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Word sense disambiguation is a key step for many natural language processing tasks (e.g. summarization,
text classification, relation extraction) and presents a challenge to any system that aims to process docu-
ments from the biomedical domain. In this paper, we present a new graph-based unsupervised technique
to address this problem. The knowledge base used in this work is a graph built with co-occurrence infor-
mation from medical concepts found in scientific abstracts, and hence adapted to the specific domain.
Unlike other unsupervised approaches based on static graphs such as UMLS, in this work the knowledge
base takes the context of the ambiguous terms into account. Abstracts downloaded from PubMed are used
for building the graph and disambiguation is performed using the personalized PageRank algorithm. Eval-
uation is carried out over two test datasets widely explored in the literature. Different parameters of the
system are also evaluated to test robustness and scalability. Results show that the system is able to out-
perform state-of-the-art knowledge-based systems, obtaining more than 10% of accuracy improvement
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in some cases, while only requiring minimal external resources.
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1. Introduction

The vast amount of unstructured textual information available
in the biomedical sciences has created the need for automatic sys-
tems to access, retrieve and process these documents [1]. However,
this is made more difficult by the range of lexical ambiguities they
contain, including different meanings of general terms or the dif-
ferent extended forms of acronyms and abbreviations. For example,
the word “surgery” may refer to the branch of medicine that applies
operative procedures to treat diseases, or to one of those operative
procedures. Also, the acronym “BSA” could refer to multiple expan-
sions such as “Bovine Serum Albuminum” and “Body Surface Area”.
There exist many different types of lexical ambiguity in biomedical
documents, which represents an additional challenge when per-
forming WSD in this domain [2]: words and phrases with more than
one possible meaning, abbreviations with more than one possible
expansion, or names of genes which may also contain ambiguity
when standard naming conventions are not followed (the names
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of more than one thousand gene terms are standard English words
[3D.

In this work, we present an unsupervised technique for
addressing the Word Sense Disambiguation (WSD) problem in
the biomedical domain. This technique, based on the mathe-
matical background developed in [4], relies on the creation of a
co-occurrence graph from a set of documents. This graph repre-
sents relations between pairs of words or concepts that appear
frequently in the same document. The contributions of this paper
are to introduce a novel graph-based approach for WSD in the
biomedical domain and, by evaluating it using datasets containing
arange of ambiguities, demonstrate that it outperforms alternative
approaches that do not make use of external knowledge sources.

The rest of the paper is organised as follows. Section 2 provides
background on different approaches to biomedical WSD found in
the literature. Section 3 describes the proposed system, detailing
the different steps involved in the disambiguation process. Eval-
uation is carried out using two datasets (see Section 4) with the
results described in Section 5. Finally, conclusions and future work
are found in Section 6.
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2. Previous work

Regardless of whether we refer to general or specific domains,
such as the biomedical one, it is commonly accepted in the lit-
erature [5,6,1] that most WSD algorithms fall into one of the
following categories: techniques that need labelled training data,
and knowledge-based techniques. The first category, also called
supervised techniques, usually applies machine learning (ML) algo-
rithms to labelled data to develop a model, based on features
extracted from the context of the ambiguous words. The devel-
opment of these features requires a comprehensive understanding
of the problem being addressed [7]. We can find many different
studies which address general WSD under this supervised point
of view, through the use of classical machine learning algorithms
[8], and in the last few years also adapting new techniques such as
word embeddings [9]. When it comes to the biomedical domain,
many works also belong to this category, making use of different
ML approaches to address the problem [10-13], although the bot-
tleneck caused by the scarcity of labelled resources remains a major
problem. Other semi-supervised works attempt to relieve this issue
by introducing “pseudo-data” to the training examples [14,15].

Knowledge-based methods use external resources as sources of
information for performing WSD. As it happens with supervised
methods, general WSD have been also addressed under this point
of view. In particular, graph-based techniques using WordNet [16]
as main knowledge base have been proved to present successful
results in this kind of tasks [17,18]. The dominant knowledge source
in the biomedical domain is the Unified Medical Language Sys-
tem (UMLS) Metathesaurus [19], which assigns a Concept Unique
Identifier (CUI) to each medical concept. These concepts are then
linked to other CUIs depending on the different relations between
them [20]. Some methods directly convert this database into a
graph [21], and use this graph for performing the disambiguation.
Other works directly use information from the UMLS database for
extracting additional information: In [22] second-order vectors are
created by extracting textual information about each of the possible
senses of an ambiguous term from UMLS. The method introduced
in [23] makes use of information from the UMLS database through
a statistical analysis. In this work, the knowledge base is used for
calculating the probability P(w;|c;), of finding a word w; in any of
the lexical forms related to a concept ¢;, or to concepts linked to it
in the database. Once that these probabilities have been found, the
most suitable CUI related to an ambiguous term found in a context
(typically, the abstract of a biomedical paper, as we will observe
in the definition of the test datasets) can be determined. For per-
forming this disambiguation, the authors apply a method similar
to Naive Bayes which makes use of the words in the contexts, and
those word-concept probabilities previously calculated, for ranking
the candidate CUIs for the ambiguous terms. Although this work
presents some similarities to our system (for example, the statisti-
cal treatment of co-occurrences), the source of knowledge used for
disambiguation is directly the UMLS database, while in our case,
we built our own knowledge base in an unsupervised way from a
corpus of biomedical documents.

Hence, and as we will explain later in more detail, the structured
knowledge source that we use in the disambiguation phase of our
method (the co-occurrence graph) is built automatically, exploit-
ing the UMLS database to convert text from the original document
set to medical concepts. However, this step can be seen as inde-
pendent from the disambiguation process itself. We do not make
use of any other external structured source of information in subse-
quent steps since the graph in which the disambiguation algorithm
relies is directly built from those documents containing medical
concepts. We will compare the results obtained by our system

with other state-of-the-art knowledge-based systems addressing
the same problem.

3. System description

The co-occurrence graph used by the approach presented here is
based on the hypothesis that documents are consistent, i.e., there
is a strong tendency for the concepts found in a document to be
related. Since this may not be true for all the concepts in the doc-
ument, statistical analysis is applied to identify those concepts in
documents that do not fulfill this hypothesis. In this analysis, only
those pairs of concepts frequently co-occurring in the same doc-
uments are linked in the graph. This technique for building the
co-occurrence graph has been previously used for general WSD
tasks, such as Cross-Lingual WSD [24], with successful results,
which suggests that a similar approach could also lead to compet-
itive results in domain-specific WSD. The proposed technique can
also be used for analysing the implications of including new poten-
tially useful aspects to the WSD task in the biomedical domain,
such as multilinguality [25]. In that work, information from multi-
lingual corpora is added to the co-occurrence graphs used in the
disambiguation process, for testing whether the use of smaller
multilingual corpora is able to achieve similar results than those
obtained through the use of big monolingual corpora.

Fig. 1 illustrates the complete system, which we have named
“Bio-Graph”: In part (a), we can observe the creation of the knowl-
edge base, which requires a preliminary annotation step. In this
step, the text of each of the documents in the original set is trans-
formed into medical concepts (UMLS CUIs). This new document set
is then used for building the co-occurrence graph, through the sta-
tistical analysis that will be detailed later on. Part (b) of the figure
represents the disambiguation of a test instance. In this process, the
ambiguous target term (represented by X in the figure) is located
in the text, and its possible senses (Xi, X, ..., Xp) are extracted
from a dictionary. Then, the text of the test instance is mapped onto
CUIs. With this information (CUIs from context and possible senses)
we can feed the co-occurrence graph and apply a disambiguation
algorithm that will select, among those possible solutions, the most
suitable sense of the ambiguous term in that context.

In this section, the annotation phase, as well as all the steps
involved in the disambiguation, are detailed.

3.1. Annotation

The first step in the creation of the co-occurrence graph is
to annotate the biomedical concepts that appear in the docu-
ments. These concepts will eventually become the nodes of the
co-occurrence graph which forms the knowledge base used by our
system. The annotation step consists in transforming the plain text
that can be found in the medical documents, into CUIs that repre-
sent equivalent medical concepts. This step could be carried out by
manual annotation, although in our case we perform it automati-
cally, through the Metamap program [26], which allows us to split
the text inside a document into phrases, and map each of those
phrases onto a set of UMLS CUISs. This program offers the possibility
of using a disambiguation server which helps the user to select a
candidate for each phrase in the text. We make use of this server
when annotating the documents that will be used for building the
document graphs. Only unsupervised methods have been selected
in the configuration of the disambiguation server, among those
provided by the Metamap program, in order to maintain the unsu-
pervised nature of the system throughout all the process, while
avoiding introducing too much noise to the co-occurrence graph.
A baseline containing the results obtained by the disambiguation
server considered in our experiments will be reported in subse-
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Fig. 1. Construction of the co-occurrence graph (part a) and disambiguation of a test instance (part b).

quent sections. As we will see, the quality of this disambiguation is
far from the results achieved in this work. We maintain the default
values for the rest of the configuration parameters when running
the Metamap program.

3.2. Graph construction

The annotation step provides a set of documents, each of them
containing a list of biomedical concepts represented by their UMLS
CUIs. The next step is to determine the statistical significance of
the co-occurrence of each possible pair of concepts inside this set
of documents. For this purpose, we define a null model in which
CUIs would be randomly and independently distributed among the
documents of a corpus. We then compare the actual co-occurrences
of each pair of CUIs against this null model (their probability of co-
occurrence by pure chance) and select those that present a high
statistical significance (low probability of being generated by the
null model). More specifically, we calculate a p-value p for the co-
occurrence of each pair of CUIs in our corpus. If p lies below a
threshold next to O, the co-occurrence is considered to be statisti-
cally significant, and hence those CUIs are considered to be related,
and linked in the graph.

We consider two CUIs c¢; and ¢, appearing in ny and n, number
of documents respectively (total number of documents is n). We
calculate in how many ways those CUIs could co-occur in exactly
k documents, by dividing the document collection in four differ-
ent types of documents: k documents containing both c¢; and ¢y,
ny —k documents containing only cq, n; — k containing only ¢, and
n—nq — ny +k containing neither c; nor c,. The number of possible
combinations is given by the multinomial coefficient:

N
1
<l<,n1—k,n2—l<> M

The probability of those CUIs exactly co-occurring k times by
pure chance is given by:

-1 -1
N N N
plk) = <n1) <n2) <I<,n1 —k, nz—k> 2

if max{0, ny +ny — N} <k <min{ny, n,} and zero otherwise.
To write Eq. (2) in a way that could be computationally more
convenient, the notation (a), =a(a—1)---(a—b+1) is introduced.

For any a>b, and without loss of generality, we assume that

ny >ny > k. Then,

(n1)e(n2)k (N = 111 ), e
(N, (K0

_ (m)e(m2) (N = 111)p, i

a (N)nz—k(N —ny+ k)k(k)k ’

where, in the second form, we used the identity (a), =(a)c(a — ¢)p_c,
valid for any a > b > c. Finally, Eq. (3) can be rewritten as

p(k) =

(3)

ny—k—1
o= T (1-5)
= (4)
1y —Jj)

H(N—nz+k— )k —j)

The following p-value p for the co-occurrence of two CUIs can
now be defined:

p=> plk), (5)

k>r

where r is the number of documents of our actual corpus in which
we can find c¢; and c; together. As we stated before, if p lies below
a determined threshold next to 0, the co-occurrence is statistically
significant and a link between c¢; and c; is created in the graph.
P-values of 0.01 and 0.05 are conventionally used when testing
statistical significance. We have used a p-value of 0.01 for all the
experiments described here. We also carried out additional analy-
sis of the behaviour of our approach when more restrictive p-values
are used (see Section 5.4). The weight of the link between two
nodes i and j can be quantified in a practical way by defining it
as w;j = log(po/pj;), where po is the selected threshold for the co-
occurrence graph and pj; is the p-value calculated using Eq. (5) and
defining r as the actual number of co-occurrences between nodes
i and j. Hence, the weight of the link will be proportional to the
order-of-magnitude difference between p and py.

It is important to notice that the approach described here has
the advantage that it does not assume that word frequencies are
normally distributed, unlike some alternative measures of lexi-
cal co-occurrence [27]. For example, a chi-squared method would
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assume data to follow a Gaussian distribution, which is not valid
for many cases, especially when the number of co-occurrences is
small. Our data only approximate gaussian for very large values,
so chi-squared would not be recommended in this case. Hence we
directly calculate how our actual data deviate from the null model
proposed.

3.3. Disambiguation

Once that we have built our co-occurrence graph, we need to
define a disambiguation algorithm. This algorithm will allow us to
determine the most suitable sense (CUI) of an ambiguous concept
(acronym or term) given its context, among all the possible senses
provided by a dictionary. In other general WSD tasks, the selection
or construction of this dictionary is a key point for assuring the good
performance of a system [28]. In this particular task, the dictionary
that contains the possible senses of every target word is publicly
available.

The disambiguation algorithm that we have selected for per-
forming this last step is the Personalized PageRank algorithm,
initially introduced in [29]. This algorithm is based on the PageR-
ank algorithm [30] which has been successfully applied to WSD
tasks [31]. The PageRank algorithm is used over a graph for rank-
ing the importance of each of its nodes. It is based on the relative
structural importance of each node of the graph, represented by
its incoming and outgoing edges. The algorithm models, for each
node, the probability of a random surfer over the graph ending on
it. PageRank values for the whole graph can be calculated through
the following formula:

P=cMP+(1-c), (6)

where P is the vector that contains the PageRank values for each
node, c is a constant called “damping factor” usually set to 0.85, M
is the matrix containing the values of the out-degrees of the nodes
and v is a N x 1 stochastic vector, being N the number of nodes
in the graph. In this work, we will maintain the default value of
the damping factor, this is, c=0.85. Hence, the first element of the
formula represents the movement of the random surfer between
connected nodes, and the second one its probability of teleporting
to any node without following the edges of the graph. By means
of v, the probability of randomly jumping into a node of the graph
can be distributed among the nodes of the graph in different ways.
The Personalized PageRank approach makes use of this vector v
for assigning higher probabilities to specific nodes of the graph.
These probabilities will then spread along the graph, resulting in
higher PageRank values for those nodes more influenced by the
initial nodes highlighted in v.

In this case, the nodes that will be powered up in vector v are
those that represent CUIs that appear in the context of the target
concept we want to disambiguate. Hence, before performing the
disambiguation step, we need to convert the plain text of each test
instance onto the set of CUIs that represent all the medical concepts
that can be found in the text, also using the Metamap program.
When a term in the text is ambiguous, Metamap assigns all the
possible CUIs that may correspond to it. When it comes to a target
concept, this set of possible CUIs becomes the ambiguity that our
system is trying to solve, since no disambiguation is selected in
the Metamap program in this step. The rest of the configuration
parameters in Metamap are set to their default values.

Once that we have all the CUIs that belong to the context of
the target concept, we build v as a N x 1 vector whose values will
be v; = 1/C if node i represents a CUI of the context, and 0 oth-
erwise, being C the total number of CUIs found in the context of
the target concept. After performing the Personalized PageRank

algorithm, we will select the node with highest rank, among those
representing possible senses of the target concept.

3.4. Example of disambiguation

In this section an example of successful disambiguation
illustrates the behavior of the Personalized PageRank (PPR) disam-
biguation on our co-occurrence graph, and compares it with the
result obtained by running PPR over a graph directly built from the
UMLS database. In this UMLS graph, two nodes are linked together
ifarelation between them can be found in the UMLS database. Fig. 2
shows this example divided in two parts: the top part of the figure
presents a test instance which contains the target word “culture”,
to be disambiguated. A look-up to the dictionary tells us that the
two different senses (CUIs) of “culture” between which our system
should discriminate are “C0430400”, referred to a microbial culture
(laboratory process), and “C0010453”, referred to a culture from an
anthropological point of view. Then, we obtain all the CUIs that rep-
resent concepts from the context of the test instance by applying
Metamap to the text.

The second part of the figure (bottom part) illustrates the
differences of applying the disambiguation process using our co-
occurrence graph, or the UMLS graph. In our co-occurrence graph
the correct sense of “culture” (“C0430400”) is much more related
to context CUIs than the other sense (“C0010453”). Hence, the dis-
ambiguation algorithm selects this more connected sense to be the
most appropriate for this test instance. However, when using the
UMLS graph we can observe that both senses are poorly connected
to the CUIs in the context (which will result in a higher random-
ness when selecting a sense). In fact, the wrong sense is connected
to one CUIin the context, while the correct sense is not connected to
any of the CUIs in the context. Because of that, the disambiguation
algorithm mistakenly selects the CUI “C0010453” to be the most
appropriate for this test instance.

4. Datasets
This section describes the datasets used to evaluate our system.
4.1. Acronym corpus

The Acronym corpus [32] contains 55,655 abstracts downloaded
from Medline. Each of these abstracts contains an ambiguous
acronym from a set of 21 originally developed in [33] and widely
used in previous research. These acronyms each consist of at least
3 letters and are associated with between 2 and 5 extended forms
(which are considered as senses). The dictionary for the target
concepts is then created using the CUIs that correspond to their
possible extended forms. The corpus is split into three different
test datasets, containing 100 instances, 200 instances and 300
instances per ambiguous acronym, respectively. We will refer to
those datasets as “A100”, “A200” and “A300”. However, not all the
21 acronyms are present in every dataset, since some of them were
removed from the test datasets due to an insufficient number of
instances in the main corpus. Also, some acronyms such as “ACE”,
“ASP” and “CSF” were also removed from the initial datasets, in
order to reduce their imbalance, since most of their test instances
belonged to the same extended form. As a result, the A100, A200
and A300 datasets contain 18, 16 and 14 different ambiguous
acronyms respectively. The final dataset obtained after this pre-
processing is the same used by other state-of-the-art techniques to
which we compare our system.

Data acquisition: Since the corpus was initially created for
a supervised system, all the abstracts are annotated with the
extended form that corresponds to the acronym found in the text.
In this work, we present an unsupervised system that does not need
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Fig. 2. Example of disambiguation. Extraction of the target and context CUIs (top part) and comparison between the disambiguation algorithm over the co-occurrence graph

and the UMLS graph (bottom part).

these annotations, however, we need to acquire data to build our
co-occurrence graph. This data will be represented by the abstracts
from the original corpus that are not included in any of the three
test datasets. Hence, our co-occurrence graph will be created from
a set of 50,143 abstracts, which will be previously mapped onto
CUIs from the UMLS database, as explained in Section 3.1.

4.2. NLM corpus

The second corpus we will use to evaluate the performance of
our system is the NLM-WSD corpus [34]. In contrast to the Acronym
corpus, this corpus is composed of general ambiguous terms. It con-
tains 50 terms with 100 instances per term. These instances are also
abstracts downloaded from Medline, and manually annotated with
the CUI that represents the correct sense for the target term in each
instance. However, during the creation of the corpus, annotators
could select to mark as “None” those instances for which none of
the possible senses applied. We have removed those instances, so
the final test dataset, which will be referred to as “NLM”, contains
3983 instances and 49 terms (since all the instances were marked
as “None” for the term “association”). As with the Acronym cor-
pus, this the same pre-processing is applied to the state-of-the-art
techniques against which our system is compared.

Data acquisition: In this case, given that the NLM-WSD cor-
pus is a test dataset itself, we do not have a set of documents to
build the co-occurrence graph. Accordingly, we downloaded our
own set of abstracts from Medline, using the Entrez interface [35].
We performed a search for each ambiguous term of the test dataset,
restricting the results to 1000 abstracts per term. In order to avoid
downloading abstracts that could appear in the test dataset, we
have only downloaded abstracts from year 2014. For maintaining
the unsupervised nature of our technique, we do not specify in any
way the sense of the ambiguous term for performing the search, so
in the downloaded abstracts any possible sense of the target term
can be found. The total number of abstracts in this set is 35,282.
Although we downloaded 1000 possible abstracts for each of the

Table 1

Statistics for the different test datasets: number of instances, number of ambiguous
terms (or acronyms), minimum and maximum number of senses for a term and
average number of senses per term.

A100 A200 A300 NLM
Instances 1800 3199 4199 3983
Amb. terms 18 16 14 49
Min/Max # senses 2/4 2/4 2/4 2/5
Avg # senses 2.61 25 2.57 2.24

50 ambiguous terms in the dataset, there are abstracts containing
more than one term, and hence the reduction of the number of
documents.

4.3. Dataset properties

Table 1 resumes the characteristics of the datasets used for eval-
uation.

We can observe that for datasets “A200” and “A300” there is
one abstract missing (given the number of ambiguous terms, and
instances per term, they should have 3200 and 4200 instances
respectively). This missing abstract was no longer available for
download from Medline. The average number of possible senses
is higher in the Acronym corpus than in the NLM corpus, although
the total number of ambiguous terms is quite higher in this last
corpus.

5. Evaluation

This section presents the results obtained by the approach
described here and compares them with other state-of-the-art sys-
tems. An exhaustive analysis of the parameters of the system is also
performed, in order to study how the results vary depending on
their values.
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Table 2

Results (accuracy in %) for the co-occurrence graph-based system, for each of the
graphs (Acronym corpus, NLM-related acquired corpus and joint graph), in each of
the different test datasets. Bold highlights the best result obtained for each of the
test datasets.

Datasets

A100 A200 A300 NLM
Acronym Graph 82.11 79.87 82.64 74.24
NLM Graph 61.83 59.59 58.83 75.45
Joint Graph 82.78 80.06 82.57 78.36

5.1. System results and comparison

As we stated in previous sections, a co-occurrence graph was
built for each of the evaluation corpus: the Acronym corpus (whose
graph was used for evaluating the three test datasets, “A100",
“A200” and “A300”) and the NLM-WSD corpus. The performance
metric used to evaluate system performance in all experiments
is accuracy: number of correctly disambiguated instances divided
by the total number of instances in the test dataset, expressed in
%. Table 2 shows the accuracy achieved by our system in each of
the test datasets. In order to analyse the impact of the selected
co-occurrence graph when evaluating the system, we have also
included the results obtained by cross-testing our graphs, this is,
using the graph created with abstracts from the Acronym corpus
for evaluating the “NLM” dataset, and vice versa. Finally, a joint
graph was created combining the 50,143 abstracts of the “non-test”
Acronym corpus and the 35,282 abstracts of the acquired “NLM-
WSD related” corpus. The results of applying this joint graph to all
the test datasets are also shown in the table.

Results show that the graph created with abstracts from the
Acronym corpus produces similar results on the three acronym
test datasets. Regarding the cross-testing experiment, the results
obtained using the Acronym-based graph over the NLM dataset
are similar to those obtained by using the NLM-based graph over
the NLM dataset. However, the NLM-based does not perform as
well in the cross-testing scenario, i.e. when applied to the Acronym
datasets. This may be due to a greater specificity of the Acronym
corpus, in which the different CUls among which the disambigua-
tion algorithm has to choose (representing extended forms of the
acronyms), correspond to more specific concepts. On the other
hand, terms in the NLM-WSD corpus are much more general. Hence,
it is possible that some of the target CUIs of the Acronym corpus do
not even appear in the graph created from NLM-related abstracts.
Also, it is likely that any graph created from a large enough set of
abstracts (such as the one created with acronym-based abstracts)
contains enough information about CUIs representing the general
concepts of the “NLM” dataset to perform a good disambigua-
tion. Finally, we can observe that results obtained with the joint
graph improve those obtained with simpler graphs for all but one
of the datasets. This suggests that the combined information that
can be found inside the joint graph is useful to better represent
the connections between concepts and hence help to improve
the overall disambiguation. We have conducted some additional
experiments comparing the accuracy obtained using either the
NLM-based Graph or the Joint Graph, both built with the same
number of documents, and the achieved results confirm this intu-
ition: 75.42% of accuracy of the Joint Graph against 69.12% of the
NLM-based Graph for 10,000 documents, 77.45% against 71.48%
for 20,000 documents, and 77.78% against 72.93% for 30,000 docu-
ments.

5.2. Comparison with previous approaches

Table 3 shows a comparison between the results obtained with
our co-occurrence graph-based system (“Bio-Graph” in the table)

Table 3

Comparative of results (accuracy in %) for state-of-the-art systems (see text) and
the system reported in this work (Bio-Graph), for each of the different test datasets.
Bold highlights the best unsupervised results obtained for each of the test datasets.

Datasets

A100 A200 A300 NLM
MES 69.00 69.10 68.70 84.71
Metamap — — — 49.13
PPR+UMLS 56.33 56.99 58.02 68.10
AEC - - — 68.36
JDI — — — 74.75*
MRD — — — 63.89
2MRD 88.00 90.00 89.00 55.00
Bio-Graph 82.78 80.06 82.57 78.36

as well as other knowledge-based and unsupervised systems that
present results for the same datasets. The “NLM” dataset is more
commonly used for evaluation than the Acronym datasets in the
literature.

The first two rows of the table show results obtained using two
different baselines: in the first row, we have the “Most Frequent
Sense” (MFS) approach, which can be considered as a supervised
baseline, and represents the accuracy achieved by a system that
classifies every instance as belonging to the most common CUI for
its ambiguous term. As we can observe, the MFS value for the NLM
dataset is high demonstrating that it is imbalanced (i.e. for many
of the ambiguous terms most of the instances belong to the same
CUI). Also, we show results obtained by running the Metamap pro-
gram against the test dataset, and making use of the disambiguation
server under the same conditions we used for annotating the doc-
uments when building the co-occurrence graph, as explained in
Section 3.1. As we can observe, the results for the NLM dataset are
quite low in comparison with the accuracy achieved by our system.
Since the Metamap program does not offer any disambiguation for
acronyms, this second baseline does not offer results for the A100,
A200 and A300 datasets.

Results from our system are compared against different WSD
systems, mentioned in Section 2: The PPR+UMLS system [21] uses
a graph-based similar approach, which makes use of a fixed graph
built from the UMLS database, as described in the example shown
in Fig. 2. Although in the original work it is only applied to the
“NLM” dataset, we have also reproduced this technique for testing
the Acronym datasets, in order to obtain a better comparison. The
AEC (Automatic Extracted Corpus) system [36] is a semi-supervised
approach that automatically downloads and annotates abstracts
for training a machine learning system. The JDI (Journal Descriptor
Indexing) method [37] makes use of semantic type vectors that
represent each possible sense of an ambiguous term and computes
their distance to a vector representing the test instance. Although it
obtains good results for the NLM corpus, it only takes into account
those senses belonging to different semantic types, hence many
instances of the NLM corpus were removed in this experiment. That
is the reason why results obtained by this system are marked with
an asterisk in the table. Finally, the MRD and 2MRD techniques are
appliedin[38]and [39] over the NLM corpus, while results achieved
by the 2MRD technique over the Acronym datasets are presented
in [22].

As we can observe in the table, our system outperforms all
the state-of-the-art knowledge-based and unsupervised meth-
ods when applied to the NLM dataset, and even semi-supervised
ones. Regarding the improvements obtained by our method with
respect to the one that uses relations from the whole UMLS graph
(PPR+UMLS), which can be considered the most similar approach
to ours, we consider that contextual information obtained from
actual abstracts in the process of building the graph is able to better
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Table 4

Word by word comparative of results (accuracy in %) obtained by the analysed systems over the NLM-WSD test dataset, as well as by the Most Frequent Sense baseline (last
column). Bold highlights the accuracy achieved by the best system for each of the words in the dataset, without considering the baseline. Last row shows the overall accuracy,

with the best system also highlighted with bold typeface.

Word NLM-WSD
PPR+UMLS AEC JDI MRD Bio-Graph Baseline (MFS)

Adjustment 0.3550 0.6237 0.6923 0.2308 0.6882 0.6667
Blood pressure 0.4800 0.3700 0.2020 0.4343 0.5000 0.5300
Cold 0.2840 0.3895 N/A 0.6044 0.7579 0.9053
Condition 0.4890 0.7065 0.8370 0.3370 0.9783 0.9783
Culture 0.7700 0.6000 0.9700 0.8200 0.9500 0.8900
Degree 0.9380 0.8923 0.7077 0.4923 0.9692 0.9692
Depression 0.9410 0.9529 0.9176 0.9941 1.0000 1.0000
Determination 0.9490 0.1392 1.0000 0.9936 0.9494 1.0000
Discharge 0.6930 0.7067 0.5556 0.9861 0.8400 0.9867
Energy 0.2760 0.4000 0.7732 0.4536 0.8200 0.9900
Evaluation 0.5000 0.5000 0.5800 0.5800 0.5000 0.5000
Extraction 0.2760 0.7471 0.9535 0.2907 0.8621 0.9432
Failure 0.7240 0.8621 1.0000 0.5862 0.1379 0.8621
Fat 0.9590 0.8356 0.9296 0.9718 0.0274 0.9726
Fit 0.1110 0.8889 1.0000 0.8387 1.0000 1.0000
Fluid 0.9200 0.4800 0.3608 0.6082 0.8600 1.0000
Frequency 0.9890 0.6064 0.1809 0.9362 1.0000 1.0000
Ganglion 0.6400 0.8600 0.9130 0.9565 0.9300 0.9300
Glucose 0.9000 0.7800 0.7347 0.2755 0.9100 0.9100
Growth 0.3700 0.3700 0.6500 0.6700 0.6200 0.6300
Immunosuppression 0.6200 0.5700 0.7083 0.4896 0.7300 0.5800
Implantation 0.8470 0.9490 0.9053 0.8316 0.8673 0.8265
Inhibition 0.2220 0.8384 0.9899 0.9697 0.9899 0.9899
Japanese 0.6460 0.6329 0.8947 0.9211 0.9241 0.9367
Lead 0.9310 0.8276 0.1724 0.3793 0.9310 0.9310
Man 0.4460 0.6522 N/A 0.3187 0.6413 0.6304
Mole 0.2740 0.4405 0.9398 0.8916 0.9881 0.9881
Mosaic 0.6600 0.8144 0.7273 0.5795 0.4639 0.5360
Nutrition 0.3260 0.3708 0.4719 0.3933 0.2697 0.5056
Pathology 0.2830 0.6061 0.8182 0.3939 0.1717 0.8586
Pressure 0.9790 0.5208 0.8172 0.9836 0.9688 1.0000
Radiation 0.5310 0.7449 0.7917 0.6979 0.6224 0.6122
Reduction 0.5450 0.9091 0.8182 0.8182 0.7273 0.8182
Repair 0.7650 0.8529 0.8358 0.8358 0.8971 0.7647
Resistance 0.6670 1.0000 1.0000 0.3333 0.0000 1.0000
Scale 0.8460 0.7231 0.0615 0.0615 0.9846 1.0000
Secretion 0.9900 0.4600 0.9798 0.3535 0.9900 0.9900
Sensitivity 0.2750 0.7255 0.2745 0.8431 0.9608 0.9608
Sex 0.8500 0.6000 N/A 0.5455 0.8900 0.8000
Single 0.8200 0.8900 0.9300 0.0400 0.9600 0.9900
Strains 0.9680 0.9570 1.0000 0.9780 0.9785 0.9892
Support 0.8000 1.0000 0.9000 0.3000 0.2000 0.8000
Surgery 0.9700 0.1900 0.8990 0.9394 0.7800 0.9800
Transient 0.9900 0.9100 0.9600 0.9900 0.9900 0.9900
Transport 0.6910 1.0000 1.0000 0.9780 0.9894 0.9894
Ultrasound 0.8300 0.7400 0.7813 0.6667 0.8400 0.8400
Variation 0.7500 0.6900 0.3500 0.7600 0.8100 0.8000
Weight 0.5660 0.6604 N/A 0.4717 0.3208 0.5472
White 0.6330 0.5111 0.6517 0.4831 0.6444 0.5444
Accuracy all 0.6589 0.6836 0.7475* 0.6389 0.7836 0.8471

represent knowledge that may eventually lead to correctly disam-
biguate a term inside a different abstract. Relations from the UMLS
graph can be useful, but they do not necessarily imply that two
related terms are likely to co-occur in the same document. The
second-order vector technique (2MRD) outperforms our system
in the Acronym corpus. However, while this technique makes use
of additional information from UMLS (extended definitions of the
possible senses), the main contribution of our method is that our
disambiguation phase is completely based on the co-occurrence
graph created from the abstracts, so it does not need additional
information from the UMLS database.

Table 4 shows the word by word analysis of results for the NLM-
WSD test dataset, for all the analysed methods, except the 2MRD
system, for which we have not found those detailed results.

The Bio-Graph system is able to overcome the other systems
in 24 out of 49 cases. The ]DI system offers the best result in 12

cases, AEC and MRD are able to achieve the best result in 8 cases,
and finally the Personalized PageRank technique over the UMLS
graph outperforms the rest of the systems for 5 particular words.
These results prove the strength of our technique across most of
the words in the test dataset, which eventually leads to the best
overall accuracy achieved by Bio-Graph.

Tables 5-7 present a detailed description of the results obtained
by the analysed systems for each of the three Acronym test datasets
(A100, A200 and A300), respectively. The accuracy achieved by the
systems for each of the acronyms in the datasets is shown, as well
as the overall accuracy obtained by each system.

As we can observe, the behaviour of all the systems is consistent
across the three test datasets (A100, A200 and A300). Our system
is able to obtain the best accuracy for most of the acronyms in the
dataset. More specifically, Bio-Graph obtains the best result for 10
out of 18 acronyms for the A100 dataset, 8 out of 16 for the A200
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Table 5

Word by word comparative of results (accuracy in %) obtained by the analysed sys-
tems over the A100 test dataset. Bold highlights the accuracy achieved by the best
system for each of the words in the dataset. Last row shows the overall accuracy,
with the best system also highlighted with bold typeface.

Table 7

Word by word comparative of results (accuracy in %) obtained by the analysed sys-
tems over the A300 test dataset. Bold highlights the accuracy achieved by the best
system for each of the words in the dataset. Last row shows the overall accuracy,
with the best system also highlighted with bold typeface.

Acronym A100 Acronym A300
2MRD PPR+UMLS Bio-Graph Baseline (MFS) 2MRD PPR+UMLS Bio-Graph Baseline (MFS)

ANA 0.8400 0.8500 0.7800 0.5800 ANA N/A N/A N/A N/A
APC 0.8800 0.7200 0.9800 0.3940 APC 0.8700 0.7633 0.9600 0.3940
BPD 0.9600 0.3000 0.9700 0.4670 BPD 0.9500 0.2600 0.9767 0.4670
BSA 0.9500 0.8800 0.9400 0.8640 BSA 0.9200 0.8700 0.9100 0.8640
CAT 0.8800 0.5600 0.9500 0.5520 CAT 0.8700 0.5633 0.9367 0.5520
CML 0.8100 0.7500 0.9200 0.9170 CML 0.8300 0.7833 0.9300 0.9170
CMV 0.9800 0.9700 0.9800 0.9670 CMV 0.9800 0.9733 0.9900 0.9670
DIP 0.9800 0.7900 0.9600 0.7510 DIP N/A N/A N/A N/A
EMG 0.8800 0.6900 0.1200 0.8840 EMG 0.8800 0.7067 0.1167 0.8840
FDP 0.6500 0.2300 0.9500 0.7850 FDP N/A N/A N/A N/A
LAM 0.8600 0.4800 0.9600 0.4830 LAM 0.8800 0.4867 0.9533 0.4830
MAC 0.9400 0.1500 0.6400 0.6430 MAC 0.9500 0.1500 0.6433 0.6430
MCP 0.7300 0.4100 0.6000 0.5020 MCP 0.6800 0.4033 0.6267 0.5020
PCA 0.7800 0.7200 0.9700 0.6890 PCA 0.7900 0.7391 0.9766 0.6890
PCP 0.9700 0.4200 0.9900 0.5780 PCP 0.9600 0.4233 0.5767 0.5780
PEG 0.8900 0.1600 1.0000 0.9410 PEG 0.8800 0.1733 0.9967 0.9410
PVC 0.9500 0.2300 0.2300 0.7820 PVC N/A N/A N/A N/A
RSV 0.9700 0.8300 0.9600 0.7670 RSV 0.9800 0.8267 0.9667 0.7670

Accuracy all 0.8900 0.5802 0.8257 0.6870
Accuracy all 0.8800 0.5633 0.8278 0.6900

Table 8

Table 6

Word by word comparative of results (accuracy in %) obtained by the analysed sys-
tems over the A200 test dataset. Bold highlights the accuracy achieved by the best
system for each of the words in the dataset. Last row shows the overall accuracy,
with the best system also highlighted with bold typeface.

Acronym A200
2MRD PPR+UMLS Bio-Graph Baseline (MFS)

ANA N/A N/A N/A N/A
APC 0.8700 0.7500 0.9650 0.3940
BPD 0.9500 0.2650 0.9800 0.4670
BSA 0.9300 0.8800 0.9100 0.8640
CAT 0.8700 0.5600 0.9500 0.5520
CML 0.8400 0.7650 0.9300 0.9170
CMV 0.9800 0.9700 0.9850 0.9670
DIP 0.9800 0.7950 0.9600 0.7510
EMG 0.8900 0.7050 0.1150 0.8840
FDP N/A N/A N/A N/A
LAM 0.8700 0.4850 0.9650 0.4830
MAC 0.9500 0.1450 0.6550 0.6430
MCP 0.6700 0.4100 0.6150 0.5020
PCA 0.7900 0.7286 0.9749 0.6890
PCP 0.9600 0.4200 0.5800 0.5780
PEG 0.8900 0.1600 1.0000 0.9410
PVC 0.9500 0.2500 0.2500 0.7820
RSV 0.9800 0.8300 0.9750 0.7670
Accuracy all 0.9000 0.5699 0.8006 0.6910

dataset, and 8 out of 14 for the A300 dataset. The 2MRD system is
only able to obtain the best accuracy for a similar number of cases
in the A200 dataset. However, although our system presents high
results for many particular cases, achieving good accuracy values
for almost all the considered acronyms, it also presents very low
accuracy for some cases (particularly, “EMG” and “PVC”), probably
due to the nature of the corpus used for building the co-occurrence
graph, which may suffer from lack of valuable information regard-
ing those acronyms. This fact causes a lower overall accuracy when
compared to the 2MRD system.

5.3. The effect of sense frequency: performance on the MSH-WSD
dataset

The MSH-WSD dataset [39] is a test dataset also widely used
in biomedical domain. It consists of 203 ambiguous entities (106

Comparative of results (accuracy in %) for state-of-the-art systems (see text) and the
system reported in this work (Bio-Graph), for the MSH-WSD dataset. Bold highlights
the best unsupervised results obtained for each of the test datasets.

MSH-WSD
MFS 54.50
AEC 84.48
JDI 65.51
MRD 81.18
2MRD 78.37
Bio-Graph 71.52

ambiguous abbreviations, 88 ambiguous terms and 9 combinations
of both). Apart from the inclusion of acronyms, the main difference
with the NLM-WSD is the fact that its instances are very balanced.
For each possible sense of each ambiguous term of abbreviation,
the dataset contains approximately the same number of instances
(around 100). In order to perform a more exhaustive evaluation of
our method, we have also performed disambiguation experiments
over the MSH-WSD dataset.

Similarly to the NLM-WSD dataset, all the documents in the
MSH-WSD dataset have been annotated with the correct sense of
the ambiguous term that they contain. Hence, the steps we have
followed for acquiring data for building the co-occurrence graph
have been the same as with the NLM-WSD dataset. This is, we have
downloaded a number of abstracts for each ambiguous term, so
each abstract can refer to any of the possible senses of the term
(including those not considered in the MSH-WSD dataset). The total
number of abstracts in this MSH-related corpus is 57,802.

Table 8 shows the accuracy of the already described unsu-
pervised systems when applied to the MSH-WSD dataset, in
comparison with the Bio-Graph system.

The table shows that the performance of the Bio-Graph system
when applied to the disambiguation of the MSH-WSD dataset is
lower than for other datasets. Regarding these results, some further
analysis have been conducted on the MSH-WSD dataset, in order to
determine the reason of the lower performance of Bio-Graph. Con-
sidering that our method relies on the use of a background corpus
for building the co-occurrence graph, enough information should
be found in this background corpus regarding all the possible senses
of an ambiguous term, for the co-occurrence graph to correctly dis-

Intell Med (2018), https://doi.org/10.1016/j.artmed.2018.03.002

Please cite this article in press as: Duque A, et al. Co-occurrence graphs for word sense disambiguation in the biomedical domain. Artif



https://doi.org/10.1016/j.artmed.2018.03.002

G Model
ARTMED-1578; No.of Pages11

A. Duque et al. / Artificial Intelligence in Medicine xxx (2018) XxxX—XXx 9

Table 9

Excerpt from the word by word comparative of results regarding the MSH-WSD dataset. Second and third columns show the accuracy obtained by our system and by the
2MRD system, respectively. Fourth and fifth columns show frequency statistics in Medline (see text). Sixth and seventh columns show frequency statistics in the MSH-related

corpus (see text).

Term Systems Medline MSH-related
Bio-Graph 2MRD Term frequency (min) Balance ratio Term frequency (min) Balance ratio
AA 0.5025 0.9899 34,503 (249) 0.1707 523 (4) 0.0077
CCD 0.2979 0.9929 5011 (43) 0.3945 13(2) 0.1818
Cortex 0.5076 0.9495 174,069 (291) 0.0077 807 (4) 0.0050
FTC 0.5533 0.9848 1312 (157) 0.5358 135 (4) 0.0305
Pneumocystis 0.4975 0.8586 8557 (849) 0.2108 70(0) 0
Lactation 0.8782 0.6919 21,886 (1083) 0.0849 437 (197) 0.8208
Nurse 0.8081 0.6616 68,619 (291) 0.0194 686 (240) 0.5381
POL 0.9506 0.7346 9667 (65) 0.0980 242 (109) 0.8195
SARS 0.7374 0.5808 5481 (802) 0.4456 603 (289) 0.9204
Tolerance 0.8485 0.6717 122,691 (9348) 0.9294 208 (84) 0.6774
ambiguate it. Also, the number of documents containing each of the Restrictiveness of the graph
possible senses should be similar (this is, the background corpus
should be properly balanced), otherwise the co-occurrence graph 208
will be likely to present a bias towards the selection of those senses —H— Al
with higher presence in the corpus. - iigg
Following this intuition, a word-by-word analysis of these N‘LM
statistics has been performed, in order to compare the frequency —
of each ambiguous term and possible sense both in the Medline IS 20
database and in the automatically acquired MSH-related corpus. g
This analysis is shown in Table 9. 3
The first five rows correspond to terms or abbreviations in the 5 i
MSH-WSD dataset for which our system performs significatively &
worse than the abovementioned 2MRD system, selected for this < 80: s
analysis due to its overall higher similarity to the Bio-Graph sys-
tem. The second five rows correspond to terms or abbreviations for r
which our system performs significatively better than the 2MRD >
system. We compare the statistics of the terms in the whole Med-
70

line database, as well as in the MSH-related corpus that we created
for evaluating our system in this dataset. For both cases (Medline
and MSH-related), we show the overall term frequency, including
in parentheses the frequency of the sense with fewer appearances,
as well as the “balance ratio”, computed as the ratio between the
sense with higher frequency and the term with lower frequency,
among those selected for the evaluation dataset. This metric will
come closer to 1 as the distribution of frequencies of the senses of
the given term is more balanced.

As we can observe, in those cases in which our system performs
worse than the 2MRD system, both the minimum frequency and
the balance ratio in the MSH-related corpus are very low, espe-
cially when compared to the minimum frequency and the balance
ratio of the Medline database. On the other hand, those terms with
better disambiguation accuracy present a more balanced distribu-
tion of senses across the MSH-related corpus, and also a higher
minimum and overall frequency of appearance. This fact indicates
that, for this particular dataset, and despite of obtaining a relatively
high number of documents for each ambiguous term when build-
ing the MSH-related corpus, we are not gathering enough samples
of some specific senses for the co-occurrence graph to correctly
disambiguate the test instances that correspond to those senses.
Hence, the annotation step should be revisited in order to deal with
this issue.

5.4. Parameter analysis

In this section we explore the effect of varying the two param-
eters used by the approach described here. The joint graph (built
with abstracts from both the Acronym and the NLM-related corpus)
is used for the experiments described here.

1072 1073 107% 10~% 107% 10=7 1078 1079 10710 1011
Threshold for p-value (po)

Fig. 3. Evolution of the accuracy (%) as the specified threshold for the p-value
decreases (the restrictiveness of the graph increases).

The first parameter is the threshold for the p-value p (see Sec-
tion 3.2). This threshold, denoted by pg, establishes the highest
accepted value for p in order to consider a co-occurrence to be sta-
tistically significant, and hence create a link in the graph between
the two co-occurring CUIs. Fig. 3 illustrates the behaviour of our
system, in terms of accuracy for each test dataset, when we vary
po, decreasing its value from pgy=10-2 to pg =10~11, As previously
stated (Section 3.2), we have chosen a maximum value of 0.01.
Experiments in which greater thresholds were used showed that
the resulting graphs are unmanageably large and that performance
quickly decreases.

As we decrease the threshold, it is more difficult for a pair of CUIs
to present a statistically significant p-value, and hence the graph
becomes more restrictive, reducing the number of edges. The best
results are obtained for the least restrictive graphs, while accuracy
usually decreases as we decrease pg. This is due to the removal of
important edges representing relations between concepts, as we
increase the restrictiveness of the graph.

Fig. 4 represents the behaviour of the system depending on the
number of abstracts used for building the co-occurrence graph. The
complete set of abstracts used for building the joint graph was ran-
domized, and gradually larger subsets of those abstracts were used
to build the graphs. As we increase the number of abstracts, each
subset contains all the abstracts of the previous one.
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Fig. 4. Evolution of the accuracy (%) as the number of abstracts used for building
the co-occurrence graph increases.

The overall accuracy increases with the number of abstracts
used to build the graph, although performance for each method
quickly reaches a plateau. Results rapidly converge to an accuracy
of more than 80% in the A100, A200 and A300 datasets, and around
77%in the NLM dataset. Fast convergence of the algorithm s a useful
feature when resources are limited.

6. Conclusions and future work

This paper describes the application of a technique based on co-
occurrence graphs for performing WSD in the biomedical domain.
The knowledge base on which the system relies is automatically
created in an unsupervised way from a set of abstracts down-
loaded from the Medline database and automatically mapped onto
medical concepts. Unlike other state-of-the-art techniques, exter-
nal resources are not used for the disambiguation step. Evaluation
on two widely used test datasets shows that the reported method
obtains consistent results that outperform most of the knowledge-
based systems addressing the same problem. Further experiments
suggest that the convergence of the method is fast regarding the
number of abstracts used for building the graph. In addition, better
results are obtained with less restrictive graphs, since they incorpo-
rate to the co-occurrence graph the most useful information about
relations between concepts for performing the disambiguation.

Planned future work includes application of disambiguation
algorithms that take into account weights of links of the graph.
Some of these algorithms could be used to create communities
(densely connected sub-graphs) of concepts that represent infor-
mation about the possible senses of an ambiguous term in a more
accurate way. Finally, combining our method with techniques
derived from similar state-of-the-art systems may improve results
further, especially for scenarios in which the performance of our
system is somehow limited, such as the particular cases of the
MSH-WSD dataset illustrated in Section 5.3.
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