINT
a% mineHules]) Somilblwity: ST.SETSATSETSATSE, Specificify: Ei.714M5714H571
3% saveHules() TF{ WH_SBIBE G152 | THEW BESP cond| . 9B113R0T54716541
s end for Sann I-l:hrltE TEL SHEREINISILERS, Seecificiiy: BO.OBIBIBABABANAS
e LT pirang Bules foended! ] with condfipence value: S0.0 sad minises Sepport ¥

e DMET-Miner produces rules able to discriminate distinctive features for each class.

e DMET-Miner makes easy to profile in what class new subjects belong (e.g. RESP,
NORESP) on the basis of their SNPs
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Comparison among DMET-Miner, Weka and

Rapid Miner

We have compared the FP-Growth algorithm implemented in DMET-Miner
with the FP-Growth algorithm implemented in Weka (version 3.6.10) and the
FP-Growth algorithm available in RapidMiner (version 5.3.013).

Weka and RapidMiner were not able to directly load the DMET dataset
produced by the DMET platform

In order to compare DMET-Miner FP-Growth with Weka FP-Growth and
RapidMiner FP-Growth on the same conditions, we have given as input to
Weka and RapidMiner the filtered dataset produced by our software.

In this way we ensure that the inputs given to DMET-Miner, RapidMiner and
Weka have the same dimensions.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Datasets

e The comparison of the FP-Growth algorithm implemented in the three

software tools was tested using five synthetic DMET datasets. We built the
synthetic datasets containing the same number of probes as a real DMET
dataset (1, 936 probes) and doubling the number of samples (in the 13
experiments we analyzed five datasets with respectively 25, 50, 100, 200 and
400 samples for each dataset) grouped into two classes.

We populated these datasets with randomly significantly different
distributions of SNPs.

The datasets contain data related to samples from subjects belonging to two
classes: subjects which respond to drugs (class RESP) and subjects which do
not respond to drugs (class NONRESP), simulating a classical case-control
study.

The dimensions of the datasets analyzed range from 300KB for the dataset
with 25 samples to about 3.1MB for the one with 400 samples

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017



Fisher Test Filtering

e Number of meaningful probes (rows) after using
the Fisher Test Filtering

Dataset #Probes #Probes
using Filtering
20 1936 45H
al 1936 458
a0 1936 a7
200 1936 T
400 1936 T8

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Execution time of the algorithms varying the minimum support using the 100 samples
execution time is obtained in function of the value of minimum support
number of mined rules. The dotted line (top part of figure) represents the
of RapidMiner, the dashed line (middle part of figure), represents running
time of Weka, the continuous line (bottom part of figure) represents the running time of

dataset. The
used and the
running time

DMET-Miner.
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Memory Consumption

120 """"""""" """"""""" """""""" .—_—:
O
oo SE— S— S S— — —

0 o o o o o o

0 50 100 150 200 250 300 350 400

Memory consumption of RapidMiner, Weka and DMET-Miner when doubling the size
of the input dataset. The dotted line (top part of figure) represents the memory
consumption of RapidMiner, the dashed line (middle part of figure), represents the
memory consumption time of Weka, the continuous line (bottom part of figure)

represents the memory consumption of DMET-Miner.
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OUTLINE

e Experiences at University of Catanzaro in high
performance management, preprocessing and
analysis of omics data

e PART I: Genomics data
e PART Il: Proteomics data
e PART lll: Interactomics data

e Conclusions
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Proteomics data

e Introduction to Mass Spectrometry

e MS-Analyzer: service oriented platform for
preprocessing and mining of MS data

- MS-Analyzer = Ontology + Spectra Services +
Workflow

e EIPEPTIDI: enhanced protein identification from
ICAT MS/MS data

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Lancet 2002; 359: &72-77

MECHANISMS OF DISEASE

Mechanisms of disease

(3 Use of proteomic patterns in serum to identify ovarian cancer

Emanuel F Petricoin III, All M Ardekani, Ben A Hitt, Peter J Levine, Vincent A Fusaro, Seth M Steinberg, Gordon B Mills,
Charles Simone, David A Fishman, Elise C Kohn, Lance A Liotta

Recently MS has been used to analyse low weight
proteins present in serum/plasma for early diagnosis

of tumours
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MS-based Proteomics
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MALDI-TOF

ESI-QqTOF
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Tandem mass spectrometry (MS/MS)

MS1: MS spectrum MS2: MS/MS
from O to 1000 m/z (Da) on m/z 850.1

Peak selection
100 198.6

650.4
350. 1 678.8
; 466.7
401.3
80.4
‘ 850.1
ol- o I =
Cannataro@unlcz it 1000 m/z 1000

CGW 2017, Krakow, 24 October 2017
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e Noise Reduction

- Base line subtraction flattens the base profile of a
spectrum

- Smoothing reduces the noise level in the whole
spectrum.

e Binning

— groups measured data into bins

e aggregate intensity (e.g. the sum of the intensities in the
bin)

e representative m/Z value (e.g. the median or the one with
maximum intensity)

e Normalization
- aims to make intensity comparable across different

Inter&mty

miZ

100 |Intensity

spectra.
() Peaks allgnment nm 40 A0 AN 1n0nn 12000
100 |Intensity
- The same peak (e.g. the same peptide) may have 7114
different m/Z values across samples 7 s o)
- finds a common set of peak locations (i.e. m/Z values) .
in a set of spectra, so that all spectra have common e
m/Z values for the same biological entities # s ‘ et
10276 e
0 1

2000 4000 6000 8000 ) 10000 12000
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Spectra analysis

e Biomarker discovery

- Analysis of collection of spectra (usually by using data mining or
machine learning) to find discriminating peaks among different
conditions (e.g. healthy, diseased)

e Protein/Peptide identification

- ldentification of protein/peptide associated to a peak, e.g. through
MS/MS and database search (Mascot, Sequest, X!Tandem)

e Qualitative vs quantitative proteomics

- MALDI-TOF or SELDI-TOF give a snapshot of a sample,

without providing quantitative information nor complete
Identification

— Labelling techniques, such as ICAT or SILAC, coupled to tandem
MS (E.g. ICAT-based LC-MS/MS) allow quantification and
Identification of proteins

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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MS data

e The basic MS data is a long sequence of (intensity, m/z)
value pairs

e Indeed, different MS data formats do exist depending on:
- lonization (ESI, MALDI, TOF)

- Separation (e.g. GAS or Liquid Chromatography)
e More spectra at different (retention) times

- MS approach (e.g. MS vs MS/MS)
e One spectrum/sample vs more spectra/sample

- Labeling
e intensity in a sample is a measure relative to a control one

e Moreover, each MS company usually uses a proprietary
format

e Heterogeneity in spectra data is an issue

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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mzData

e mzData was the first XML-based data model defined by HUPO-PSI
(Human Proteome Organization-Proteomics Standard Initiative) to
standardize mass spectrometry-based experimental data

e mzData schema comprises a

- description element describing metadata about the experiment (e.g.
administrative information, data about instrument and software used to
generate the spectra),

- and a spectrumL.ist element that encloses a set of spectrum elements.
e Each spectrum element stores, respectively, all the m/z and intensities
values of the spectrum as Base64 encoded strings.

- Base64 encoding allows to represent arbitrary sequences of octets
through a 65-character alphabet (each 6 bits are represented as a printable
character).

- Base64 allows to easily transmit MS data over Internet protocols and can
be stored into XML documents.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Issues in Mining Spectra Data

Loading of the raw spectra produced by mass spectrometer
Converting (eventually) in a standard format (mzXML, mzData),
Preprocessing of the raw spectra data,

Preparation of the data mining input file (e.g. Weka ARFF file),

Data Mining analysis (e.g. classification) of mass spectra,
- CRISP-DM methodology,
- Clementine, Weka, and SPSS platforms
o Knowledge Models visualization (e.g. decision tree)
- represented in a standard language as PMML

o Key issues
- Service Oriented Distributed Computation
- Efficient spectra management
- Provenance data

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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2066, 2007.

MS-Analyzer

e MS-Analyzer is a software platform for the preprocessing,
management and data mining analysis of MS data. It uses

- domain ontologies to model

e software tools (e.g. preprocessing and mining) and their relationships
e data sources (e.g. MALDI-TOF, LC-MS/MS spectra datasets)
e constraints (e.g. binning cannot be applied twice)

- and workflow techniques to design “in silico” experiments.
e MS-Analyzer:

— acquires, preprocesses and manages MS data

— offers filtering, preprocessing, and DM services

— sharing experiments data, workflows and knowledge

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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MS-Analyzer Ontologies

A

. owl: Thing

Algornthm

Method

Spectrum
sSoftware
Knowledge Model
Task

yy¥yry¥y yvyvwyy

4 Yv¥Yy

Software

¥

b4

¥

Classification_Software
Clustering_Software
Data_Preparing_Softwares
PreProcessing_Softwares
Data_Dimensionalty _Reduction_Softwares
v Binning_Sofwares
[ 2 Linear_Binning_Sofwares
Yariable_Window_Software
Peak_Extraction_Software
Moize_Reduction_Softwares
Smocthing_Sofwares
Base-Line_Subtraction_Softwares
Mormalization_Softwares
Canonical_MNormalization
Direct_Mormalization
Inverse_Mormalization
Alignmert_Sofwares
Selection_Atribute_Software

Yisualization_Software

v Activities
Data_Generation
v Data_Freprocessing
v Data_DeMoising
Smoothing
Data_Alignmnent
L4 Data_Dimensionality_Reductio
Data_Binning
Feal_Extraction
Data_Freparation
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Dataset
Area

Area

MS-Analyzer 1.0

File Settings More

MS-Analyzer GUI

(=)

X

~Epenmental D ataset

—Worksheet:

%jﬂ Experiment List
E|...‘ Eup-1
v} Faw_Data

‘\ Elf' Preprocessed_D ata
ﬁ Prepared_Data

(Design sheet |

|Djo[B|s|»|a|efe|«[«]o]

=

: Ei Ontology T 3-view

E|Ei Drarnon. owl
-0 Data
I3 Knowledge_Model

-2 Method
2123 Software
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15 Clustering 5 oftware
-0 PreProcessing._S oftware

L=

[03/022006 - 17:55.43] - MS-Analyzer 1.0 - Welcomel
[03/02/2006 - 17:56.08] - Create new expetiment.

0350272006 - 17:56.22] - Reading of file{s) done.

N
-
=

Design
Sheet

Ontology
Area

View

Area
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O :l,f} Ontalogy T3-view
nto Ogy an age r [=1-123 D arman.owl

-2 Data
@ Krowledge_Model
[=1-09 Task
...... & Fegression
...... % Predictions
=I5 Link_énalysiz
------ % Classification

AI I ------ % Clustering
. OWS 2 Yiasual-DataMining

------ & Summarization
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Ell.ﬂI Software .
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Message
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Experimental I;Jataset. View all exp
Dataset manager S,
e Each experiment is represented bl
as a tree containing
- raw and preprocessed datasets

Add Spectra to Exp-1

e Different source spectra are @ D
S u p p O rte d H:I E:::?z Remove category exemplum. arff

- peak list, TXT, CSV, ARFF

e Different formats to be given in
Input to data mining
- ARFF, Clementine

e The user can
- Add a new experiment
- Loading of experiment

cannataro@unicz.it
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Workflow Editor

e UML-based notation

e Services are taken from the
ontology pane

e Datasets are taken from the
Dataset pane

e Constraints expressed by
the ontology are enforced at
composition time

e Ongoing: generation of a
BPEL WF schema to be

scheduled by a (Grid)
workflow engine

cannataro@unicz.it
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4. MS-Analyzer 1.0 - |5’|5|

File  Setkings More

Experimental Dataset —whorksheet
El-mf Experiment List Design sheet |
B- 1j Ovvariat Cancer
=R Rgr v Data JL]llf?lﬂl_gj”}H@l.lﬁllflﬁlDl
: I ) Cancer g ;I
o 6 Moma M oftware

# f Prepared_Data

) 4P d Dat f} Data_Preparing_Software
-} Preprocessed Data

N "FRF_preparation_: ware
% ARFF_FILE_GEMERATOR_S!
| |5 Classification_Software

[#1-I.70 Function_Classifiers

| Bayes_Classifier

|25 Aszociation_Rules_Classifier
| Meta_Classifiers
=) Decision_Tree_Classifier
% JRip
B 143
e
i ADTree
4% MBTres
U El T B o BViaiiable_Window_Seftware, L G[ 110 o|| 9 REPTee
........ =] 4% RandomForest
......... s Q 2 "'GHEI"IdCIITITfE-‘E-‘
A .Séw.lcé.S.f:\FiF!]:_:p['eha'rat]nh software © . L L #-I) Lazy_Classifiers
I [ R 1|5 Visualization_Software
------------------ O . 3 Selection_Attibute_Saftware
L e | ARRE _repaaton sofveis 3 Clustering_Software
.................. L T T T T I f}PrePrDcessing_Soflware
e s feonned b L .---BNmseHeduchnnSnflwares
A - . - . .. \? slignment_S:
-------- Q . Q S - - =iy Data D|mensmnal|t_l,l_F|educ:t|c
::ﬁﬁ:::ﬁ...:::::::...ﬁﬁ:::::::::::..:: o EEllﬂBlnnlng_Snfwares
...... Service 748 SerwceSJ48. e P - ":n:l:-l "'IHI:IHII Sa
Coo o Jeomestite: - feamnest i o | @ Fosk, Extaction Softwer
......... N V e e Co P Elf} Marmalization S oftwares
:ﬁﬁ:::ﬁﬁ:@::::::ﬁﬁ@ﬁﬁﬁﬁﬁ:::::ﬁﬁ: oo L st Diirect_Momalization
U End LU ERd L s Lodd Inwverse_MNomalization

............................................................ SN C aronical_Mommalization
............................................................ iI

(17032006 - 16:07.10] - MS-Analyzer 1.0 - Welcarmel




IEEE TRANSACTIONS ON NANOBIOSCIENCE, VOL. 6, NO. 2, JUNE 2007

117

A Grid Environment for High-Throughput Proteomics

Mario Cannataro®, Associate Member, IEEE, Annalisa Barla, Roberto Flor, Giuseppe Jurman, Stefano Merler,
Silvano Paoli, Giuseppe Tradigo, Pierangelo Veliri, and Cesare Furlanello, Associate Member, IEEE

MS-Analyzer
— Ontology-based
o / Workflow Designer
BioDCV
Grid-enabled
Molecular
Profiling

Repositoly URL -

Email -

Biomarksrz data
REPOHRT

MS-Analyzer on
the Grid

BioDCV Quiparts:  Visualization of ATE,
Sampletracking, HTML publication,
Emaill notification

ecte
for E-sBlence

Biomed WO

t

Egee Ul

front-end

BloOCN WS -Ulpy

Proteomics Data




e,

U MG

— Dubium sapientiae initium

— Protein Identification with Tandem Mass
Spectrometry (MS/MS)

e Detection: first MS detects and selects the most
abundant peptides (detection)

e Discovery: second MS analyzes such peptides producing
a new spectrum

e ldentification/Quantitation: the list of peaks is used to
query different protein/peptide identification tools
- MASCOT, ProteinProspector, Sequest

e To obtain a quantitative measurement about the protein
abundance, MS may be coupled with opportune sample
preparation protocols.

— e.g. proteins can be identified by using tandem mass
spectrometry with ICAT (Isotope Coded Affinity Tag) protocol
for sample preparation.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017


Prezentator
Notatki do prezentacji
PMM is a means of identifying proteins by comparing observed mass (m/z) with predicted masses of digested proteins contained in a database. 
Mass values are combined with partial amino acid sequence. Sequence tag search is more error tolerant than peptide mass mapping. 
It is possible to search a database using only a list of the ions contained in a MS/MS spectrum. This identification method is most commonly used with the Finnigan ion trap instrument and the Sequest program developed by John Yates. 
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ICAT + MS/MS protein
identification

Test
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Combination of Control and Test
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/lIsolation of Cys-Labeled /
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r
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Peptides

F
i

Pro ICAT

Swiss Prot
DB

E

Identified and Quantified

Proteins

Protein ID | H:L Ratio

gil12811 0.7554
gil23508 0.5633
gil35807 1.1732
gi12507 0.2620
gil 708182 0.6928
gill6117 1.19349
gil22801 1.0241
gi122910 0.9758
gil39653 1.0792

Table 2. Single Sample Dataset

Table 3. Multiple Samples Dataset

Frotein ID | Samplel | Sample2 | Sample3
gil25507 0.2620 1.9212 1.4462
gilT08152 0.6926 1.0252 1.0625
gil16117 1.1539 1.2532 1.8219
gil22801 1.0241 1.5374 0.9564
£il112910 1.0792 1.3566 1.1751
£i139653 1.0792 1.3566 1.1751

gid6577680 1.0770 1.2592 1.1103
£il13936 1.0035 1.5346 0.8608
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U M G Cannataro M, Cuda G, Gaspari M, Greco S, Tradigo G, Veltri P. The EIPeptiDi tool: enhancing
| peptide discovery in ICAT-based LC MS/MS experiments. BMC Bioinformatics. 2007 Jul 15;8:255.
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EiPeptiDi: Enhanced ICAT Peptide Identification Discovery Tool

e Identified peaks (m/Z, retention time, intensity) + name of originating
peptide/protein are stored in a database

e In new experiments, peaks detected by the first MS, but not selected for
second MS can be identified by searching for “similar” peaks (m/Z, retention

time, intensity) in the database
Pept.a Pept.b Pept.c Pept.d

Sample 1

.S = Pro ICAT - Protein Sample 2
wiss Prot : 1

Identification and Sample 3

Quantification Module

Sample 4

Sample N

Pept.a Pept. b Pept.c Pept. d

EIPeptiDi Tool Sample 1

Boost Discovery ~ [—p Semple2

Module Sample 3

Sample 4

MS/MS Sample N

cannatarp&caﬂﬂgpz.it



Sample S1:

2 peptides
identified and
quantified

Sample S2:

2 peptides
quantified, but
only one
identified

cannataro@uniq

EiPeptiDi Algorithm
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EIPEPTIDI cross validates
peptides identification across
the data set

Retention time windows
St+delta<=rt,<= St;-delta

Mass windows
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5883608
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procedure PeptideDiscovery(F, N F)
// F contains the peptides found within samples with mas=zes, retention times
I,-"Ig" NE contains masses and retention Lunes nol assigoned wilthiin samples
const MTAX_MT = 0.00003; //mass tolerance 30 ppm
coust MAX_RTT = 3; //retention time tolerance
var Ao, Agiocrimes D Bad e Teal;
begin
for each f; = (s;,pi,ri,mi) € F do begin
for each nf; = (s;.7j.,m;) € NF do begin
Je"fnﬁ.lmﬂﬁ.tﬁ m; tolerance
A 1= MAX _MT = my;
A tlinme i— abs{:?‘j.stm't’]ﬂiine — r.,j.stﬂrti'_-i?nt?};
Apndiime = abs(rj.endTime — ri.endTime);
// Verify Mass And Retention Time
if {[:’H.!.J' — Ao <7 g < "+ L"'n.m:I and
Astartlime <= (MAX_RTT/2) and
Apndtime <= (MAX_RTT/2)) then
-‘:,‘f Assign the peptide p; to not found nf;
nfi. AddPeptide AsIdenti fied(p;);
/ /p; 18 also contained in sample s
end:;
end:
end PeptideDiscovery;



U MG EiPeptiDi GUI

) Ublum S3o @EIPeptiDi (Icat Peptides Discovery Tool) - |5’|i|

File: Query  Setkings  Help

Query

SHOW peptides Found by r SHOW peptides Found FIMND new peptides .
ProlCAT® in sample Mb in all samples Acplidedlisanpics in sample Nb L] calibrate

. Result Query peptide in Samples

|

Export: Table

~Peptide

SHOWY peptides found by joining
(@) M5/M3 identifications other samples ) SHOW peptides already found by ProlCATE () SHOW new peptides discovered
{in green peptides discovered)

Haptoglobin precursar

Matched Peptide |[AYGDELPECEADDGCPKPPEIAHGYYEHSYR | Protein Mame

AATGECTATYGEKR
ALVLIAFAQYLQQCPFEDHYK
F_pept_Matched_seq AMACYR
APLCIPAR
ALYLIAFAQYLQQUPFEDHYE ATLVCLISDFYPGAYTY AWK 2BE8.432388531762 2659,3617338193335
ALWLIAFAQYLOQUPFEDHYE 2668.45907305871 2659,4302265586703
CRAADFHEEE [ sFssese0o7onss |
e
[ Loi7eaooddneseer [ iDeeSIeESTEER
ATLYCLISDFYPGAYTYANMWE 0.8651842660051526 2389,3115714523584 2380, 283087526882
AYEDKLPECEADD GCPKPPELAHGYYEHSYR. 2. 4336652389882674 3789,9229322640823 3771.87752254045893
COEWSUMSYGEK 1.3122134241558516 1453, 7035471952795 1449.6675715857291
CHPGYKPTTDEPTTWICOK 0.8397 151085892534 2589.338663366075 2571.285091 3790408
CLKDGRGDWVAFYE 0.8970592231256699 1557.8344032675893 1548, 7999860677546
CLODGAGDYAFYE 0.8970592231 256699 1557.8344032675393 1548, 7999360677546

DFTCYHQALEK 1.3564713950568992 1396.7315724957223 1387, 7024872064576
DIASGLIGPLIICK 1.5472557042132006 1647, 9770735701595 1635.950395420044
DIASGLIGPLILCE 1.5472557042132006 1647, 9770735701595 1635.950395420044
DIPMMPMCTYR 0,9127235434809636 1567, 7772007557545 1578, 7486758004162

Counk Recards

tﬂstartl surmary-fp | (3 BMC | TeXnicCenter - [MAIN-ID...I (& Projects:EIPepEID] - Gis. . || EIPeptiDi (Icat Peptid... [« W8 M 175

2l

EiPeptiDi is available on line at:

http://bioingegneria.unicz.it/~veltri/projects/eipeptidi
cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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U MG Experimental Results

—/Dubium sapientiae initium

e In a7 samples data sets we increase the number of Identified
Peptides of 50 % (av) using EiPeptiDi.

250

200 —

150 ) .
| O Seriel

— O i
100 | N Serie2

50 —

. H/L ratios found
by ProICAT

[l Missing values

H/L ratios found
either by ProICA
or by EIPeptiDi

0 100
Data overlap increases

Peptide number 200
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Experimentation

e EIPETIDI has been successfully used to improve
the identification of proteins used to discriminate
between different classes of familial adenomatous
polyp03|s (FAP) patients

Barbara Quaresima, Telma Crugliano, Marco Gaspari, Maria Concetta Faniello, Paola Cosimo, Rosa
Valanzano, Maurizio Genuardi, Mario Cannataro, Pierangelo Veltri, Francesco Baudi, Patrizia Doldo,
Giovanni Cuda, Salvatore Venuta, Francesco Costanzo, A proteomics approach to identify changes in protein
profiles in serum of familial adenomatous polyposis patients, Cancer Letters 272(1):40-52,8 December 2008,
http://dx.doi.org/10.1016/j.canlet.2008.06.021
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OUTLINE

e Experiences at University of Catanzaro in high
performance management, preprocessing and
analysis of omics data

e PART I: Genomics data
e PART II: Proteomics data
e PART Illl: Interactomics data

e Conclusions

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Interactomics Data
e |nteractomics
— Protein-to-Protein Interactions (PPI)
— PPI Databases and Standards

— Protein Complex Prediction

 Experiences at University of Catanzaro:
e IMPRECO: a meta-predictor for protein complexes
e CytoMCL: Markov Clustering of Metabolic Networks in Cytoscape

e CytoSeVis: Semantic Similarity-Based Visualization of PPI
Networks in Cytoscape

e ONTOPIN: using ontologies for querying PPl databases

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Interactomics

e Interactomics is the study of the whole set
of protein interactions
— Protein to Protein Interaction (PPI) network.
e PPl Networks are usually modeled as
undirect graphs.
- Global analysis investigated main properties.
e Different network models have been
proposed:
— Scale Free
- Random Graphs
- Geometric Random Graph

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Flow of Information in Interactomics
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g /DUpG PPI Databases & Standards

e Verified Interactions DBs store experimentally

determined (Yeast 2 Hybrid, Protein Micro Arrays, Mass
Spectrometry) PPI data

- DIP (Database of Interacting Proteins), BIND (Biomolecular
Interaction Network Database), MIPS, MPCDB, CORUM

e Predicted Interactions DBs store interactions predicted in
silico:
- OPHID maps experimental interactions determined in model
organisms into human interactions.

- POINT projects verified interactions into human orthologs and
filters interactions considering functional information.

- IntNetDB predicts interaction by integrating different
Information (MRNA, co-expression, sequence similarity)

e Standards
_ BioPax, IMEx, PSI-MI, SBML, SIF

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Complex Prediction Algorithms

e A protein complex is a group of two or more associated
proteins which interact sharing the same biological goal
- 1.e. acluster in the PPI graph

e The Markov Cluster algorithm (MCL) [van
Dongen 2000] finds clusters on a graph by
simulating a stochastic flow and then
analyzing its distribution

e The MCODE algorithm, takes in input an

interaction network and tries to find
complexes by building clusters.

e The Restricted Neighborhood Search
(RNSC) predictor, after an initial random
clustering, uses a cost-based local search
algorithm based on the tabu heuristic

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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IMPRECO: A Tool for Improving the Prediction of
Protein Complexes

Mario Cannataro, Pietro H.
Guzzi, Pierangelo Veltri

Bioinformatics Laboratory,

University “Magna Gracia” of
Catanzaro, ltaly

cannataro@unicz.it



IMPRECO: Improving the
prediction of protein complexes

r —_— —_—
I Structural
| Informati
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: Predictor
|
________ I
! ! = Predictor
| | - IMPRECO
I Experimental '_ :
! Methods \
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|
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@ O MG The |MPRECO Algorithm
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e The rationale underlying the proposed meta-
predictor is to combine different predictor results
using an integration algorithm able to gather
(partial) results from different predictors

e The integration algorithm starts by integrating
results (i.e. clusters) obtained by running different
available predictors.

e Three different cases are considered by evaluating
the topological relations among clusters coming
from the considered predictors:

1. equality: the same clusters are returned by all (or by a
significant number of) predictors,

2. containment: it is possible to identify a containment relation
among (a set of) clusters returned by all (or by a significant
number of) predictors;

3. overlap: it is possible to identify an overlap relation among (a
set of) clusters returned by all (or by a significant number of)
predictors;

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Validation of Predicted Complexes

__h:' Valid EFIUI‘I {_J Reference
Service ; | DB

Prediction
Service

Integration
Service

Data Manager

.a

" Prediction
Service

e To estimate the integration quality, IMPRECO uses an evaluation module based
on al re;‘erence database, i.e. a catalog of verified complexes (e.g. the MIPS
catalog

e For each cluster the evaluation module calculates the measurements of sensitivity,
positive predictive values and accuracy .

- The first measure is an average representing the fraction of proteins of a complex that are
found in a common cluster. When only a big cluster is found, the sensitivity tends to one.

- The second measure represents the fraction of members of a cluster that belong to a given
complex. When each protein belongs to one cluster, PPV is 1, conversely to the previous
measure.

- Thus, the third measure, being the geometric average of sensitivity and ppv represents a
trade-off.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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The IMPRECO TOOL

MetaClustering |Z||:|[g|

Load Inmtegrate Results UWilities

i Instructions anu |/0utput rEvaIuatinn A
“|[Clean Memna

11 Load Clustering Qutputs
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Preliminary Results/1
In the first experiment we used a yeast network of 1094 nodes and 14658
edges and we run the MCL, RNSC and MCODE algorithms, obtaining
respectively 165, 306 and 73 clusters.
P F— T ] Parameter Value
— TM 1
sub Graph Intersection Smalest Lo IS BlggE‘Ht
OverLap Intersection Smallest |+ CverLap Percentage _D“I_| II Blgg@'ﬁt
Integration Schems | Overlap Percentage 0.1
Threshold of Dimension |3—| TD 2
Parameter - Algorithm | MCODE | MCL | RNSC/| IMPRECO
Clusters No. 73 165 306 155
Sensitivity 0.34 0,47 0,46 0,59
PPV 0,48 0,69 0,59 0,59
A ccuracy 0,40 0,57 0,52 0,70

cannataro@unicz.it
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CytoMCL.
Markov Clustering of Metabolic Networks in

Cytoscape

Mario Cannataro, Pietro H. Guzzi
Bioinformatics Laboratory,

University “Magna Greacia” of
Catanzaro, ltaly
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CytoMCL rationale

e The Markov Clustering Algorithm (MCL) is a well-known
algorithm for clustering graphs.

e Cytoscape Is a tool for visualizing and analyzing networks
based on an extensible architecture.

e Nevertheless MCL does not provide a graphical user
Interface and cannot be used in the Cytoscape platform

e CytoMCL is a Cytoscape plugin that finds clusters in a
graph by using the Markov Clustering Algorithm.

— Based on an intuitive interface it is able to load a network from

Cytoscape, to analyze it and to visualize resulting clusters into
Cytoscape.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017



Cytoscape
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Running CytoMCL

n1533 Q

# Cytoscape File Operation Help R b
aee Cytoscape Desktop (Session: graph_centrality.cys) |
B5H QQQQ 8 BBl B
Control Panel Fal Yol
I« VizMapper™ | Editor | Filters | -

' rCurrent Visual Style
|| [ Network_NodeColor B... %

—=

el
| Compute | Imp
MCL Parameters Subnet
Inflation: Scheme: 71
2.0 ["] Advanced option 1 3 -
| rVisual Mapping er
Input network: Subnet output:
| . D ]
| [ VB e nodeD (DefaultEdge) nodes . node0
» Node Color BetweennessCentrality \node2 (DirectedEdge) nodeS nodeS
| |node5 (DefaultEdge) nodel node2
| » Node Label D node3 (DirectedEdge) node5 nodel
¥ Unused Properties I node9 (DefaultEdge) node8 node3
| nodef (DirectedEdge) node? nodeb
| Edge Color | |nodel (DefaultEdge) node0 node7
| Edge Font Face | |node5 (DirectedEdge) node? noded
| . | |node3 (DirectedEdge) node6
|| Edge Font Size | |node2 (DirectedEdge) node6
| node4 (DefaultEdge) node6 - |
Edge Label J X
. ge e | |node8 (DefaultEdge) node 10 bol | annotation.GO BIOLOGICAL_PROCESS |
|| Edge Label Color | |node®k (DefaultEdge) node9
y | |node2 (DirectedEdge) node3
[|| Edge Label Opacity node3 (DirectedEdge) node?
|| Edge Label Width node2 (DirectedEdge) node?
| . node5 (DirectedEdge) nodes | ¥
|| Edge Line Style
| | Edge Line Width 1
|| Edge Opacity 1
| | Edge Source Arrow C... | umpte ) 0]
— MCL Parameters Subnet ribute Browser = MNetwork Attribute Browser ]
Welcome to Cytoscape 2.7 | Inflation: Scheme: [ E h /t
ZA
_ I- I [ Advanrad antinn 1 vl Z

Ciao Pietro, Massim
gio. llaria Mauro llaria

ata schema for diagn
obre 2010 ...

2010

{pediia.it HOME OFFE

| 10% GUIDA ALL'EUI
cui dici cosa ...

E Privalia Presenta S¢

 BioMed Central <infc

;e purtroppo ...

sosto del classico ma

Emnnected. Olgert De

LCOLO SEMPLIFICA

Jito: > in ...

scebook Twitier RSS

cribe or unsubscribe

con il ...

al d'Autunno, il cui D &

parmi anche di dati i
mment on with the
lert The following ne!

The following new art

;a commentato o stat
lavoro svolto in meritc
acebook Ciao Pietro,

odePa o 0 0

~ Universita degli Studi ..

00:26
17 ott
17 ott
17 ot
17 ott
17 ott
17 ott
17 ott
17 ott
17 ott
17 ot
16 ott
16 ott
16 ott
16 ott
16 ott
16 ott
16 ott
16 ott
186 ott
16 ott
16 ott
16 ott
16 ott
16 ott
15 ott
15 ott
15 ott
15 ott

+

T

T

cannataro@unicz.it

CGW 2017, Krakow, 24 October 2017



) O I

-

Using CytoMCL results in
Cytoscape
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Right-click + drag to ZOOM

Middle-click + drag to PAN
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e PINs visualization tools should:
- handle high-dimensional PINs

- meet users’ requests in terms of
low response time, interactivity,
ease of use

— support some form of graph analysis

iiiii
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® PINs visualization tools comprise:

- Collections of layout algorithm (e.qg. circular, tree, hierarchical,

Force-directed);
- Different graphical rendering algorithms (2D, 3D)
- Graph-analysis and annotation (clustering, statistics)

e Main tools include Cytoscape and NAViGaTOR

Agapito et al. Visualization of protein interaction networks: problems and
solutions, BMC Bioinformatics 2013

Pavlopoulos et al. BioData Mining, 2008
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File Edit View Select Layout Plugins Help

EEQaQ |8 EIcE ~[ [ B8]

Control Panel 2 galFiltered.sif
%2 Network | vizMapper™ | Editor | Fiters|

Metwork Modes Edges
galFiltered. sif

________

Data Panel
H O
| EntrezGenem | Pathway [ GeneRIF

YMRO43W | [855060] | [KEGG pathway: MAPK signaling pathway] | [Data suggest that residues 2 to 17 of Mcm1 m

Mode Attribute Browser | Edge Attribute Browser I Metwork Attribute Browser
Welcome to Cytoscape 2.6.3 Right-dick + drag to ZOOM Middle-click +drag to PAM

« Layouts: Spring-Embedded, Circular, Grid, Force-Directed and Organic;

* Rendering: 2D

 Network analysis: basic statistical analysis:
« through the plug-in manager it is possible to add external modules

« Cytoscape does not support full semantic similarity analysis
» GOlorize provides class-guided network visualization (used with BINGO)
 BINGO finds GO categories overrepresented in a selected part of the network
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Prezentator
Notatki do prezentacji
Inserire i layout che supporta cytoscape, limiti su visualizzazione, non supporta la similarita semantica, cytosevis colora come heatmap continue i nodi simili, utilità: sim semantica si sta diffondendo, prot simili possono condividere le stesse funzioni, golorize prende solo annotazioni soprarappresentate, le similarita sono caricate in un file txt


BIOLOGICAL
ONTOLOGIES

GENE ONTOLOGY

MOLECULAR

CELLULAR BIOLOGICAL
FUNCTION PROCESS
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Prezentator
Notatki do prezentacji
La componente cellulare si riferisce alla zona specifica della cellula dove un prodotto genico è attivo. �Il processo biologico permette di classificare un meccanismo controllato da più prodotti genici con diverse funzioni molecolari e che porta ad un particolare risultato. Un processo biologico viene portato a termine e completato attraverso un insieme ordinato di funzioni molecolari e spesso coinvolge una trasformazione chimica o fisica.
La funzione molecolare si riferisce all’attività biochimica di un prodotto genico
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Biological entities and molecules are also associated with
GO terms representing their functions, biological roles
and localization.

The association of GO terms and biological molecules is
called annotation process and it may be performed
manually under the supervision of an expert, or
automatically.

There exist currently 17 different annotation processes
that are identified by an evidence code.

The set of annotations is stored in different databases,
such as the Gene Ontology Annotation Database (GOA)

Guzzi et al, Briefings in Bioinformatics, 2012
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Prezentator
Notatki do prezentacji
Annotazione curata manualmente ()
Annotazione in silico


U IMML G 4 NNOTATION PROCESS
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Ann Ion
Otat ons G0:0008152,
| G0:0004807,
Genes Proteins — GO TERMS G0O:0016853,
| G0:0003824
Experimental Evidence Codes Computational Analysis Evidence Codes
; Inferred from Sequence or
EXP | Inferred from Experiment ISS Structural Similarity
IDA | Inferred from Direct Assay 15O | Inferred from Sequence Orthology

IPI | Inferred from Physical Interaction | ISA | Inferred from Sequence Alignment

IMP | Inferred from Mutant Phenotype | ISM | Inferred from Sequence Model

|Gl | Inferred from Genetic Interaction | IGC | Inferred from Genomic Context

~ Inferred from Reviewed
IEP | Inferred from Expression Pattern | RCA IR DR el Wbt
Computational Analysis

Author Statement Evidence Codes Curator Statement Evidence Codes

TAS | Traceable Author Statement IC | Inferred by Curator

NAS | Non-traceable Author Statement | ND | No biological Data available

Automatically-assigned Evidence Codes | Obsolete Evidence Codes

IEA Inferred from Electronic AR | Not Recorded

cannataro@unicz it Annotation CGW 2017 Krakow, 24 October 2017
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Ontology-based analysis

- GO and GO annotations enable the use of a set of analysis
methodologies that have been defined for the ontologies.

- There exists, In fact, a set of analysis methodologies of the
terms of ontologies as well as of the annotated entities

e An important tool for ontology-based analysis is
represented by the pairwise semantic similarities
measures (SSM ).

- SSM are mathematical functions that quantify the similarities of
two terms belonging to an ontology into a numerical value.

- SSM are usually defined for the comparison of two terms but
they can be easily extended to consider group of terms as input.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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Semantic Similarity

. In computational biology, semantic similarity
measures are generally based on Gene Ontology
and are often used to compare both GO terms and

gene products.

- There exist currently many available semantic
similarity measures as listed in Pesquita et al. that
can be categorized using different parameters on
the basis of the steps they employ to determine
the semantic value.

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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e Pairwise: Two Terms

e Groupwise: Set of terms, i.e. proteins annotated with a set of
terms

MEASURE METHOD

Resnik Pairwise
ResnikGraSM Pairwise
. . . Li Pairwi
Proteins are described with a set of o A
annotating terms LinGraSM Pairwise
JiangConrath Pairwise
JiangConrathGraSM Pairwise
TPI1 GOOOO8152,GO0004807,600016853, Relevance Pairwise
G0:0003824 " :
appa Groupwise
PGAM? >0:0006096,G0:0008152,G0:0016853, Cosine Groupwise
50:0003824,G0:0016868 SimGIC Groupwise
CzekanowskiDice Groupwise

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017



U MG

\ j;;ébubium sapientiae initium

Cyto-SeVis

e CytoSeVis is a Cytoscape plugin that is able to
visualize protein interaction networks in a
semantic similarity space

e CytoSevis is based on an intuitive interface and is
able to load a network from Cytoscape

e It loads the semantic similarities provided as
separate files and visualizes resulting coloured
network into Cytoscape workspace

cannataro@unicz.it CGW 2017, Krakow, 24 October 2017
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CytoSeVis for Windows, Linux and Mac OSX platforms is
available under GPL license.

Download at Cytoscape web site: http://cytoscape.org

Semantic similarities for yeast available
at:http://bioingegneria.unicz.it/~guzzi/ss

Cytoscape

Plugin Information

Plugin name: CytoSeVis

Description: Visualizing networks by semantic similarities
Project website: hitp://bicinge gneria.uniczit~guzzi
License: click here

Version: 1.0

Reference: Pietro Hiram Guzzi Mario Cannataro - Data Management of Protein Interaction Metworks (Wiley Series in Bioinformatics) [Hardcover] 1SBMN-13:
978-0470770405

Release Date: 2012-02-06

Authors: Pietro Hiram Guzzi Unicz

Francesco Tafuri ,Unicz

Release notes: click here

Verified to work in: 2.7

Download Jarizip: click here (20.8KB)

Funding for Cytoscape Is provided by a federal grant from NIGIS Division of Biomedical Technology. Bisinformatics, snd Computstionsl Biclogy (BBCB) . Mstional Rescurce for Metwork
o E) under award numbers P41 RRO31228 and GM103504. and the U.S. National Insti of General Medical Sciences =
mber GM

©2001-2012 Cytoscape Consortium
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Once that a network has
been loaded.

1. User has to select the
CytoSeVis plugin and an
initial node.

2. Then user has to
select and load the
similarity file

cannataro@unicz.it

—

GytoSevis Operation

—

- |Plugins| Help

Manage Plugins

Update Plugins

'etworl
o Advanced Metwork Merge
CytoSeVis
A4 P imht I I
|/ Network
A nodes
| & Apri Iﬁ
Cercain: . mainCytoscape v: ? ""‘E
r J build
‘;:;? J dist
Oggetti recenti . nbproject
| sre
) fileandt
! | FileStampato.txt
Desktop | filestampatod bt
I:
Documenti

A
Data Paal Computer
B a

D Q&‘ Mome file:  |FileStampato3. tet _Apri
Rete
Tipo file: [ Text file (*.txt)
CGW ?01 7, Krakow, 24 Ortnhpr 2
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T e GYtoSeVis $S input file
\cl‘.ﬁ:._: ___\_:_-55;‘?

SS input file is a NxN precomputed matrix containing SS
among each couple of proteins

SS are calculated with csbl.go R package:

http://csbi.ltdk.helsinki.fi/csbl.go/ (Ovaska et al, BioData
Mining, 2008)

Available SS:
Cosine
. i "7 FileStampato3.txt - Blocco note =S |
Czekanowski = [Fie woa fica Formate  Visusl —
. NAodsg pogetnegel 5o, medss nodes

Dice nodes 064 629 A 0124 01477073
node3 O. Q.27 id— A O.64 O.67

JiangConrath nedst B34 8:32%7%7 3:82 e RA

Kappa

Lin

LinGrasm

Relevance

Resnik

Weighted

Jaccard

Resnik Grasm
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%] CytoSeVis o | E jwei.

Values represent the similarity between nodes. Nodes are painted by values.

Nodes with high values, which represent a highepsimilarity, are painted by darkest colours.
Node Selected=n
node ID Value Color

Network

nodel 0.07 Light Yellow
node1 0.27 Red

node2 0.44 Dark Pink
node3 0.0 \White
noded 0.64 Light Cyan
nodes 0.67 Teal

e Semantic similarities are translated into different colors.
e The white node Is the reference seed node.
o All the other similarities are calculated with respect to

this node.
*.nthe example, a darker color represents 3 lower similarity .



U MG

\ j;;ébubium sapientiae initium

. Semantic similarity adds a new dimension for
PINSs visualization and analysis

- CytoSeVis Is a Cytoscape plugin for semantic
similarity-based visualization of PINs
- http://cytoscape.org

. Semantic similarities are available
at:http://bioingegneria.unicz.it/~quzzi/ss
. See also:

« Guzzi et al Briefings in Bioinformatics 2012,
. Guzzi et al IEEE BIBMW 2011, ICIAP 2011
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OUTLINE

e Experiences at University of Catanzaro in high
performance management, preprocessing and
analysis of omics data

e PART I: Genomics data
e PART II: Proteomics data
e PART lll: Interactomics data

e Conclusions
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e DMET-Analyzer supports the automatic statistical analysis in DMET-based
pharmacogenomics data and it is able to find statistically relevant subsets of
SNPs that separate two input classes

e DMET-Miner extracts Association Rules from DMET-based
pharmacogenomics data

e (OSAnalyzer analyzes genomics data annotated with clinical data and
computes the OS and PFS curves related to the presence/absence of SNPs in

the population under investigation

( Genomic&&Clinical )
Analysis Pipiline
S , s I
L — B “\-.__________. File Load Rules by
n Zrlen ax ] lon Load Input Module Overall Survvial
n‘ o) I e, oaDa:apu Relevance
DMET -
Data .“/
05 and PFS Relevant
Curves
Visualizer
- J
H"*L".'"'_.
4»—
‘ ', = -
T T :

can 12017
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