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Outline

Problem statement: DNA microarray analysis

Regularization methods for variable selection

Model selection: cross validation and parameter sweep

Deployment of the framework on a grid




Main goal: microarray analysis

e Design Methods able to identify a gene signature, i.e. a panel
of genes potentially interesting for further screening (QRT-PCR)

Relevant Gene List

230746 _s_at STC1
230710 _at -
230630 _at AK3L2
228499 _at PFKFB4

228483 3 at TAFSE
227337 at ANKRDZT
227068 _at PGK1
226632 _at CYGB
226452 at PDKA
226348 at -
226347 at

selecled genes

- learn the gene signatures i.e. select the most discriminant
subset of genes on the available data

- develop in-house techniques based on sparsity-enhancing
regularized classifiers




Learning from example paradigm

the GOAL is_not to memorize but to GENERALIZE, e.g. predict

regression
— y €R
Ré input ——— f ——— output
X € X —_— — y
y € {_]—1 1}

classification

given a set of examples:

1(XsYs), (Xe,Y2)smeney (XorYo)}

f(x)~y

such that f is a good predictor on new data as well as on the given dataset

find a function:

and possibly identify the most discriminating variables (genes)
--> gene signature




Variable Selection: characterizing the problem

- high dimensional data - few samples per class

.....

=>> (X1,Xz,...,Xa) d~n5~43oooo

- hlg h rISk Of S el eCtI O n b I aS Christophe Ambroise and Geoffrey J. McLachlan

distortion of data that arises from the way the data are collected

intrinsic problem due the small amount of data available PNAS published April 30, 2002,

10.1073/pnas.102102699

[model assessment needed}




Why Go Multivariate?

« search for DIFFERENTIALLY EXPRESSED GENES is not always
sufficient!univariate approaches may not be flexible enough...
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Gene selection method: 1112 regularization

« Empirical Risk minimization combined with a mixed penalty:

. 11 term enforcing sparsity X1,
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Journal of the Royal Statistical Society, 2005.
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Consistency Of Elastic-Net Regularization
Jpurnal of Complexity, 2009




Gene selection method: 1112 regularization

« Empirical Risk minimization combined with a mixed penalty:
. |11 term enforcing sparsity
. 12 term preserving correlation

regularization correlation
parameter parameter

/o,
®y(8) = [Y — X8| @Z

Consistency guaranteed (the more samples available the better the estimator)
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* Not univariate: takes into account behavior of many genes at once.




Gene selection method: 1112 regularization
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» output: One-parameter ( ) family of nested lists with equivalent prediction
ability and increasing correlation among genes.

. 0 : minimal list of prototype genes

e 1< 2< 3<...:longer lists including correlated genes




Double optimization approach
(De Mol, Mosci, Traskine, Verri 2007)

1- variable selection step (1112):

correlation parameter

8 = argming[|[Y — X312 +®| 8, +®|ﬁ|l§ﬂ

2 - classification step (rls):

Y = X8|I+ 7]18]]2]

for each
we have to choose and




Risk!!! Overfitting

[DANGER]

 When dealing with biological problems, the number of variables is usually
much larger than the number of samples

 In order to provide bias-free solution and to avoid overfitting, the training has
to be repeated several times with different parameters.

1. Training/Test schema

2. Cross Validation

3. Leave-One Out cross validation




1 Training/Test schema

Large amount
of samples
available

n>>d




2 Cross Validation

data set
splitl split2 splic3 split4 split5 enou g h
samples
training available
training n~d

training




3 Leave one out (LOQO) cross validation

data set (n samples)

TR unlucky you
sample set
training
n<<d

= training




Framework
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\ Model assessment

A (A1, ..., Aa) theoptimal pair (A *, %) isone of the AB
T (Tg,....,TB) possible pairs (A, 1)




From 3 days computational time to...?

- computational time in the LOO case (for one guestion): A (A1, ..., A A)

T 11, ....,TB
time1-optiim =(2.55+ 25s) depending on the correlation parameter ( )

Total Time = A B N.samples timez1-optim. ~ 20 20 30 time1-optim ~ 2 10%s+ 2 10°

- 1 question 2.5 days!!

- usually lots of questions!! (5 or more)




Deployment of a regularized feature selection
framework on an overlay desktop grid

* We need more computational power!!

In general, procedures such as cross
validation are easily parallelizable, since
the tasks are independent (inter-task
communication is no required)

Application class known as “parameter
sweep”

Well suited for networks of commodity PCs
Desktop Grid/Volunteering Computing




Desktop grid

 No HPC infrastructure already available in our Dept.
« we have a cluster for distributed system research

* to join instituitional large grid systems is usually a burden in terms of
human resources, hardware and beurocracy

* |nstitutional grids have to goal of sharing HPC resource
» Desktop grids have the goal of aggregating standard PC resource
» Throughput (n. of task/time) vs. speed
e Our computer rooms machine renewed
* PCs idle most of the time
» desktop grid Is the most straightforward solution!!




Requirements & constraints

e Scientific requirements
 Disjoint software management (academic/scientific purpose)
o Computational processes shielded from students
e Installation and “on-the-fly” configuration setting allwed

e Constraints
* No extra work for lab’s staff
e Compatible with dual boot Linux/Windows
« Automatic install and update
* VPN connection
e Minimize the impact on performance in regular academic use
e Malware-proof




Virtual machines and networks

e solution: virtual network of virtual machines

e Each PC In our lab hosts a virtual machine

* running in background as a low priority service using one core
e connected via VPN to the gateway located in the DMZ

 VMware Server e OpenVPN: free and already known by the
tech staff

« Computational workers and scientific software

 configuration consists in setting up a new virtual drive

e virtual machines are “frozen” and they restart from the original
configuration at reboot




OurGrid

« Many middleware require
public connectivity between

nodes

* Few experiences on virtual \dort
grid nodes

 Among other options we chose m ) &2
OurGrid A7 5 S\ e

* Open source
» Java based
* “on-the-fly” software installation




Middleware: OurGrid

« OurGrid, a multiplatform grid that can deal with hosts not directly connected to
the Internet

» Developed at the University of Campina Grande

Multiplatform in both clients and computation nodes

It can deploy applications on-the-fly

Does not rely on a shared storage

Advance broker/scheduler

 Falled task are automatically rescheduled
* |dle computer can be used to duplicate tasks
 Data affinity strategy

Easy to setup.




We joined the ShareGrid project

» the ShareGrid project, which involves several universities in
Northern Italy (as of October 2009):.

. , University of Piemonte Orientale, Italy ShareGnd
2 , University of Torino, Italy N
. , Internet traffic exchange point in northwest Italy

Faculty of Economics, University of Torino, Italy

. , Faculty of Pharmacy, University of Torino, Italy

Academic Network and Telecommunications, University of Torino, Italy

. , The Information Society Technologies innovation
and research centre for Piedmont’s public administrations, Torino, Italy

. , University of Genova, Italy




ShareGrid




ShareGrid

Peer-to-Peer infrastructure between manager/supervisor

Available nodes:

* maximum per lab ~50 (DISI)

« average on all labs ~150

One hop on GARR (Italian RN) connection

Direct connection with Gbit GARR-X (coming soon..)




Christmas
holidays

Results situation
Brain tumor 68 54913 6 ~ 3000 1200
Ependymomas 19 54913 9 316 1302
Breast cancer 198 upto 22238 2981 437 12

1week =168 h
* Including data transfer

Once deployed, the infrastructure has also been
used for:
Ilmage segmentation and feature extraction
Biomedical image analysis (MRI)
*Face detection




Conclusions

 Significant reduction of our computational time

* Non-interfering framework
* Minimal set-up effort
« Easy installation

« Compliant with requirements (human resources)
* Does not require specific technical expertise
* No extra work for lab staff

* Some issues..
» Best effort service level
» Code conversion to a distributed environment
« Tuning required (task size, scheduling strategy, ...)
* Remote troubleshooting very complex
* Not optimal for high data size
« transfer rate 10 times less than FastEthernet




