Jeeva: Enterprise Grid Enabled Web Portal for
Protein Secondary Structure Prediction

Chao Jiff, Jayavardhana GubpRajkumar Buyyd, Marimuthu Palaniswami

#Grid Computing and Distributed Systems (GRIDS) Lalary
Department of Computer Science and Software Engimgee

The University of Melbourne,
{chaajin,

Melbourne, VIC 3010ygralia

raj}@csse.unimelb.edu.au

" Department of Electrical and Electronic Engineering
The University of Melbourne, Melbourne, VIC 3010ygtralia

{irgl,

Abstract—This paper presents a Grid portal for protein
secondary structure prediction developed by usingesvices of
Aneka, a .NET-based enterprise Grid technology. Theortal is
used by research scientists to discover new predigh structures
in a parallel manner. An SVM (Support Vector Machine)-based
prediction algorithm is used with 64 sample proteinsequences as
a case study to demonstrate the potential of enterige Grids.

|I. INTRODUCTION

The structure of protein plays a key role in theicttre-
based design of drugs for the treatment of variissases.
However, it is still a challenge to find out pratestructure
based on its sequence, and the dependence on regptai
methods may not yield protein structures fast ehaiogkeep
up with the requirement of current industry. Foetaty, the
energy landscape theory [24] enables a frameworktlfe
development of algorithms to predict the structfranknown
proteins based on their sequence, which is knowprain
structure prediction.

From the perspective of computer science, proteiuckire
prediction is a computing intensive task [5]. Sintee
prediction of protein structure is a complex tasks usually
sub-divided into two phases. The first one is sdeaon
structure prediction and the second one is supeonsiary
structure prediction, leading to tertiary structuiee., the
specific atomic positions in three-dimensional spaks the
first phase of protein structure prediction, acteisecondary
structure prediction is a key element for corre@btquiring
tertiary structure.

A large number of algorithms [2][6][9][11] have bee
proposed for protein secondary structure predictidio
facilitate the collaboration between protein sdiat across
the world, it is a necessity for researchers toreshtaeir
algorithms and results with colleagues dispersedifégrent
geographical locations. Furthermore, to speed epptiocess
of finding out new protein structures, we need appr
computational platform which simplifies the deveatmgnt of
new prediction algorithms and improves the efficieat the
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same time. For example, machine learning methods ar

currently used for secondary structure predictlarparticular,

SVM (Support Vector Machines) based prediction hey

advantages compared with other solutions [13]. H@weits

computing intensive nature demands an improvemanitso
efficiency by parallel processing.

In order to address the above two issues, Grid ctingp
offers important solutions. Grid computing [10] piades
faster computation facilities for minimizing them required
for solving problems, supporting on-demand access t
distributed computing resources from multiple oiigations,
and enabling the creation of community computing
application portal services.

This paper proposes and presents the design, geweld
and deployment of an interactive web-based podalled
Jeeva, for quick discovery of protein secondarycitmre
prediction. In particular, our platform aims to popt the
following capabilities:

- A collaborative environment to encourage and agbist
deployment of new prediction algorithms in a palaiiay,
particularly for those amateur researchers witls legll-
developed skills and expertise on parallel programgm
An easy for use environment for public users toeasc
prediction algorithms released in our web portatl @0
manage their prediction history results in an anlimanner.
Jeeva web portal system consists of an interactieb

interface and a Grid middleware. With the intenaetiveb

interface, users can submit prediction requests pfamtein
secondary structures, collect results, and marfaghbistory of
prediction data. By means of the Grid middlewaesggarchers
can not only deploy their prediction applications &
distributed environment easily, but also monitod ananage
the execution in the distributed environment. TheidG
enablement of Jeeva is achieved by using Aneka [£fich

is a .NET-based Grid software system for the opeatf

enterprise Grid environments.

We use an SVM-based protein secondary structure



prediction algorithm [13] as a case study to shieevusage of used in [13]. Briefly, this method investigates #féect of the
Jeeva, and experiments to evaluate the performamcke physico-chemical and statistical properties on gimot

scalability of our platform. secondary structure prediction along with evoludign
The remainder of this paper is organized as followimformation in the form of position specific scagimatrix
Section Il provides a discussion on related wo8ection Il  (PSSM). SVMs [26] are usually employed for classifion

describes the background on SVM-based predictiecti@ and the outputs of SVM are converted to posterior
IV presents the architecture, design, and impleat@mt of probabilities for multi-class classification. Fohet web
Jeeva. Section V shows the experimental evaluatiothe gnabled system, we use the Chou-Fasman parametdrs a
system through the chosen SVM based predictionriéhge.  physico-chemical parameters along with  evolutionary
Section VI concludes the paper with pointers taffetwork. jnformation in the form of position specific scagirmatrix
Il. RELATED WORK i(ng\S/l\l\ﬁLaitﬂ[a;;;Jres. The SVM implementation usedesva
Protein secondary structure prediction is based then It is Wé:]" knoWn that testing new input data byngsiSVM
prediction of protein 1-D structure from the seqeerof g relatively slow compared to other machine leagni
aminoacid residues in the target protein [3]. Salverethods approaches. In case of protein structure predictitre
have been proposed to find out the secondary steittased problem becomes more complex as the training sizéhe
on physico-chemical properties and homology. Thestm@jata is very large, i.e. in the order of tens afusends. For
popular secondary structure prediction methodseatily in  multi-class classification in secondary structunediction,
use include [1], [7], [11], [16], [19]. A detaileceview of many SVMs are required. In our case, for three sclas
secondary structure algorithms until the year 2@@@ be classification, six SVM models are required. This
found in [1]. considerably increases the computational compleRisyeach
Recently, some significant work has been done ofithese classifiers is independent of each oihés,obvious
secondary structure prediction using Support Veltachines. that parallelizing them has profound effects in fimal time
Hua and Sun [22] used SVMs and profiles of the iplelt taken for predicting the secondary structure. Im ourrent
alignments from HSSP database as features anctedpmQ Web enabled system, each classifier is taken asdependent
score as 73.5% on the CB513 dataset [11]. In 2068d [15] task supported by the task programming model inkane

reported 77% with PSI-BLAST [21] profiles on a shsat of ’ BLAST ‘
proteins. In the same year Kim and Park [9] repbram nitial 1

accuracy of 76.6% on the CB513 dataset using PBL Phase ’ Create Data Vector ‘
Position Specific Scoring Matrix (PSSM). Nguyen and /i\

Rajapakse [17][18] explored several multi-classogmition
schemes and reported a highest accuracy of 72.8®Sdr26

I =
dataset using a two stage SVM. Guo [14] used a ldyated Classification S § g é 5 é
SVM with profiles and reported a highest accuraty®2% Phase B 5 i 8 8 B
on the CB513 dataset. More recently, Hu [8] rembrtiee g 5 g g 8 g
highest accuracy of 78.8% on a RS126 dataset @simgvel
encoding scheme. Final T

A few of the above methods are made available ib we ppace { [ Predict Final Secondary StructureJ

servers for online access and utilization. As fatte authors
are aware, none of the secondary structure predistystems Fig. 1 Flow chart of The SVM based Predictiblgorithm.

based on SVM is available through the web servicer, 1 jjystrates the flow chart of the SVM based altfuri.
technology. A few other servers supporting homolog¥here are 3 phases: initial, classification analfiprediction
modeling, neural networks and hidden markov model§yases. During the initial phase, the algorithmisea protein
include PHD [2], PROF-King [19], PSIPred [7], JPEd], sequence, submits it to PSI-BLAST [21] to obtaia ®SSM
SAMT99-Sec [16], and SCRATCH [12]. The SCRATCHgatres and finally generates feature vector fssification.
web server uses a SVM for disulphide bridge présticand a A new dataset from CATH [4] (version 2.6.0) is degh
recursive neural network for secondary structusaljotion. This set has been used to train the system fauredictions.
Predictor@Home [20] is using contributory resouré®s a¢ the first stage of dataset preparation, proteimith
predicting the tertiary structure of proteins otleg BOINC [6] sequence length greater than 40 and resolutiort tfaat 2
platform. However,.their secondary prediction aitjon runs Ang are selected. We use UniqueProt [23] with arSPiS
locally in a sequential manner. value of 0 to eliminate identical sequences. Outl@f000
proteins, 504 proteins which have the sequencditgari less
111. BACKGROUND ON SVM-BASED PREDICTION than 15% are retained. There are 97,593 residuts thve

An SVM based secondary structure prediction alborits
! hitp://www.ee.unimelb.edu.au/ISSNIP/bioinf/



average sequence length of 194, Scheduler component, while the other nodes areigumef
The classification phase is performed by six cfeessi HH, with Task Executor components. Basic service corepts)
SS, TT, HS, ST and TH. Generally, the prediction @&lch as communication and security componentsnatallied
secondary structure is a three class (H, E, C)epattwith every Aneka node for handling secure commuitoa
recognition problem. The SVM method proposed in B@. between them. A Membership service is typicallytadson
al. [13] uses six classifiers which include thrase oss one the same Aneka node with the Scheduler Compondﬂ'thw

(H/~H, E/~E, C/~C). Multi-class classification ienformed nqdes with Task Executor components.

by combining the outputs of the six binary clags#i Each of
the six classifiers will read the data vector frone initial

phase and generate corresponding classificatiardtr&snally,
the prediction result will be based on all of thesi

classification results in the final phase.

By using this programming model, we can easily lielize
the SVM-based algorithm. A task is a single unitvadrk
processed in a node, and is independent of otheksta
executed on the same or on the other nodes aathe 8me.
It is atomic, in the sense that it either execstascessfully or

IV. ARCHITECTURE ANDDESIGN fails. _ _ o

This section presents the architecture of Jeedyding ~ PUNNg execution, a task (including its dependerioy
the design of a web portal over the Aneka platf@md its execution) is represented by an object, which easdrialized
support for an SVM based prediction algorithm. Wl w and subm.|tted by thg .cI|ent to the scheduler. Thskt
briefly discuss background Aneka technology andtitsk Scheduler is always waiting for request messageis as task
programming model whose services are utilized ie tgubmission, query, and abort. Once a task submissio
realization of Jeeva portal. received by the scheduler, it is first queued dedstcheduler

thread picks up the queued tasks and maps themwattatale
A. Aneka and Task Model resources based on the configurable schedulingcypoli

Aneka is a .NET-based enterprise Grid softwarefqlat, Furthermore, the task scheduler keeps track ofjtiezied and

which allows the creation of enterprise Grid enmir@nts. running tasks.
Each Aneka node consists of a configurable contdinsting The task executor waits for task assignments from t
several mandatory services and other optional eesviThe scheduler. When the executor receives a taskisit dinpacks
mandatory services provide the basic Capabilitiaemilred ina the task object and its dependencies’ creates aratep
distributed system, such as communications betws®eka security context for the task, and then starts inmthe task.
nodes, security, and membership. Optional serveas be QOnce the execution of a task is finished, the etcecends the

installed to support the implementation of diffdrenesults back to the scheduler.
programming models in Grid environments. For most
Task

programming models in Grid environments, their imet
AW —
@ Dataflow
/g//

system consists of a scheduler and many executycssa
distributed resources. For each model, its schedated

executor are implemented as optional services irAaeka
container. @ @

A\

—=
—
s Fig. 3 Task Graph for SVM-based Algorithm.
........ (— To support the SVM-based algorithm in a parallehmex,
s L Task Services we first subdivide the prediction process into riplst
S interdependent tasks. Fig. 3 shows the DAG (Didkéteyclic
Glient [ wemversni ] communicatio ] ] Graph) representation of the SVM-based algorithAST
/| [ Taskstcheduh ) Sec'u o] Aneka Container and Create Vector in the initial phase are reprtesieby_ task_
g t o A andB respectively. Task€ to H represent 6 classifiers in
the classification phase, while taskrepresents the final
Fig. 2 Architecture of Aneka with Task Components. prediction phase. For each prediction job, the tdigkt sends

Current'y’ Aneka Supports the fo”owing programmin&sks fromA to | to the task scheduler according to their
models: thread model, task model, and MPI modetedath dependency order. Within one job, tasks fr@mto H are
and task models are used for independent taskiedna, we totally independent and can be executed at the sameeon
choose task model to support the SVM-based alguorith dlffe_rent Aneka_nodes. Fu_rthermore, as t_he web apadt

Fig. 2 illustrates a configuration of Aneka deplayh publicly shared, it may receive many predictionuests at the

scenario for executing the task model. This isprasentative same time. For different requests, ea<_:h task in jobeis
. . , . independent of the tasks in another job and thay loa
setting of Aneka. One node is configured with a Kras .
executed simultaneously.



B. Design of Web Portal

With the support of Aneka and its task model,
implemented task graph shown in Fig. 3 and devel@p@/eb
access interface. As illustrated in Fig. 4, our wadrtal
system consists of two layers; namely web servgerland
Aneka Grid layer. The web server layer is respdadior a)
accepting protein secondary structure predictiguests from
users; b) submitting prediction requests to Anekéeprise
Grid for prediction and collecting prediction resul c)
acknowledging prediction results to users, keemiregliction
results in the database, and supporting onlinealization in
response to the queries of users. Aneka Grid lsypports its
computing resources for prediction by means ofadadde and
fault tolerant scheduling mechanism.

In the web server layer, we have one server machkimeh
hosts an 1IS (Internet Information Services) tovide portal
services and an instance of task client for sulmgittask
requests to Aneka Grid. Both input sets and thelteseed to
be maintained in persistent storage so that usergetrieve
results at later time. We have achieved this byndiog all
transactions in the database.
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Fia. 4 Architecture of Jee\.

Aneka Enterprise Grld

The web portal accepts prediction requests fromh bot

anonymous and registered users. We provide anrgighgon
service for registered users and keep the privdcyheir
results. For both anonymous and registered usezskeep
their requests and results persistently in the bdesa and
provide a query service so that they can access rgults
online at any time. Additionally, the portal sewialso
provides a management interface for the admingisat

through which they can monitor the Aneka system and

manage the information of users and predictionlt®sn the
database.

The task client in the web server layer works dwidge
between prediction requests and the Aneka computi

services. The web interface first puts every ptésticrequest

w@to the database, and the task client frequerttlgcks the

database for new requests. Every time a new reguésind,

the task client generates a new job for the recausdtsubmits
its tasks to Aneka according to the precedenceroFdw the
task whose dependency consists of a large datawilet
infrequent changes, such as BLAST with the database
which require about 2GB disk space, we deploy iteach
Aneka node prior to its execution. During task sigsion,

rather than sending the task with its large setepfendency to
the task scheduler every time, we just send a stqte
execute BLAST. Similarly, what the executor recsifeom

the scheduler is also an execution request, threugbh the

executor invokes BLAST to execute locally. For ottasks,

which may have frequent changes with small sizenpfit

data and dependency, such as each classifier, nedizee its

content with its dependency modules and input @ataone

package and send it to the task scheduler.

The Aneka scheduler accepts task submissions ard
maps them to the available Aneka nodes featuriegTisk
Executor component through a
Currently, the scheduler adopts a retry policy tandie
failures. If one task fails due to physical machfaiures, it
will be rescheduled to other Aneka nodes. This @sec
repeats until the task execution is completed ssfady.
Please refer to [27] for load balancing and failbhendling
policies in details.

C. Implementation of Web Portal

The web portal of Jeeva is implemented over ASP.N
platform and the task client is implemented with |I&%#guage
over .NET framework.

Fig. 5 presents the interface for registered usersubmit
prediction requests. The prediction results ar¢ &ethe users
through email. Furthermore, users can also brovmesr t
prediction history online. Fig. 6 illustrates oneample
prediction result through online browsing.

Y |
) e, Fé \ the gridbus project
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Functions
Submit

Query
Logout

g

[Please input your protein scquence

Protein
Sequence

Type of
Prediction

© Secondary Structure Prediction
© Protem Relative Accessibility Prediction

Submit for Prediction

Fig. 5 Submit Prediction Request.
Detailed records of users and prediction resubtsstored in
a SQL server. To enable easy discovery of bugsngutie
development, we keep a log for
information of each task for every prediction jdihe log is a

&t file in the file system of web server layer.

th

load balancing policy.

ET

recording the error



The administrators can monitor the status of thekn  The Aneka web console is implemented with Ajax. igve
system with an Aneka web console, including thime when there are updates of the system statusyent is
configuration of each Aneka node and the runtinteansferred through Ajax to the web console whitpldys
performance statistics. As illustrated in Fig. fie tdetailed the updated system status.
information of each machine is displayed when theuse

pointer moves over the icon. V. PERFORMANCEEVALUATION
This section evaluates the performance of the batke
glo 8 stale comersion lowed & runtime system of Jeeva. The experiments show fikedsip

of the SVM-based prediction algorithm deployed éevha for
single prediction job and the scalability of Jesyatem under

CCCOOCOENE HHRHRRARHG 0000 0ECORE HOOGOR REEE EECORRCCEE multiple jobs submission. During the experimentg, Aneka
T MMAMMAARASS e M S system with task model for the protein secondarycsire
SCCCCCHHER EECOCEREER HECCCEEERE COCCEREECE CoCioooece prediction was set in an enterprise Grid consistih87 nodes
— -  m— drawn from three student laboratories in the Ursingrof
EAGSACLVIE RORPAGMLDG FEWYCDACGH LVERVEVQLK SIVIDLEPLF Me|bourne_ During testing one machine Worked ie Web
CCCCEEEEEE ECCCCCCCCC HHEECCCCHHEEEEEEEEEE CCHHHCCHHH N ! .
————— \Wmm——\\ —MA—WA server layer hosting an IS server and a task tli@ther
ESEYASEDKR RCPHCGOVHP GRAA machines comprised Aneka system with one as a shdred

HHHHCCHHHC CCCCCCCCCC CCoc
AMAAS==AANS = s

and the others as executors. Each machine has ge sin
Pentium 4 processor, 500MB of memory, 160GB IDKdis

Fig. 6 Prediction ResL. )
1A Frediction Rest Gbps Ethernet and runs Windows XP.

Fig. 8 illustrates the performance statistics panethe
Aneka web console. The top panel displays the agdee
resource usage in the system, while the bottom|ghsglays
the statistics on the tasks queues, including thiénvg queue,
running queue and finish queue.

Management y o
Users List | B -
Aneka Monitor
o \bg \bg \bg \hg \bg \hg \bg
labl g lab 5 labi g i b g
. Fig. 9 Prediction Cost on Protein Sequences.
2 8 B8 o B g g
= s s = We conducted the experiments with the SVM-based
o prediction algorithm on the EVA dataset. The regies an
= average @ accuracy of 74.5% and ranks in top five protein

structure prediction methods [13].

First, let us show the importance of parallelizitige
classification phase for the SVM-based algorithng. P
illustrates the performance of three phases ofS¥im-based
prediction for 7 protein sequences with differegridths. We
can see that the time consumed by the classifitgtivase
dominates the time of whole prediction; the clasatfon
phase consumes 52.9% to 82.5% of the time of thelewh
- SVM-based prediction. This phenomenon is more ssrior
. protein sequences with a small length. Hencerieisessary to

Fig. 7 System Monitor of Aneka Web Console.

o0 improve the efficiency of the classification phase.
o | We executed the parallelized SVM-based prediction
algorithm for 4 protein sequences through the tasklel in
- Aneka with different numbers of executors. Fig.ilh@strates
e e the performance speedup. In the experiment, thgtherof 4

sample protein sequences are respectively 50, 1ID9,and

Fig. 8 Performance statistic of Aneka System. 417. From the figure it is evident that the clasaifon phase,



which dominates the sequential execution time, ebsas in
the parallel version as the number of executoneages. With

VI. SUMMARY AND CONCLUSIONS
This paper presents Jeeva, a web portal for théeipro

six Aneka executors, the execution time of the whokecondary structure prediction, which is enablethieyAneka

prediction algorithm is reduced by 65%~42%.

Fig. 10 Computing Cost of Parallel SVM-based PrigaficAlgorithm.

In the scalability experiment, we used 64 sampletgin
sequences. All of the 64 sequences were sent taskeclient.
After the task client received each sequence ofligtien
request, it created one job for it. Eventually hesere 64 jobs
created and sent to the Aneka scheduler. As itesdrin Fig.
11, the backend computing system of Jeeva is dealaith
respect to the number of executors. Through 36wges; the
prediction on 64 samples was finished within 20 utes.

Fig. 11: Application execution time.

This section presents the architecture of Jeevduding
the design of a web portal over the Aneka platf@mnd its

platform. With the support of Aneka, an SVM-based
prediction algorithm has been deployed in a pdrati@nner.
The portal of Jeeva provides a convenient and Hlexi
interface for both registered and anonymous users.
Furthermore, administrators can also manage therjiof
prediction results through the web portal and nwnihe
running status of the Aneka system. The experimermse
conducted to evaluate the speedup of the predietigorithm

and the scalability of Jeeva. We are working towardhking

the Jeeva portal for regular community use.
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