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Abstract | For mining biomedical information identifying names is the prime task. Com-
plex and uncertain naming styles of biomedical entities are the major setbacks
here. Thus, state-of-the-art accuracy of biomedical name identification is rea-
sonably inferior compared to general domain. This study includes Machine
Learning and Deep Learning techniques to recognize names from biomedical
corpus. In supervised classification, a classifier is built by finding required statis-
tics from training corpus. Accordingly, performance of the system is primarily
dependent on quantity and quality of training corpus. But manually prepar-
ing a large training dataset with enriched feature samples is laborious and
time-taking. Therefore, various techniques were adopted in the literature to
make effective use of raw corpora. We have incorporated a novel Cluster Merg-
ing technique and Attention Mechanism with BERT embedding for boosting
Machine Learning and Deep Learning classifiers respectively. The suggested re-
sults outpour that profound techniques are competent and delineate signifying
improvement over surviving methods.
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1. Introduction

The task of information extraction (IE) is a critical aspect of natural language process-
ing (NLP) that involves automatically retrieving organized data from unstructured
text. Two fundamental tasks involved in information extraction (IE) are named entity
recognition (NER) and relation extraction (RE). Further relation extraction between
two or more entities necessitate identification of the entity names as prerequisite.
A named entity is a succession of words (n-grams) that represents a name of a spe-
cific type. Named entity recognition (NER) involves recognizing and categorizing
entity names within unstructured text into predetermined classes, which may in-
clude person, organization, location, protein, DNA, cell-type, and others. During the
past two decades, the evolution of NER systems in multiple languages and fields
has been a widely explored research topic. A Significant amount of investigations
have been conducted for the development of NER systems in biomedical domain too.
However, complex and uncertain naming styles of biomedical entities (such as T-cell,
IL-8, mRNA, human immunodeficiency virus (HIV-1) etc.) are the major challenges
for identifying biomedical names. These entity names are often long and include hy-
phen, numeric value, uneven capitalization and uncommon words; these make the
classification and boundary identification of biomedical named entities (NEs) rather
intricate. And the general NER system outperforms the biomedical NER system in
terms of accuracy [69]. Therefore, researchers are still devoting their effort on im-
proving the accuracy of biomedical NER system.

NER approaches can be divided into two primary classes: rule-based approaches,
and supervised approaches that rely on Machine Learning or Deep Learning tech-
niques. Rule-based approach uses handcrafted rules for extracting names. This ap-
proach yields good results if the rule set has high coverage and can detect complex
names that might be difficult with supervised approach. However, rule-based ap-
proach is language and domain dependent and not portable. On the other hand, in
supervised approach, a classifier is trained. The Machine Learning (ML) algorithm
employs annotated samples to train a statistical classifier [22,67]. Thus, the system’s
effectiveness is majorly dependent on the quality and quantity of the training corpus.
Generating a vast quantities of labelled training data with rich feature samples is
a challenging and time-taking task. However, there is a huge collection of external
raw corpora available that contain valuable information and can be used to augment
the annotated training data [37]. To make use of this raw data, effective processing
is necessary so that only the relevant parts of the data have a significant influence on
the NER results. At this point the significance of word clustering becomes relevant.
It is a method of grouping similar words into cluster. This is an efficient method to
improve upon the accuracy of labelling and sequencing task like identifying named
entity and parts-of-speech tagging etc. Deep learning has appeared as a successful
technique, achieving state-of-the-art performance in numerous applications [30], in-
cluding speech recognition [18], image segmentation [31]|, image classification [17],
and NER [28,35]. Deep learning techniques commonly require a substantial quantity
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of labelled data for supervised learning, as well as longer training times and greater
computing resources compared to traditional machine learning methods. However,
despite these requirements, they have demonstrated highly effective results [6].

This paper presents a biomedical Named Entity Recognition (NER) technique
that uses several machine learning classifiers and an efficient cluster merging tech-
nique to achieve higher accuracy. Support Vector Machine (SVM) and Conditional
Random Field (CRF), two widely used ML classifiers are incorporated for GENTA
corpus version 3.02 (size 492K words) collected from JNLPBA-2004. The accuracy of
a supervised ML algorithm radically relies on the affluence of feature values. With an
enhanced combination of candidate features our CRF based baseline NER system gets
the highest F-measure of 64.40 with Precision 65.27% and Recall 63.56% and baseline
SVM classifier achieves the maximum F-measure of 64.30 along with Precision 62.72%
and Recall 65.97%.

Word Clustering has been well anticipated in recent NLP tasks and achieved
a greater success; it involves searching for a specific structure or pattern within a data-
set that has not been processed or analyzed [41]. So, it is decided to use clustering
technique in this Bio-medical NER task. It has been found in the literature that
different clustering techniques are available. Farley and Raftery classified cluster-
ing into two major categories: partitioning and hierarchical [12]. Han and Kamber
suggested additional three types of clustering: model-based, grid-based, and density-
based approaches [16]. The explanation of having various clustering techniques is
that the perception of “cluster” is not exactly defined [10]. To choose a particular
clustering algorithm for any work depends on several parameters like: type of data,
size of data and purpose. In this work, both partitioning and hierarchical cluster-
ing methods have been used. In partitioning method, a large object is sub divided
and grouped into several clusters with every cluster containing at least one element.
It is a repetitive process where the objects may be repositioned into other groups
based on their relevance. There are two major techniques exist in partitioning clus-
tering method: K-medoids and K-means. The K-means clustering is a straightforward
centroid-based technique where overall dataset is divided into ‘K’ number of clusters,
each of which consist similar type of words. On the other side, K-medoids cluster-
ing, nearly similar to K-means algorithm; here overall dataset is partitioned into ‘K’
number of mutually exclusive clusters but clusters are well fitted onto a data point
(cluster representative). These representatives are chosen to the closest one (data
points) from the cluster’s centre rather than the centre point of the clusters (which
is used in K-means technique). But as the data points increase the K-means requires
maximum time and the K-medoids works convincingly superior to the K-means and
also better at scalability for large dataset [36,54]. So, it is decided to use K-medoids
technique from partitioning clustering method. The hierarchical clustering methods
organize the overall dataset in a tree like structure. These methods construct clus-
ters by iteratively dividing the data either in a bottom-up or top-down manner. Here
brown clustering technique is adopted as a hierarchical clustering. The Brown clus-
tering [3] is a widely used hierarchical clustering method that has found application in
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various Natural Language Processing (NLP) tasks [32,39,45,55,58|. It shows better
performance for the data which require special care (corpus which includes special
symbols and noisy text etc.). Clusters are constructed here based on the statistical
analysis of bigram words. However, in the task of named entity recognition (NER),
larger contextual words also contain crucial information. To successfully acquire dis-
tant information effectively, partitioning clustering technique, specifically K-medoids
has been employed. Thus two type of clusters are acquired from two different clus-
tering techniques. Subsequently these are merged to get improve accuracy from the
developed biomedical NER system. For using the clustering technique, extra 238K
words have been collected from MEDLINE, bio-medical corpora and used in different
word representations. After using word clustering, the modified CRF based approach
archives the modest F-measure of 77.09 with Precision 75.43% and Recall 78.81%
and the modified SVM based system gets the highest F-measure of 75.17 along with
Precision 74.41% and Recall 75.94%.

In parallel to machine learning approaches deep learning methods also have been
explored for the NER task. A number of deep learning efforts were made by researchers
concentrating on NER researches. These methods leveraged neural networks to iden-
tify entities by extracting word features from a vector sequence. Deep learning models
offer superior performance compared to classical machine learning and rule-based ap-
proaches, but still have challenges. Deep learning techniques are classified into two
classes: Convolutional Neural Network (CNN) [26] and Recurrent Neural Network
(RNN) [8]. CNN is capable of obtaining local features but not context information.
Although RNN is able to capture the context information from text because of its
sequential nature, recognizing entities becomes challenging due to the prevalence of
non-entity words within sentences and the presence of redundant information in a sig-
nificant portion of the text. To deal with the aforementioned issues, this article intro-
duces a new model named A-BiGRU that tries to identify the names from biomedical
corpus. First, the BERT model is applied to generate vectors from words, which can
improve the expressiveness of context information. The next phase involves training
of the BiGRU network. An attention mechanism is incorporated to overcome the in-
formation redundancy. Finally, Softmax function is used to predict the entity label
associated with each word, and achieves highest F-measure of 81.20 with Precision
82.89% and Recall 79.57%. In the present study, the suggested model is evaluated on
the GENIA corpus version 3.02 and assess its outcomes compared to modern state-
of-the-art techniques. The salient contributions of the paper that makes a number of
value additions to the literatures are highlighted below.

1. The main aim of this article is to enhance the accuracy of biomedical Named

Entity Recognition (NER) task compared to the current state-of-the-art methods.

The suggested systems demonstrate superior performance compared to existing

approaches.

2. The article presents an innovative approach for merging two distinct classes of
clusters, namely hierarchical cluster (Brown cluster) and partitioning cluster

(K-medoids cluster), in an efficient manner.
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3. The introduced cluster merging technique improves the effectiveness of machine
learning classifiers.

4. The BERT model is employed to generate word-level vectors, thereby enhancing
the capability of neural networks to extract crucial information.

5. The approach uses an Attention mechanism-based Bidirectional Gated Recurrent
Unit (A-BiGRU) to address the issue of information redundancy and enable
detailed interpretation of text vectors. This model is directly able to access
contextual information from both preceding and succeeding parts of the text.

Outside introduction, this article has been subdivided into 6 other sections. Sec-
tion 2 discusses relevant previous research. Section 3 explains the baseline NER
models. Section 4 presents cluster merging based enhancement of baseline models.
Section 5 introduces proposed Deep Learning based NER Model. Analysis and dis-
cussion are summarized in Section 6, while Section 7 concludes the paper.

2. Related work

The NER task can be regarded as a problem of labelling sequences. The popular meth-
ods used for developing NER systems are rule-based [7], machine learning-based [5],
and deep learning-based [21]. The rule based approach relies on handcrafted rules
that are created manually and requires a deep understanding of the specific domain;
therefore, not easy to pursue for complex NEs [13,14]. In this section, first, we have
mentioned some of the works which used ML classifiers then some deep learning based
approaches for identifying the biomedical NEs.

Machine learning classifiers have been extensively used in numerous NER sys-
tems to detect named entities in the biomedical field; some of these were Hidden
Markov Models [43,53, 68|, Maximum Entropy Classifier [11,34,50], Support Vector
Machine [22,40,47], Conditional Random Field [29,52,57] etc.

A machine learning approach leverages labelled training samples to construct
a statistical classifier. In the biomedical field there are several publicly avail-
able corpora for NER task. Some of the popularly used corpora are GENIA [23],
JNLPBA [24], BioCreative [65], and Biolnfer [44] etc. In this biomedical NER system
development we have used GENIA corpus version 3.02 collected from JNLPBA-2004".

In the recent literature, it has been found that there is a growing of interest
among the researchers to use raw external corpus to enhance ML based baseline
biomedical NER system [41,55]. Jain et al. proposed a Maximum Entropy based
NER system on the Hindi Health domain corpus [20]. Their system incorporated
Context Pattern-based extension and other features like POS, synonyms, gazetteers
etc. to enhance the performance. Word embedding representation or word clustering
is a widely used technique to incorporate external context or global information from
unlabeled corpora without direct human intervention.

Thttp://www.geniaproject.org/shared-tasks/bionlp-jnlpba-shared-task-2004
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We have adapted K-medoids technique from partitioning clustering and Brown
clustering technique as a hierarchical clustering for our NER task. Several relevant
studies on these two clustering techniques were made in the previous researches.
Toh et al. proposed a system which used noisy user generated text for NER from
Twitter corpus by using CRF [56]. Performance of their baseline system was further
enhanced by brown clustering and K-means. We came across to a few studies which
presented comparative studies between K-means and K-medoids algorithms [1,54]. It
has been also observed that several scholars used brown clustering strategies in their
researches [2,3,38,42,58-60]. Most of these techniques were intended for processing
and extracting information from large unlabelled corpus. Brown clustering was also
popularly used for identifying names [32,45,49,58|. It was mainly used in a number of
NER systems for post processing tasks or to improve their performances [4,41,46,55].

Deep learning has been widely regarded for sequence labelling problems like NER,
POS tagging, sentiment analysis etc. Hammerton et al. [15] suggested a Long Short
Term Memory (LSTM) for the NER system on the Reuters Corpus and European
Corpus. They designed the LSTM network using SARDNET, a self-organizing map
for sequences. Their model achieved the F-measure of 72.88. Huang et al. [19] applied
various deep learning methods (LSTM, BiLSTM) along with combination of deep
learning and CRF (LSTM-CRF and BiLSTM-CRF) to a number of NLP applications,
such as POS tagging, Chunking and NER. They also showed that the efficiency of
BiLSTM-CRF was better compared to other models. Katiyar et al. [21] proposed
multi-layer BILSTM to address the problem of nested NER. They executed the model
on the ACE2004 and ACE2005 datasets. They obtained F-measure of 69.7 and 70.2
respectively. Yu et al. [66] introduced a method to identify NEs by using multi-layer
BiLSTM with a biaffine dependency parsing model. Their system obtained the best
F-measure of 80.50 on GENIA dataset.

3. Baseline NER system

The study has explored two popularly applied supervised classifiers, namely Con-
ditional Random Field and Support Vector Machine, in order to build baseline
NER model.

Conditional Random Field (CRF)

CRF is a probabilistic classifier that is capable of classifying and organizing sequen-
tial data, such as natural language texts [27]. For the NER system development,
we have used the CRF++ toolkit?, an open-source executable framework that is
straightforward to use and can be customized. It is capable of handling various NLP
tasks, including part-of-speech tagging, named entity recognition (NER), and relation
extraction.

2https://taku910.github.io/crfpp/



Enhanced cluster merging and deep learning techniques. . . 55

Support Vector Machine (SVM)

SVM, proposed by Vapnik [61], is a widely employed machine learning classifier. Since
it is a boolean classifier, a pairwise or one-vs-rest method is applied for multi-class
classification. In this NER system development, SVM is utilized as one of the machine
learning classifiers. It performs classification by establishing an N-dimensional hyper-
plane that effectively separates the data into two categories. The NER task consists
of two main phases: training and classification, which are executed using YamCha3.
YamCha is a widely-used, open-source, and modifiable SVM implementation that is
broadly applied in numerous NLP applications, including Information Retrieval, NER,
Text Mining, etc. Additionally, SVM toolkit, YamCha supports kernel functions. In
this experiment the 2nd degree of polynomial kernel has been used.

3.1. Feature set

The literature has demonstrated that use of different features can boost the perfor-
mance of a supervised NER system. So, it has been experimented with various types
of probable features (Word Window, Affix, Parts-of-Speech (POS), Digit, Capitaliza-
tion, Symbolic, Dictionary, Word Shape etc.) and chosen the best possible feature
combinations depending on result.

3.2. Data set

The dataset has been taken from ‘Bio-Entity Recognition Task BioNLP/JNLPBA
2004’ named GENIA Corpora 3.02 version. The GENIA corpora package consist
readymade training and testing data. Dimensions of the training corpus is approxi-
mately 492K words and these consist of a total number of named entities 150K. The
corpora consist of only 5 NE classes’ Protein, Cell-Type, Cell-Line, RNA, and DNA.
We have also collected an extra 238K words from MEDLINE bio-medical corpora for
using in clustering technique at post processing phase.

3.3. Performance metrics of NER system

We have evaluated the system using F-measure (F) which represents the harmonic
mean of precision and recall.

(1+5%) (p-7)
B2 (p+r)

Recall is percentage of total NEs which are retrieved accurately whereas precision
is percentage of precise observation. [ determines the relative weight between recall

F= (1)

and precision and typically set to a value of 1.

3http://chasen.org/ ~taku/software/yamcha/



56 Nilanjana Das et al.

3.4. Result of baseline models

Table 1 presents the accuracies obtained in CRF and SVM based baseline NER mod-
els. The maximum F-Measure of 64.40 with 65.27% precision and 63.56% recall are
obtained from CRF based model and an F-Measure of 64.30 with 62.72% precision
and 65.97% recall from the SVM based model.

From the results of the two baseline models, shown in Table 1, it is apparent
that, many of the names are not identified. This may be due to quantity and qual-
ity of labelled training corpus. But, manually preparing quantitatively large training
data with annotated feature samples is laborious and burdensome. To enhance the
performance of these models by intelligently processing the raw external corpus with-
out any human effort, clustering techniques have been incorporated which have been
discussed in the next section.

Table 1
The outcomes of the NER models based on CRF and SVM on the GENIA dataset

Combination of Word Window 7 Word Window 5 Word Window 3
different features set P R F P R F P R F
CRF: AFFIX-POS-NUM-
SYM-CAP-DICT-SHAP
SVM: AFFIX-POS-SHAP-
NUM-SYM-CAP-DICT

67.75 | 60.57 | 63.96 | 65.27 | 63.56 | 64.40 | 64.27 | 63.89 | 64.08

63.54 | 64.76 | 64.02 | 62.72 | 65.97 | 64.30 | 63.06 | 64.96 | 64.00

Precision => P, Recall => R, F-Measure =>F

4. Proposed word clustering based enhancement of
the NER system

As, the baseline system does not produce satisfactory result, clustering methods have
been used to improve the system. Clustering is the most common and popular tech-
nique of unsupervised learning. Here, the primary idea is to cluster data points
depending on their higher levels of similarity among each other compared to the
remaining data points.

It requires no human intervention to group the data samples which means that the
grouping is performed on the basis of inherent similarity and difference among the data
set. While working with text data set, clustering algorithm is segmenting the text
documents into partitions (clusters) where each cluster consists of similar type of
words like synonyms, syntactically similar words, different tense form of a particular
word, etc. There are several clustering methods available as discussed earlier, here two
types of word clustering techniques have been integrated to boost up the performance
of the system, one is partitioning method and another is hierarchical method. There
are also, several techniques exist depending on partitioning and hierarchical methods,
from where K-medoids and Brown clustering have been chosen.
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4.1. K-medoids clustering

To perform K-medoid clustering (see Fig. 1), the whole document have been converted
into vector points, by assigning weights to each word based on the term frequency-
inverse document frequency (tf-idf) calculation and then form matrix by the idea of
Vector Space Model (VSM) [51].

Figure 1. K-medoids cluster

Then k£ number of random vector points have been chosen as the initial represen-
tatives and calculate the distance from all other remaining vector points to find the
closest-to-representative for initial mapping (to form a cluster). After that, we have
again selected a random non-representative vector point and calculated the total cost.
This random selection procedure of non-representative vector points will continue un-
til we get the better value of the total cost from the previous selection and finally, we
have swapped the best non-representative point with the initial representative point.
As for example, according to Figure 1 there are two clusters where the filled points
are non-representative vector points and bare points are representative vector point.
The K-medoid approach followed in this study is described below.

Procedure of K-Medoid clustering technique:

1. Randomly pick ‘k’ samples as preliminary representative points of k clusters,
according to the distance of residual samples and the representative point objects,
remaining samples are allocated to nearby cluster.

2. Randomly choose a non-representative point.

3. Replace the representative point by non-representative point and check if quality
of the cluster is improved. If so, then preserve the substitution; else discard it.

Repeat step 2 to 3 till no change.
The quality of clustering can be assessed using a Silhouette cost function, which
calculates the average variation between objects and their representative points.
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4.2. Brown clustering

The Brown clustering has been adopted as hierarchical clustering technique. This
clustering technique is based on bigram statistics of sequential data such as input
text and the output of this technique is a binary tree. The Figure 2 depicts an
example of a binary tree as a result of the hierarchical clustering. This binary tree
contains 7 words at the leaf nodes from GENIA corpus. Every word is depicted by
a binary string within the rectangle, which is generated from the sub-paths string
originating from the root of the tree. The size of the word representation is equal
to the height of the tree. Now to calculate the number of clusters from this tree, it
is necessary to perform tree pruning at a specific level. For example, if pruning is
performed at level 2, then we get 4 clusters, which are [CD28, NF-Kappa], [a, the],
[HIV-1] and [of, for|. Now the noticeable fact is that, among these four clusters, each
cluster’s words have the same prefix of bit string with the length of 2 (at the cutting
level). These prefixes represent each unique cluster, so we have used these prefixes of
the bit strings as training feature. For the experimental purpose, we have used prefix
length of 4, 8 and 12.

I ] [ ]

e e = e o oy =
000 | [oo1 [ oto [ || 100 — level3

110 || 11
I3 & | |
S

Figure 2. Brown cluster

4.3. Cluster merging

Now, two different sets of clusters have been obtained by pruning Brown cluster
and K-Medoids Clustering. Next, these two techniques are combined to attain higher
efficiency from the NER system. The proposed cluster merging technique is based on
the perspective of similarity of tokens in the candidate clusters. The cluster merging
algorithm decides whether to merge those two clusters into one unique cluster; if
the test clusters are of higher similarity then merge them into one single cluster; as
a result, we get a new one. The proposed cluster merging technique is described in
Algorithm 1.
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Algorithm 1 Cluster Merging Procedure

Require:
1. Set of K-Medoids Clusters: KM = {kmi,kma,- - - - }
2. Set of Brown Clusters: B = {b1,ba,- -+ -- }
Ensure:
1. Merged Clusters: MC = {mci,meca,- - - - - 1
Begin:

for each b; from B do

T=0; > Set Initial Threshold
for each km; from KM do
C = (bi Nkm;); > Common Words in Current 2 Clusters

A=(No. of Words in km; + No. of Words in b;)/2;
/*Average No. of Words in Current 2 Clusters */

P = (C/A x100)%; > Calculated New Threshold
if (P >T) then
T=P;
Temp=j; > Store Index or ID of K-Medoids cluster
end if
end for
me; = MERGE (bi, kmremp); > Merge these two clusters
end for

For each brown cluster b;, it checks each and every K-medoids cluster km; to find
the highest similarity. This highest similarity is judged by the similarity threshold
value (T') which is initially taken as zero. First, we have extracted the common or
similar words (C') from the two current clusters (b;, km;). Since all clusters are not of
same size, so we have taken the average (A) of the two adjacent clusters and calculate
the percentage of similarity (P). For each iteration, the threshold value T will be
updated, if the value of P is higher; subsequently mark the location of km; (j) into
‘Temp’ for further merging operation. Finally, the two adjacent clusters (b;, kmremp)
are merged into a new cluster mc;. This process is repeated for each and every brown
cluster b; to obtained the corresponding merged clusters. This merged cluster set is
employed as a feature in the experiment.

By integrating word clustering technique CRF based approach attains an
F-Measure of 77.09 with 75.43% precision and 78.81% recall and SVM based ap-
proach accomplishes an F-Measure of 75.17 with 74.41% precision and 75.94% recall.
Two comparative studies of the CRF and SVM based baselines have been shown with
their clustering based enhancements in Figure 3 and Figure 4. These two figures jus-
tify the importance of incorporating cluster margin technique as a post processing
technique.
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M Baseline CRF M CRFwith Word Cluster M Baszeline SVM W SVM with Word Cluster

7441 75.94 75.17

75.43 7881 77.08

62.72

Precision Recall F-measure Precision Recall F-measure
Figure 3. Comparative result of Figure 4. Comparative result of
CRF based baseline model SVM based baseline model
with its clustering based enhancement with its clustering based enhancement

5. Proposed deep learning based NER model

This section outlines the architecture of the proposed deep learning model
(A-BiGRU), as depicted in Figure 5.

Softmax

Comprehensive
Context representation

Context representation

BiGRU Layer

‘Word Encoding
with BERT

Figure 5. The architecture of the A-BiGRU
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The A-BiGRU model includes three essence layers: the input feature layer,
BiGRU layer, and attention layer, which are used for entity recognition. The BERT
model is used in the input feature layer for representing the word into vector form.
The BiGRU network mainly collects texts’ context information. The attention mech-
anism allows the model to gain a greater comprehension of the text’s detailed features,
while the Softmax classifier is employed to predict the entity label associated with
every word.

5.1. Embedding layer

The BERT approach employs bidirectional transformers as encoders which combine
the contextual knowledge from both sides of the present word. During the process
of learning word vector representations, the encoder is no longer follows a sequential
approach to identify words within sentences. Instead, it masks or replaces some
words at random in specific proportion of the context and generates predictions for the
original words. Moreover, in the BERT model, there are training tasks that operate at
the sentence level, focusing on comprehending the contextual relationship that exists
within sentences. The specific technique is employed to randomly substitute certain
sentences, and the encoder leverages the preceding sentence to determine whether the
subsequent sentence is the original one. These two tasks cooperatively obtain vector
expressions at word level and sentence level.

The BERT includes a mechanism for fine-tuning parameters. The input sen-
tence sequence is denoted as w = ([CLS], w1, wa, ..., w,, [SEP]), in this given con-
text, [CLS] represents the beginning of a sample sentence sequence, while [SEP] is
used to indicate the space that separates the sentences. They are used for training
at the sentence level. Each word vector is represented by three components: a word
embedding vector, a sentence embedding vector, and a position embedding vector.
The word embedding is demonstrated as

wo__ w w w w w
e = (G[CLS],€w1,€w2,...,ewn,e[SEP])

the sentence embedding (segment embedding) is demonstrated as

s _ (.8 8 _S§ s _s
€ = (eAaeA7€A7~-~7€A7eA)

and the word position embedding is demonstrated as
p_ (P P P p P
el = (60,61,62,...,6n,€n+1)

To obtain the word feature input for the BERT model, we merge these three embed-
ding vectors together, as shown in Figure 6.
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Figure 6. The architectural design of the A-BiGRU

The final representation of the word vector obtained after training is performed
by the Formula (2) and serves input for the BIGRU and self-attention layers.

I:[$17x2,1‘3,...,$n] (2)

5.2. BiGRU and Attention Mechanism (AM)

Basically, entity recognition involves the task of sequence labeling. In this case, BIGRU
is utilized for sequence modeling, which enables the extraction of contextual knowledge
from a series of word vectors. BiGRU consists of two GRUs, namely forward and
backward. Each GRU includes an update and a reset gate. In order to address the issue
of gradient disappearance or explosion in RNNs, the gate structure is employed to
selectively retain context information. The GRU architectural design is demonstrated
in Figure 7.

The GRU computations are shown as follows:

re =0 (wy - [he—1, 2] + by) (3)
2t = 0 (we - [Pp—1, 2] +b2) (4)
}flvt = tanh (wh . [rt . ht—l, ZZ?t} + b}L) (5)
ht:(].*zt)'ht_1+2t'ffl; (6)

Where the sigmoid function is denoted by ¢ and - symbolizes dot product. The
symbol w represents weighted matrices and b symbolizes bias. The input vector is z;,
the hidden state is h; at time t. The update gate is z; which regulates the impact
of the preceding output on the present state. The reset gate is r; which is applied
to regulate the significance of h;_1 to hs. h; indicates the information in the current
unit that has to be updated. The length of a sequence is captured by both gates. In
contrast to LSTM, GRU offers a simpler structure and faster training speed.
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Figure 7. The architectural design of the A-BiGRU

The BiGRU employed in this article con51sts of both forward and backward GRU.
The forward layer of GRU is denoted by ht and the backward layer of GRU is denoted
by h;. BiGRU is uged to fetch the future contextual features h; and the historical
contextual features h; from the context, using formula (7) and formula (8). The output
of BiGRU layer is obtained by merging the outputs of forward and backward layer at
time ¢, as illustrate in formula (9).

hi = GRU (w0, he ) (7)
he = GRU (0.l 1) (8)
he = [, ] )

The objective of BIGRU is to preserve the contextual properties of the sentence
sequence. However, the significance of semantic relationship of every word has a dif-
ferent importance in the sentence sequence for the NER task. Normally the text
(dataset) contains a huge amount of unnecessary words (not name words), resulting
in redundant information. It is challenging for the BiGRU model to fetch crucial
information from sentence sequences. Consequently, attention mechanism is incor-
porated in the BiIGRU model to capture further significant information. It can give
more weightage to important information and understand the meaning of sequences
better. In the A-BiGRU model (BiGRU with attention layer), two attention layers are
employed to handle the preceding and subsequent contextual information separately.
These pieces of information are then concatenated in the AM (Attention Mechanism)
module and fed into the Softmax classifier. The architecture of the A-BiGRU model
is shown in Figure 5.
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A-BiGRU employs the dropout layer and the Softmax classification layer to ob-
tain the probability distribution required for classification. Dropout layer is employed
to mitigate overfitting. The cross-entropy loss function is applied here, which is prefer-
able over the mean square error approach. Adam optimizer is widely recognized as an
efficient and successful method for fine-tuning model parameters through backprop-
agation [25]. By employing the cross-entropy loss function in the stochastic gradient
descent technique, the likelihood of gradient disappearance is minimized. The loss
function is represented in formula (10) as follows.

1
Liotal = —— [ylno+ (1 —y)in (1 — 0)] (10)
Sp
Where, ‘num’ represents the number of words in the training data, ‘Sp’ denotes
batch sample size used for training, ‘y’ corresponds to predicted sample label, and ‘o’
represents actual sample label.

The complete technique for learning (A-BiGRU) is presented in Algorithm 2.

Algorithm 2 A-BiGRU

Require:
1. w=wi,wa, - s W > w represents sequence of words.
2. 0=01,02, "+ L, On; > o is the actual sample label.
Ensure:
1. y=wyi,y2, -+ S UYn; > y represents predicted named label.
Begin:
Stepl: The BERT model is used to generate word vector as © = [z1, 22, %3, -« - s Tl

Step2: By using BiGRU, the current and preceding contextual features, denoted as E)
and ﬁh are extracted from the feature vectors, using formula 7 and formula 8;

Step3: The current and past context represenietions are combined to obtain comprehen-
sive context representations denoted as hy = [hy, h¢], using formula 9;

Step4: The h; is inputted into the Softmax function to obtain the appropriate class
designations, denoted as (y).

Step5: The cross entropy function is employed to optimize the parameters of model and
sequence of entity labels, using formula 10;

Step6: return y = y1,y2, - - - - s Yn

5.3. Parameter setting

The model parameter settings include an embedding size of 768 and a hidden state
dimension of 100 for the GRU. The rate of learning is set to 0.001, while the rate
of dropout is 0.5. The batch size used during training is 32. The proposed model
has a total of 121 million trainable parameters. Back Propagation and Adam’s Opti-
mizer are used to train the network. Table 2 displays parameter configuration of the
suggested model.
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Table 2
Parameter selection

Parameter Values
Embedding Size 768

GRU unit dimension 100

Learning 0.001

Optimizer Adam’s Stochastic Optimizer
Dropout 0.5

Batch size 32

Activation function Softmax

Number of trainable Parameters ~121M

6. Discussion and analysis

Noticeable improvements have been observed in both CRF and SVM based models,
after incorporating clustering technique, but the deep learning based BIGRU with
Attention Mechanism outperforms all of them by achieving highest F-Measure of
81.20 with 82.89% Precision and 79.57% Recall. Figure 8 demonstrates a comparative
analysis of the baseline outcomes and the improvements achieved by incorporating
word clustering in the different stages of developing the NER systems along with
A-BiGRU model.

M CRF Based Baseline System M SVM Based Baseline System W CRFwith Word Clustering

W 5VM with Word Clustering ® A-BiGRU with word Clustering

8289
B81.2
7881 7857 708

754374 41

644 643

Precision Recall F-Score

Figure 8. Comparative study of baseline models
with their clustering based enhancements and A-BiGRU

A number of researchers worked on biomedical corpus to develop NER systems for
identifying NEs like: Protein, Cell-Type, Cell-Line, RNA, DNA etc. Although none
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of these systems achieved ample accuracy like general domain NER systems. We have
listed several advanced systems that utilized the GENTA dataset, demonstrating their
state-of-the-art performances, and presented a comparison of the proposed systems
with them in Table 3.

Zhou and Su introduced the top-performing model in the JNLPBA 2004 shared
task [68], which attained an impressive F-measure of 72.55. Their system utilized
a combination of deep knowledge about domain and various features to achieve such
results. Tang et al. developed machine learning-based BNER systems with 3 dis-
tinct word representation (WR) features; including word embeddings, clustering and
distributional representation [55].

Table 3
Comparison with existing approaches

NER System Precision | Recall | F1-Score

[55] 70.78 72.00 71.39

[68] 75.99 69.42 72.55
Proposed SVM with Word Clustering 74.41 75.94 75.17
[9] 74.17 77.87 75.97

[48] 74.17 77.87 75.97

Proposed CRF with Word Clustering 75.43 78.81 77.09
[21] 76.7 71.1 73.8

[33] 76.2 73.6 74.9

[63] 79.0 77.3 78.2

[64] 78.6 79.3 78.9

[62] 77.9 80.7 79.3

[66] 81.80 79.30 80.50

Proposed A-BiGRU 82.89 79.57 81.20

This system reached an F-Measure of 71.39. Ekbal, Saha and Sikdar used genetic
algorithm and proposed a SOO based ensemble system on GENIA dataset which
attained an F-measure of 75.97; it currently produces the superior result [9,48] for
any machine learning based NER. The proposed system (CRF with cluster merging
technique) outperforms the existing machine learning techniques by accomplishing
the highest F-measure of 77.09.

Katiyar et al. introduced an innovative method based on recurrent neural net-
works to address both nested named entity recognition and nested entity mention
detection. Their approach achieved the highest F-measure (F1-Score) of 73.80 on
the GENIA dataset [21]. Lin et al. proposed an Anchor-Region Networks (ARNs),
a sequence-to-nuggets architecture for nested entity mention detection. Their tech-
nique produced the greatest F-measure of 74.90 on the GENIA dataset [33]. Xia et al.
suggested a Multi-Grained Named Entity Recognition (MGNER) technique to de-
tect and recognize entities on multiple granularities. Their approach achieved an
F-measure of 78.20 [63]. Yan et al. proposed pre-trained Seq2Seq model BART
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to performed Named Entity Recognition (NER) task. They achieved F-measure of
78.90 on the GENIA dataset [64]. Wan et al. suggested span-based graph method
for identifying the nested named entity. They obtained F-measure of 79.30 on this
dataset [62]. Yu et al. introduced a deep learning method by incorporating multi-
layer BILSTM with Biaffine dependency parsing model. Their system obtained the
best F-measure of 80.50 on GENIA dataset [66]. The proposed deep learning model
A-BiGRU surpasses it by accomplishing the highest F-measure of 81.20.

Figure 9, and Figure 10 present comparative analysis of A-BiGRU with Mul-
tilayer BILSTM [66] on the validation dataset regarding accuracy and loss function
respectively.

Accuracy on Validation dataset

1 — A-BiGRU
—— Multi-
0.9 layer
BiLSTM

0.7
0.6
0.5
5 10 15 20 25 30
Epoch

Figure 9. A comparison between A-BiLSTM and Multi-layer BiLSTM [66] models
based on the accuracy observed on the validation dataset

Loss on validation dataset

6 —A-BiGRU
—— Multi-
layer
BiLSTM
4

5 10 15 20 25 30
Epoch

Figure 10. A comparison between A-BiLSTM and Multi-layer BiLSTM [66] models
based on the loss observed on the validation dataset
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7. Conclusion

This study has demonstrated the construction of a biomedical NER system using
a comprehensive set of features incorporating two widely used machine learning clas-
sifiers, CRF and SVM. Quality and quantity of tagged training data with enriched
set of feature samples are prerequisite criteria for a better performing supervised
system. But while sufficiently large such natural language corpus is not available;
intelligent processing of raw external corpus can play an imperative role to obtain
required statistics to improve the classifier. The clustering technique is one of such
widely adopted promising approach. In this biomedical NER system development
two type of word clustering techniques, partitioning and hierarchical have been in-
corporated, where K-medoids and Brown clustering have been chosen respectively.
A combination of these two clustering methods has achieved much improve perfor-
mance over the baseline SVM and CRF based models. In parallel to these we have also
prepared a deep learning based NER system (A-BiGRU) which combines BERT lan-
guage model, BiGRU with Attention Mechanism. The proposed model intelligently
captures the context information by incorporating the BERT model to improve the
expressiveness of context information by generating word vectors and the Attention
Layer is incorporated to overcome the information redundancy. While comparing the
proposed system with the state-of-the-art methods, it is found that the result of
the proposed system sidelines the surviving NER systems in this domain.

One of the tricky issues in the task is dealing with ambiguities, in which the same
term might represent multiple entities (such as a word “Cell” can refer to a biologi-
cal cell or can refer to an experimental or laboratory setting. Again, another word
“Protein” can refer to specific type of body substances or dietary components.) in
different situations. As a result, the accuracies of these systems are diminished and
certain entities may be overlooked. In future we would like to resolve these issues
and extracting the relation among these entities.
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