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Abstract—We introduce RLIMS-P version 2.0, an enhanced rule-based information extraction (IE) system for mining kinase,

substrate, and phosphorylation site information from scientific literature. Consisting of natural language processing and IE modules, the

system has integrated several new features, including the capability of processing full-text articles and generalizability towards different

post-translational modifications (PTMs). To evaluate the system, sets of abstracts and full-text articles, containing a variety of textual

expressions, were annotated. On the abstract corpus, the system achieved F-scores of 0.91, 0.92, and 0.95 for kinases, substrates,

and sites, respectively. The corresponding scores on the full-text corpus were 0.88, 0.91, and 0.92. It was additionally evaluated on the

corpus of the 2013 BioNLP-ST GE task, and achieved an F-score of 0.87 for the phosphorylation core task, improving upon the results

previously reported on the corpus. Full-scale processing of all abstracts in MEDLINE and all articles in PubMed Central Open Access

Subset has demonstrated scalability for mining rich information in literature, enabling its adoption for biocuration and for knowledge

discovery. The new system is generalizable and it will be adapted to tackle other major PTM types. RLIMS-P 2.0 online system is

available online (http://proteininformationresource.org/rlimsp/) and the developed corpora are available from iProLINK (http://

proteininformationresource.org/iprolink/).
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1 INTRODUCTION

PROTEIN phosphorylation is a type of post-translational
modification (PTM), in which a phosphate group is

attached to an amino acid residue (site) of a protein (sub-
strate), catalyzed by an enzyme (kinase). In signal transduc-
tion networks, it serves as a switch to transmit signals in
response to extracellular stimuli and intracellular changes
[1]. Protein phosphorylation has been widely studied, and
research findings have been curated in several biological
knowledgebases, such as Protein Ontology [2], PhosphoSite-
Plus [3], Phospho.ELM [4], and UniProt Knowledgebase
(UniProtKB) [5]. The manual curation of phosphorylation
information reported in literature, however, lags behind
because of the ever-increasing publications on this active
research topic. Text mining applications to support biocura-
tors have been developed [6], [7], [8], [9], [10]. In this paper,
we report on a new version of RLIMS-P, an information
extraction (IE) system to extract kinase, substrate, and site
of phosphorylation reported in biomedical literature [6], [8].

The system is designed to help biocurators to search and
retrieve articles of their interests and to efficiently review
and extract phosphorylation information therein.

RLIMS-P consists of a series of natural language proc-
essing (NLP) modules to analyze input text, an IE engine
to apply lexical, syntactic, and semantic patterns to
extract target information, and an additional IE compo-
nent to extract information beyond patterns. Our goal in
developing a new version of RLIMS-P, hereinafter called
RLIMS-P 2.0, was to make the system generalizable and
easily adaptable to the extraction of other types of PTMs.
To this end, we designed a new architecture of the rule-
based IE engine and supplemented it with task-indepen-
dent components to support extraction procedures. The
new architecture facilitates the portability of the system
to extraction of other PTM types and also improves its
maintainability for operational use.

In our previous study [11], we evaluated RLIMS-P 2.0 on
the MEDLINE abstracts of the GENIA event extraction (GE)
corpus, which was released for the 2011 BioNLP shared
task (BioNLP-ST). In this corpus, however, expressions
used to report phosphorylation events were limited, and
hence insufficient for developing and thoroughly evaluating
phosphorylation IE systems. To address this issue and thor-
oughly evaluate RLIMS-P 2.0, in the current study, diverse
MEDLINE abstracts were annotated in-house by experi-
enced biocurators. The performance of RLIMS-P 2.0 was
evaluated on these new data sets, and also compared to the
results on the existing in-house annotated corpora, includ-
ing a set of full-text articles sampled from PubMed Central
(PMC). Additionally, RLIMS-P 2.0 was evaluated on the test
set of the 2013 BioNLP-ST GE task, which has been recently
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made available. Finally, we report on the full scale applica-
tion of RLIMS-P 2.0 to abstracts in the MEDLINE database
and the full-text articles in the PMC Open Access Subset
(PMC OA). Application of the system to PMC OA allowed
us to gain insights into the distribution of phosphorylation
information reported in different sections of articles.

2 BACKGROUND

Text mining has been actively studied in the biological
domain [12], [13], [14], [15], [16], [17], [18], [19], [20], [21], [22],
[23], [24], [25]. Among the various text mining applications
are IE systems, which aim to extract facts reported in biology
literature, e.g., [26], [27]. Protein phosphorylation information
has been tackled as one of the IE targets [6], [8], [9], [10], [28].

2.1 Phosphorylation IE Systems

Besides RLIMS-P, there have been a few other efforts
towards the extraction of protein phosphorylation informa-
tion from biomedical literature [9], [10], [28].

Saric et al. developed a rule-based IE system to extract
information on phosphorylation and regulation of gene
expression. Their system, STRING-IE, uses syntactic pars-
ing to analyze input text, and dictionary lookup to identify
protein names. It then applies hand-coded patterns to
extract target relations, e.g., kinase-substrate relations. The
system has been applied to MEDLINE abstracts retrieved
for four model organisms. The reported precisions range
from 0.86 to 0.95 for (de-) phosphorylation and from 0.83
to 0.90 for regulation. The recall performance was esti-
mated to be around 0.3 based on sampled sentences, and
an F-score of 0.44.

MinePhos [10] is a rule-based IE system, which extracts
kinase, substrate, and site. As noted by the authors, it essen-
tially uses the lexical, syntactic, and semantic patterns of
RLIMS-P. The authors reported the addition of five new
extraction patterns, but as far as we could tell, these patterns
are present in RLIMS-P. The main difference of MinePhos
from RLIMS-P is the use of a different named-entity recog-
nition method. It uses a name dictionary compiled from
Phospho.ELM along with a machine learning tool. The sys-
tem was evaluated on two sets of 200 MEDLINE abstracts,
and F-scores of 0.863 and 0.864 were reported.

Veuthey et al. [9] reported a tool for supporting curation
of modified sites in PTMs for UniProtKB/Swiss-Prot. It
focuses on the curation of modified sites, and the tool applies
a filter to identify and report potentially relevant sentences
and site mentions. This filtering process was evaluated
on 100 MEDLINE abstracts, and a precision of 0.71 was
reported. A recall estimated using annotations in Uni-
ProtKB/Swiss-Prot was 0.93. Using regular expressions, the
tool identifies modified sites in the filtered sentences and dis-
plays a list of proteins detected through an existing protein
name tagger. The authors also applied the tool to 11,000 full-
text articles and reported that 90 percent of the detected sites
were found in the full-text body, but not in the abstracts.

2.2 BioNLP-ST GE Task

In the GE task of BioNLP-ST 2009 and 2011, sets of MED-
LINE abstracts were used to investigate extraction of sub-
strates and sites for phosphorylation events, along with

other targets for various events (e.g., gene expression, bind-
ing, and regulation). In the 2011 GE task, five full-text
articles were added to each of the training, development,
and test sets. As for phosphorylation events, the best perfor-
mance on the abstract set, used both in 2009 and 2011, was
reported to be an F-score of 0.8295 for substrates, and 0.8381
for sites [29], [30].

In the recent BioNLP-ST 2013 GE task, new sets of 10, 10,
and 14 full-text articles were used as the training, develop-
ment, and testing sets, respectively [31]. As for phosphory-
lation events, a new target role, cause, was considered in
addition to substrates and phosphorylation sites. However,
few phrases are annotated as the cause in the data sets. In
the 2013 BioNLP-ST task, ten teams participated in the GE
task and F-scores reported for phosphorylation range from
0.5978 to 0.8148. Of them, two teams also tackled extraction
of phosphorylation sites, and their F-scores were 0.4628 and
0.5120 [31].

Most top-ranked systems in BioNLP-ST employed
machine learning approaches [31]. Kilicoglu and Bergler, on
the other hand, demonstrated that a rule-based system could
achieve competitive performance in the BioNLP-ST task set-
tings, and their system was reportedly ranked fourth for
phosphorylation events in the 2011 GE task [32]. Their sys-
tem exploits syntactic dependencies of selected triggers and
composes semantic interpretation out of them in a bottom-
upmanner. This approach is similar to RLIMS-P 2.0 in that it
first extracts basic relations from a sentence and derives tar-
get information. Their system, however, is different from
RLIMS-P in several ways, including that it does not support
IE beyond sentence, it is not specialized in exploiting distinc-
tive patterns for phosphorylation and PTM, and it extracts
basic relations using a syntactic parser, rather than local syn-
tactic-semantic patterns, as described next.

2.3 RLIMS-P version 1.0

The original version of RLIMS-P, hereinafter called RLIMS-
P 1.0, is a rule-based IE system designed to extract kinase,
substrate, and site reported in abstracts. To our best knowl-
edge, RLIMS-P is the only system, other than MinePhos that
is based on RLIMS-P rules, that specifically focuses on these
three types of entities, and aims to extract information
across sentences beyond anaphoric relations.

The evaluation of the extraction performance of RLIMS-P
1.0 was first reported in [6]. The system was evaluated on
MEDLINE abstracts available in the PIR iProLink resource
[33], which were originally collected for the curation of
phosphorylation information in the PIR-PSD database [34].
The ability to filter relevant abstracts was tested on this data
set, and an F-score of 0.94 was reported on 370 abstracts
(110 positives and 260 negatives). The system was further
tested on the extraction of substrate-site relations, and an F-
score of 0.93 was reported on 108 abstracts.

Later RLIMS-P 1.0 was enhanced with heuristic rules to
extract substrates and sites across sentences and also rules
to integrate information extracted in the whole abstract [8],
The system performance was evaluated on 386 abstracts
sampled among literature referenced in the phospho.ELM
database. An F-score of 0.85 was reported for the extraction
of the triple: kinase, substrate and site and an F-score of 0.89
was reported for extraction of the substrate-site relation.
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RLIMS-P 1.0 achieves a high precision owing to its
detailed IE patterns. A high recall of RLIMS-P is facilitated
by a large number of such patterns, realized by complex
and often redundant regular expressions in conditional
control-flows. These patterns cover numerous variations
in textual expression that may be encountered in phos-
phorylation literature. Despite the good performance
attained in this manner, this configuration made it difficult
to maintain the system and daunting to generalize it for
other IE targets, such as different PTMs. In designing
RLIMS-P version 2.0, the challenge we encountered was to
keep the pattern collection simple and concise, and make
it readily portable for other IE tasks, while still maintain-
ing good pattern coverage as well as accuracy.

3 RLIMS-P VERSION 2.0 ALGORITHMS AND

APPROACHES

The architecture of the RLIMS-P 2.0 system is shown in
Fig. 1. The system consists of two major pipelines, an NLP
pipeline and an IE pipeline.

3.1 NLP Pipeline

The NLP pipeline, extending from that of RLIMS-P 1.0, con-
sists of multiple steps: (i) data formatting, (ii) sentence split-
ting and tokenization, (iii) shallow parsing, and (iv) phrase
typing (Fig. 1). The data formatting step is to transform the
input data of different types for common subsequent process-
ing, where the data can be eitherMEDLINE abstracts or PMC
OA full-text articles. A new set of programs was prepared to
preprocess full-text articles from PMC OA. Besides low-level
data processing for full-text articles, such as parsing of PMC
XML data, conversion of special symbols, and removal of
citation in text, the main functionality of these programs is to
extract article sections as defined in the PMC XML format.
For each section extracted from an article, its title and text are
regarded in the same manner as those in the abstracts for the
subsequent processes (see Section 3.7). Figure captions are
also extracted and processed in the samemanner.

The other components in the NLP pipeline include a shal-
low parser built on part-of-speech (POS) tagging and phrase
chunking and a type assignment module. These steps are
essentially based on an existing named-entity recognition
system [35]. To improve its performance in RLIMS-P 2.0, dic-
tionary-based recognition of protein names has been inte-
grated and rules facilitating phrase chunkingwere revised.

The shallowparser of RLIMS-P breaks input text sentences
into phrase chunks. Shallow parsing, rather than deep pars-
ing, is employed in this system because it can provide suffi-
cient abstraction of phrases for IE goals in the biomedical
domain, and because the processing time was found to be
less than that of deep parsing. Certain syntactic construc-
tions, including phrase coordination, appositives, and paren-
thetical expressions, are detected in this stage in order to help
improve the later IE process. Neighboring chunks found in
these constructions are further grouped together so that the
sentence is syntactically simplified for the subsequent proce-
dures. The chunk types detected by the parser include noun
phrases (NP) and verb groups (VG). VG is further annotated
with the voice information. The following example illustrates
the utility of these analyses beyond simple patternmatching:

� “RIG-INP has been shownVP to be ableVP to phosphory-
lateVP STAT1NP at both Tyr701 and Ser727NP . . .”
[PMC3497619]

In the consecutive VGs above, the last one, “to phos-
phorylate”, is detected to be in the active voice. Then, NP at
the subject position, “RIG-I”, can be recognized as an agent
of this action and, as described later, it will be eventually
extracted as a kinase phrase. Note that the coordinated
phrases referring to two phosphorylation sites, “Tyr701”
and “Ser727”, are grouped together in one NP, which helps
simplify the design of IE patterns.

The phrase type assignment module identifies semantic
types of noun phrases and also terms embedded in the
other phrases. These types include Protein (gene/protein),
Protein Part (such as amino acid residue, domain, region,
and motif), Chemical, Cell, Species, and Others (other types

Fig. 1. The overview of RLIMS-P 2.0. The system consists of an NLP pipeline extending RLIMS-P 1.0 and a newly designed IE pipeline.
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of biological entities). Semantic types play an important role
in specifying IE patterns in RLIMS-P. For instance, see the
two examples below

� “Src phosphorylates Tyr284 in TGF-beta type II
receptor” [PMID17440088].

� “CaMKII d phosphorylates titin in mouse LV skinned
fibers” [PMID 23220127].

In these examples, the sentences fit the same lexico-syn-
tactic pattern of “X phosphorylates Y in Z.” But the phrases
at the positions, Y and Z, belong to different semantic types.
For example, at the position Y, we find “Tyr284” (a residue)
vs. “titin” (a protein). Consequently they fill the roles of site
and substrate respectively during the extraction from the
two sentences. The semantic type information is important
for accurate IE. The type assignment module of RLIMS-P
was extended with the addition of a dictionary-lookup com-
ponent and some additional filtering rules.

Note that the NLP pipeline (Fig. 1) is a common pre-proc-
essing step for many biomedical IE tasks, not specific to
phosphorylation. With the appropriate set of semantic types
as well as the right level of abstraction of input text, this
pipeline is suitable as preprocessing for extracting PTM
information in general.

3.2 IE Based on Syntactic Arguments

In RLIMS-P, the IE mechanism is invoked by the presence of
trigger words, which are selected keywords commonly found
with phosphorylation information. The major trigger words
in RLIMS-P include the word ‘phosphorylation’, its verbal
forms (phosphorylate, phosphorylates, phosphorylated,
and phosphorylating), and its adjectival forms (phosphory-
lated and phospho-).

In the basic IE mechanism of RLIMS-P 2.0 (the pattern
matching component in Fig. 1), target entities are sought
among the arguments of a trigger word. This mechanism is
implemented as matching of patterns using lexical, syntac-
tic, and semantic constraints. A detailed pattern specifying
a phosphorylation mention can be precise in extracting tar-
get entities, but a large collection of near-redundant pat-
terns is required to achieve good pattern coverage. A major
cause of the redundancy is due to the combinations of pat-
tern variations. Consider the two patterns below with text
snippets that they match:

� NPtype¼protein,role¼kinase VGhead¼“phosphorylate”,voice¼active

NPtype¼protein_part,role¼site

“Src phosphorylates Tyr284 . . .” [PMID17440088]
� NPtype¼protein,role¼kinase VGhead¼“phosphorylate”,voice¼active

NPtype¼protein,role¼substrate

“CaMKII d phosphorylates titin . . .” [PMID 23220127].
Here, NPtype¼protein,role¼kinase, for example, represents a noun
phrase of type protein, whose role in the phosphorylation
event is a kinase. In this notation, a pattern to be matched
(e.g., NPtype¼protein) and a role to be identified (e.g.,
role¼kinase) are conflated to save space. Now, imagine a
case where the subject is a relative pronoun, e.g., “which
phosphorylates . . ..” As this variation is possible for both
patterns above, each of the two patterns may be duplicated
and modified. Now we have four patterns with a fair over-
lap. If we multiply patterns in this manner, the number of
patterns can quickly explode.

As the first step to alleviate this situation, each IE pat-
tern is designed to extract one target (i.e., trigger-kinase,
trigger-substrate, or trigger-site), instead of aiming to
extract all the target entities present. This design is possi-
ble as the extraction of any target is generally indepen-
dent from each other. This mechanism significantly eases
the creation and maintenance of IE patterns. Under this
new design, in the previous example, we would have one
pattern for the kinase (trigger-kinase), two patterns for
the substrate (trigger-substrate). Combinations of these
patterns effectively cover different situations. Given the
previous example of a relative pronoun (“which phosphor-
ylates . . . ”), a new trigger-kinase pattern can be added to
the collection without modifying the existing patterns,
and the resulting collection covers more situations
through pattern combinations

The second step in simplifying IE patterns was to focus on
the two arguments, agent and theme, where a substrate or a
site (part of substrate) can serve as the theme. To illustrate
our approach centered around this notion, let us consider an
example outside the biology domain-–a case of a glass that is
part of a window. The glass and the window can appear in
similarwayswith a verb like “break”, e.g., “I broke the glass”
and “I broke the window.”When it can be inferred from con-
text that “the glass” is part of “the window”, then the former
can be said to imply the latter. Anyway, the main point is
that the two words can be used in similar ways with respect
to the verb “break.” This example underlies our approach of
treating either a site or a substrate as the theme of the predi-
cate “phosphorylate”. In simplified patterns, we do not dif-
ferentiate the site and the substrate, and call them theme
arguments of phosphorylation. Based on the argument type,
we can decide later whether an entity extracted as a theme is
a site or a substrate. In the case of phosphorylation, the agent
argument is generally taken to be a kinase.

With the above two changes, IE patterns are now simpli-
fied for two kinds of relations, <trigger, agent> and
<trigger, theme>. Each new pattern is anchored by one trig-
ger, and then one argument is sought. The key idea of the
new design is that each pattern can be created and main-
tained separately, while their combinations can effectively
cover the triplet <trigger, agent, theme>. Examples of sim-
plified patterns are shown below

Theme patterns:

� VGhead¼“phosphorylate”,voice¼active NPtype¼{protein,protein_part},

role¼theme

� NPtype¼{protein,protein_part},role¼theme VGhead¼“phosphorylated”,

voice¼passive

Agent patterns:

� NPtype¼protein,role¼agentVGhead¼“phosphorylate”,voice¼active

� VGhead¼“phosphorylated”,voice¼passive byNPtype¼protein,role¼agent

As stated earlier, a theme is a substrate if it is a protein, and
a site if it is a protein part. An agent is a kinase if it is a
protein.

Readers might notice that for a sentence like “Src phos-
phorylates Tyr284 in TGF-beta type II receptor”, only the
kinase (agent), “Src”, and the site (theme), “Tyr284”, are
extracted with these patterns. The extraction of the substrate
in this case will be handled separately by linking relations,
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as discussed later in Section 3.4. The set of lexico-syntactic
patterns discussed in this section can be found on the
RLIMS-P website at http://proteininformationresource.
org/rlimsp/.

Lastly we note that the extraction mechanism based on
trigger-argument as well as the techniques to simplify it are
applicable to extraction of PTM information in general
because the underlying ideas are not specific to the case of
phosphorylation, e.g.,

� “PCAF acetylates cdk2 at lysine 33” [PMID 19773423]
� “Parkin is ubiquitinated by Nrdp1” [PMID18541373]
� “Glycosylation of Ser-16 is negatively affected”

[PMID10187769].

3.3 IE with Extended Patterns

So far, we have discussed the situations where the agent or
theme appears in a particular syntactic argument position
with respect to the trigger. However, consider the sentence

“LMP1activated NF-kappa B via phosphorylation”
[PMID11780335].

As for the trigger word, “phosphorylation”, in this expression,
we argue that its arguments are omitted here because they
are shared with the preceding predicate “activated.” It is
awkward for the authors to write “LMP1 activatedNF-kappa
B via phosphorylation of NF-kappa B by LMP1.” In other
words, these trigger words following via, and similarly by,
upon, after, through, etc., appear to have elided arguments.
Note that the same argument can hold for some variants of
this expression, e.g., “activation of NF-kappa B by LMP1 via
phosphorylation.” There is a similar, but slightly different
case for the trigger in the gerund form, e.g., “. . . by phos-
phorylating . . ..” In this case, the theme element is usually
mandatory, but the agent (kinase) is not present. In all these
cases, the arguments involved in the phosphorylation event
are inferable in the local context, and they can be extracted
with patterns.

We have examined trigger occurrences falling in this
class, and based on our observations, we generalized them
as a new class of patterns. The following examples show a
few of the patterns in this new class.

a) NPhead¼{“activation”,”inhibition”,. . .} of NPtype¼protein,role¼theme

{by, via, upon, after, through} NPhead¼“phosphorylation”

“. . . inhibition of GSK3b by phosphorylation”

[PMID21837363]

b) NPtype¼protein,role¼theme VGvoice¼passive,head¼{activate,inhibit,. . .}

{by, via, upon, after, through} NPhead¼“phosphorylation”

“. . . the GEF is inhibited upon phosphorylation”

[PMID23378025]

c) NPtype¼protein,role¼agent VGvoice ¼ active,head¼{activate,inhibit,. . .}

NPtype6¼protein {by, via, upon, after, through}

VGhead¼“phosphorylating” NPtype¼{protein,protein_part},role¼theme

“p38 MAPK negatively regulates the proteasome activity by

phosphorylatingThr-273 . . .” [PMID10074427].

These phenomena observed for the phosphorylation are
common to other predicates pertaining to PTMs and the pat-
ternsmined for phosphorylation can be generalized, e.g.,

� “. . . regulation ofGATA-2 by acetylation.” [PMID15001660]

� “JosD1, a membrane-targeted deubiquitinating enzyme, is

activated by ubiquitination and . . .” [PMID23625928]

� “. . . the histone methyltransferase Dot1mediates global genomic

repair bymethylating histone H3” [PMID21460225].

3.4 IE Enhanced by Linking Relations

Even when an argument of a trigger word is found, it may
not be the name phrase expected in the IE task, and its iden-
tity may be stated elsewhere in the text. One obvious case is
an anaphoric expression, such as “this protein is phos-
phorylated.” The reference needs to be resolved in order to
identify an appropriate entity mention in this case. Once the
anaphoric expression and the antecedent phrase are linked,
then this linking relation can be used to associate the trigger
with the appropriate target entity. In RLIMS-P 2.0, we gen-
eralize this idea to include three other linking relations:mem-
ber-collection, identity, and part-whole relations. In all these
cases, we expect that the phrases extracted by the trigger-
argument patterns do not provide appropriate entity
names. Instead, phrases linked from them through these
relations do. So the trigger-argument relations together
with the linking relations can finally associate the trigger
with the target mentions. In RLIMS-P 2.0, the modules for
the extraction of the different linking relations of the basic
phosphorylation IE relations operate independently of each
other. In the following sections, we first discuss different
kinds of phrase linking relations considered in the system
and then describe the process to integrate them for informa-
tion extraction.

3.4.1 Member-Collection

Given a trigger in text, a phrase at the argument position
may refer to a class or group of proteins, while a specific
protein belonging to that class/group may be mentioned in
the nearby context. Unlike the anaphoric relation, specific
instances (members) typically follow the mention of a class
or group (collection). Currently, we find such relations by
the use of keywords like “include” and “such as.” Below is a
typical pattern for extracting member-collection relations:

� NPtype¼x,role¼collection such as NPtype¼x,part,role¼member

“phosphorylation of stress-activated signaling proteins, such as

c-Jun N-terminal kinase (JNK) and/or p38 mitogen-activated pro-

tein kinase (MAPK).” [PMID21310627].

In this example, “JNK” and “MAPK” (members) are linked
from the phrase “stress-activated signaling proteins” (collec-
tion), which is also the argument of the trigger word
“phosphorylation.” Putting together these pieces of informa-
tion, “JNK” and “MAPK” can be extracted as substrates.
Note that the trigger-argument relation (“phosphorylation”
of “stress-activated signaling proteins”) and the member-col-
lection relation (“stress-activated signaling proteins” include
“c-Jun N-terminal kinase and/or p38 mitogen-activated protein
kinase”) are extracted independently and the extraction pat-
terns are developed and managed independently.

3.4.2 Identity

In some cases, the entity is ambiguously stated in one place,
but may be clearly named in another place. Below is a pat-
tern to identify such an instance and an example snippet

� NPtype¼x,role¼entity1 VGhead¼“identified”,voice¼passive as
NPtype¼x,part,role¼entity2
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“p130 Crk-associated substrate (Cas)entity1, a putative
c-Src substrate, was originally identified as a highly
phosphorylated proteinentity2” [PMID10480886].

In this example, the entity referred to as “a highly phosphory-
lated protein” is “p130 Crk-associated substrate.” To extract this
relation using the pattern-based approach in RLIMS-P, an
appositive phrase, “a putative c-Src substrate”, can be over-
looked after sentence simplification [36], i.e., a sentence
without the appositive is first generated. Then, the relation
between the two phrases can be identified by a rather sim-
ple pattern, triggered by the keyword “identified.” With
this relational information, “Cas” can be linked with the
immediate theme phrase, and eventually extracted as a sub-
strate in the reported phosphorylation event. We note that
extraction of this relation, which we call “identity” relation,
is independent of extraction of trigger-argument relations
or any other linking relations.

Apart from the explicit keyword “identity” used in the
example above, we also extract abbreviations and their
corresponding expanded phrases from parenthetical
expressions and other selected constructions, such as those
involving “is”, as shown below:

� “The site1, identified as Ser378, is also the site2 of phos-
phorylation” [PMID8491187].

Here, the immediate argument of the phosphorylation
trigger, “the site2”, is first linked with “The site1.” Note
that this relation can be readily identified, triggered by
the keyword “is”, because the clause, “identified as
Ser378”, can be overlooked during pattern matching, sim-
ilar to the aforementioned appositive case. Meanwhile,
given this clause similar to the appositive configuration,
the phrase “The site11” is known to refer to “Ser378.”
Putting the information together, “Ser378” is extracted as
the site of phosphorylation.

3.4.3 Part-Whole

In the new way of specifying extraction patterns in
RLIMS-P 2.0, there is a need for an additional mechanism
to link a detected site (part) with a corresponding sub-
strate (whole) or vice versa. In fact, detection of the part-
whole relation is desirable as a generic mechanism in
order to extract remotely stated substrate and site. As for
part-whole relation, we focus on relation between protein
parts (e.g., a residue and a region), and that of a protein
part and a protein (e.g., a residue/region and a protein).
These relations may be found inside a noun phrase or
between noun phrases

� Ntype¼protein,role¼whole Ntype¼protein part,role¼part

“ICAM-1whole Tyr518part” [PMID21474822]
� NPtype¼protein,role¼whole VGhead¼{“contains”,”have”,. . .},voice¼active

NPtype¼protein_part,role¼part

� “AMPKwhole contains a glycogen-binding domainpart”

[PMID21067629]

� NPtype¼protein_part,role¼part {at, in, on, of} NPtype¼protein,role¼whole

“. . .phosphorylates Tyr284part in TGF-beta type II receptorwhole
. . . “ [PMID17440088].

The new approach requires the processing of all the
site-protein mentions in the document, regardless of the
trigger presence. In fact, this is a better way of associating

a detected phosphorylation site with a remotely men-
tioned substrate because it reduces the reliance on ad hoc
heuristic rules.

Once a relation between a residue position and a protein
is known (e.g., in the latter example “Tyr 284” belongs to
“TGF-beta type II receptor”), whether from a phosphorylation
event mention or from any other instances (e.g., “the muta-
tion of Tyr284 in TGF-beta type II receptor”), such associations
can be remembered throughout the same document and
any of the position mentions can be associated with the cor-
responding protein name when it is not stated locally.

Since these linking relations are general, the technique
can be used for extracting different types of PTM other than
phosphorylation. The example sentence below shows that
the relations would be useful also in extracting other PTM
types, e.g.,

� “Ubc9 can sumoylate targets such as RanGAP”

[PMC3025465]

� “The methylated protein was identified as PP2Ac”

[PMC2278024]

� “acetylation at Lysine-14 in the N-terminal tails of the nucleoso-

mal protein histone H3” [PMID 16197509].

3.5 Integration of Relations

After patterns for all relations are applied, pieces of the
independently extracted information are integrated for each
trigger (see Fig. 1). The integration procedure involves
assembly of immediate argument phrases for a trigger
(agents and themes), traversal of the linked phrases starting
at the immediate arguments, and extraction of actual target
entities (kinase, substrate, and site). To illustrate the integra-
tion procedure, we will use the following example again:

� “Src phosphorylates Tyr284 in TGF-beta type II receptor . . . “

[PMID17440088].

The immediate arguments extracted for the highlighted
triggers are “Src” (agent) and “Tyr284” (theme). The agent
is of the Protein type and is recorded as the kinase. As for
the theme, the phrase is of the Protein Part type, and the
amino acid type and the residue position are extracted,
Tyrosine at position 284. Meanwhile, as noted before,
a part-whole relation has been established between
“Tyr284” and “TGF-beta type II receptor.” The integration
process connects “Tyr284” with the phrase known to be
its whole, “TGF-beta type II receptor”, and identifies that
protein as the substrate. This integration process is facili-
tated by traversing the part-whole link. Similarly, if a
phrase extracted as an argument is an anaphor (see the
introductory paragraph of Section 3.4) or if it is in an
identity relation with another phrase (see Section 3.4.2),
such links traversed to extract phrases referring to the
same entity. Linking relations between two phrases are
extracted independently of each other and independently
of trigger-argument relations. They are used to connect
phrases with multiple links away (e.g., see Section 3.4.2).
The integration process involves appropriate traversal of
links (e.g., part ! whole, but not whole ! part) in order
to identify all the candidate phrases. From the candidate
phrases, site information (amino acids and/or their posi-
tions) or protein names are extracted.
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The extraction of part-whole relations has been studied
in the field [37], [38], including a case in the context of IE
[39]. Compared to the existing studies, the mechanism we
propose in this paper extracts and uses various relations in
a knowledge-intensive manner, where we review and ana-
lyze each individual relation type and use it for a specific IE
purpose, e.g., within the same document, a site-protein rela-
tion (residue position-protein) extracted in one place is
remembered and referenced later to infer the protein name
from the same residue position.

3.6 IE Using Context-Based Features

One of the unique characteristics in RLIMS-P was IE beyond
local contexts [8]. For example, see the following example,
in particular the second trigger “phosphorylation2.”

“We also show that stimulation of HeLa cells with the
phorbol ester TPA enhances phosphorylation1 of
PTP1B. [. . .] The site, identified as Ser378, is also the
site of phosphorylation2 by protein kinase C (PKC) in
vitro.” [PMID8491187]

For the second trigger, besides the kinase “protein kinase C”,
the site phrase “Ser378” can be extracted using the phrase
linkage in RLIMS-P 2.0, but not the substrate. Now that the
phosphorylation site is detected, there must be a substrate
protein in the context, and it should be sought in the docu-
ment. There is, however, no local context pattern that could
associate the current trigger with the substrate, which is
“PTP1B.” RLIMS-P 1.0 implemented heuristics rules to
tackle the situation where the substrate appears in a sen-
tence different from the one with the trigger and the site.
RLIMS-P 2.0, instead, uses simple features (the notion of fea-
tures as in machine learning) where these features try to
capture the same underlying ideas behind the first version’s
heuristic rules. Our hypothesis is that if a substrate is not
stated as an argument of the trigger and, hence, not
extracted by a pattern, the substrate protein must be one
currently in focus. This is because the phosphorylation site
alone would not be reported by the authors unless the sub-
strate protein is already known to the readers and this must
be clear to the readers that the reported site belongs to that
protein. We selected features that help identify the substrate
protein in focus.

The features currently considered in the system include

� Is the candidate already extracted as a substrate for a
preceding trigger? For example, in the previous
example, the candidate “PTP1B” in the first sentence
would have been extracted as a substrate when we
consider the trigger in the second sentence.

� Does the candidate appear in the title or the first sen-
tence of the abstract? For example, “PTP1B” appears
in both the title and the first sentence in the abstract.

� Is the candidate repeatedly mentioned in the abstract
and, if so, is it frequentlymentioned in the document?
For example, in this abstract “PTP1B” is repeated
11 times, and it is themost repeated protein name.

� Does the candidate appear in the same sentence?
For example, for the second trigger in the example,
no candidate appears in the same sentence, and this
feature does not apply (no candidate for the second
trigger can have this feature being “yes”).

� Is the candidate the subject of the clause in the
matrix sentence of the form: “We {found, discov-
ered, show, . . .}”? For example, one mention of
“PTP1B” in the abstract is found as “We show that
PTP1B is [. . .]” in the abstract.

As shown above, these features are essentially the proper-
ties indicative of the discourse focus in the given document.
In the above example, the entity “PTP1B” is extracted as the
substrate for the clear emphasis on this entity throughout
the abstract.

This extraction of features was developed with a machine
learning approach in mind. However, compared to the
number of instances addressed by the rule-based method,
the number of instances targeted by the feature-based
approach was small. Observing that the current features
could be predictive of the target individually and indepen-
dently, we decided to weight them equally in our feature-
based method, instead of preparing costly training data for
machine learning. Specifically, given candidate phrases, one
that satisfies more conditions that are described above as
features is selected in the final output.

We also use the feature-based approach when the sub-
strate is extracted by a pattern, but the site cannot be. We
do not look for the site across sentences, and consider only
when there is a site(s) in the same sentence as the trigger.
The features in this case included determining whether
the candidate site is known to be a part of any protein
(based on the part-whole relations extracted as discussed
in Section 3.4.3); whether the site is mentioned in the sub-
ject position within the sentence; whether the sentence
mentions that the site has been mutated (detected with
simple patterns).

3.7 IE from Full-Text Articles

Since abstracts of articles need to be succinct, authors may
choose not to report all the phosphorylation events or they
may only report substrates without stating sites and/or
kinases. Our goal in mining full-text articles is to extract
rich information beyond what is reported in abstracts.

In order to extract phosphorylation information from
full-text articles, the basic, extended patterns and patterns
for linking relations do not need to be changed. However,
the feature-based extraction across sentences will require
attention. This is because the methods are essentially based
on the hypothesis that, when an expected entity (substrate
or site) does not appear in the local context of a trigger, it
must be an entity currently in focus that can be readily iden-
tifiable by readers.

The concept of focus and the identification of the focused
entity relies on the notion of the discourse and the scope of
the focus [40], [41], as the focus changes at the discourse
boundaries. In case of MEDLINE abstracts, it is reasonable
to assume that each abstract is a self-contained unit in which
the focus does not change. Clearly, a full-text article has
many such units. Through our close examination of full-text
articles, we came to find that even a single section, like
Results, is too large as a discourse unit for applying RLIMS-
P as each section covers multiple topics and entities and,
therefore, the focus changes within the section. We found
sections of selected sections, in particular those of Results,
Discussion, and Conclusion, form appropriate discourse
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units, since each of these sections typically focuses on one
aspect of the authors’ finding.

Using sections as discourse units, we have adapted
RLIMS-P to full-text articles in a straightforward manner.
We treat each section as an “abstract” and reformat them
accordingly for application of the system. A section title is
treated as an “abstract” title. Now the context-based fea-
tures and associated rules can be applicable to full-text
articles, which are provided as a collection of “abstracts”
(the re-formatting module in Fig. 1).

4 RESULTS AND DISCUSSION

4.1 BioNLP-ST GE Corpus

Extraction of phosphorylation information has been consid-
ered in the BioNLP-ST GE shared task. To evaluate RLIMS-
P 2.0, we use the online evaluation system that has been
made available by the BioNLP organizer. Compared to 2009
and 2011 BioNLP-ST corpora, the corpus prepared for the
2013 task was annotated with a new role, the cause of phos-
phorylation. The cause could be any entity involved in an
upstream event or even such an event. Extraction of causes
was included in the core task of the GE task, along with
extraction of substrates and triggers. Although RLIMS-P
was not developed to extract upstream entities or events, it
was evaluated in the core task for the arguments it
extracted, and also in the optional task for phosphorylation
sites. There are a few differences observed in the annota-
tions of the BioNLP corpus and the design of RLIMS-P,
focusing on the curation of phosphorylation information.
For instance, RLIMS-P is designed not only to extract indi-
vidual proteins as kinases or substrates, but also to report a
protein family name, when appropriate. Additionally, it has
a negation filter that avoids detection of phosphorylation
event in the scope of a negation. To conform to the BioNLP
task settings, some of these functionalities in RLIMS-P 2.0
were disabled during the evaluation.

The results of RLIMS-P 2.0 on the 2013 BioNLP-ST GE
test corpus are shown in Table 1. The first row gives the per-
formance for the core task. The F-score of 0.8679 improves
upon the previous top F-score of 0.8148 in the 2013 GE task.
In fact, both precision and recall of RLIMS-P 2.0 exceed
the corresponding scores of any of the top five systems
(ranked by F-scores) in the 2013 BioNLP-ST GE task. The
second and third rows show the results specifically for the
trigger-substrate and -site, respectively. Again these results
exceed the performance of the systems from 2013 GE task,
and particularly notable is the F-score of 0.8588 on trigger-
site extraction, improving upon the previously reported F-
score of 0.5120.

4.2 In-house MEDLINE Corpus

4.2.1 Motivation of the New Phosphorylation Corpus

To thoroughly evaluate a phosphorylation IE system, a cor-
pus covering a wide variety of expressions in terms of phos-
phorylation events is expected. The data sets used in the
BioNLP-ST GE task include abstracts and also paragraphs
from full-text articles. Expressions used in the corpus, how-
ever, could be limited due to the specific focus of the corpus
(e.g., the abstracts in the 2011 corpus were retrieved using
the search terms “human”, “blood cell”, and “transcription
factor”). As seen in the study by Landeghem et al. [27], the
selection of the corpus could have a significant impact on
the performance of biological event extraction systems,
including performance on phosphorylation events. In our
prior work [11], we evaluated RLIMS-P 2.0 on the 2011 GE
corpus. We further examined the evaluation results and
analyzed the patterns pertaining to phosphorylation events
in the 2011 GE corpus as detailed in Section 4.2.4. We
believe the limitation observed in the 2011 GE corpus is
applicable to the 2013 corpus as well, since the 2013 was
also compiled with a specific focus (articles selected for the
2013 GE corpus were retrieved from PubMed Central using
the keywords “NFkB”, “pathway”, and “regulation”). The
number of articles annotated in the 2013 corpus is limited
(e.g., 14 articles were annotated as the test set). Notably,
while the new role, cause, is annotated for phosphorylation
events in the 2013 corpus, there are few instances annotated
in the corpus.

The goal in our project and the requirement for RLIMS-P
is to support the database curation of phosphorylation
information. For instance, curation of kinases as well as sub-
strates and sites is important in our practical goal. The GE
corpus with a specific biological focus and different annota-
tion criteria is limited for our goal of developing and evalu-
ating a phosphorylation IE system to support biocuration.
We felt it would be desirable to have a corpus with a wider
coverage of focus and patterns. For these reasons, we
decided to create an annotated corpus, consisting of diverse
MEDLINE abstracts, specifically for phosphorylation infor-
mation extraction. In the next section, we describe the devel-
opment of this in-house corpus.

4.2.2 Preparation of the Corpus

In order to obtain different types of textual forms of phos-
phorylation mentions, we collected and annotated three dif-
ferent kinds of MEDLINE abstract sets, with a focus on
kinase, substrate, and site, respectively. The set focusing on
kinases was compiled by sampling abstracts pertaining to
kinases. To that end, PAK1, PAK2, and PAK3 proteins were

TABLE 1
Evaluation Results on 2013 BioNLP-ST GE Test Corpus

RLIMS-P 2.0 2013 BioNLP-ST

Precision Recall F-score Highest F-score

Core task (trigger, substrate, and cause) .8625 .8734 .8679 .8148
Theme –Phosphorylation (trigger and substrate) .8875 .8987 .8931 .8395
Site-Phosphorylation (trigger and site) .8690 .8488 .8588 .5120

Precision ¼ True Positives/(True Positives þ False Positives), Recall ¼ True Positives/(True Positives þ False Negatives), F-score ¼ 2 � Precision � Recall/
(Precision þ Recall).
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selected, and MEDLINE abstracts referring to these proteins
and containing phosphorylation triggers were collected.
Similarly, the set focusing on substrates was compiled by
sampling abstracts pertaining to AXIN1, CTNB1, and
EFI4EBP1. In order to collect abstracts rich in phosphoryla-
tion site mentions, PMIDs referenced in the records of Phos-
pho.ELM database were sampled, and the respective
MEDLINE abstracts were retrieved.

For the kinase, substrate, and site collections, 45, 45, and
60 abstracts, respectively, were randomly selected. These
abstracts were annotated by two expert curators. Annota-
tion criteria have been discussed and developed over an
additional collection of abstracts prior to the annotation of
these evaluation sets. Annotation discrepancies found on
the evaluation corpora were discussed by the curators and
they were resolved jointly.

4.2.3 Evaluation Results

The evaluation results can be found in Table 2. The overall
performance on the in-house MEDLINE corpus was compa-
rable with that observed on the BioNLP-ST GE corpus for
both substrates and sites.

The system performance appears to differ within the
three sets of the in-house corpus (kinase-based, substrate-
based, and site-based). In particular, extraction of kinases in
the substrate-based set lagged behind (F-score of 0.76). This
could be attributed to the fact that there were only a small
number of kinases annotated in the substrate-based set and
the resulting measure could have a high variance, i.e., 21
kinases annotated in the substrate-based set, as opposed to
132 and 157 kinases annotated in the kinase-based and site-
based corpus. The high F-score for site extraction on this set
(0.99) may be explained, at least in part, for the same reason,
i.e., 42 sites annotated in the substrate-based set, as opposed
to 80 and 225 sites annotated in the kinase-based and the
site-based corpus. The skewed distribution across the three
sets shows the significance of sampling different kinds of
documents when evaluating phosphorylation IE systems,
and developing systems as well.

4.2.4 Comparison of the Corpora

We analyzed our in-house abstract corpus and compared it
with abstracts in the training corpus of the BioNLP GE task
(therefore, abstracts used in the 2009 and 2011 GE task). The
following differences were observed:

� In the GE corpus, 31 percent of triggers annotated
with substrates are also annotated with sites. Few

instances among them are annotated with posi-
tions, in addition to amino acid types. In the
training corpus, nine triggers were annotated with
positions (21 percent of the triggers annotated
with the sites). In contrast, in the in-house corpus,
46 percent of triggers are annotated with sites,
and 78 percent of them involve site positions (289
triggers).

� In the GE corpus, there are only six triggers (4 per-
cent), for which the substrate is not in the same sen-
tence as the trigger. In five of these cases, however,
anaphoric expressions referring to the substrates (in
the previous sentences) do appear in the same sen-
tence as the trigger. This motivated some partici-
pants in the GE task to focus only on relations
reported within a sentence [42]. In the in-house cor-
pus, cross-sentence relations (not including ana-
phoric expressions) are more frequently annotated.
For example, they constitute 15 percent of trigger-
substrate relations in the site-focused set, e.g., “These
results indicated that the phosphorylation of serine 202
was necessary” [PMID 15133036] where the phosphor-
ylation site “serine 202” is known to belong to GFAT2
from a preceding sentence (“The protein sequence
around the serine 202 of GFAT2 was . . .”).

� In the GE corpus, majority of trigger-argument rela-
tions for phosphorylation events can be captured by
using just a handful of patterns. For instance, assum-
ing phrase coordination and anaphoric relations are
properly handled, five major patterns could cover
90 percent of trigger-substrate relations in the train-
ing corpus. These five patterns are:
- phosphorylation of <substrate>
- <substrate> phosphorylation
- <substrate> (be) phosphorylated
- phosphorylate <substrate>
- phosphorylated (form of) <substrate>.

In the in-house corpus, these five patterns only
cover about 55 percent of the relations, and the rest of
the relations require more patterns or different
extraction techniques discussed in this paper, includ-
ing extraction of implicit relations (“. . . by phos-
phorylation”), linking relations, and feature-based
extractions (focused entities in the discourse).

These observations support our belief that the in-
house corpus might better serve the purpose of training
and evaluation of phosphorylation IE systems than the
BioNLP-ST GE corpus.

TABLE 2
Evaluation Results on the In-House Corpora

Kinase Substrate Site

Prec. Rec. F-score Prec. Rec. F-score Prec. Rec. F-score

MEDLINE (abstract) corpus Kinase-based .96 .90 .93 .97 .93 .95 .94 .95 .95
Substrate-based .68 .88 .76 .95 .90 .93 1.0 .98 .99
Site-based .92 .92 .92 .94 .88 .90 .97 .93 .95
Total .91 .91 .91 .95 .89 .92 .96 .94 .95

Full-text corpus .88 .88 .88 .93 .89 .91 .94 .91 .92

Prec.: Precision¼ True Positives/(True Positivesþ False Positives), Rec.: Recall¼ True Positives/(True Positivesþ False Negatives), F-score¼ 2 � Precision�
Recall/(Precision þ Recall).
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4.3 In-House Full-Text Corpus

One of the goals in redesigning the RLIMS-P system was
to adapt the system to full-text article mining. Apart
from the low-level text processing implemented, we
facilitate mining of phosphorylation information by treat-
ing each article section as a separate document, just as
the MEDLINE abstract. Writing styles in the full-text
articles, however, can be different from those in abstracts
[43] and that might affect the performance of RLIMS-P.
To evaluate the system in processing full-text articles,
we prepared an annotated full-text corpus for our earlier
work [11]. We report the development of this corpus,
and include the RLIMS-P 2.0 evaluation results on this
corpus (Table 2).

4.3.1 Preparation of the Corpus

A collection of sections derived from 100 full-text articles
has been prepared. These articles were sampled among
the document set originally compiled for the BioCreative
III Interactive Text Mining (IAT) Task [44]. Abstract,
Results, Discussion and Conclusion sections containing
(potential) trigger words were extracted for annotation.
The annotation is restricted to these sections because we
are interested in capturing facts from experimental
results for the database curation purpose. The resulting
collection consists of 264 sections. The corpus was anno-
tated by two expert curators, and any discrepancies in
the annotation were discussed and resolved. We believe
this corpus would be a useful resource in the field as it
consists of a large number of diverse documents and tar-
get entities, compared to the 2013 BioNLP-ST GE corpus.
Again, like with the in-house abstract corpus, it is anno-
tated for substrate, site and kinase.

4.3.2 Evaluation Results

The evaluation results are shown in Table 2. The perfor-
mance on substrate was comparable with those obtained on
MEDLINE sets, although the performance for kinase and
site dropped a little.

The slight decrease in performance for site is likely due to
the less constrained writing in full-text articles, including
uncommon and/or more complex expressions, e.g., “Tyr402
and ERK1/2 phosphorylation” where a site belonging to a par-
ticular protein is syntactically coordinated with another
protein or “the phosphorylation-deficient mutant at S369-S373-
S377 [. . .] mutations at the other four phosphorylation sites”
where the coreference resolution necessary for the site men-
tion is difficult (finding five sites and then excluding a spe-
cific site at “S369-S373-S377” to report the remaining four).
The decreased performance for kinase can also be attributed
to the similar diversity in expressions.

4.4 Large-Scale Text Mining

We ran RLIMS-P 2.0 on all the abstracts from the MEDLINE
database as well as all the full-length articles from the PMC
OA database. These results are stored in our local database
for efficient retrieval and are being made publicly available
through the RLIMS-P website. In this section, we discuss
several aspects of the information extracted from these two
data collections.

4.4.1 IE from MEDLINE Abstracts

We have applied RLIMS-P 2.0 to all the abstracts (titles and
abstracts) available in the entire MEDLINE database (2013
MEDLINE Baseline Database released by National Library
of Medicine). As majority of the abstracts in MEDLINE do
not concern with protein phosphorylation, we first filtered
the abstracts based on the presence of selected trigger
words. The abstracts with the trigger words (about 1 per-
cent of the MEDLINE records) were processed with RLIMS-
P 2.0, and phosphorylation information (substrates) was
detected in over 150,000 abstracts with substrate proteins.
In 16 percent of these abstracts, phosphorylation site (with
positions) were detected, and in 23 percent of them, kinase
information was found.

4.4.2 IE from PMC OA Full-Text Articles

Our evaluation study on the in-house full-text corpus sug-
gests that there is rich information in the full-text article
body. In particular, we expected to find more detailed phos-
phorylation information, namely site and kinase informa-
tion in full-text articles. In order to verify this in a larger
sample of articles, we analyzed the entire PMC OA subset
containing 682,000 articles, downloaded in fall of 2013. After
filtering the input records based on the presence of trigger
words, we obtained a set of 78,000 articles. RLIMS-P 2.0
detected phosphorylation information in 45,000 articles. Of
over 300,000 tuples (tuples unique in each section) that
were found in those articles, 55 percent were detected in
the results/discussion sections. The remaining instances
were distributed in introduction/background (14 percent),
figure caption (12 percent), materials/methods (10 percent),
abstract (8 percent), and conclusion (<1 percent).

In those articles, RLIMS-P 2.0 detected 42,000 kinases,
each of which is unique in the article. As for phosphoryla-
tion sites, it reported 37,000 amino acids with positions,
each of which is unique within an article. Of them, 91 per-
cent were found in the bodies of the full-text articles, but
absent in the corresponding abstracts. In this regard, we
reviewed the full-text corpus annotated in-house and found
that there were 98 site mentions, including 61 unique posi-
tions. Among them, 75 percent are mentioned only in the
body of the full-text articles (i.e., Results, Discussion, and
Conclusion sections). This, as well as the observation on the
PMC OA subset, confirms the significance and the impact of
mining full-text articles for phosphorylation site informa-
tion. The results further suggest that full-text processing
would benefit mining of other types of information involv-
ing phosphorylation, such as the impact of phosphorylation
on protein-protein interactions [45].

On the PMC OA subset, we further investigated the sig-
nificance of mining information additionally from figure
captions. Notably, 20 percent of the detected sites were
found in the figure captions, where 24 percent of those were
extracted only from the figure captions.

5 CONCLUSION

In this work we designed an enhanced, generalizable
architecture of a rule-based IE engine, and implemented
it for phosphorylation IE in RLIMS-P 2.0. State-of-the-art
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performance was observed on the 2013 BioNLP-ST GE
test corpus for phosphorylation information. A second
contribution of this work was the creation of several
annotated corpora that can be used for training and eval-
uating phosphorylation IE systems. Our analysis revealed
the need for such corpora that cover a diverse range of
patterns of phosphorylation mentions. Three sets of MED-
LINE abstracts focusing on different aspects were com-
piled and annotated by expert curators. Additionally, a
large set of text collection from full-text articles was anno-
tated. RLIMS-P 2.0 show uniformly good performance
across these corpora, indicating that the system is robust
and it adapts well to phosphorylation IE from various
types of documents, including full-text articles.

Finally, RLIMS-P 2.0 was applied to the entire collec-
tion of MEDLINE abstracts and PMC OA full-text articles.
The results confirm that rich phosphorylation information
is available in full-text articles and RLIMS-P 2.0 can be
used to help curators retrieve and annotate the informa-
tion. A web interface to RLIMS-P 2.0 has been developed
[46] and made publicly available at the PIR website [47].1

All literature corpora are available at the PIR iProLINK
website as well.2

In summary, the current study demonstrates both the
good performance and scalability of RLIMS-P 2.0 for full-
scale mining of protein phosphorylation information in
abstracts and in full-text articles, enabling its adoption for
biocuration and for knowledge discovery [48], [49]. Indeed,
RLIMS-P 2.0 has been evaluated by curators from Phos-
phoGrid [49], Phospho.ELM [4] and Protein Ontology
(PRO) [2] in BioCreative Interactive Text Mining task [46],
[51], and it has been integrated into their curation work-
flows. The current work focuses on protein phosphorylation
information, but the IE pipeline employing the enhanced,
generalizable architecture can be readily ported to the
extraction of PTM types other than phosphorylation. We
are in the process of porting RLIMS-P for several other
PTM types, including acetylation, ubiquitination, methyla-
tion, and glycosylation.
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