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ABSTRACT: Word sense disambiguation (WSD) in bio-
medical texts is important. The majority of existing re-
search primarily focuses on supervised learning methods
and knowledge-based approaches. Implementing these
methods requires significant human-annotated corpus,
which is not easily obtained. In this paper, we developed
an unsupervised system for WSD in biomedical texts.
First, we predefine the number of senses for an ambigu-
ous word. Kernel fuzzy C-means clustering is used to
group the same sense terms into a set. Each set is
mapped to a certain sense to achieve disambiguation.
Experimental results on all 50 ambiguous terms from NLM-
WSD corpus demonstrate that our proposed system out-
performs other unsupervised methods. Meanwhile, the
kernel fuzzy C-means system is 5% more precise than
the state-of-art knowledge-based WSD system on the
full NLM-WSD dataset. Our system is highly efficient and
accurate for word sense disambiguation in biomedical
texts and does not require human-annotated corpus.
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1. Introduction

Word sense disambiguation (WSD) aims to select the
right sense of an ambiguous word. WSD is a preceding
work for a number of bioinformatics tasks, such as name
entity reorganization, protein–protein interaction extrac-
tion [1], and biomedical information retrieval. Previous
works on WSD in the biomedical domain are generally
categorized in three classes: supervised methods, knowl-
edge-based approaches, and unsupervised systems.

Supervised methods are usually based on learning from
human-annotated corpus. We can obtain results by the
annotated corpus in the machine learning framework. Af-
ter training, the algorithm will be used to run the test cor-
pus. The main disadvantage of these methods is its reli-
ance on human-annotated data. However, obtaining an-
notated data is expensive. Biomedical texts are huge data
that increase all the time. Thus, expanding this type of
method to all WSD terms in biomedical texts is impracti-
cal.

Knowledge-based methods rely on external knowledge
resources, such as dictionaries, Wikipedia and WordNet.
In the biomedical domain, the most common knowledge
resource is the Unified Medical Language System (UMLS).
UMLS is a large system containing a vast range of infor-
mation in the biomedical domain. Extracting useful infor-
mation from UMLS is the key step. Biomedical literature
is updated daily. Thus, the UMLS cannot cover all the
information that individuals need. For this reason, the fi-
nal result of knowledge-based methods is affected by the
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quality of the external resources. This type of method
lacks general applicability.

The last type of method is unsupervised approaches.
Unsupervised methods do not require annotated corpus
for training. A typical example is graph-based methods.
Graph-based methods can apply to the latest unlabeled
corpus. Thus, we focus on the unsupervised system for
biomedical word sense disambiguation. Our system,
which is based on kernel fuzzy C-means clustering, only
requires the total number of senses to be determined in
advance. In the biomedical domain, we can adopt the
concept unique identifier (CUI) numbers from the UMLS
as the sense number. An unsupervised kernel fuzzy C-
means algorithm is employed to cluster terms in the same
sense. Finally, we connect each set to different CUIs to
complete the WSD task.

Using kernel functions reduces computational complex-
ity and provides the following advantages: Kernel Fuzzy
C-means exhibit higher accuracy compared with other
unsupervised systems. In a subset of NLM–WSD for bio-
medical word sense disambiguation, the KFC method
achieves an accuracy of 0.64, which is 3 points higher
than the SENSATIONAL [2] unsupervised system. Agirre
et al. [3] developed a classical unsupervised system on
the full NLM–WSD data set, which based on the Person-
alized PageRank (PPR) algorithm, and achieved an aver-
age accuracy of 0.67. The accuracy of our system at the
same dataset is 0.81, which is 14% higher than that of
the PPR system. Our KFC method can cluster the con-
text in the level of O (N2). Thus, this approach can be
used in a large data set. The algorithm can run in an
ordinary PC and be completed in an acceptable duration.

2. Related Works

Clustering algorithm, which is used for word sense dis-
ambiguation, is based on the following linguistic theory:
Ambiguous words with the same sense have similar con-
texts.

Supervised methods are the most popular approaches in
the biomedical WSD domain. Ginter et al. [4] utilized
supervised SVM machine learning method based on the
weighted bag-of- words. Their approach increased in ac-
curacy from 79% to 82%. Liu et al. [5] tested a subset of
NLM-WSD corpus by integrating their method with the
Naïve Bayes. Leroy and Rindflesch [6] proposed a super-
vised WSD method that maps the ambiguous words into
UMLS CUIs. This method extensively affected biomedi-
cal word sense disambiguation. Joshi et al.  [7] conducted
an experimental comparison on a subset of NLM–WSD
corpus based on the Naïve Bayes, SVM, AdaBoost, and
Decision Tree methods. Their research demonstrated that
the SVM-based supervised methods could yield better
results. Savova et al. [8] investigated a WSD system by
applying a variation of Huber’s algorithm. The research-
ers ran experiments on 28 feature sets and achieved the

average F-score of 0.86 on the full NLM–WSD corpus.
Stevenson et al. [9] proposed a supervised method, which
combined three methods, and tested this approach on
the full NLM–WSD corpus. Hisham Al-Mubaid and al. [10]
proposed a method utilizing the mutual information be-
tween context words to induce reliable learning models
for sense disambiguation. Their approach was competi-
tive.

Although the studies show that supervised approaches
can yield better results in the biomedical WSD, these
methods require manual labeled data for training, which
differs from supervised learning. This requirement limits
the application of these approaches. Recent studies
adopted knowledge-based and unsupervised approaches
to solve  these problems. Savova et al. [11] used an unsu-
pervised learning method for biomedical applications. This
study confirmed that the similarity of second-order co-
occurrence works well in biomedical WSD. Schijvenaars
et al. [12] and Pahikkala et al. [13] utilized the large-
scale dictionary collected from four databases to assist
the WSD task. Liu et al. [14] employed UMLS as ontol-
ogy to obtain external knowledge. Gaudan et al. [15] used
the SVM to execute the abbreviations in WSD. Humphrey
et al. [16] adopted Medline as extended training data.
The researchers proposed the journal descriptor indexing
(JDI) method, which utilized the semantic type of UMLS
to disambiguate words. Navigli and Lapata [17], Sinha
and Mihalcea [18], and Tsatsaronis et al. [19] used the
graph-based algorithm to analyze the meaning of ambigu-
ous terms. Duan et al. adopted Max-margin clustering for
word sense disambiguation and achieved significantly
enhanced results. Agirre et al. proposed an unsupervised
system that disambiguates words by converting the tables
from the UMLS into a graph based on the Personalized
PageRank algorithm. This method can map best sense
into ambiguous words. Jimeno-Yepes et al. [20] compared
four approaches. Their method employed the semantic
types assigned to the concepts in the Metathesaurus and
achieved better results. Jimeno-Yepes et al. [21] devel-
oped the MSH–WSD data set that consists of 106 am-
biguous abbreviations, 88 ambiguous terms, and 9 com-
binations of both, producing a total of 203 ambiguous
entities. For each ambiguous term or abbreviation, the
data set contains no more than 100 instances per sense
extracted from MEDLINE.

This article presents an unsupervised kernel-based WSD
algorithm that is capable of disambiguating all ambigu-
ous words in the biomedical domain. Our experiment cov-
ered the full NLM–WSD corpus and obtained favorable
results.

3. Method

Our proposed framework is shown in Figure 1. The frame-
work includes three steps: preprocessing and feature
extraction, unsupervised word clustering, and sense map-
ping. The details of each step are described in the follow-
ing subsections.
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Figure 1. Framework workflow of the proposed WSD system

3.1 Preprocessing and Feature Extracting
First, we filter out all the stop words in the contexts. We
compute the frequency of each word and set a threshold
to eliminate low-frequency words. We adopt the common
tf-idf technique to count the frequency features in the con-
text. The tf-idf feature we used is defined as follows: we
let D = {d1, ..., dn} be the set of documents and  T = {t1, ...,
tm} the set of target words occurring in D. We compute
the frequency of word t∈T in the document d∈D as tf (d,
t). tf−idf is a weighting scheme that weighs the frequency
of word t in document d with a factor that deducts its
importance with its occurrences in the whole document.
The definition is presented in Equation (1)

 tf − idf (d,  t, D) = tf(d, t) × idf(t, D)                    (1)

where )(tdf is the number of documents where word t
appears. Thus, the feature vector representation of docu-
ment d is defined as Equation (2).

(2)

We define the size of the context window, that is, the
number of words in the context of the words. The appro-
priate window size that can reserve features is selected.
After preprocessing, the contexts of each word are con-
verted into feature vectors.

3.2 Text clustering
In this paper, we use two clustering algorithms for word

sense disambiguation: fuzzy C-means (FCM) algorithm
and the kernel fuzzy C-means (KFC) algorithm. FCM al-
gorithm is a typical soft clustering method, which is an
improvement of the K-means algorithm. FCM algorithm
can significantly enhance the performance of K-means
clustering. Through the combination of the kernel func-
tion, the KFC algorithm maps the linear relationship to
the corresponding function space. The features in high-
dimensional space can be easily separated. Thus, this
algorithm helps improve clustering quality. We will intro-
duce two algorithms in the following subsections.

3.2.1 Fuzzy C-means algorithm
The fuzzy C-means (FCM) was proposed by J. C. Bezdek
[22]. In the FCM algorithm, X = {Xi}i =1    is a set of N feature
vectors. The fuzzy clustering algorithm maps data X into
C fuzzy clusters.

 (3)

Matrix U represents a fuzzy partition and uic denotes the
degree that X belongs to the cluster C, as shown in Equa-
tion (3). In Equation (3), m is the fuzzy degree. Thus,
when m = 1, the fuzzy C-Means algorithm is equal to the
normal k-means algorithm. Vc  represents the C cluster
centers.

N
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            (4)
The algorithm utilizes the Lagrange multipliers (4) to opti-
mize the parameters.

(5)

 (6)

  (9)

 are updated as Equations (10) and
(11).

The degree of membership of all feature vectors in all clus-
ters icu  is computed using Equation (9) .

Figure 2. Kernel Fuzzy C-means algorithm. This algorithm is
the pseudo code of the KFC algorithm. Input is the original

data and parameters, and Output is the clustering result. The
steps show the processes of the algorithm.

The pseudo code of the KFC algorithm is presented in
Figure 2. Compared with the original FCM algorithm, the
KFC method included the selection of Kernel functions. A
few changes were carried out in Steps 4 and 5, as shown
in Figure 2. The iteration stops and returns U when ||U (t) -
U(t-1)|| < ε,  ε  is termination criterion.

3.2.3 Comparison of  FCM and KFC
We used the FCM and KFC two unsupervised clustering
algorithms for words clustering. For each ambiguous word,
100 feature vectors represent the original contexts. We
employed two algorithms to cluster the vectors. For each
clustering algorithm, we set the number of the cluster

The algorithm updates uic and Vc using (5) and (6). This
process is repeated until ||U (t) − U (t-1)|| < ε, that the ε is the
termination criterion.

3.2.2 Kernel Fuzzy C-means Algorithm
The KFC method [23] [24] can map the initial data into a
high-dimensional feature space. We use the kernels based
on the Mercer theorem [25]. Adopting the kernel method
can decrease computing time. In this algorithm Xi,  i = 1, 2,
..., N are the input data corresponding with the high-di-
mensional feature space data φ (Xc), c = 1, 2, ..., C. Based
on Mercer theorem,  φ(Xc) is a nonlinear mapping func-
tion.

Among the various kernel functions [26], polynomials Κ
(X, Y) = φ (X) ∗ φ (Y) = (X * Y + b)d and radial basis funcitons
Κ (X, Y) = φ (X) ∗ φ (Y) = exp (− (X−Y) 2/2σ2) are the most
common. Using the kernel function according to Mercer
theorem, we can map nonlinearly original input vectors
into high-dimensional feature space. We do not use poly-
nomials and other kernel functions because we deter-
mined that the radial-based kernel significantly outper-
forms other methods in our experiment.

Finally, we normalize the value and select the appropriate
kernel function. After normalizing the vectors to a unit
length, we use the following four distance methods to
calculate the pairwise distances between two texts.

We employ four methods to compute the distance and
obtain KFCeuclidean, KFCcosine, KFCjaccard, and KFCpearson. The
most appropriate parameter in our KFC experiment is
KFCeuclidean. The distance between Xi and Xj and kernel
function K can be defined as Equation (7).

            (7)

The distance dij can be expressed as:

 (8)

 (10)

 (11)
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first. In the UMLS, each concept is assigned a concept
unique identifier (CUI). Assigning a clustering number is a
common issue that needs to be solved in unsupervised
clustering methods. In our experiments, we followed the
selection mechanism of the PPR [3] method. In the said
paper, Agirre et al. identified the defined number of pos-
sible CUIs and instances for each ambiguous word. We
considered the two numbers and adopted these numbers
in our experiments directly.

Recently, many researchers focus on mapping the linear
space to the corresponding nonlinear space using Mer-
cer kernels. The kernel-based method is widely used for
unsupervised learning. The Mark girolami et al. [27]
adopted Mercer kernel for clustering and obtained a sat-
isfactory result. Hsin-Chien Huang et al. [28] proposed a
new type of kernel fuzzy clustering method using more
than one kernel. The experiments showed that the clus-
tering result of this algorithm was significantly improved.

Figure 3. Rand Index Evaluation of FCM and KFC. The horizontal axis represents 50 ambiguous words. The vertical axis
represents the Rand Index value of each algorithm. The KFC algorithm is indicated by a solid line, and the FCM algorithm is

denoted by the dotted line

We compared the FCM and KFC clustering algorithms
on the NLM–WSD dataset. The key of the WSD results
was considered as the clustering gold standard. We
utilized the Rand index [29] algorithm to measure the
statistical similarity between the clustering result and the
gold standard. The evaluation results of the two algorithms
are shown in Figure 3. The clustering results of the KFC
algorithm are closer to the gold standard than the FCM
algorithm results in most cases. Thus, we decided to use
the KFC clustering algorithm in our experiments.

3.3 Sense Mapping
We use the KFC algorithm for clustering. In the unsuper-
vised system, we measure the accuracy of our system
based on the best alignment between the output clusters
to the corpus-defined manual labeled gold standard.

Like all unsupervised systems, we could not ascertain
the best match of the cluster and sense at first. Figure 4

Figure 4. Possible Options of Sense Mapping. An example of all six possible matches of three clusters and three senses
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presents an example of a combination of schemes of word
mapping progress. In Figure 4, the unsupervised cluster-
ing result is three clusters. We aim to connect the clus-
ters and the senses. The six possible connections of two
sides are indicated Figure 4. In our experiment, we con
sidered every possible match and obtained the best one
as the final result for evaluation.

4. Experiments and Results

4.1 Experimental Settings

adjustment association blood- pressure cold

condition culture degree depression

determination discharge energy evaluation

extraction failure fat fit

fluid frequency ganglion glucose

growth Immuno-
suppression implantation inhibition

japanese lead man mole

mosaic nutrition pathology pressure

radiation reduction repair resistance

scale secretion sensitivity sex

single strains support surgery

transient transport ultrasound variation

weight white

The NLM–WSD corpus includes 50 biomedical ambiguous
terms (Table 1). Each ambiguous word has 100 contexts,
which are extracted from the MEDLINE. The contexts
include the title, id, abstract, and the keyword’s position
information. The instances of these terms were labeled
by 11 annotators. Each instance is assigned to a certain
sense. When no sense match exists in the instance, the
instance is not labeled.

We first prepared datasets as the Leroy and Rindflesch
(L&R) method. We chose 15 ambiguous terms from the

NLM–WSD corpus, which were the same as (L&R)
adopted in the Naïve Bayes system. The L&R subset is a
balanced subset where the minority sense reaches at
least 30% of the examples. Supervised methods require
sufficient training data to determine the patterns of minority
sense. For comparison, we used the most frequent sense
(MFS) as the baseline. We also considered
SENSATIONAL and FCM two unsupervised method for
further comparison with our KFC method.

In the second part, the SENSATIONAL method evaluated
the keywords divided into two categories: terms and
acronyms. The terms part includes 13 ambiguous words
where 12 terms come from the NLM–WSD corpus,
whereas the other was the author’s own extraction from
PubMed abstracts. The acronyms part includes six
acronyms extracted from PubMed. Obtaining exactly same
the corpus as the SENSATIONAL method was not
convenient. In our method, we used the 12 ambiguous
terms from the NLM–WSD corpus , which were the same
as the SENSATIONAL method. For the acronyms parts,
we tested the ANA, BPD and BSA three acronyms, which
were the intersection sets of the MSH–WSD corpus and
SENSATIONAL method. Our acronym training data was
not exactly the same as the SENSATIONAL method. Thus,

Table 1. WSD test collection list of words

this step was only a preliminary comparison of ambigu-
ous acronyms. MFS and FCM are proposed as the
baseline, which we also compared with that of the
Sensecluster unsupervised system from Purandare and
Pedersen [30].

In the third part of the experiment, the corpus includes all
the 50 ambiguous terms from the NLM–WSD dataset.
We compared the PPR system from Agirre et al. and the
knowledge based systems CombSW and CombV from
Jimeno-Yepes [20] with FCM and KFC system.

In our proposed method, the KFC algorithm is used for
clustering. We measured the accuracy of our system by
obtaining the best alignment between our output clusters
and the manual labeled gold standard described in the
sense mapping section.

The associated parameters of the KFC algorithm in our
experiments are as follows: the kernel function is radial
basis functions exp(- (X −Y)2 / 2σ2) , the fuzzy degree m =
1.08, the termination threshold ε = 1e−  5 , and the lower
frequent words threshold is 3. The clustering algorithms
stop when these algorithms reach the termination condi-
tion. After clustering, each ambiguous word is assigned
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to a certain cluster. Mapping the right sense to each cluster
is the final step of word sense disambiguation.

4.2 L&R subset results

Keywords SENS
(accuracy) MFS L&R -ATIO FCM KFC

-NAL

adjustment 0.62 0.57 0.56 0.59 0.58

Blood-pressure 0.54 0.46 0.49 0.29 0.55

degree 0.63 0.68 0.72 0.63 0.92

evaluation 0.50 0.57 0.57 0.65 0.55

growth 0.63 0.62 0.71 0.44 0.64

Immuno-
suppression 0.59 0.63 0.59 0.70 0.53

man 0.58 0.80 0.51 0.82 0.59

mosaic 0.52 0.66 0.71 0.70 0.57

nutrition 0.45 0.48 0.42 0.35 0.44

radiation 0.61 0.72 0.65 0.81 0.58

repair 0.52 0.81 0.80 0.87 0.77

scale 0.65 0.84 0.68 0.66 0.95

sensitivity 0.49 0.70 0.74 0.82 0.86

weight 0.47 0.68 0.53 0.49 0.57

white 0.49 0.62 0.52 0.34 0.49

Average
accuracy 0.55 0.66 0.61 0.63 0.64

The results of the L&R NLM data set are shown in Table
2. The best results for each term are highlighted in bold
font. The precision of our KFC system outperforms that of
the MFS baseline by an average of 9%. Our KFC system
outperforms the SENSATIONAL system by an average of
3% in average precision. The KFC system is 1% higher
than the FCM system when tested on the same param-
eters. The performance of the proposed system is not as
good as the L&R system, which is a supervised system
that utilizes the labeled training data as input. In fact, the
KFC system exhibits a precision that is 2% lower than
that of the L&R supervised system without employing
manual labeled data.

4.3 Results on the subsets of SENSATIONAL
The unsupervised SENSATIONAL data group includes 12
terms and 3 acronyms. Table 3 shows that both the
Sensecluster [30] and SENSATIONAL systems signifi-
cantly improve the MFS baseline. The best results for
each term are highlighted in bold font. The Senseclusters,
which does not employ labeled data or manual resources,

Table 2. Accuracy comparison on the L&R data set

Keywords MFS Sense- SENS-
(accuracy) cluster ATIO-

NAL FCM KFC

cold 0.37 0.63 0.67 0.57 0.82

culture 0.52 0.55 0.82 0.61 0.68

discharge 0.66 0.90 0.95 0.72 0.92

fat 0.51 0.55 0.53 0.56 0.88

fluid 0.64 0.88 0.99 0.50 0.98

glucose 0.51 0.69 0.51 0.58 0.91

inhibition 0.5 0.55 0.54 0.52 0.96

mole 0.78 0.77 0.96 0.56 0.93

nutrition 0.39 0.50 0.55 0.35 0.44

pressure 0.52 0.89 0.86 0.58 0.98

sigle 0.50 0.87 0.99 0.62 0.96

transport 0.51 0.52 0.57 0.54 0.97

ANA 0.63 0.99 1.00 0.86 0.97

BPD 0.40 0.65 0.53 0.99 0.56

BSA 0.50 0.99 0.95 1.00 0.52

Average
accuracy 0.53 0.73 0.76 0.64 0.82

Table 3. Accuracy comparison with unsupervised systems
on terms and acronyms

achieves an improvement of 20% over the baseline preci-
sion of 53%. The SENSATIONAL exhibits an average pre-
cision of 76%. The KFC system shows an accuracy 6%
higher than that of the SENSATIONAL system. In this
subset, the SENSATIONAL system obtains 7 best re-
sults out of the 15 terms and acronyms, whereas our
KFC system achieves 6 best results. The KFC system
does not perform well in acronym disambiguation. We
believe that the small corpus size is one of the reasons
for this outcome.

4.4 Results on full NLM–WSD dataset
Table 4. Word by word accuracy results of full NLM–WSD
dataset

Table 4 shows the results for 50 terms in the full NLM–
WSD dataset. The column Word lists the ambiguous
terms. The PPR column shows the word-by-word accu-
racy of Agirre’s graph based Personalized PageRank
method. The columns CombSW and CombV indicate the
performance of Jimeno-Yepes’s combination of four vari-
ous unsupervised methods. The columns FCM and KFC
are the two proposed unsupervised methods. The best
results for each term are highlighted in bold font. The bot-
tom row ‘Best result rate’  indicates the percentage of
best results that each method obtains. The ‘Average ac-
curacy’ is the final accuracy result of each column.
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Keywords Comb Comb
(accuracy) PPR -SW   V FCM KFC

adjustment 0.35 0.69 0.53 0.59 0.58
association 1.00 - - 1.00 1.00
blood pressure 0.48 0.38 0.44 0.29 0.55
cold 0.28 0.39 0.79 0.57 0.82
condition 0.49 0.78 0.69 0.50 0.88
culture 0.77 1.00 0.55 0.61 0.68
degree 0.94 0.88 0.82 0.63 0.92
depression 0.94 0.97 0.99 0.53 0.91
determination 0.95 0.96 0.14 0.57 0.90
discharge 0.69 0.71 0.96 0.72 0.92
energy 0.28 0.46 0.54 0.62 0.92
evaluation 0.50 0.52 0.50 0.65 0.55
extraction 0.28 0.98 0.86 0.60 0.82
failure 0.72 0.86 1.00 0.48 0.76
fat 0.96 0.91 0.84 0.56 0.88
fit 0.11 0.89 1.00 0.94 1.00
fluid 0.92 0.49 0.35 0.50 0.98
frequency 0.99 0.63 0.81 0.51 1.00
ganglion 0.64 0.88 0.86 0.58 0.88
glucose 0.9 0.78 0.39 0.58 0.91
growth 0.37 0.55 0.66 0.44 0.64
Immuno-
suppression 0.62 0.6 0.65 0.70 0.53
implantation 0.85 0.94 0.97 0.50 0.77
inhibition 0.22 0.97 0.83 0.52 0.96
japanese 0.65 0.63 0.94 0.56 0.92
lead 0.93 0.83 0.86 0.90 0.79
man 0.45 0.65 0.42 0.82 0.59
mole 0.27 1.00 1.00 0.56 0.93
mosaic 0.66 0.85 0.72 0.70 0.57
nutrition 0.33 0.46 0.43 0.35 0.44
pathology 0.28 0.76 0.83 0.44 0.77
pressure 0.98 0.64 0.88 0.58 0.98
radiation 0.53 0.77 0.77 0.81 0.58
reduction 0.55 1.00 0.82 0.82 0.82
repair 0.77 0.87 0.88 0.87 0.77
resistance 0.67 1.00 1.00 1.00 1.00
scale 0.85 0.69 0.66 0.66 0.95
secretion 0.99 0.58 0.97 0.54 0.81
sensitivity 0.28 0.92 0.73 0.82 0.86
sex 0.85 0.60 0.53 0.51 0.72
single 0.82 0.89 0.95 0.62 0.96
strains 0.97 0.99 0.96 0.53 0.96
support 0.8 1.00 0.90 0.70 0.80
surgery 0.97 0.43 0.96 0.62 0.8
transient 0.99 0.95 0.97 0.58 0.93
transport 0.69 1.00 0.98 0.54 0.97
ultrasound 0.83 0.81 0.83 0.57 0.84
variation 0.75 0.65 0.86 0.61 0.77
weight 0.57 0.66 0.68 0.49 0.57
white 0.63 0.57 0.58 0.72 0.60
Best result rate 0.18 0.31 0.24 0.14 0.32
Average
accuracy 0.67 0.76 0.76 0.62 0.81

Table  4. Word by word accuracy results of full NLM–WSD dataset
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The PPR algorithm performs various terms with results
ranging from 11.1% to 99%. The overall performance of
the PPR algorithm depends on the graph situations. Un-
favorable graph situations adversely affect the average
accuracy. Although the PPR obtains 18 best results in 50
terms, the average accuracy reaches 67%, which is
slightly lower than that of many other methods. The
Jimeno-Yepes’s CombSW and CombV combine four
knowledge-based methods. Their works rely on the UMLS
Metathesaurus ontology. The first method compares the
overlap of the context using definition, synonyms, and
related terms. The second method uses a graph-based
method on the Metathesaurus network to perform unsu-
pervised WSD. The third approach employs PubMed to
collect extra training data and adopts the WSD work by
Naïve Bayes. The last approach utilizes the semantic
types with the Metathesaurus to perform WSD. The
CombSW and CombV are two combination strategies,
comprising weighted linear combination and voting com-
bination. The performances of these approaches on most
of the terms are outstanding, and the average accuracies
of these methods reach 76%.

In the group of our methods, the FCM stands for fuzzy C-
means and the KFC combines the kernel function with
the FCM clustering. The FCM shows a lower accuracy
than the other least-performing methods. The average
accuracy of KFC is 81%, which is significantly higher
than all the other methods. The best result rate of KFC is
32%, which is slightly higher than 31% of the CombSW.
The results demonstrate that using the kernel function
has a significant positive effect in the WSD system. In
this task, the KFC method clearly outperforms other WSD
methods, as indicated in Table 4.

We also compare the proposed approach with the
Stevenson’s supervised system, which we did not list in
the Table 4. This system combines three supervised meth-
ods and achieves an accuracy of 0.88. The accuracy of
our system at the same dataset is 0.81, which is close to
the state-of-art supervised system.

5. Conclusion

We compared several methods for word sense disam-
biguation in the biomedical domain. We determined that
the kernel fuzzy c-means clustering method outperforms
other unsupervised methods. The average accuracy of KFC
method is close to the state-of-art supervised methods.
Based on our analysis, the reasons are as follows:

The NLM–WSD corpus has 50 ambiguous terms, and
each term has 100 contexts. The corpus data is unbal-
anced because some senses obtained very few contexts
out of 100 contexts. In this situation, training data is in-
sufficient for some classical supervised methods.
Imbalanced data in the biomedical texts is very common,
which must be addressed in the supervised methods.
Unsupervised methods discriminate the senses first and
map the senses based on similarity or external resources.

Thus, these approaches usually operate well on imbal-
ance data.

The KFC method maps the features on high-dimensional
space. Distinguishing the similar senses is more conve-
nient. The sense mapping strategy is effective for
imbalanced data. Thus, the final results performed well in
terms of average accuracy.

In this paper, we use single kernel method for NLM–WSD
task. We will explore multiple kernels methods in further
research to enhance the current research. We will also
focus on acronym disambiguation in the biomedical do-
main.
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