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ABSTRACT

In this paper we present a tool for conducting distributed text
mining over bioinformatics data. Our approach is based on ena
bling non-programmers to construct visual workflows that co-
ordinate the execution of distributed data and text mining compo-
nents through a web services interface. We describe the motiva
tion of our approach and the design of the tool and present exam-
ples of its application to the analysis of bioinformatics data.

Categories and Subject Descriptors

H.2.8. [Database M anagement]: Database Applications—data
mining. H.3.1 [Information Storage and Retrieval]: Content
Analysis and Indexing—Linguistic processing.

General Terms
Algorithms, Languages.

Keywords
Data Mining, Text Mining, Bioinformatics, Web Services, Work-
flow, Discovery Net.

1. INTRODUCTION

Within the data-analysis and life science community a large body
of work has been devoted recently to investigating the use of text
mining in extracting useful knowledge automatically from un-
structured text sources. For example, a large number of studies
aimed to identify and extract biological entities (genes, proteins,
small molecules, chemical compounds, diseases, etc.) mentioned
in the literature, e.g. [7,23,30], other studies aimed to extract the
relationships between such entities (protein-protein interactions,
gene-disease correlations, etc.), e.g. [1,19,30]. Furthermore, stud-
ies such as those reported in [22] aimed to investigate how text
mining can be used to validate the results of anaytical gene ex-
pression methods in identifying significant gene groupings. Also,
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recently a large number of shared international tasks have been
defined in the area of text mining and bioinformatics. Such tasks
include the TREC genomics track [32] that concentrates on the
evaluation of information retrieval systems in the genomics do-
main, the BioLink and BioCreative initiatives [3] which concen-
trate on assessing and evaluating different methods for finding
mentions of biologica entities in text, and the KDD CUP 2002
Challenge [36] that concentrated on the analysis of alarge collec-
tion of documents to identify documents with valid relationships
between biological entities.

Our aim here is not to perform a comprehensive survey of such
text mining efforts, but rather to highlight the wealth of tools that
has been developed by various researchers recently to enable text
mining over bioinformatics literature. We note that whereas there
have been specific efforts dedicated towards collecting and anno-
tating bioinformatics literature [3,21] to enable the definition and
sharing of corporaand text bases, little effort has been devoted to
enabling the interoperability between the wedlth of tools that op-
erate over them. Our motivation is thus to investigate how to en-
able the integration of these different tools within a unified
framework, alowing their re-use in different contexts.

Our approach, which we detail in this paper, is based on the use of
visual programming and web services technologies. Our computa-
tiona framework is based on alowing users to carry out mixed
data and text mining over distributed data and computational re-
sources through a workflow co-ordination paradigm.

The contribution and novelty of work lies, not only in the individ-
ud agorithms implemented, but also at the system level by pro-
viding novel mechanisms allowing a flexible framework into
which the text mining and data mining components can be inte-
grated, and through alowing varying levels of abstraction and
metadata in the system to alow the text mining components to be
rapidly deployed in new areas, and to be used in conjunction with
other data analysis and knowledge discovery tools.

2. VISUAL PROGRAMMING AND TEXT
MINING

Our approach to text mining in bicinformatics is mainly based on
enabling user definable processing workflows that mix text proc-
essing, natural language processing, statistical feature extraction
operations and data mining operations. The utility of such work-
flow paradigm has been noted by a number of authors (see for
example [10,25]), even if only as an abstraction, in a variety of
text mining settings. Within most text mining applications, text
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documents are first passed through a combination of text pre-
processing operations that perform activities such as text cleaning,
NLP parsing, regular expression operations, entity extraction op-
erations, etc. Thisis typically then followed by the application of
statistical operations on the results to represent the features of the
documents in vector form, where counts are recorded for the key-
words, patterns, gene and disease names, etc. identified in the
previous stages. Finally, the vector form, which is amenable to
numerical analysis, is fed to traditiona data mining and machine
learning techniques such as classification, clustering, dimension-
ality reduction and association analysis.

2.1 A Biological Document Classification Example

To highlight the use of such workflows, consider the task of bio-
informatics document categorization based on the KDD CUP
2002 competition [36]. The task dealt with building automatic
methods for detecting which scientific papers, in a set of full-text
genetics papers from FlyBase [9], contained experimental results
about gene products (transcripts and proteins), and a so to identify
and score, within each paper, which of the individual genes men-
tioned had experimental results about these products mentioned in
the paper. A manually pre-labelled document collection of about
800 documents was made availabl e by the task organizers together
with a gene name dictionary to help contestants develop and train
their automatic classification methods.

Figure 1 shows one possible workflow to develop and train an
automatic classification system for the FlyBase task. This work-
flow is a variation on our early work presented in [11]. As with
traditional document classification methods each document is
represented as a feature vector that records how many times a
particular feature occurs in a document (see Figure 2). However,
as opposed to traditional approaches that use simple word tokens
as the basic features to be counted, we base our features on the
use of regular expression patterns. These patterns capture, within
short segments of text, frequently co-occurring combinations of
gene names and other general words that are mentioned within the
text.

FlyBase Find & Replace Clean Text Feature Vector  Info&ain Filter S

Gene Dict

Figure 1: Document Classification Training Workflow: Note that

“Clean Text”, “Extract RegEx” and” InfoGain” Filter nodes represent
macro nodes that are implemented using other components.

Extract RegEx

To generate these regular expression patterns, we first extract and
normalize the mentions of biological entities within each docu-
ment using a “Find & Replace” component to replace al gene
names and their aliases with unique tags identifying a gene name
(‘genexx’). Each document is passed through a series of text pre-
processing components (“Clean Text”) that perform traditional
text cleaning operations (e.g. stemming and stop-word removal),
components that identify frequently occurring keywords.

The regular expression patterns are then generated automatically
(“Extract RegEx” component) by considering combinations of the
unique tag and up to 4 other words. An example of these patterns
is

interact\s([a-z]*(\s)+)*genexx[a-z]+\s([a-z]*(\s)+)*bind\s

ID |Pa, | Pa, | .. |.. |Pay | Class
IDI (08 |012]03 |012|097|Y
D2 N
IDN

Figure 2: Example of a Feature Vector Table

Only regular expressions that pass a predefined count threshold
are kept and used to generate the feature vector for each docu-
ment. This feature vector is normalized based on a tf.idf approach
and passed through a statistical algorithm (based on Information
Gain) to keep only the most discriminating patterns.

It is interesting to note, that for the FlyBase document collection,
this automatic regular expression generation and evauation
method retained only regular expressions that contained variants
of biology-related keywords (e.g. variants of keywords such as
‘transcription’, ‘interaction’ and ‘binding'). Indeed our final set of
feature vectors contained only about 300 regular expression pat-
terns.

Finally, the simplified feature vectors are then used to train atra-
ditional classification algorithm based on support vector machine
(SVM) [27]. In order to use the result of the SYM model to clas-
sify unseen documents, each new document has to undergo simi-
lar preprocessing to represent it as a feature vector that can be
passed to the model. Our document classifier, based on this
method, proved to produce more accurate results than approaches
relying solely on using keyword-based features and secured our
team an honourable mention in the competition [11,36].

2.2 Properties of Biological Text Mining Workflows

It isimportant to note three important properties of biological text
mining workflows such as exemplified by the one described
above:

1.  Requirement for using a mix of text processing and
machine learning components. A very large number of
workflows may be generated to address similar text min-
ing tasks. The structure of such workflows and the com-
ponents used within them are not fixed, and the choice of
which combination to use depends on the task in hand.
For example, different users may choose to extract differ-
ent features from the documents using other methods (we
had experimented with different features extraction meth-
ods including variations of traditional bag of words ap-
proach), and may also wish to use different data mining
algorithms (Bayes vs. SVM, etc).

2. Requirement for integrating background biological in-
formation in the analysis: In most cases effective analy-
sis of biological text documents requires the use of back-
ground biological information for identifying biological
entities (gene and protein names, disease names, €etc)
mentioned in the documents. In the classification work-
flow described above, gene names were simply identified
through a lookup operation using a gene and alias list.
However, different automatic tools have been suggested
recently in the literature to automatically address the
named entity recognition task using methods that avoid
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problems associated with clashes on ambiguous gene
names, and different users may wish to use aternative
methods to identify and extract such biological entities.

3.  Requirement for high performance computing re-
sources. Due to the size of the full-text documents used,
the size of the generated feature vectors and the computa
tional intensity of the methods used, the execution of the
training phases of the workflows can take severa hours
even on asmall document collection using a desktop ma-
chine. Access to dedicated servers or high performance
computing (HPC) machines to execute such tasks is usu-
aly advisable.

2.3 Automating the Execution of Text Mining Work-
flows

Our initial implementation to the FlyBase document classification
task [11] was based on the use of a mixture of Perl scripts. To
address the requirements of text mining workflows discussed
above, we have recently ported our implementation to a visual
programming workflow environment in the context of the Discov-
ery Net project [5,24]. The visual programming components used
are built on top of the KDE knowledge discovery platform and
data mining components from InforSense Ltd [15]. The environ-
ment allows end user to drag and drop icons representing different
processing components and to connect them together as executa
ble workflows. We have extended the environment by implement-
ing a wide range of text processing components that enable end
users to manipulate the input text documents and interactively
define which features to extract, allowing then to experiment
quickly with the suitability of different feature selection methods
as well as with the suitability of the different data mining and
statistical analysis components available within the system.

Porting the implementation of the classification workflows to the
visual programming environment has significantly contributed to
better maintenance of the code. It has also improved our ability to
experiment with many different feature selection methods and
classifiers, as well as to address a number of new problems (e.g.
document clustering and co-occurrence analysis) by re-using our
existing components in different settings. We have also used the
system to integrate and evaluate the use of various 3" party text-
mining tools within our workflows (e.g. POS taggers, named en-
tity recognition components, terminology identification compo-
nents, €tc).

The use of the Discovery Net framework and its component model
(Figure 3) aso allows us to make use of high performance com-
puting resources, such as clusters of workstations, to speedup the
processing of various components within our workflows. This is
enabled through the underlying high performance computing ar-
chitecture of the system [2].

3. BIOINFORMATICS AND WEB SER-
VICES

One approach to integrating various 3 party tools within the
Discovery Net text mining systems is to download their executa
ble code (when available), and use the Discovery Net tools to
develop wrappers over such components (Figure 3) so that they
conform to the visual programming interface and to enable data to

be passed between them. Our experience using such approach has
been extremely successful.

User Parameters

Data/Metadata Data/Metadata

o—>
—>
o—>r

7

(.

Implementation of High
\_ Performance Computing Cluster

Figure 3: Web service interface/ HPC implementation of a text
mining component

An alternative approach to the integration of such 3 party toolsis
to invoke them remotely using standard inter-operability methods,
such as web services. Web Services technology [4,20] has arisen
from the W3C consortium as a solution to the problem of inter-
operability of distributed software components within a service-
centric computing framework, and to provide the common open
standard for communication between computational service pro-
ducers and service consumers.

A Web Service defines explicitly in an XML-based language
(Web Service Description Language, WSDL [34]) the interfaces
for describing a computational service to a potential client, or
user, of the service. This explicit mechanism allows any client to
inspect and understand this interface definition and to invoke a
particular method of the service using XML invocation mecha
nism. Different services can be registered within aregistry service
(e.g. UDDI [32]) thus alowing clients to search for services, and
each service is identified by its Universal Resource Identifier
(URI), which can be used to resolve access to the service through
aparticular transport protocol, usualy HTTP. The SOAP protocol
[28], although not compulsory, is the usua encoding mechanism
for message exchanged with a service.

Although web services efforts have targeted e-business applica
tions initially, they are currently becoming popular within scien-
tific applications. For example, over the past few years, the use of
web services has become popular for building bioinformatics
applications (e.g. [16,24,26,33]) since they provide standardised
access methods to remote bioinformatics databases and services.

Within the information retrieval community, search engines such
as Google [12] have aso started providing web service APIs al-
lowing other programs to post queries to their servers and obtain
results automatically. Within the bioinformatics text mining com-
munity, severa research groups (e.g. [8,10]) have started making
terminology servers available through a web service interface. For
example, the terminology server of Chang et a [10] provides an
XML-RPC interface [35] that allows its services to be invoked
remotely through a programmatic interface. Two services are pro-
vided, the first returns abbreviations found in a document and the
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second returns the gene names and protein names found in it.
Each service receives its input as a string containing the document
text, and returns an array containing the found entities, their loca-
tion within the document and score for the confidence of the re-
sult.

4. BIOINFORMATICS, TEXT MINING
AND INTEROPERABLE METADATA

With the growing popularity of web services in bioinformatics we
expect to see such protocols to become widely used also within
the text mining for bioinformatics community in the coming years.
However, we believe that although the use of web servicesis es-
sential within a service-centric setting, they are not necessarily
sufficient on their own to alow full flexible interoperability be-
tween remote services. The missing two ingredients are a mecha
nism that alows co-ordinating the execution of remote services,
and a mechanism that allows higher-level information to be ex-
changed easily between co-operating services.

4.1 Web Service Co-ordination of web services

One popular approach to co-ordinating the execution of remote
web services is through the use of workflow engines. Within the
e-business application domain, a popular example is BPEL4WS.
Within the scientific application domain, examples include efforts
such as Discovery Net [24] and myGrid [16]. Wheress a visual
programming environment such as the one described in section 2
allows usersto visually construct workflows, aworkflow engineis
responsible for the co-ordination of the execution of distributed
services. The combination of both, a visual programming envi-
ronment and a workflow engine, provide end users with a higher-
level framework for distributed programming that, in many cases,
does not require them to develop any conventional code for build-
ing their distributed applications.

4.2 |Information Abstraction and M etadata

Web services do not restrict what a remote component can accept
as input or produce as output; they only provide a standardised
mechanism for representing these inputs and outputs together with
a mechanism for invoking the component remotely. Our own ex-
periences in integrating 3 part tools as web services, and also in
developing and using our own web services within the Discovery
Net project quickly led us to identify a stumbling block in their
use. The complete flexibility provided with respect to data struc-
tures that can be passed between remote services makes the mod-
elling of data a crucia element when constructing re-usable and
efficient text mining workflows, and web service technology on
its own does not provide a straightforward solution.

To highlight the problem using a simple example, consider the
remote terminology service [10] discussed above. It has been
designed to operate in isolation, taking as input only a text docu-
ment represented as a string, and hence ignoring any biological
entities that may have been marked up in the document by previ-
ous components within the workflow. We believe that recording
the results of previous stages is crucia since it allows components
not only to invoke one another, but also to share information
about their results.

The solution to the problem is to attach annotations and metadata
with the documents being passed between the different software
components. Such metadata not only describes the entities found
within a document but also any other information that is useful to
be passed between services, including providing a basic profile
for the document and statistical information about each entity in
the text that may be needed by other components in the same
workflow.

To address this problem, we have investigated the use of XML-
based biological text annotation methods (e.g. [21]). The main
limitation we faced with these approaches was that they are based
on a hierarchical representation of the text, and thus are not suit-
able for representing overlapping information structures (e.g.
multiple entities identified by different tools) within a single
document. In effect, they assume that only one logical view can be
imposed on a document based on one specific parsing method.
Such a model breaks when different tools, developed by different
authors, are integrated within the same analysis workflow.

For text mining, we thus based our annotation metadata approach
on a variation of the Tipster Document Architecture model [13]
that uses the notion of a document annotation model where a sin-
gle document is represented by two entities: the document text,
which corresponds to the plain document text and the annotation
set structure.

The annotation set structure provides a flexible mechanism for
associating extra-textual information with certain text segments.
Each such text segment is called an annotation, and an annotation
set consists of the full set of annotations that a make up a docu-
ment. A single annotation is defined uniquely by its span (or co-
ordinates), and has associated with it a set of attributes. The role
of the attributes is to hold additional information, e.g. about the
function, the semantics, or other types of user-defined information
related to the corresponding text segment.

Table 1: Annotated Text Example

Text Annot. Type | Attributes

Insulin token pos:noun, stem:insulin
resistance token pos:.noun, stem:resist
Insulin compound diseasesinsulin resistance
resistance token

plays token pos.verb, stem:plai

major token pos.adj, stem:major

role Token pos:noun, stem:role

Each annotation a so has atype which in our system, unlike in the
origina Tipster Architecture, is a low level notion limited to de-
fining the role of the annotation as a constituent part of the docu-
ment, i.e. as a single word, as a sequence of words, etc. Any type
of additional information is represented by the associated attrib-
utes. This distinction prevents the conflicting use of annotation
types and attributes as means of information holders by reserving
this role only to the attributes. Thus each annotation has a unique
type and may have any number of attributes. Each attribute hasits
own type denoting the type of information that the attribute is
representing, and a value. Typical examples include attributes that
represent the results of a natural language processing operation
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such as part-of-speech (POS) tagging, stemming and morphologi-
cal analysis, the results of dictionary lookups or database queries
for certain annotations or the results of a named entity or termi-
nology extraction process. Table 1 shows a simple example of an
annotated text. Although shown there as a table, the same infor-
mation may be easily stored using an XML format for essier ex-
change between heterogeneous software components. The annota-
tions can also be easily viewed within a text document viewer by
highlighting the relevant text as shown in Figure 4.

File Tools Options
&=

Analysis Annctetions | Ruies | Guery |

15181027
BEESH] i< an epidemic disease thatthreatens 1o inundate health care resources by increasing the
incidence ofdiabetes, heart disease, hypertension, and cancer. These effects of [HBSIN result from
Apnea 1] two factors: the increased mass of adin0se lissue and the increased secrefion of pathogenetic
Disease (4] products from enlarged fat cells. This concent of the pathogenesis of as a disease allows
Hypertension [2] an easy diision of disadvantages of| into those produced by the mass of fat and those
Isulin Resistance [1] produced by the metabolic effects of fat cells. In the former category are the social disabilities
resulting fram the stigma associated with BB, sleep apnea that results in part from increased
naraphanmpeal fat deposits, and ostecarthritis resulting fram the wear and tear an joints frorm
carmying an increased mass of fat. The second category includes the metabolic factors assoiated
with distant effects of products released from enlarged fat cells. The insulin-resistant state that is
50 common in [EEEM probably reflects the effects of increased release of fatty acids from fatcells
that are then stared in the liver or muscle. When the secretory capatity of the pancreas is
ovenwhelmed by battling insulin resistance, diabetes develops. The strong association of
increased fat, especially visceral fat, with diabetes makes this conseguence patticularly aminous
for health care costs. The release of cylokines, particularly IL-8, fiom the fat cell may stimulate the
proinfammatory state that characterizes Theincreased secretion of prathrombin activator
inhibitor-1 from fat cells may play a role in the procoagulant state of and, along with
changes in endothelial function, may be responsible for the increased risk of cardiovascular

dseass | gene |

Ostecarthritis [1]

disease and hypertension. For cancer, the produstion of estrogens by the enlarged stromal mass
Blays a role in the risk for breast cancer. Increased cytokine release may play role in other forms
of proliferative growth. The combined effect of these pathogenetic consequences of increased fat

stores is an increased risk of shortened life expectancy.

Sertences: 7 [53.85%]

1 Obesity s an epidemic diseass that threstens tainundate heath care: resources by increasing the incidence of diabstes, heart diseass, hypertension,..|*
2| |

oreti

e former eategory are the social disabilties resulting from the stigma asseciated with chesfly, sleep apnea that resuls in part from increased par... |

|| 5lthe insuin-resistart stete that is sa.cormon in ohestty probebly reflects he effects of increased release of fatty acids from fat celsthat are then st.. |+

Figure 4: The Document Viewer

An example of the type of available functionality allowed by the
inclusion of the metadata is shown in the simple workflow of
Figure 5, which computes a co-occurrence matrix between the
genes and diseases that appear in a set of PubMed abstract texts as
well as extracts feature vectors for the same abstracts. The im-
ported document data are in MedLine format, from which the
extraction component extracts the texts of the abstracts. Then, the
next three components in the upper branch of the workflow create
an annotation set structure for the document collection, and they
use alocal gene and disease dictionary to identify matching anno-
tations in the abstracts. An index is then generated over the anno-
tation set structure that allows a fast computation of the desired
co-occurrence matrix. An extract of the computed co-occurrence
matriX is presented in Table 2.

EEEE
Zenes Dictionary Diseases Dictionany

e

L=

Lookup Lookup Create ldx Co-occur
Create Annotations,
5]
Import Zip  Extract Tet Aﬁk"

Add Annotations Extract P\

Remote GenefFProtein Identification

Figure5: Co-occurrence and Feature extraction workflow

Table 2: Co-occurrences Table (Diseasesvs. Genes).

CRP |AGT |TF |INS |VHL|AA

@
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Hyperplasia
Hypertension

Hypertrichosis
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=
©

4.3 Distributed Text Mining Workflows

Within a web services setting, the different components used
within the workflow can be executing remotely, and independ-
ently, and a user may easily decide to replace our simple gene and
disease look-up components by calls to more accurate gene and
disease look-up web services, that accept the same metadata for-
mat. In Figure 5 thisis achieved by the lower branch of the work-
flow in which a component contacts the terminology server [8]
using its XML-RPC interface and then based on these results
extracts features from the documents.

5. SUMMARY AND CONCLUSIONS

Our work towards mixed data and text mining has been conducted
with the context of the Discovery Net project funded under the
UK e-Science programme. Using the various tools produced as
part of Discovery Net, generating a reusable distributed applica-
tion workflows becomes the task of selecting the required compo-
nents and services and connecting them into a process using a
workflow model represented in an XML based language, Discov-
ery Process Mark-up Language (DPML) [13]. A workflow created
in DPML is reusable and can aso be encapsulated as a new ex-
ecutable service through a web service interface for access by
other users.

A large number of applications have aready been developed us-
ing Discovery Net. In the bioinformatics domain, these applica-
tions include genome and protein annotation [24] and virus evolu-
tion analysis [6]. Within the environmenta modelling domain,
Liu and Ma[18] describe how they use the system for performing
image-mining activities over earthquake satellite images.

The Discovery Net system is generic in terms of the visual work-
flow model for co-ordination of remote web services and access to
high performance computing facilities. However, for each new
application domain where the system is used, a domain-specific
metadata model is engineered to alow domain-specific informa-
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tion sharing between the software components used. For genome
and protein sequence annotation, this is the FASTA format, for
image mining applications thisis a specialised annotation format.

In this paper, we have described how the Discovery Net approach
can benefit the development of distributed text mining workflows
for bioinformatics. We have described how the infrastructure has
been re-engineered to support mixed data and text mining activi-
ties and presented the rich metadata model used to support the
interaction between different distributed text processing compo-
nents. We believe that the use of proposed methods offer an ap-
pealing and long term solution that would enhance the interopera-
bility between the different text mining tools alowing their re-use
in various applications and scenarios.
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