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Abstract—There has been growing interest in the task of Named Entity Recognition (NER) and a lot of research has been done in this direction
in last two decades. Particularly, a lot of progress has been made in the biomedical domain with emphasis on identifying domain-specific entities
and often the task being known as Biological Named Entity Recognition (BER). The task of biological entity recognition (BER) has been proved
to be a challenging task due to several reasons as identified by many researchers. The recognition of biological entities in text and the extraction
of relationships between them have paved the way for doing more complex text-mining tasks and building further applications. This paper looks
at the challenges perceived by the researchers in BER task and investigates the works done in the domain of BER by using the multiple
approaches available for the task.
Keywords- Named Entity Recognition, NER, Biological named Entity Recognition, BER, Information Extraction, Text Mining, Bio-NLP.

__________________________________________________*****_________________________________________________
I.

INTRODUCTION

One of the fundamental tasks in Natural Language
Processing (NLP) is text mining. Most of the text mining
system depends upon the methods and tools of NLP. Text
mining can be defined as a knowledge extracting method to
extract useful and previously unknown information from a
document or set of texts by identifying the facts inherent and
inexplicit in the data [1]. Biomedical text mining, the term
some practitioners use as synonymous with Bio-NLP, is
applying the automated methods of text mining for exploiting
the enormous amount of knowledge available in the
biomedical literature [2]. Bio-NLP covers a wide range of
applications covered under its ambit, such as, document
classification, text mining, summarization, questionanswering, ontology development, literature-based discovery
etc. as shown in Figure 1.
The task with goal of extracting explicitly stated facts
or structured facts from unstructured or semi-structured text is
termed as information extraction in text mining systems.
Information extraction often becomes the basis of other
biomedical text mining applications and is considered as an
initial processing step in this direction. For processing
unstructured text, three major subtasks of information
extraction are reported in literature:




identifying highly complex relations among detected entities is
known as event extraction and is the third sub-task in
information extraction. The events such as gene expression
and regulation and protein binding etc. are examples of event
extraction task in the biomedical domain. However, the focus
of this paper is to look in detail at the works done in the field
of entity recognition in biological domain.

Figure 1. Bio-NLP Tasks

Named Entity Recognition (NER)
Relation Extraction
Event Extraction

Named entity recognition is a task that tries to find
entities in the text and classifies these entities into some
predefined classes. The task of relation extraction from the
text, to detect binary relationships among named entities, is
another subtask of information extraction relevant to the
biomedical domain. The examples of relation extraction from
biomedical text include gene-disease relationships, proteinprotein interactions, drug-drug interactions etc. The task of

A. Biological Named Entity Recognition (BER)
Biological Named Entity Recognition (BER) is a
subfield of NER when the text under consideration is a
biological text and the predefined categories of entities are
from biological domain, such as, the names of proteins, genes,
or diseases. The idea is that recognizing biological entities in
text allows for further extraction of relationships and other
information by identifying the key concepts of interest and
hence letting more complex text-mining tasks to be performed.
Figure 2 shows the sub-tasks performed under ―Information
Extraction‖ with BER being a sub-field under of NER.
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B. Entity Recognition Approaches
Generally the NER, and therefore BER per se, can be
grouped into the following categories as far as the approaches
to perform the task are concerned:

portability as far as transferring across other domains is
concerned. Therefore, it is becoming common to shift towards
more robust learning-based approaches instead of or in
combination with dictionary- based and rule-based approaches
[3].

B(i). Dictionary-Based Approach
One fundamental approach of performing NER is to
utilize a descriptive list of terms (dictionary or lexicons), also
termed as terminological resources, that can be the basis of
identifying entity mentions in text. This type of approach is
known as dictionary-based approach. If the word or group of
words from the text matches with the term from the list, it is
recognized as entity occurrence. This kind of approach is
found to have a high degree of precision but has a poor recall.
Many improvements have been suggested to increase the
precision and recall of dictionary-based approaches and to
overcome the stated difficulties, such as, generating spelling
variants for the terms in a biomedical resource, appending
additional terms to the underlying term lists etc. Despite these
improvements, dictionary-based methods are most often used
in conjunction with more advanced NER approaches.

B(iii). Learning Based Approaches
The task of extracting biomedical entities using
statistical methods is usually accomplished by applying some
kind of machine learning algorithm. The machine learning
paradigm can be viewed as ―programming by example.‖ It is a
technique in which system learns automatically by using
negative and positive training examples for the task with the
help of distinguishing features linked with examples. The
selected machine learning algorithms automatically
differentiate negative examples from positive examples and
this learning can be used further to identify similar information
from the data which is still unseen [4].

Figure 2. Information Extraction and its Sub-Tasks

B(ii).Rule-Based Approach
Rule-based approach is another approach to NER in
which rules are defined in an attempt to recognize entities
which describe the formation patterns of named entities and
their context. In this approach, the rules are developed
typically manually using lexical-syntactic features or using
existing information lists, such as, dictionaries of typical term
constituents like terminological heads, affixes, specific
acronyms etc. Rule-based approaches are considered to
typically achieve better performance than dictionary-based
approaches. However, these kinds of knowledge engineering
approaches are known to be time-consuming and hard as rules
are mainly handcrafted. Further, rules tend to be very problem
specific as well as domain specific in order to achieve high
precision.
Even after putting so much effort and time to build
the resources and rules, these approaches have limited

Learning algorithms can be generally classified into three
types:
 Supervised learning
 Semi-supervised Learning and
 Unsupervised Learning
B(iii)(a). Supervised Learning
Supervised learning technique is based on the idea of
studying the features of positive and negative examples of NE
over a large collection of annotated corpus and is the most
frequently used and still the dominant approach in the NER
community [5]. There are several supervised learning
techniques which are used extensively for the task, such as,
Support Vector Machines (SVM), Hidden Markov Models
(HMM), Decision Trees, Maximum Entropy Models (ME),
and Conditional Random Fields (CRF).
The main problem with the use of supervised learning
methods in NER task is the requirement of large amount of
training, usually manually annotated data which demands a lot
of cost and time investment. Of late there have been efforts to
automatically generate training data for the NER task by using
bootstrapping and other semi-supervised statistical techniques.
B(iii)(b). Semi-supervised Learning (SSL)
Semi-supervised learning uses both labeled data and
unlabeled data for the learning process to reduce the
dependence on training data. The main technique of semisupervised learning in NER is ―bootstrapping‖ that needs a
lesser degree of supervision. The system is first trained on an
initial small set of seeds (examples) to tag unlabeled data and
the resulting annotations are then selected to increase the
initial training set. The augmented training set is then used to
re-train the system and this process iterates to progressively
refine the learning model.

B(iii)(c). Unsupervised Learning (USL)
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In the unsupervised learning, decisions are made on
the basis of unlabeled data. The methods of unsupervised
learning are mostly built upon clustering techniques, similarity
based functions and distribution statistics.
The various entity recognition approaches are
depicted in the Figure 3.

Figure 3. (Biological) Named Entity Recognition Approaches

II.

SURVEY OF BER APPROACHES

A lot of progress has been made in the direction of
Named Entity Recognition task since 1996 when the 6th
Message Understanding Conference (MUC6) was organized
[6]. The 6th Message Understanding Conference (MUC6) saw
first time the use of term Named Entity, a named object of
interest in the text [7]. However, five years prior to MUC6
Lisa F. Rau at the Seventh IEEE Conference on Artificial
Intelligence Applications presented a paper describing a
system to extract and recognize ―Company‖ names which may
be regarded as first in this field and was based on heuristics
and rules [8]. Very few publications were there from 1991
leading to MUC6. At the MUC6 the need of the semantic
identification of people, organizations and localizations, as
well as numerical expressions, such as, time and quantities,
was observed. In MUC6 names of entities are annotated using
mark-up tags ‗ENAMEX‘ and ‗NUMEX‘ for entity name
expression‘ and numeric expression‘ respectively.
Many dedicated tracks have been organized for NER
tasks since the MUC6 conference and this upsurge has led to
many quality publications in the area. After that subsequent
7th Message Understanding Conference (MUC7) [9] expanded
the scope of named entity with inclusion of date and time
entities. The task has progressed in time from simple
identification of people, organizations and localizations to the
technical domains to recognize domain-specific entities.
Particularly Biological Named Entity Recognition (BER) has
witnessed a lot of growth in the task of identifying entities
from the biological text.

A. Challenges in BER
The task of biological entity recognition (BER)
appearing to be straight forward at the first glance remains a
challenging task for several reasons. Marrero M. et al. in their
paper argue that NER is in fact not a solved problem, and
acknowledged that the lack of agreement around the concept
of Named Entity has important implications for NER research
[10]. The difficulty associated with the task of entity
recognition in biomedical domain as compared to other
domains has been attributed to several factors promulgated by
many researchers. The literature in biomedical domain makes
use of millions of entity names with new ones being added to
the list by every passing day, thus making it difficult for
dictionaries or other lexicons to be all-inclusive and up-to-date
[11].
The entity names in biomedical name are also usually
longer than the names in other domains and detecting their
boundaries is comparatively more difficult. There can be
overlapping of the entity names making it hard to find which
one is right (for example, in ―left breast cancer‖, what should
be tagged ―breast cancer‖, ―left breast cancer‖ or ―left breast‖
?).
There is further problem of lack of consensus on the
name to be used for a given entity and their conceptualization
due to rapid progression of biomedical field and also the
problem of similar or even identical names and acronyms
being used for different concepts [12]. For example,
―diabetes‖, which is the name for both a disease and a mouse
gene thus, having a different meaning in a closely related field
[13].
If we look closely at the biomedical literature we
observe that abbreviations are very frequently used in it [14].
The problem with use of abbreviations in the biomedical
domain is that these can match common English words or
have multiple homonyms [15]. The situation is aggravated by
the fact that the naming conventions, although there are not
many, are usually not followed by authors and they introduce
their own abbreviations in their publications [11].
B. Important Works of BER
The three main categories of entity recognition
approaches namely: dictionary based, rule-based and learning
based approaches have witnessed a lot of research in the recent
past.
B(i). Dictionary-Based Approach
Dictionary-based approach is considered as the
fundamental approach of identifying entity mentions in text by
using terminological resources, such as, dictionary or lexicons.
The works have discovered for this approach to have a high
degree of precision but a poor recall. Tuason et al. reported
that the low recall may be attributed to spelling mistake,
character-level and word-level variations, for example, they
reported that if straightforward string matching was used,
name variations could account for up to 79% of the missing
genes [16]. They reported that the overall recall was only
36.2% when they experimented with mouse gene names. They
observed that using different numerals (e.g. syt4 and syt iv),
―punctuation‖ variation (e.g. bmp-4 and bmp4) or different
transcriptions of Greek letters (e.g. iga and ig alpha) were the
most frequent causes of the gene name recognition failures.
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The researchers have witnessed lexical variants,
synonymy when a concept is represented with several entities
and homonymy when an entity has several meanings, and
posing difficulties in recognizing entities using dictionary
based approach [17]. The major issue with the use of such
vocabularies of terms is that it is not possible to have
exhaustive list of terms and furthermore new terms are
introduced by researchers and scientists around the world at
very fast rate making most of these vocabularies out of date
very soon. Even with the use of exclusive ―well-formed‖ and
approved names by the scientists as an ideal scenario in the
future, there still remains a challenge how to deal with a huge
number of documents containing ―legacy‖ and ad-hoc terms
[17].
The lower precision and recall and other reported
problems in the dictionary-based approaches led to adoption of
many enhancements to these approaches. Generating spelling
variations to get the terms for a biomedical resource and then
augmenting terms to the primary lists is one example of such
an enhancement [18]. Then the expanded list can be used to do
exact string matching. There are other works which use
algorithms, such as, probabilistic algorithm or BLAST
algorithm to find variants of terms from raw text to augment
the dictionary lists [19, 20].
Although there are many of these enhancements have
been attempted, yet dictionary-based methods are frequently
used in combination with more advanced NER approaches.
B(ii). Rule-Based Approach
The entity recognition systems in the early years of
NER task were predominately based on rule-based approaches
[21]. The FASTUS system, which participated in the MUC-6
evaluation, uses manually designed regular expressions to
extract names of entities [22]. LaSIE (Large Scale Information
Extraction ) [23] and LaSIE II [24] were two systems by The
University of Sheffield NLP group that participated in 6th and
7th Message Understanding Conferences (MUC-6 and MUC-7)
which used lookup lists of reference entity names and
grammar rules for the identification of entities. The PASTA
(Protein Active Site Template Acquisition) and EMPathIE
(Enzyme and Metabolic Pathways Information Extraction)
systems were another rule based systems built for extraction of
information from scientific abstracts and journal papers about
enzymes and protein structure using context free grammars
[25, 26]. Fukuda et al. proposed a method of identifying
protein names from biological text by utilizing pattern-based
rules [27]. In their work on biological named entity recognizer,
Narayanaswamy et al. exploited the surface clues and simple
linguistic and domain knowledge in identifying chemical
names [28].
There are few efforts to consolidate upon the simpler
ways of rule based approach by applying additional
mechanisms. One of such efforts was the use of protein
collocations extracted from a biological corpus to enhance the
performance of protein name recognizer [29]. Protein name
extraction system named Yapex improves recognition of
protein names with result of syntactic parsing for determining
entity boundaries [30].
Of late the emphasis has shifted towards using
learning based approaches or using them in combination with,
dictionary and rule-based approaches due to restricted

portability of dictionary and rule-based approaches in
transferring across other domains [3].
B(ii). Learning-Based Approaches
Learning based approach of named entity extraction
is primarily based on using statistical methods. In this
approach some kind of machine learning algorithm is applied
which makes use of automatically learning by using positive
and negative training examples for the task with use of
distinctive features associated with examples [31]. Nadeau et
al. described three categories of features namely word-level
features, list look-up features, and document and corpus
features, as the features that are useful in the NER task using
learning methods [5]. The feature are usually selected
depending upon the task and what features do we select has a
bearing on the performance of NER systems.
We find in the literature works reported on all three
types of learning algorithms namely supervised learning,
semi-supervised learning and unsupervised learning. Out of
these three, supervised learning is considered to be the
dominant approach for the named entity recognition task.
B(iii)(a). Supervised Learning
Support Vector Machines (SVM), Decision Trees,
Hidden Markov Models (HMM), Maximum Entropy Models
(ME), and Conditional Random Fields (CRF), all are
frequently applied supervised learning techniques for NER
task.
Support Vector Machines (SVM) has been used by
many researchers in their NE works [32-38]. Various works
have been reported using Hidden Markov Models (HMM)
learning technique in the context of NER task [39-42]. The
frameworks for biomedical NER system based on CRF are
often reported to be better performing [43]. The CRF was used
frequently among the highly ranked systems on the
BioCreAtIve gene mention recognition tasks [44]. Kazama et
al. used Wikipedia as external knowledge to improve CRFbased named entity recognition [45]. There are other machine
learning methods that are also common for NER task, such as,
Maximum Entropy model, Perceptron algorithms, Naïve
Bayes, Decision Trees etc. and many works have been done
using these.
We need large amount of training data which is
mostly manually annotated in the supervised learning methods
and this requires a lot of cost and time investments. In the
recent past there have been attempts to automatic generate
training data for the NER task by using bootstrapping and
other semi-supervised statistical techniques.
B(iii)(b). Semi-supervised Learning (SSL)
The dependence of supervised learning on the
training data is lessened by making use of both labeled and
unlabeled data for the learning process in the semi-supervised
(or ―weakly supervised‖) learning technique. Bootstrapping
or self-training is the main technique of semi-supervised
learning which requires a small degree of supervision.
Bootstrapping method in SSL became quite popular and many
NER methods are using bootstrapping approaches.
Brin et al. used a SSL technique which exploits the
lexical features implemented by regular expressions in order to
generate lists of book titles paired with book authors from the
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World Wide Web [46]. They achieve this by using the duality
between sets of patterns and relations to grow the target
relation starting from a small sample.
Riloff and Jones [47] in their significant work
presented mutual bootstrapping, which starts with a small set
of seed entity names that are located in the corpus and their
contexts are pruned to generalize extraction patterns. The
ranking is done of these patterns using confidence score and
new examples are found out using. This idea was further
extended by Thelan et al. by using collective evidence from a
large set of extraction patterns to give better results than
earlier one [48].
In another variant of mutual bootstrapping, A.
Cucchiarelli and Velardi used seeds from existing NER
systems for starting examples [49]. They relied on syntactic
relations (e.g., subject-object) to find better contextual
evidence about the entities. M. Pasca et al. work was also
motivated by method of mutual bootstrapping [50]. Their
approach was innovative in the sense that they used pattern
generalization by semantic class similarity. Another
contribution of theirs was that they were able to show that
beginning with a small set of (10 examples) it is possible to
apply this SSL technique on large corpora (100 million web
documents) and still have high precision (88%) in generating
millions of facts.
Nadeau et al. discussed in his paper that experiments
in semi-supervised NERC have performances comparable with
baseline supervised approaches [5]. Vlachos and Gasperin et
al. presented a bootstrapping method in which they used new
test set for the task constructed on an annotation scheme which
separates gene names from gene mentions, allowing a more
reliable annotation [51].
Another recent work using bootstrapping is reported
by Olsson [52] in which he uses a method that is focused on
the creation of annotated data, as opposed to the creation of
classifiers, and the eventual result of the method is a corpus of
marked up textual documents. Knopp [53] presented a
bootstrapping approach based on Wikipedia‘s category system
to classify the NEs contained in HeiNER, a multi-lingual NE
corpus prepared in earlier work by Wentland in 2008 and he
was able to classify more than two million named entities to
improve the resource‘s quality.
The very evident limitation of the bootstrapping
approach is propagating the error once it has been introduced.
Clearly once the noisy patterns or entities are surfaced in the
bootstrapping process there is a sharp decline in the
performance due to the very nature of the process. Another
problem is that when low frequency classes of entities are
there, inadequate contextual information hinders the pattern
generalization [47].
B(iii)(c). Unsupervised Learning (USL)
Unsupervised learning methods make decisions on a
large unannotated corpus or data. For the task of NER the
main approach in unsupervised learning is clustering
technique. . There are other unsupervised approaches, such as,
similarity based functions and distribution statistics.
Fundamentally, the techniques are based on lexical resources,
on lexical patterns and on statistics on a large unlabeled data.

The following are some prominent works using USL for NER
task:
In an unsupervised learning method in the domain of
NER, Alfonseca et al. [54] presented a work of labeling an
input word with an appropriate NE type taken from WordNet.
In another work of USL, Evans [55] presented a system of
Named Entity Recognition in the Open Domain (NERO) in
which he worked on the problem of NER for identification of
any types of entities useful in any scenario context. The
unsupervised approach he used was extracting sequences of
capitalized words appearing in a document that are likely to be
entity names and then submitting queries to a search engine to
search possible hypernyms of the capitalized sequences
together with Hearst patterns..
Shinyama et al. [56] in their work of unsupervised
learning discovered a strong connection between being a
named entity and appearing in multiple news sources at the
same time and presented a technique for detecting rare named
entities in an unsupervised manner. Although the accuracy was
reported high for this approach but recall was not that good.
There were two significant works on using
unsupervised learning for named entities considering them
multi-word units (MWU). Silva et al. used mutual information
measures and the frequency of words to identify n-grams from
corpus as the possible entities on the assumption that named
entities as multi word occur more often together than
disjointedly [57]. The other work which built upon their idea
and extended further by applying similar method but with Web
data was reported by Downey et al. [58].
There have many works reported in the literature
which do use combination of different approaches to enhance
the performance. Many efforts on for performing biomedical
NER are often quite successful at using dictionary- or rulebased methods with the statistical methods. In a work on
medical entity recognition, Abacha et al. [59] observed that
hybrid approaches using domain knowledge and statistical
methods of machine learning did best. Sasaki et al. [60]
combined a dictionary-based approach with part-of-speech
tagging to extract known protein names in parallel. There are
number of other successful works on hybrid NER systems in
the biomedical domain, therefore underlining the importance
of combining the different approaches for the specific problem
in hand for better performance.
C. Evaluation of ER Systems
Thorough evaluation of any system is crucial to its
growth. The NER task is generally evaluated by comparing the
outputs of an NER system with that of gold standard i.e.
manual annotations on the same dataset. Many methods are in
use to judge systems based on their capability to mark a text
like an expert. Due to upsurge in the task of biomedical named
entity recognition in recent past, many efforts have taken place
to evaluate the NER systems based on community-wide
evaluation.
MUC conferences were a series of Message
Understanding Conference Evaluations. In MUC events [61],
the scoring for the system is done on two parameters: ability of
the system to detect the correct type (TYPE); and ability of the
system to detect the exact text (TEXT). For both of these
parameters of TYPE and TEXT, there are three measures:
(COR) the number of correct answers; (ACT) the number of
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guesses of actual system; and (POS) the number of possible
entities in the solution. The micro-averaged f-measure (MAF)
is the final MUC score, which is the harmonic mean of
precision and recall calculated over all entity spaces on both
parameters.
IREX [62] was an evaluation-based project for
information retrieval and information extraction in Japanese
and it used a simple scoring mechanism. An exact match with
the corresponding entity in the gold standard makes the named
entity to be correct in this task and hence this evaluation is
classified in the ―exact-match evaluation‖ category along with
similar evaluations. Another such evaluation task was CONLL
shared task [63] in 2003, which also compared systems on the
micro-averaged f-measure (MAF). In this system as in IREX,
precision is the percentage of named entities detected by the
system that are correct and recall is the percentage of named
entities present in the corpus that are found by the system.
In the Automatic Content Extraction (ACE) entity
detection and tracking (EDT) task [], the evaluation process is
a complex one. The task definition in the ACE evaluation is
more elaborate in the sense that all mentions of an entity,
whether a name, a description, or a pronoun, are to be
identified and collected into equivalence classes based on
reference to the same entity. ACE includes practical coreference resolution and also deals with various evaluation
issues such as, partial match, wrong type etc.
Although evaluation tasks, such as ACE, with more
elaborate mechanisms and wide coverage of the problem may
be considered more powerful, however, these complex
methods make error analysis and evaluation hard.
III.

CONCLUSION

In this paper we surveyed the area of BER and looked
at the different works done for the task by many researchers
using multiple approaches. A lot of work has been done in
BER by using the simple dictionary based approach and
further to overcome the limitations found in this approach lot
many improvements have been tried. However, we observe
that despite these improvements, dictionary-based methods are
most often used in combination with more advanced NER
approaches. Rule based approaches have also been applied
very frequently to the task of BER and we find many such
works reported for the same.
However, we notice that due to restricted portability
of dictionary and rule-based approaches in transferring across
other domains, the focus in recent times has shifted towards
using learning based approaches or using them in combination
with, dictionary and rule-based approaches. We find in the
literature works reported on different types of learning
algorithms though supervised learning is considered to be the
dominant learning method for the entity recognition task.
There have been also many useful hybrid ER systems reported
in the biomedical domain, therefore highlighting the
importance of combining the different approaches for better
results. We also looked at the different evaluation tasks carried
out in BER, while observing that more elaborate mechanisms
and wide coverage evaluation systems adds to the complexity
making error analysis and evaluation harder.
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