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Abstract

Automatically mining protein pathway information from the
vast amount of published literature has been an increasing
need from the pharmaceutical industry and biomedical

research community. This task has been proved to be a
formidable one. Many systems have been implemented, but
few are practical. Some are too restricted and some are
overly ambitious. *This paper presents the PathwayFinder
system with two key innovations that give the system
simultaneously = generalization power and practical
capabilities: (a) PathwayFinder is designed with appropriate
level of users’ involvement on information extraction, based
ontheauthors' belief that totally automatic pathway retrieval
is beyond the current technology; (b) A novel multi-agent
architecture is built to support the need of user-computer
interactions and domain extensions. As a result,
PathwayFinder isflexible, easy to use, and extendable to be
customized to other domains. We have successfully applied
the PathwayFinder system to study the ubiquitin cascade
pathway.

Keywords: Pathway extraction, multi-agent, user-involved
extraction, natural language processing, ubiquitin pathway

1 Introduction

There are currently over 12 million PubMed citations dating
back to the mid-1960's from the PubMed service at NCBI.
The number of published papers is growing at an
exponential rate in the last several decades. In some
intensively studied research areas, such as the ubiquitination
pathway cascade, it becomes impossible for a single person
to grasp al the concepts and ideas from the massive
information.
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Normally, the most important information within raw texts
is the relationship among the entities, such as “protein A is
activated by protein B” and “small molecule C can inhibit
such a process’ . Thiskind of information is critical to the
process of drug development: from early target
identification, to target validation, to lead profiling, and
finally tolead devel opment and pre-clinical studies. It serves
as the basis for experiment design, assay development,
project planning and decision-making. Effectively
extracting such relationships from bulky raw texts to
structure them into a standard format and turn them into
accumulated knowledge isthe key to supporting an efficient,
rapid drug development process, which is the goal of our
project.

Recently there have been a number of projects aimed at

conducting Information Extraction (IE) automatically in the
biomedical domain. For a detailed review, please refer tothe
Background section of thispaper. Ingeneral, there are three
categories of |E systems. Thefirst one uses simple statistical

methods, such asterm cooccurrence, to identify protein and
gene names. The second category appliesNatural Language
Processing (NLP) techniques, such as part-of-speech
tagging and grammar parsers to handle complex sentences.

And the third category applies more sophisticated natural

language technologies that can handle anaphora as well as
extracting a broader range of information.

One major weakness of the current three categories of 1E
systems is the insufficient involvement of users. More
accurately, although some systems provide ways to interact
with users, the objective has always been over-ambitious to
achieve fully automated IE systems without users’
intervention, which is not practical for the following
reasons:

1. Currently, NLP is not accurate enough, especialy
in biology literature, due to the complexity of
sentencestructures;

2. The credibility of the results are not properly
reflected, which decreases further utilization;

3. Some crucia information is not extracted, such as
conditions of interactions;



4. The demands from biologists are varied and
constantly changing, to which systems can not
adapt promptly.

To our knowledge, none of the current pathway extraction
systemsis widely accepted by biologists. To fill this gap, we
introduce the user-involved extraction in the PathwayFinder
system with the belief that the extraction process is a
collaborativetask involving both theusers and the extraction
system. User-involvement features enable “training by
using” , which means users can start to use PathwayFinder
without training data. With accumulating of data, term
cooccurrence and feature cooccurrence will refine the
extraction parameters and keep the system running
autonomously. They will also counteract the adverse effects
of user-introduced-errors.

To support the user-involvement features, an innovative
multi-agent architecture is introduced. Different types of
agents are created to distinguish users and manage
extraction tasks in sub-domains, which not only improves
the performance of extraction, but also isolates the
erroneous information brought in by particular users. The
current versions of the PathwayFinder agents are
implemented in  Java,  which makes  them
platform-independent.

1.1 Background

Among the relationships of biomedical entities,
protein-protein interactions are the most basic onesfor many
biological processes and building blocks of cellular
pathways. A large part of thisinformation is embedded in a
large amount of biology literature. For this reason, some
systems have been developed to extract protein-protein
interactions automatically, which can be classified into the
following groups:

Online protein-protein extraction systems (Blaschke et
al., 1999, Ng and Wong, 1999, Wong, 2001). Similar to
information retrieval systems, these systemsrequire usersto
input keywords—one or several protein names, and retrieve
related abstracts or papers from PubMed or other text
sources according to the keywords. Then, the systems
process the retrieved documents with the aid of preset
internal patterns, extract the interactions and present them to
the users. Online extraction systems are quite useful for
users to search for particular targets. However, the pattern
set used is small and pre-defined, which limits the
performance.

Systems targeting a particular sub-domain (Ono et al.,
2001, Humphreys et al., 2000, Rindflesch et al., 2000).
These systems normally have pre-conditions, such as a
well-defined protein name dictionary or a pre-retrieved data
set with the protein names. At the present stage, these
systems need substantial efforts to achieve similar
performance to that in their original domain, which hinders
them from being practical applications, even with claimed
high precision and recall rates.

Systems migrated from general 1E systems (Humphreys
et al., 2000, Thomas et al., 2000). The templates and rules
for these systems are manually customized to fit biological
sub-domains. Due to the fast development in biology and
bioinformatic fields, substantial efforts are needed even for
moderate performance.

General interaction extraction systems (Proux et al., 2000,
Leroy and Chen, 2002, Friedman et al., 2001). Some
systems emerging in recent years target general interaction
extraction from biology literature. These systems normally
have well-defined patterns and strong language processing
ability. The present results are promising: Friedman et al
(Friedman et al., 2001) claim to have 96% of precision and
63% of recall ratesfor apaper they tested.

A lot of efforts have also been put into individual
components of the extraction procedure, such as document
retrieving and clustering (Iliopouloset al., 2001, Marcotte et
al., 2001), protein interaction database construction
(Sanchezet al., 1999), protein name recognition (Fukuda et
al., 1998, Tanabe and Wilbur, 2002, Collier et al., 2000,
Hatzivassiloglou et al., 2001), tagging (Brill, 1995), parsing
(Park et al., 2001, Leroy and Chen, 2002), verb and pattern
discovery (Hatzivassiloglou and Weng 2002), extraction
rule development (Krauthammer et al., 2002, Oyamaet al .,
2002), gene clustering (Chaussabel and Sher 2002) and
pathway visualization (Ng and Wong, 1999, Wong, 2001).

To date, most of pathway extraction systems, except
GeneWays (Friedman et al., 2001), use fixed patterns
related with only a small number of verbs (“ interact”,
“activate” , “ bind’ , “ inhibit" , “ associa€d’ , ec.). GeneWays
manually collects many more patterns with a larger verb set
and classifies them into 14 semantic classes. Since a few
patterns can not cover all scenarios, more effort needsto be
made on pattern definition to increase the recall rate.

Statistical methods such as Hidden Markov Models and the
Maximum Entropy algorithm, which yield good results in
general information extraction, start to be used in different
components of biological extraction systems, such as the
protein name identification (Collier et al., 2000) and
document classification (Raychaudhuri et al. 2002).
Currently, these methods need large training sets, and
respond slowly to the changes.

More recently, a small number of experts are involved in
some systems to bring in their knowledge and judgement
(Donaldson et al. 2003, Leroy and Chen 2002, Libbus and
Rindflesch 2002). This is a promising progress, since
humans do better on some tasks, and proper combination of
computer and human is one of the best ways to achieve a
practical system. However, we believe that, with proper
mechanisns to deal with erroneous information, more
general users need to be involved in extraction procedure,
since “users know better about what they want” . With this
belief, we introduce the concept of “user-involved
extraction” in PathwayFinder system, which is supported by
an innovative multi-agent architecture.



2  Multi-Agent Architecture

User-involved extraction demands not only the flexibility of
extraction procedure, but also the flexibility to fit the diverse
requirements of individual users. Our multi-agent
architecture satisfies the demands by separating the system
into five types of components. manager agent (MA),
extractor agent (EA), interface agent (IA), toolbox and

databases, as shown in Figure 1.

In PathwayFinder system, each user isrepresented by an 1A
that collects the user's usage patterns to customize the
interactions. Through IA, auser is essentially integrated into
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Figure1: PathwayFinder system architecture

21 Manager Agent (MA)

MA provides two functions: oneisto pre-processsentences,
and the other is to organize EAs according to the
sub-domain definitions.

Figure 2 shows the procedure of pre-processing, which is
divided into six steps. Firstly, every selected sentence is
tokenized into a word array. The result is inputted into the
Brill's POS tagger (Brill, 1995), which determines the
part-of-speech tag for each word. Next, the outputs from
POS tagger are fed into the “ Uniformization” sep to
generatethe uniformword and uniform tag for each word. In
the phrase combination step, PNPs are used to identify
proteins in the sentence. Then, al the candidate patterns of
the sentence are picked out by having each word looked up
from the pattern database. These patterns will be given
different rankings in different EAs according to their
cooccurrence and users' feedback. In the last step, if the
sentence contains one or zero protein or matches zero
pattern, the pre-processor skips to the next sentence;
otherwise, with the identified protein names, the sentenceis
directed to the proper EA according to sub-domain
definition for further extraction. The MA also accepts
requests from |As, and directs them to proper EASs.

By properly dividing the domain into sub-domains, some
hard-to-solve extraction errors can be avoided. Let us take

the extraction procedure with rich user-involved features.
For example, a user can create interaction patterns through
IA (see details in Section 3), and a confirmation of an
extracted pathway from a user will be directed to the proper
EA, which increases the ranking of the pattern used.

The extraction procedure is separated into two steps:
pre-processing and extraction, which are handled by MA
and EA respectively. The current PathwayFinder has only
one MA, since pre-processing is similar in pathway
extraction tasks. More MAs could be deployed for general
extraction tasks. According to the sub-domain definition in
MA, multiple EAs can be created to handle different targets.
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Figure2: Pre-processing procedure

the following sentence by Ganoth et al. (2001) as an
example.

“ Human Cksl, but not other members of the family,
reconstitutes ubiquitin ligation of p27 in a completely
purified system, bindsto Skp2 and greatly increases binding
of T187-phosphorylated p27 to Skp2.”

There are three interactions in this sentence: “ Cksl
reconstitutes ubiquitin ligation of p27” , “ Cksl bnds to
Skp2” , and “ binding of T187-phosphorylated p27 to Skp2”.
The part-of-speech tagging and the parsing results of the
sentence are showed as follows (Please refer to
http://monod.uwater| oo.ca/~dyao/ downl oad/PathwayFinder
[pf_index.htm#down for the meaning of the tags.):

Part-of-speech tagging result: Human/NNP Cks1/NNP /,
but/CC not/RB other/JJ members/NNS of/IN the/DT
family/NN A, reconstitutes’yNNS ubiquitin/VBP
ligation/VBG of/IN p27/NNP in/IN &/DT completely/RB
purified/VBN system/NN ,/, binds/VBZ to/TO Skp2/NNP
and/CC greatly/RB increases’VBZ binding/NN of/IN
T187-phosphorylated/JJ p27/CD to/TO Skp2/NNP ./.

Parsing result: (S Human Protein (NP (NP, but not other
members) (PP of (NP (NP the family) , (NP (NP (NP
reconstitutes Protein ligation) (PP of (NP Protein))) (PP in
(NP (NP a (ADJP (ADVP completely) purified) system) ,
(NP (NP binds) (PP to (NP (NP Protein) and greatly (NP
(NP increases binding (PP of (NP Protein))) (PP to (NP

Protein)))))))))) -)




The parsing result for the sentence isincorrect, even with all
protein names identified. This kind of parsing error is
common for parsers, and impossible to eliminate because of
the complex sentence structures and the inherent ambiguity
of nature languages.

Based on the given pre-processed results, non-agent version
mistook the second interaction for “p27 binds to Skp2”,
because p27 has a higher feature-ranking than Cksl, and
pattern “ PROTEIN bind to PROTEIN" , asapopular pattern,
has a high score.

In our agent version, however, the second interaction is
correctly extracted The reason is that the pattern
“ PROTEIN bind to PROTEIN” has a low ranking in
p27-agent since the pattern appears much lessinit. And the
pattern has a high ranking in Cksl-agent, which gives“ Cksl
binds to Skp2” ahigher score. The pattern “PROTEIN bind
to PROTEIN" has a high ranking in
phosphorylated-p27-agent, which extracts the third
interaction correctly.

It is widely accepted in information extraction area that
reducing the targeting domain will improve the extraction
performance. It is one of the reasons that we apply
multi-agent architecture to divide the targeting domain into
smaller sub-domains.

The reason we put the pre-processing in MA is that the
pre-processing for all sub-domainsis similar in our system,
while the rankings used in the extraction procedure for
sub-domains are different. For significantly different
sub-domains, “phrase combination” and “pattern picking”
processes can be put in EAs for customized name
recognition.

2.2 Extractor Agent (EA)

An EA conducts the extraction task for sentencesin itsown
sub-domain, which is defined in MA, and maintains the
related patterns and statistical data for the sub-domain. The
implemented pattern-matching algorithm is similar to the
Maximum Entropy Approach (Berger et al., 1996). We have
defined three types of features. The first is adjacent feature
fa, which reflectsthe relations between uniformed tags. For
example, tag pair “DT” ad “ NN’ , which represent
“determiner” and “noun” respectively, form an adjacent
feature “DT-NN" , which reflects the probability of those
two tags being in the same phrase. The second is grammar
feature fg, which reflects the relations between alower level
tag and its parent tag in the grammar tree of a sentence. For
example, “NP-NP” is a grammar feature which reflects the
probability of the parent “ NP’ , which represents “ noun
phrases’ , tracing down to a lower level “NP” . The third is
pattern feature fp, which describes meaningful relations
between elements in a sentence, such as
“ PROTEIN-activate-PROTEIN" . These features are pre-set,
and can be adjusted according to their cooccurrence. Instead
of the entropy, we calculate maximum feature scores of
feature sets applicable to a sentence. The first calculated
score is Adjacent-Pattern Feature score A(p), which is the

maximum combination of all adjacent features and pattern
featuresfit for the sentence. A(p) makes use of the grammar
information contained in the user-defined patterns, and
measures the closeness between the sub-sentences and the
patterns. It is introduced to compensate the deficiency of
parsing caused by the complexity of biology literature.
Another score is Grammar-Pattern Feature score G(p),
which isthe maximum combination of all grammar features
and pattern features fit for the sentence. It measures the
matching between parsing results and the patterns. These
scores are calculated as follows:

Ap) =ma O mex( fa, fp|S 1 S
fig
G(p) = max( O max( fg, fp) |S; 1 S)

fl's;

Score =k, max( A(p), G(p) + (L- k) A(p)G(p)
where p isthe pattern applied, fisthe applicable feature, Sis
theset of all featuresinthesentence, S andS arethefeature
subsets, and k; is a constant, which is currently set to 0.75.
For each “action” word, the quaified match with the highest
combined score of A(p) and G(p) is selected asthe extracted
interaction.

In extraction procedure, therankings of patternsand features
are affected not only by users’ feedback, but also by
cooccurrences of patterns and features in literature, which
ensures the system work autonomously without users
intervention.

2.3 Special Cases Processing

Besides the general grammar and pattern rules, there are
other rules in the biological literature, which will affect the
accuracy of extraction. Figure 3 shows some of the special
cases handled by PathwayFinder.

Protein-Interaction interaction. In some cases, such as
“..the protein HHR6B inhibits the interaction of cdc34 and
ICPO..” , the protein HHR6B does not interact with another
protein, but with an interaction. This kind of interaction is
extracted by a multi-scan technique. Sentences containing at
least one protein-protein interaction are scanned for the
second time with extracted interactions substituted by new
nodes labelled as “INTERACTION” . If this modified
sentence matches any pathway patterns containing an
“ INTERACTION” tag, a nested interaction may be
extracted. In this case, the “subject” or “object” of the
extracted interaction is a link leading to the nested
interaction. An exampleisgivenin Figure 3E.

Special proteins. Protein state and activity modification,
such as mutants and protein inhibitors, are also identifiable.
Special  identifying processes are added during
pre-processing. For example, “MEK inhibitor” is identified
as “[x inhibit MEK]" ingead of “ MEK” and “ COP1
mutants” isidentified as“ COP1 mutant” protein, instead of
“ COP1" protein.



Negative words. PathwayFinder identifies negative words
within the scope of the interaction by searching through an
editable negative word list, and removes those results. For
example, in the following sentence, no interaction is
extracted because of the negativewords“ neither” and “nor”.

“ Neither rcel-null nor yor291w-null mutations affected
PIO or the phenotype of spfl- or ste24-null mutants.”

Slash (/). Slashes may have different meanings in

different sentences. It can be a simplified form of an

interaction, as shown in Figure 3A, or an “and/or” reation,

as shown in Figure 3B. These two cases are successfully
Al slash in an interaction

distinguished by patterns, since the former case has the
subject and object in one word, which containsa*/”.

“And” and “Or”. “And” and “Or" may indicate an
interaction or a parallel relation between proteins. To
distinguish them, we create a relation set for the proteins
connected by each “and” or “or” in asentence. If both the
subject and the object of the extracted interaction arein the
same relation set, then the relation set isignored. Otherwise,
the “and” or “or” indicates a parallel relation, and expands
the related subject or object. Examples are given in Figure
3C and Figure 3D.

Sentence [13: 73

Sentence: *...it is possible that the RPN-11/F35A11,3 interaction is involved in ...

Action word: “interaction”

Associated pattern{s); "ROTEIN/PROTEIN interaction”, “interaction between/of PROTEIN and/with PROTEIN™

Applied pattern: “ROTEIN/PROTEIN interaction™
Extracted Interaction: “RPX-11 == interaction - F33A11,3"

R} slash as "and"”

Sentence [D: 127

Sentence: “To examine whether direct protein-protein interactions between CC'Ts and the COP/DET/FUS proteins are ,.."

Action word: “interaction”

Associated pattern{s): “ROTEIN/PROTEIN interaction”, “interaction betweenfol PROTEIN and/with PROTEIN™

Applied patiern: “interaction between PROTEIN and PROTEINT

Extracted Interaction: “CCT -> intetaction -=> COP”, *CCT -= interaction -> DET™, “CCT - interaction -= FLIS™

C) "and™ in parallel structure

Sentence [D: 1623

Sentence: “The (UBRI11-1367 and UBR11-1140, which, respectively, contained and lacked the RAD6-hinding site {Fig. 2A), bound
1o GST-CLUPY with similar affinities (Fig. 3B, lanes 4-6 vs, lanes 1-3).7

Action word: “hind™

Associated pattern{s): "PROTEIN hind to/with/on PROTEIN™, "PROTEIN hind PROTEIN™

Applied pattern: “PROTEIN bind to PROTEINT

Extracted Interaction: “fUBR11-1357 -= bind -= GST-CUPY”, “UBR.11-1140f -> bind ->= GST-CUPS"

Dy "and™ in an interaction, and “or™ in a parallel structure

Sentence [[3; 238

Sentence: “To test for the potential direet interactions between COPLOD and the COPY signalosome or COPL. a yeast two-hvbrid assay

was performed. ™
Action word: “interaction™

Associated pattern{s): "ROTEIN/PROTEIN interaction”, “interaction between/of PROTEIN and/with PROTEIN™

Applied pattern: “interaction hetween PROTEIN and PROTEIN™

Extracted Interaction: “COP10 -= interaction -= COPS”, “COPI10 -> interaction -= COP1"

E)y “PROTEIN-INTERACTION" interaction

Sentence |13 2184

Sentence: “Covalent attachment of SUMO-1 to Mdm2 requires the activation of a heterodimeric Aosl-Uba2 enzyme {ubiguitin-

activating enzyme (E13) followed by .."
Action word: “attachment”, “require”™

Associated pattern{s); “attachment of ROTEIN to PROTEINT, "INTERACTION require PROTEIN
Applied pattern: “attachment of ROTEIN to PROTEINT, “INTERACTION require PROTEINT
Extracted Interaction: “SUMO-1 -= attachement -> Mdm2™, “{SUMO-1 -= attachment -> Mdm2} -= require -=> E1

Figure 3: Extraction examples. In each example, the patternsloaded for extraction are called associated patterns.
Among them, the patterns used to extract theinteractions are called applied patterns.



24 Human-Computer Interface Agent (1A)

IA provides rich user-involved features to absorb users'
domain knowledge into the extraction process, and presents
the required results to users. As an important function of
PathwayFinder system, it is described in detail in Section 3.

25 Toolbox

Some utilities are relatively independent of the extraction
process, thus they are wrapped into separate components
and put into a toolbox. Currently, there are three tools
integrated in the PathwayFinder system:

Paper Crawler grabs abstracts and papers from PubMed or
other sources and stores them in the paper database.

Language Processing Server (PFSCTools Server)
provides tagging and parsing services. It integrates Brill’s
POS tagger (Brill, 1995) and Link Grammar parser (Sleator
and Temperley, 1991) into one program. This server
supports TCP/IP connections similar to a web server.
However, the PFSCTools server utilizes the RPC (Remote
Procedure Call) service, instead of the GET or POST service
of HTTP. The main application can connect to the
PFSCTools Server through a network for POS tagging and
parsing services.

Benchmark Comparer compares the extracted results with
the standard results, both of which arein XML format.

khwavFinde rSystem Y11

The components in the toolbox are not agents, since they do
not have learning capability. To speed up the processing, we
can have severa instances of each tool. For example,

multiple Language Processing Servers can run on different
computers to deal with the requests from different agents.

Furthermore, these tools are independent, and can be
replaced later with substitutes for better performance.

2.6 Databases

PathwayFinder uses several databases. Collectively, they
store papers in text format, protein names, patterns,
extracted pathways, and agent-specific knowledge that
includes special cases of words, proteins, and the collected
usage data.

3 IA: User-Involved Design

AnlA actsasamediator betweenauser and EASs. It provides
two types of functions: customization, which customizes the
MA and EAs to absorb users' domain knowledge and
improves the extraction performance; and interactive
presentation, which provides user-friendly interfaces for
users to access the extracted pathway information. |As also
isolate the adverse effect of some erroneous information
brought in by a particular user from others through the
credibility ranking, which is generated from other users
feedback and statistical data. Thus, |As can facilitate the
tailoring of the extraction procedure to users’ customized
purposes.
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3.1 Customization

The variation of users' requirementsis not limited to the
queries they initiate, but includes the domain they define,
the patterns they select, and the results they are interested
in. For example, when a biologist queries on “ CCT” in
PathwayFinder, he may not be looking for a company
named as CCT, or the definition of protein CCT, but the
interactions between protein CCT and other proteins. The
customization process not only helps users to tell the
system what they want, but also integrates their domain
knowledge into the system to improve the extraction
capability. Following are three types of customizations
supported by PathwayFinder system.

Pre-processing Customization In the PathwayFinder
system, we introducefour new tagsin thetagging process:
“ PNI” (Protein Name ldentification), “ PNK” (Protein
Name Keyword), “ PROTEIN” and “ INTERACTION” , to
indicate simple or complex protein names. If aword has a
“ PNI” tag, it meansthat it is a candidate protein name; if a
word has a*“ PNK” tag, then it is a piece of evidence that
its neighboring words are protein names. After the phrase
combination process, the recognized protein names are
labeled as “ PROTEIN” , and some complex structures
equivalent to proteins, such as “MEK inhibitor” , are
labeled as “ INTERACTION" . Users can browse through
the “ PNI” list to identify the true or false protein names,
andeditthe“PNK” listtoindicatethenew or special cases
to improve the protein identification process. This
knowledge is under constant development, and is not
pre-fixed.

Pattern Customization A pattern contains all the key
elements that can identify a protein interaction. In most
other pattern-based information extraction systems,
patterns are fixed, and can only be added or modified by
the system developer. This is suitable for some special
study cases, but can hardly adapt to users frequently
changing requirements.

The PathwayFinder system provides an open and flexible
mode to create patterns combining users' domain
knowledge. Users do not need to know a lot about NLP.
They just indicate which words represent a
protein-protein interaction in one sentence, and pick them
out by a simple point-and-click method. As shown in
Figure 4, key elements of a pattern are selected from the
sentence by the user in the left window; the selected
elements are transformed into a sample pattern in the
upper-right window; and the pathways extracted from the
sentence are listedin the lower-right window.

The pattern created by a user is called a“sample pattern” ,
and represents an exact protein-protein interaction. A
sample pattern is not directly used in the subsequent
pattern matching, since many sample patterns have the
same grammar constituents and there is considerable
redundancy. We use general patterns to eliminate this
redundancy. One general pattern is the summation of

many sample patterns that have the same grammar
constituents. When anew sample pattern is added into the
pattern database, it will merge into an old general pattem;
or a new genera pattern is created if there is not any
suitable general pattern for merging the sample pattern.

As the issue of constructing a comprehensive pattern
database is ill one of the main problems in any
pattern-based information extraction systems, we provide
agradual growth method to construct the pattern database
in the PathwayFinder system.

Result Customization—Curation All the extracted
results are initially labeled as “Auto” . When users query
or browse through the extracted interactions, they can
label the results as “ Confirmed” or “ Denied” based on
their domain knowledge. This piece of domain knowledge
is also delivered to the related EA, and increases the
ranking of the pattern that is used to extract the pathway.
With one user’s curation, all other users have the benefit
of the confirmed results, which gives a high level of
accuracy.

Another aspect of curation is knowledge accumulation.
Users can merge their own knowledge into the pathway
database. There are two ways to do it in PathwayFinder:
for asmall number of pathways, they can beimported one
by onefromthe“ Curation” Panel; and for large number of
pathways or proteins, they can be put into text files, and
loaded directly into PathwayFinder. The loaded proteins
and pathways are given a ranking of 100%, which is
reserved as user-confirmed pathways.

In the PathwayFinder system, the extraction process is
separated from the query interface, and performed in the
backend. Since users access the extracted results directly,
not only can queries be processed much faster, but also
further processing of the results, such as curation, is more
easily accomplished.

3.2 Interactive Presentation

In PathwayFinder, results are presented to users in
multiple ways to satisfy different levels of usage.

Pathway Query PathwayFinder provides two types of
query functions:

1. Query on sentences, either on keyword or on
sequence number. Since the extracted pathways
are listed with the sentences, it is quite
convenient to check whether there are any
missing pathways;

2. Query on results. By inputting protein names,
either one or multiple, users can get the related
pathways from a diagram and browse to other
interesting proteins by clicking on the protein
names.

Two-Dimensional Diagram We create the query result
diagram with the Minimum Distance Algorithm. Figure 5
isthe query result diagram for E2.12, Daxx and Ubc9. The



focused proteins are drawn in the middle, and all proteins
that have interactions with them are drawn around them.
By left or right clicking on the proteins, users can change
the focus, or access the relevant information interactively.

The colours in the diagram represent credibility: the
colours of rectangles represent the protein credibility, and
the colours of lines represent the interaction credibility.
Users can constrain the credibility interactively by
providing the thresholds with sliding bars, which will
customize the diagram dynamically.

4 Results

A comprehensivetest of the systemisdifficult, sincethere
is no standard sample data set for pathway extraction. For
the purpose of benchmark comparison, we collected a
small data set with 12 papers and 116 abstracts that were
manually extracted by a biologist for protein names and
interactions. Among them, 10 abstracts were used for
testing, and others were used as training materials. The
data set can be downloaded at:
http://monod.uwaterl 0o.ca/~dyao/ downl oad/PathwayFin
der/pf_index.htm for any future comparison in this
community.

The PathwayFinder system started from the state that no
pattern or protein names were preloaded. With a short
tutorial, a domain user began to use the PathwayFinder
system. He started from pattern creation, either from some
sentences or from his own knowledge, and curation for
the protein names identified by the system. In about six
hours, there were 167 user-defined patterns created,
which were automatically summarized into 60 general

patterns. Those patterns were ranked according to the
times they were used and the user’'s feedback. Some
patterns, such as “transfer PROTEIN from PROTEIN”

(ranking: 0.011), had low ranking because of the user’'s
rejection on the related pathways. It meant these patterns
were not proper for this EA. The system was able to
extract 84.3% of all manually extracted interactionsin the
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training process, and 64.7% in the testing process. The
precision rateswere 61.5% and 50.8%. With the curation
functions, the inaccurate results were corrected. The
overall recall rate will be further improved when more
papers are fed into the system, because some interactions
are stated in different papers repetitively.

We have applied the PathwayFinder system to the
ubiquitin cascade pathway. With various keyword-search
from PubMed, over 8,000 abstracts that contain over
65,000 sentences have been processed. Over 1,800
relationships have been recovered after the curation.
Ubiquitin and ubiquitin-like molecules are small proteins
that become conjugated to a substrate as away to regul ate
avariety of cellular processes, such asprotein degradation,
localization, activity modification and signal transduction.
Normally the cascade involves three enzymes:. ubiquitin
(like) activating enzyme (E1), ubiquitin (like) conjugating
enzyme (E2) and ubiquitin (like) ligation enzyme (E3).
We have cloned a novel ubiquitin conjugating enzyme
E2.12. To find the implications of its function, we
searched our PathwayFinder system. In this system, we
combined the literature knowledge and our internal
protein-protein interaction data. A death-associated
protein 6 (Daxx) has been found to regulate apoptosis.

The PathwayFinder indicates that Daxx interacts with an
ubiquitin-like molecule SUMO1 and SUMO1’s E2, Ubc9.
From our internal yeast-two-hybrid data, we found that
Daxx associates with SUMO3, E2.12 and TRAFA4.
Therefore, it is likely that E2.12 is an E2 for SUMOL or
SUMOZ3, RingFinger domain containing protein TRAF4
acts as an E3 to transfer SUMO1 or SUMO3 to Daxx.
Thus sumolation regulates Daxx’s activity by modulating
its degradation. The protein-protein interaction network
implies that E2.12 is an E2 for SUMO ubiquitin-like
molecules and it links to apoptosis pathway through Daxx.
In agreement with the inferred function of E2, further

in-house experiments indicate that siRNA of E2.12
inhibits cell proliferation (data not shown).
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Figure5: Query result for E2.12, Daxx and Ubc9. Bright red color representsin house protein-protein interaction
data. Other colorsindicate protein identity confidence and interaction extraction confidence from literature.



5 Summary

The main contribution of the PathwayFinder is the
significantly improved usability and extendibility
provided by the user-involved extraction. We
emphasize users’ involvement in every aspect of our
system. During pre-processing, users can specify the
PNIs and PNKs to identify special forms of proteins;
during the extraction, users can create, edit or delete
patterns according to their domain knowledge. They
can also confirm or deny the extracted results, which
will not only increase the accuracy, but also affect
pattern ranking in future extractions. Users can also
track down the relationships between proteins on the
diagram, which clearly states the credibility of the
results, and jump directly to the related text source for
further reference.

To support the user-involved extraction, we introduce
an innovative multi-agent architecture. It provides not
only the flexibility to satisfy users' constantly changing
requirements, but also the flexibility of the systemitself,
which makes it much more extendible.

Compared with fully automatic extraction systens with
fixed targets, PathwayFinder can adapt to any targets
specified by users, and the shifting of targetsis handled
automatically by generating new agents.

User-involved extraction also lowers the requirements
for the language processing unit. Since the user-defined
patterns often contain the substructure of the relevant
sub-sentences, we introduce the adjacent pattern feature
to include this information into the language analysis
result and compensate the deficiency of parsing.
Although this method takes more storage and
computation time, it is still feasible because of the
cheaper and faster hardware.

User-introduced errors and the propagation of themare
among the major problems of user-involved extraction.
To handle the adverse effect of userintroduced errors,
the statistical data is applied to adjust the pattern
ranking, which will diminish the influence of improper
patterns effectively. Besides, the design of 1As helpsto
isolate the erroneous information provided by particular
users from others. Those problems will be further
investigated as a future research topic.

The feedback of the system from domain users is
positive. With rich user-involvement features, they can
create their own patterns according to their domain
knowledge without assistance from computer experts.
The initially extracted results can act as an index to
access related contexts. And with proper curation, the
results can be used further to find functional pathways,
or other potential relations between proteins.
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