A Prototype System for Grid-Based Cancer Biomedical | nformatics

Srivatsava Ranjit Ganta Anand Sivasubramaniam Raj Acharya
Department of Computer Science and Engineering
Pennsylvania State University
University Park, PA 16801, USA
{ranjit,anand,acharyd@cse.psu.edu

Abstract graphics, clinical observations and treatment records. Ge
nomic data includes more complex and huge experimental
Biomedical Informatics deals with the study and analy- data sets like gene expressions, DNA and protein sequences
sis of disease related data such as patient records, clinica etc. These data sets are distributed among various hospi-
observations and genomic experimental data to aid drug tals, diagnosis and research centers that are geogrdphical
discovery and better treatment procedures. A global studyseperated and independently controlled. Consequently, re
of these information sources requires a computational en- searchers at these centers work with islands of data and
vironment that facilitates collaborative sharing of datach  informatics tools, a situation that impedes a global study
informatics tools. Grid technology has been successfully of the disease. This scenario poses the requirement for a
applied as the computing paradigm for such scenarios in common infrastructure that facilitates collaborativersig
various scientific fields. In the context of biomedicine; sev of data and analysis applications among the biomedical re-
eral nationwide and international grids such as The Na- search community.
tional Cancer Institute(NCI)'s CaGRID [8] are under de- Grid technology has been successfully applied to pro-
velopment to provide a collaborative computational infras  vide computational environments for such scenarios in var-
tructure. Based on these backbone grids, there is a need folious scientific fields including physics [2], astronomy [11]
specialized grid-based systems to solve problems involvechnd more specifically, bioinformatics [12]. The systems
in biomedical information Sharing and analysis. In this pa- range from |arge-sca|e grids such as []_5] to more Specia|-
per, we present a prototype design and implementation forjzed systems [16] that solve domain-specific problems over
such a system aimed at prostate cancer research. We identhe grid. A grid-programming toolkit to facilitate the de-
tify some domain specific issues in building such a systemyelopment and deployment of bioinformatics applications
and present the design and implementation of our solutions.ijs proposed in [5]. With the recent increase of focus on
We run examples of information analysis methods used byProb|em So|Ving Environments (PSE) over gridg, domain
the biomedical informatics research community and report specific PSEs such as [3] are being built. On the other
the results we obtain for data collected from the Ieading hand, there has been a lack of |arge-sca|e gr|d infrastruc-
cancer research centers in the state of Pennsylvania. tures that focus on solving problems for biomedicine and
lifesciences. However, recently, several nationwide and i
ternational grids such as National Cancer Institute(NCI)’
1. Introduction CaGRID [8] are under development to provide a collabo-
rative computational infrastructure for biomedical resba
Biomedical Informatics deals with the study and analy- These large-scale grids are aimed at specific domains that
sis of disease related data such as patient records, tlinicahave different operational procedures and goals. Thigbrin
observations and experimental genomic data. The goal her@ut a need for specialized grid based systems to cater for the
is to mine through these heterogeneous information sourceglomain-specific requirements of these grid infrastrusture
to help find better treatment procedures and aid drug dis- In this paper, we present a prototype system that pro-
covery. The data sets involved in biomedical informatics vides a domain-specific grid system for cancer biomedical
studies can be broadly divided into two categories: Clini- informatics research. Though we focus on cancer related re-
cal and Genomic. Clinical data consists of data collected atsearch, the issues are largely the same for biomedicalt infor
various stages of disease diagnosis and treatment. Itynainl matics studies for other diseases. We identify some domain-
consists of patient related information such as patienttdem specific functionalities required by a grid computational e
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Figure 1. Information Fusion Based Cancer Biomedical Informatics

vironment and present the design and implementation of so-data sets information from publicly available literaturela
lutions we developed. We run examples of some commonlydatabases are also used in biomedical informatics.

used analysis paradigms on data obtained from the leading

: . The biomedical informatics community uses numerous
cancer research centers in the state of Pennsylvania. The . . : :
. : : analysis techniques to mine through these data sets inde-
rest of the document is organized as follows. Section 2 mo-

tivates the need for a biomedical analytical system. The pendently. Typically, analysis studies are conducted m tw

architectural design is presented in section 3 followed by ovgrlgppmg _methoc.iollog|es. These approaches deal with a
. . . . majority of either clinical data or genomic data. However,
some sample results in section 4. Section 6 provides the ; . -
. because of close inter-relationships among them, a global
conclusion. . : L
study of the disease requires multiple instances of these
data sets. Recently, there has been a focus on using In-
2. Motivation formation Fusion based techniques to mine through these
data sets. These paradigms have been proven to provide a

Cancer is one of the most deadly diseases in the historynew outlook for information analysis in the biomedical sce-

. . . “nario. The basic idea is to use data from disparate and indi-
of mankind. Every year thousands of people worldwide die _. : ; ; .
o : vidually controlled systems to mine biomedical data. Grid
of this disease. It affects various parts of the human body
. . : based technology offers the necessary platform to perform
and spreads abnormally killing the tissues and finally tesul

ing in death. Various kinds of data are collected during the collab_orative gnalysjs in such scenarios. Figure 1 gives an
X ) . . overview of this environment.
course of the disease diagnosis through patient treatment.
Data collection starts with patient information such as,age  In this paper, we use two information fusion based
sex, race and family history of prostate cancer etc. This isparadigms to demonstrate grid-based information analysis
done mostly in paper form and in some centers collectedfor biomedical informatics. These approaches have been
as a relational database. Various clinical observatioas ar proven and are currently used by the biomedical research
then recorded to mark the stage of the disease. This is fol-community through a publicly available portal [4]. The
lowed by the treatment procedure and the progress at dif-first method is the “Disease Demographics Analysis” which
ferent stages of the treatment. The data sets collected so famainly involves the collection of global statistics of dise
can be categorized as clinical data. Orthogonal to this; sam behavior. For this purpose, we divide the data sets into cat-
ples collected from the patients are used to conduct severaégories that are linked with each other in a specific man-
genome-wide experiments in order to study behavior of thener. The global statistic is defined as a combination of a
disease. These data sets are typically much larger and comfact’ category, a set of ‘dimension’ categories, and a sta-
plex than clinical data. In addition to clinical and genomic tistical function. For example, given a geographical ragio



such as North America, a global statistic of interest would
be “The average age at which a North American male of | appiication
African American origin is diagnosed with prostate cancer” | Services
In this example, the ‘age-at-diagnosis’ is the fact catggor
and ‘race’ and ‘geographic location’ of the patient are di-
mension categories. A qualified set of such statistics can
help researchers understand the spread of the disease. Sim
lar queries can be posed on the numerous parametersin clin| Discovery
ical data such as tissue information, treatment procedures Hugotiatice: C AL DI cON
and also genomic experimental data such as microarrays| serices
and sequences. This kind of analysis, though not computa-
tionally complex, involves a large number of data sets. We
employ the methodology that we used in [4] to implement
this technique. Infrastrarbue s
The second facet of biomedical informatics is the gene
expression data analysis. This methodology is used in drug
discovery to determine the effects of various stages of the| pi, CaBI0 &dapter
disease on the genes. Clustering [15] is used to analyze gen( Laye
expression data to identify genes that behave similarly. In
this prototype, we use an information fusion based cluster-
ing technique we developed in [6] to represent this family Figure 2. Architecture
of analysis. This is based on a Self-Organizing Map [16]
cluster algorithm to identify clusters of genes simultane-
ously based on their similarity in expression as well astothe
information sources. The additional information could be
drawn from genomic sequences and clinical readings of the, . o
tissue. The algorithm is also capable of weighing the datafor invocation and management of CAA applications over

sources, if needed, in order to produce clusters with greate tShe gnd. ;hﬁ.tdef'gn gf :h{fe serwcedslftzllow topeggéf
similarity of genes within one data source when compared S€VIc€s Architecture-Lata Access and Integra fon( i

to the other data sources. It has been observed in [10] thaPAI) .based grid services. The Canper Analys'is Appligation
the clinical behavior of prostate cancer is linked to ungerl Service Factory (CAASF) ISa persistent SErvice running on
ing gene expression differences and hence, such an analysl%;"mh ”C?de of the cancer gf'd- It deals with managemept 9f
could lead to better identification of genes that anticipatet e available CA.AS advertised at' each hOSt. node. Th|s IS
the clinical behavior of the disease. bgsed on extensions to standgrd mterfaces like the GHd.Ser
viceFactory of the OGSI specification. When an invocation
. is received, the CAASF spawns a transient instance of Can-
3. Architecture cer Analysis Application Service (CAAS) to handle the re-
guest. The CAAS handles the interface with the client and
The overall layered architecture of our system is pre- other services throughout the lifetime of the invocatioheT
sented in figure 2. The design is aimed at providing a setCAAS in turn invokes the corresponding CAA based on the
of grid services to facilitate collaborative sharing of €an request received through the service factory.
cer Analysis Applications (CAA). The main set of services ~ One of the key functionality requirements for a collab-
can be divided into two categories: 1. Application Manage- orative analysis environment is pipelining of results. The
ment services and 2. Discovery and Negotiation services.idea is to direct the results from one analysis application
We assume a CaGRID [8] based data sharing environmento the other by separating the data preprocessing modules.
with each node on the grid considered as a data source foiThis helps users to minimize effort and computation when
cancer Bioinformatics Infrastructure Objects (CaBlO)adat using multiple applications in a pipelined fashion. The
objects. CaBIO is the set of object definitions specified by CAASF handles pipelining requests through a specialized
the NCI and is the standard for biomedical cancer researchpipeline specification file. This XML based file specifies
data. Our system deals with other kinds of data sources bythe pipeline of applications and the pre/post processing of
using a set of wrappers to map them into CaBIO specifi- data required to handle the analysis jobs. Figure 3 shows
cations. We also assume that the querying and handling ofan example pipeline specification. This example formulates
these CaBIO data objects are handled by CaGRID servicesa pipeline request to run analysis applications A1 and A2
on the data source D1. Followed by a pre-processing of the

CansF C A8

3.1. Application Management Services

The Application Management Services are responsible
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stage, we also implement a domain-specific service called
the Cancer Data Negotiator (CDN) that facilitates negotia-
tions on the extent of data sharing between two grid nodes.
This service deals with the control of collaborative sharin
possible through the grid.

As mentioned in the previous sections, cancer biomed-
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:ﬂppjk} ical data is controlled by mdependeptly operated hpspltal
jfzm:m} and research centers. In a conventional collaborative shar
= = . . . .
~  cData: ing environment each node specifies the data sharing bound-
el aries for each class of data it offers based on the sengitivit

and importance of the data set. This is done based on a dig-
= ital specification for each of the shared data objects, indi-
|:| cating whether it is available or not. The CDN helps extend
these digital boundaries by allowing two grid nodes to ne-
gotiate on the extent of data access allowed for each other.
This is implemented using an Access Control List(ACL)
based structure for each advertised data object which main-
tains the data access privileges for all other nodes in the
system. A data request would also include a list of non-
advertised data sources offered by the invoker along with
results using P1 and finally directing the results as input to the standard parameters. In response, the service node can
application A3. make o!emsmps on sharing its own non-advertised data ob-
The Cancer Analysis Application Workflow Manager J€cts with the invoker.
(CAAWM) is responsible for the workflow monitoring
within the system. This consists of a persistent servica; Ca 4. Results
cer Analysis Application Workflow Manager Service Fac-
tory (CAAWMSF) that handles the requests received from  The proposed system was implemented on a prototype
CAASF. For each invocation it receives, the CAAWMSF  grig with basic services to support the design. The grid
spawns a transient service Cancer Analysis Application yas loaded with cancer research data collected by the lead-
Workflow Manager Service(CAAWMS) which is respon-  ing cancer research centers in the state of Pennsylvania as
sible for the execution of the job on the available grid re- part of The Pennsylvania Cancer Alliance for Bioinformat-
SOUrCes. ics Consortium (PCABC). The participating members in-
clude Penn State Cancer Institute, The Wistar Cancer Insti-
tute, Univ of Pittsburgh Cancer Center, Fox Chase Cancer
Center. The data includes over 6000 samples of prostate,
The second category of services deal with CAA discov- breast and melanoma cancer related data along with gene
ery and data negotiation services. Application discovery i expression and publicly available literature.
provided by a persistent metadata handling service, Can- For the sake of clarity, we only present results ob-
cer Analysis Application Metadata Manager (CAAM) that tained for data sets related to prostate cancer. Figure 5
maintains the metadata corresponding to applications adpresents a visualization of the results obtained by running
vertised at each grid-node. This module interacts with the a global statistic query on the number of cases diagnosed
CAASF to maintain the list of available applications and with prostate cancer with respect to the patient's age-at-
provides an interface for the clients to query the metadata. diagnosis. The results are further categorized based on the
A typical cancer analysis application consists of pruning race to which the patient belongs to. We observed that for
the input data set, setting the input parameters and visual-any age-group, more number of people of Caucasian ori-
izing the results. In this prototype we do not deal with the gin were diagnosed with the disease in comparison to other
visualization of the results. To start with the data search a races. This is not necessarily an indication of the global be
prune, we assume that the underlying grid-technology (Ca-havior of the disease since this observation is limited &o th
GRID) offers a way to identify CaBIO data sources avail- data sets considered. Nevertheless, using more grid nodes
able on the grid. To prune the data set required for the anal-could help identify such global trends more accurately.
ysis, we run a specialized service called the CDPS (Can- For the second facet of the data analysis as mentioned
cer Data Prune Service) that allows the client to filter the section 2 we present results obtained by using information
available data sources based on certain criteria. Durisg th fusion based clustering algorithm on yeast gene expression

Figure 3. Application Pipelining

3.2. Discovery and Negotiation Services



data and DNA sequence data. The result is shown in fig-
ure 4. Clustering of gene expression data using motif factor
frequency data derived from sequence information yielded
‘better’ clusters when compared with conventional cluster [2]
ing. We refer the reader to [6] for explanation of the results
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Figure 5. Clustering using gene expression [6]
and sequence data
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5. Conclusion
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2002, pp. 153-158.

P. V. Jithesh et al. “ GeneGrid: Grid Based Solution
for Bioinformatics Application Integration and Exper-
iment Execution ".In the Proceedings IEEE Sympo-
sium for Computer Based Medical Systemsiblin,
Ireland, June 23-25 2002, pp. 523-528.

J. Kasturi and R. Acharya. “Clustering of Diverse Ge-
nomic Data using Information FusionBioinformat-
ics Journal 21(4): 423-429, 2005.

Y. Liu et al. “Grid-BLAST:Building A Cyberinfras-
tructure for Large-scale Comparative Genomics Re-
search ”. in Proceedings Cancer CelMarch 2002,
pp.1(2):203-9.

In this paper, we presented a prototype grid-based sys- [8] W. Sanchez, B. Gilman, M. Kher, S. La-

tem for cancer biomedical research. The system facilitates
collaborative sharing of data and analysis applicatiores ov

a domain specific grid. Grid-Based biomedical informatics
applications comprise of a combination of tasks that need

gau and P. Covitz. “CaGRID White Paper”.
https://cabig.nci.nih.gov/guidelinecumentation
/CaGRIDWhitepaper.pdfiuly 23 2004.

high computational power and handle high data distribution [9] A. Simpson, D. Power, M. Slaymaker, and E. Politou.

We identified and proposed solutions for some domain spe-
cific problems related the grid computational environment

for biomedical analysis applications. We believe that such
problems need to be dealt with to make specialized grid
systems as the next generation computational platforms for, 10]
escience. We are currently working on methodologies to
evaluate the system performance. Our future work includes
deploying the system on the NCI Cancer Grid infrastruc-
ture. [11]
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Figure 4. Sample Disease Demographics Result : Number of patients diagnosed with respect to age
at diagnosis




