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Abstract
In recent times, teething dispute in recognizing the drug, chemical name entities and auto-
matic extracting of relevant information from biological literature causes difficulties for the
experts. There is an essential need of data mining techniques to develop a system which can
help in automatic extraction of information so that the problem to manually find the infor-
mation could be minimized. To handle this assortment, this paper focuses on the proposed
methodology of recognizing the biological entities, in which five chemical entities (Protein,
DNA, RNA, Cell type, Cell line) are recognized accurately. The presented Conditional
Random Fields (CRFs) in the core of solution, Biomedical Name Entity Recognizer, are
trained on orthographic and contextual features to segment and label the sequence data.
The system is also capable of interpreting chemical formulas. The system is successful in
annotating the chemical entities containing 3000 abstracts as training data, 3500 abstracts
as development data sets, and 14000 records containing 7000 subset records as test data.
The obtained results are encouraging, with 92.2% of precision, 93.2% of recall, and 92.48%
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of F-score measures for Chemical Entity Mention in Patent (CEMP) and 92% of precision,
95.21% of recall, 93.4% of F-score for Chemical Passage Detection (CPD).

Keywords: A biomedical Name entity recognizer, Conditional random fields, Chemical
entities, Regular expressions, Machine learning.

1. INTRODUCTION

The past decade shows that the number of biological documents has been increasing at a high
rate with the rise towards inclusion of iot,sensors, and other such technologies in healthcare[1].
The rapidly increasing volume of such biological documents causes a serious problem in manu-
ally finding and extracting relevant information from these documents [2]. Indeed, the need for
automatic classification of unlabeled data becomes crucial. New-fangled statistics can be easier
to access by automatic indexing of individual publications of biomedical corpus, containing the
names of chemical entities mentioned in them. Knowledge about the location of the chemical
entities in published reports is helpful in building relationships with other chemical compounds or
concepts [3, 4]. Annotation of biological corpus is now a vital issue in all areas of Natural Language
Processing (NLP) and Information Extraction (IE).

Research in the biomedical sciences and bioinformatics domain is mainly centered on conventional
entities such as proteins, genes, DNA, RNA, chemicals, and drugs. The demand for facilitating
a more proficient way to retrieve documents and sentences describing these entities is at its peak
[5]. The recognition of chemical entities and drugs must deal with a substantial degree of variable
names encountered between and within different chemical subdiscipline [6]. There exists a number
of different representations and nomenclatures for chemical and drug-recognizing names [7]. Some
of the well-known standards are provided by SMILES, InChi [8], and IUPAC. SMILES and InChi
permit a direct structure search [9]. The different approaches for name entity recognition are divided
into three categories: dictionary-based, morphology-based (grammar-based), and context-based
[10]. In the dictionary-based approach, the matching between the dictionary terms is detected in
the text usually in the form of two ways: partial matches and complete matches. Usually, well-
known chemical databases are required to build dictionaries. The problem arises in dictionary-
based approach with its drawback that it is approximately impossible to identify and include all the
identifiers such as the IUPAC-names [11]and SMILES which follow precise grammar. Grammar-
based approaches gain the advantage over dictionary-based approaches in extracting the names
of chemical entities through the capture of systematic terms utilizing this set of predefined rules
[12]. The drawback of both the approaches, dictionary-based, and grammar-based, is that these
approaches may undergo from tokenization problem. The name entity recognition of chemical
compounds is a context aware approach. This approach uses machine learning techniques and
algorithms and natural language processing (NLP) for the extraction of chemical entities terms.
The problem arises in machine learning approaches when there is the need for sufficiently large,
annotated corpus is required for training set [13].

Although, several tools, which are efficient in use for the purpose of biomedical text mining and
name entity recognition [14], suffer with limitations. Initially, they offer annotations for a limited
set of biomedical entity types (e.g., five types. Additionally, they frequently utilize several single
types Named Entity Recognition (NER) models to identify different entity types. This approach
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demands substantial Graphics Processing Unit (GPU) memory for parallel processing but is no-
tably slow during inference when run sequentially. Furthermore, many systems use Named En-
tity Normalization (NEN) models that rely on rule-based methods with dictionaries [15]. These
models often struggle with the diverse morphological forms of biomedical entities. For exam-
ple, a straightforward dictionary-based NEN model cannot convert ’oxichlorochine’ to its standard
form ’hydroxychloroquine’ unless the dictionary specifically includes ’oxichlorochine’ [16]. In the
biomedical field, Named Entity Recognition (NER) is typically followed by Relation Detection
(RD), also referred to as relation extraction or entity association. This process involves linking
various biomedical entities to uncover significant interactions that warrant further investigation.
Given the vast array of named entity classes in biomedicine, the potential combinations of these
entities can quickly become overwhelming. Conducting biological experiments to identify the
most critical relationships would be both expensive and time intensive [17]. However, by utilizing
computational methods to analyze millions of biomedical research papers, it is possible to discover
numerous associations and construct networks. For example, detecting protein interactions can
lead to the development of protein-protein interaction networks [18]. Similarly, mapping gene-
disease relationships can connect molecular data with phenotypic information. These relational
networks not only help in pinpointing previously unknown connections for further exploration
but also provide a comprehensive overview of the interactions among various biological entities,
including diseases, genes, food, drugs, side effects, pathways, and toxins, thereby paving the way
for new research opportunities [19].

Hence, the fact reveals that the biomedical literature becomes voluminous due to the emerging
integration of IoT, enhanced technologies, and involvement of the digital systems in all depart-
ments including healthcare [1]. There are major challenges which occur during the extraction
of meaningful information from these literatures. Although, it is time-consuming and inefficient
approach if the data is extracted through manual procedures. Although there exist a number of tools
for Biomedical Name Entity Recognition (BNER), the tools are still facing the critical limitations,
as the dictionary-based and rule-based approaches are lacking in recognition of original or non-
standard chemical entities. This drawback occurs especially for entities that follow the formats
and structures of the SMILIES, InChI, or IUPAC nomenclature. However, deep learning models
showcase their performance on widespread annotated datasets, which are not always accessible to
cover all biomedical entity types or languages. Moreover, there exist real-time applicability gap in
several models and are not able to generalize on multiple languages in biomedical subdomains [20].

However, there are loop holes in detecting the names of chemical and drug entities which require the
dire need of efficient and adaptable biomedical NER systems that must be capable of recognizing
a assorted range of entity types such as protein, DNA, RNA, cell line, and cell types. Moreover,
these systems should be computationally efficient and generalizable across several types of dataset
and literature formats.

This paper depicts its importance by presenting a robust Conditional Random Fields (CRFs)-based
approach for the recognition of biomedical entities that integrates number of methods like contextual
features, regular expressions, and dictionary matching techniques. The proposed system is capable
of demonstrating high performance in recognition of key biomedical entities and also, shows the
relationships from unstructured literature. This work has its significant importance for progressive
biomedical text mining, improved knowledge discovery, and usage in critical applications such as
drug detection, disease modelling, and helps in making decision at clinical level approaches. Also,
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this proposed technique contributes to the emerging demand for practical and intelligent systems
for extraction of biomedical information by highlighting both scalability and accuracy.

The key contributions of this research article include:

• Biomedical Document Retrieval: Emphasized the growing need for efficient document and
sentence retrieval mechanisms related to biomedical entities.

• Challenges in Chemical and Drug Recognition: Discussed the complexities of recognizing
chemical entities and drugs due to varied nomenclatures and representations [21], including
SMILES, InChi, and IUPAC standards.

• Categorization of NER Approaches: Classified Named Entity Recognition (NER) tech-
niques into dictionary-based, morphology-based (grammar-based), and context-aware meth-
ods, analyzing their respective strengths and weaknesses.

• Advancements in Context-Aware Methods: Reviewed modern context-aware NER tech-
niques using machine learning and natural language processing (NLP), emphasizing their
reliance on large, annotated datasets for effective training.

This work is primarily empirical, it focuses on a practically effective CRF-based framework that
integrates contextual and orthographic features with explicit chemical formula handling, evaluated
at scale on biomedical datasets.

2. LITERATURE REVIEW

Indeed, it is tedious to extract the chemical entities from the texts[21]. The foremost reasons behind
this difficulty are the large number of terms and synonyms within the chemical domain, failure
to act upon the rules while creating systematic terms by authors, the use of specific characters
such as hyphens, commas, exclamatory marks, and quotation marks within the chemical terms,
the use of stop words such as it, and, or, while, when, etc. in biomedical text, and the uncertainty
within and across the chemical databases. These difficulties are tackled by the use of approaches
which are previously mentioned [20]. Kocaman et al. [22] works for the name entity recognition
by developing and implementing a Bi-LSTM-CNN-Char deep learning model on Apache Spark,
designed to enhance Named Entity Recognition (NER) tasks. This newmodel achieves cutting-edge
performance on seven widely used biomedical datasets, surpassing previous benchmarks without
relying on extensive contextual embeddings like BERT. The model demonstrates significant im-
provements across various datasets, including achieving an accuracy of 93.72% on BC4CHEMD,
which represents a 4.1% improvement; 80.91% on Species800, marking a 4.6% gain; and 81.29%
on JNLPBA, reflecting a 5.2% enhancement. Another work demonstrated the use of deep neural
network and word embeddings for urdu language[23].

The model is available without any cost through open source spark NLP library in contribution of
its massive performance. The design of model is made to be compatible with any of the Spark
cluster, which allows scalable training and interference. In addition, model is also capable of
supporting GPU acceleration, which is beneficial in increasing of processing speed and efficiency.
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Moreover, it also assists by the libraries of various programming languages, including Python, R,
Java, and Scala. The architecture of the model is flexible and capable to support additional human
languages without code changes, helping to behave like a versatile tool for different linguistic and
computational applications.

The proposed work by Asghari et al. [24] has the advantage for the word entity recognition by
utilizing the Begin-Inside- Outside technique. This model is capable to use the several algorithms
during training to group the various words altogether. The understanding of the given entity is
highly depended on upon the context that is provided. The intricate nature of the word structure,
usually, cause the doldrums for traditional neural networks. The sentence is considered as the
collection of well-defined words, is ideally investigated using Recurrent Neural Network (RNN)
[25] architectures, which are compatible for handling sequential data. RNNs are usually used in
linguistic models but they suffer from significant limitations including trouble in apprehending
long-range dependencies within a sequence known as the waning gradient problem. To handle this
assortment, the Long Short-TermMemory (LSTM) [26] model was presented. LSTMs improve the
RNN by permitting sequences to be preserved and maintained over longer periods, thus providing a
mechanism to retain and utilize information throughout the sequence. In Name Entity Recognition
(NER), the given approach by author plays the crucial role for tasks which are in charge of both
backward and forward processing to highlight the relationships. As the entities are made up of
groups of relational words, identification of these entities is necessary in understanding the context
within the both directions of the sequences. Therefore, authors employ a Bidirectional LSTM
(BiLSTM) [27] approach, which helps in leveraging the information from past and future contexts
to improve entity detection.

Hakala et al. [28], have presented their system to the Turku NLP group, who have detailed their
approach to manage the PharmaCoNER task, which emphases on Spanish biomedical name entity
recognition. Their method to detect he name entities employs a amalgamation of a CRF-based
baseline model and multilingual BERT, a state-of-the-art language model. They have achieved
prominent performance, with an F-score of 88% on the development dataset and 87% on the test
dataset using BERT by integrating these techniques. These results highlight the efficiency of smear-
ing a sophisticated multilingual model to the task, even though the algorithm was not specifically
personalized for either the Spanish language or the biomedical domain. This approach determines
how leveraging has been made advance, and general-purpose models can yield powerful results in
dedicated applications.

Weber, Leon et al. [29], have introduced HunFlair, a NER tagger designed to meet these criteria.
HunFlair is integrated with the popular NLP [30] framework Flair and can recognize five types
of biomedical entities. It matches or surpasses state-of-the-art performance across various evalua-
tion datasets and is trained in a cross-corpus manner to minimize bias related to specific corpora.
The tool utilizes a character-level language model that has been pretrained on approximately 24
million biomedical abstracts and three million full-text documents. HunFlair outperforms other
commercially available biomedical NER tools, showing an average improvement of 7.26 percentage
points over the next best tool in cross-corpus evaluations, and delivers comparable results to leading
research prototypes in in-corpus tests. NERmodels and systems are providing their aid in healthcare
departments in several ways [31]. Additionally, HunFlair can be easily installed with a single
command and used with just four lines of code. It also comes with standardized versions of 23
biomedical NER corpora. These type of systems are helpful in health care departments to increase

5



https://www.oajaiml.com/ | March 2026 Mehroz Sadiq, et al.

the capablity of work flow. Although, several researchers have contributed in chemical entities
recognitions, there exists some key limitations which are required to focus on.

The following section outlines the challenges and limitations identified in previous research efforts:

• Vanishing Gradient Problem in RNNs: Traditional RNNs struggle to capture long-range
dependencies, making them less effective for biomedical entity recognition. While LSTMs
address this issue, challenges in maintaining long-term dependencies still exist [24].

• Lack ofDomain-Specific Adaptation inMultilingualModels: Althoughmultilingual BERT
demonstrates strong performance in biomedical NER, it is not specifically designed for the
biomedical or Spanish language domain, limiting its effectiveness for specialized tasks [29].

• Sequential Processing Slows Inference: Existing NER tools process entities sequentially,
resulting in slower inference times, which can hinder real-time applications [32].

• Cross-CorpusBias inNERModels: Despite efforts to improve generalizability, cross-corpus
evaluations highlight biases that impact the performance of biomedical NER models across
different datasets [28].

• Limited Support for Underrepresented Languages: While certain models claim multilin-
gual capabilities, the lack of adaptation for underrepresented languages restricts their applica-
bility in diverse linguistic contexts [29].

TABLE 1 summarizes the contributions of different authors.

Table 1: Comparison of Biomedical NER Approaches

Ref. Approach Dataset Evaluation Measures
Hakala
et al. [28]

CRF-based model,
multilingual BERT

PharmaCoNER F1-score: 88%
(development), 87% (test)

Kocaman
et al. [32]

Bi-LSTM-CNN BC4CHEMD, Species800 80.91% on species, 81.29%
on JNLPBA

Asghari
et al. [24]

B-I-O technique,
RNN, LSTM

JNLPBA, BIONLP13PC,
ADEs

0.92 precision, 0.89 recall,
0.89 F1-score

Leon et al.
[13]

HunFlair 24M biomedical abstracts,
3M full-text documents

F1-score: 59.69 (chemical),
72.19 (gene), 85.05 (species)

3. PROPOSED METHODOLOGY

To deal with the assortment and variety in chemical entities, this research reveals the invocation
of our system to handle the Biomedical Name Entity Recognition (BNER) tasks. To handle this
assortment, this paper focuses on the proposed methodology of recognizing the biological entities,
in which five chemical entities (Protein, DNA, RNA, Cell type, Cell line) are recognized accurately.
The system is also capable of interpreting chemical formulas. The system is successful in annotating
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the chemical entities containing 3000 abstracts as training data, 3500 abstracts as development data
sets, and 14000 records containing 7000 subset records as test data.

The proposed system pipeline involves the integration of pre-processing module to work on data to
handle tokenization, SBD, stop words removal, and POS tagging. Pre-processed data is passed to
the proposed algorithm Conditional Random Fields to recognize the chemical entities. The entities
are classified into six classes, i.e. gene, protein, cell line, cell type, DNA, and RNA.

System architecture as shown in FIGURE 1, demonstrates the several stages of proposed work:
section of the participating system.

Figure 1: Process Flowchart

3.1 Dataset

The system achieves its precision by annotating chemical entities using a global data set, which
comprises 3000 abstracts for training, 3,500 abstracts for development, and 14,000 records available
for testing. The test data set is split into subset of 7,000 records, ensuring a vigorous evaluation of
the system’s performance in chemical name entity recognition [33] [34].

3.2 Pre-processing

There are several sub-tasks involved in preprocessing to increase the precision and recall rate of the
system and are applied on the training and development data. The pre-processing stage includes the
following sub-tasks:
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3.2.1 Sentence boundary detection

SBD seems to be easy task as the sentence boundary is detected on basis of punctuation marks
(PMs): period, question mark, exclamation mark, and suspension points [35]. In some cases, there
is the need of special care to notice as these PMs may also play other roles in sentences other than
the detection of boundaries. For example, periods in date and in serial numbers. This problem can
be handled by inspection that there is no blank character after the period.

3.2.2 Lexicalization (tokenization)

This stage of pre-processing involves the division of the sentence into tokens (words, numbers,
punctuation etc.). In proposed methodology, the devised tokenization algorithm is based on the
regular expressions which chops the stream into pieces. In tokenization algorithm, we tokenize the
word stream on the basis of white spaces and other kinds of symbols depicted below.

{ ’ ’, ’\r’, ’\n’, ’.’, ’:’, ’;’, ’,’, ’=’, ’(’, ’)’, ’[’, ’]’, ’{’, ’}’, ’!’, ’@’, ’#’, ’$’, ’%’, ’^’, ’&’, ’*’, ’|’, ’?’,
’<’, ’>’, ’/’, ’\’, ’ �’, ’'’, ’`’, ’~’ }

3.2.3 Stop words removal

Some extremely common words that implement the role of very little importance in a document
in searching matches and necessarily to be excluded from documents. These words are commonly
known as “stop words” or “stop word list”. The essential feature to remove these words from the
documents is to reduce the number of terms so the performance of the system would not affect
and to achieve time efficiency. Stop word list includes determiners (nouns), coordinating conjunc-
tions (connecting words), and prepositions Stop words list consisting of 36 words are depicted in
TABLE 2. The algorithm proposed to confiscate the stop words is dictionary based in which the
matches hit for any of theword represent in TABLE2, the algorithm eliminates it from the document.

Table 2: Stop Words List of 36 Words

a an and is am it of at be
In he on as to so by its has
was but for yet are not too this that
were will would before under towards another there from

3.2.4 Part-of-speech (POS) Tagging

This phase of pre-processing involves the tagging of each token with part of speech such as noun,
pronoun, adjective, verb etc. POS tagger is actually, a piece of software and the tagger used to
tag the biological data in our proposed methodology is the MaxentTagger by Standford Log-Linear
Part-Of-Speech Tagger. MaxentTagger is efficient enough time to produce the results of huge file in
few seconds and it is licensed under the GNU General Public License [36]. MaxentTagger is made
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by a constructionist where the location of trained tagger’s parameter files is provided as arguments
as: MaxentTagger tagger = new MaxentTagger(“models/left3words-wsj-0-18.tagger”); [37].

3.3 Name Entity Recognition (NER)

Name entity recognition is the crucial NLP step for the information management aims and considers
tagging the tokenized biomedical terms (DNA, RNA, protein, cell line, cell type etc.). Statistic
machine learning systemwhich uses linear-chain conditional random fields (CRFs) with the number
of contextual and orthographic features for biomedical terms analysis, is used to achieve the required
goal. The user-friendly interface of Biomedical Name Entity Recognition (BNER) is easy to use
where the biomedical text commands can be typed manually or loaded from a file and multiple en-
tities can be tagged automatically in real time. The interesting feature of the proposed methodology
is that each biomedical entity is highlighted with a specified unique color simultaneously (green =
DNA, yellow = Protein, pink = Cell type etc.) and annotated document can be saved in multiple file
formats.

In addition to standard biomedical entities, the proposed system is capable of recognizing chemical
formulae present in unstructured biomedical text. This functionality is achieved by incorporating
domain-specific regular expression patterns as orthographic features within the Conditional Random
Fields (CRF) framework. These patterns are designed to capture common structural characteristics
of chemical formulae, including element symbols, numeric subscripts, and alphanumeric combi-
nations. The CRF model utilizes these formula-specific features in conjunction with contextual
information from neighboring tokens to accurately distinguish chemical formulae from general text
during sequence labeling.

3.3.1 Algorithm and implementation

Conditional random fields (CRFs), belong to statistical modeling methods used in machine learning
and pattern matching. These are probabilistic graphical models correspond to conditional finite
state machines to label and segment the sequence data. These decomposable probabilistic graphical
models bywhich CRF approach is derived also known asMarkov random fields (MRKs). CRF’s has
its application in the areas of part-of-speech tagging, shallow parsing, and name entity recognition
etc. [38]. During name entity recognition, CRF framework assigns the tokens with labels from the
defined states.

Suppose 𝑚 = {m1 ,m2 ,m3 , . . . ,mn} defines the sequence of words of length 𝑛. Let X be the
set of labels DNA, RNA, others, etc., corresponds to the states in finite state machine. So, 𝑋 =
{𝑥1, 𝑥2, 𝑥3, . . . , 𝑥𝑛} be the labels from 𝑋 assigned to the tokens from input 𝑚.. The conditional
probability of a given input sequence ‘m’ is defined by the first order linear-chain CRF as given by
equation 1.

𝑃(𝑋 |𝑚) = 1
𝐺𝑜

exp
(

𝑛∑
𝑎=1

𝑘∑
𝑏=1

𝜆𝑏𝑡𝑏 (𝑥𝑎−1, 𝑥𝑎, 𝑚, 𝑎)
)

(1)

Where 𝐺0 refers to the normalization factor over the sequence of labels 𝑆, and defines one of the
𝑘 binary functions that refer to the feature at position 𝑎 from the sequence 𝑚 of length 𝑛, and the
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weight of that feature is 𝑤𝑎. For example, the text “. . . the ATPase . . . ” has the feature Word =
ATPase and feature value 1 with the transitions, where 𝑥𝑎−1 represents the label state “other”, and
𝑥𝑎 represents the label state “protein”. The weight of the feature 𝑤𝑎 has a positive value for features
that are correlated to the target label, a negative value for anti-correlated features, and is set to zero
for uninformative features.

To set the weights of the feature value up to its maximum, the conditional log of the labeled sequence
for the training data set 𝑍 = {(𝑚, 𝑥)1, (𝑚, 𝑥)2, (𝑚, 𝑥)3 . . . , (𝑚, 𝑥)𝑛} is refered in equation 2.

𝐿𝐿 (𝑍) =
𝑡∑

𝑎=1
log

(
𝑃(𝑋(𝑎) |𝑚 (𝑎) )

)
−

𝑘∑
𝑏=1

𝜆𝑏2

2𝜎2 (2)

The feature sets of biomedical name entity recognition, i-e: orthographic and contextual features,
mostly based on the neighboring tokens and the regular expressions. Furthermore, the feature set
includes regular-expression-based indicators specifically designed for chemical formula structures.
These indicators enable the model to effectively capture formula-level patterns and enhance the
recognition of chemical expressions that do not follow conventional word-based representations.

3.3.2 Model complexity and trainable parameters

The complexity of the model is considered to be the critical aspect of the systems used for the
recognition of biomedical names. Additionally, the number of trainable parameters gains the same
importance in BNER systems. These are essential during practical deployment in clinical or embed-
ded environments where the particular resources for computation are in limit. Moreover, we worked
to develop this system by using the Conditional Random Fields (CRFs)-based model, comprising of
both orthogonal and contextual features with rich input space. Our CRF model does not depend on
entity embeddings or pre-trained language models and therefore has a suggestively smaller number
of trainable parameters as compare to the deep learning models (e.g., BERT, BiLSTM-CRF).

The proposed system use CRF-based model which consists of approximately 25,000-40,000 train-
able parameters, smaller than transformer based models such as BioBERT ( 110M parameters) and
also smaller than BiLSTM models, which characteristically range from 500K to 10M parameters.
This lower complexity permits faster training, slight memory necessities, and smooth deployment
on control devices or legacy clinics and hospitals IT organizations.

4. RESULTS AND DISCUSSIONS

The data set provided by the challenge organizers is organized into three distinct sets: the training
set, the development set, and the test set. The training and test sets come up with their crucial
capabilities in the procedure of developing and evaluating the proposed system. In addition, the
training dataset is comprised of 3,000 abstracts, which is helpful to train our system by allocating
it to learn and train on underlying patterns and relations of the data entities. This considers to be
the foundation on which the proposed model builds its capability to perform effectively on new,
real-world unseen data.
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Following the BioCreative V evaluation protocol, the performance of the proposed system is re-
ported using overall precision, recall, and F1-score metrics rather than entity-wise class-specific
measures.

Furthermore, the development set consisting of 3,500 abstracts, behaves as a middle stage in be-
tween of training and testing of the proposed methodology. The development set has been utilizing
in fine tuning the model, make it possible to provide adjustments to enhance the performance of
the system. It also, generalizes the system through training data. Similarly, the identification of
potential problems or areas where the model suffers from overfitting problem can be performed by
testing the proposed system on the development set. These steps allow us to correct these instead
of moving towards the next step.

Moreover, the test dataset is comprised of 14,000 records, consider to be the largest one. This dataset
is further divided into subsets of 7,000 abstracts each and used in final evaluation of the system’s
performance. No doubt, it is difficult to handle the working on test set, as it represents the measure
of how our proposed system behave during the unseen data. The ability of the system depends on
the process to handle the large amount of data in the test set, while considering the accuracy and
robustness as important as before. This inclusive approach guarantees that our proposedmodel is not
only well designed, but also capable of solving the real-time world and give responses effectively.

The proposed system achieves the accuracy with 92.2% precision, 93.2% recall, and 92.48% F1
score for CEMP (Chemical Entity mention in Patent) and 92% precision, 95.21% recall, and 93.%
F-score for the CPD (Chemical Passage Detection).

4.1 System Performance Evaluation and Optimization

The effectiveness and efficiency of the proposed system is measured systematically by using train-
ing, development and test datasets. These datasets ensure about the desirable goals. This proposed
approach helps us to access the system’s functionality across several stages and allow us to fix
it as per the requirement to optimize the performance. Specifically, we examine the numerous
amalgamations of Conditional Random Fields (CRF), regular expressions, and dictionary matching
techniques. These combinations are tested with extreme care to control and examine the most active
configuration for extracting pertinent information and attaining high accuracy in the tasks at hand.

4.2 Performance Analysis for Chemical Entity Mention in Patents (CEMP)

The system is exposed to multiple runs on the test datasets, with the final results being summarized
in TABLE 1, to ensure a thorough evaluation. In addition, the tasks involved in Chemical Entity
Mention in Patents (CEMP), the performance of the system reaches to conclude average over five
runs, yielding an average 92.2%precision, 93.2% recall, and 92.48%F1 score as shown in TABLE3.
These metrics designate the ability of the system to identify and retrieve relevant chemical entities
accurately, from the data while creating balance in precision and recall.
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4.3 Performance Analysis for Chemical-Protein-Disease (CPD)

In the sameway, when the Chemical-Protein-Disease (CPD) task is concerned, the system is capable
of achieving an average precision of 92% precision, 95.21% recall, and 93.% F-score across the five
runs as shown in TABLE 3. These results are helpful in highlighting the effectiveness of the system
in detecting, recognizing, and extracting relationships between chemicals, proteins, and diseases,
which is considered to be crucial for progressing research in the biomedical field.

Table 3: Experimental Results for CEMP and CPD for Test Sets

CEMP Run Precision Recall F-score
1 91.24% 98.69% 94%
2 92.74% 90.75% 91.74%
3 94.35% 90.82% 92.08%
4 90% 92.54% 91.27%
5 93.21% 93.43% 93.32%

CPD Run Precision Recall F-score
1 93.65% 95.78% 94.21%
2 91.89% 93.27% 92.58%
3 92.01% 94.34% 93.17%
4 92% 95.45% 93.22%
5 90.45% 97.21% 93.83%

The precision metric imitates the correctness and accuracy of the system in perceiving the relevant
entities, whereas recall measures its aptitude to recognize all conceivable relevant entities inside the
dataset. The F-score, a harmonic means of precision and recall, delivers a well-adjusted measure
of the overall performance of the system. The constancy of the proposed system’s results across
several runs establishes the robustness and consistency of the proposed system inmanaging complex
biomedical tasks.

4.4 Evaluating and Refining the System for Optimal Accuracy

Overall, the iterative testing process enables us to fine-tune the components of the system, foremost
to a well-proportioned and operative solution for the CEMP and CPD tasks. These results under-
score the potential of the proposed system to be applied in real-world scenarios, where accurate and
efficient extraction of chemical entities and their relationships is critical for advancing biomedical
research and applications performance of the proposed system is obtained on training, development
and test data to achieve the desired goal. This permits us to test the working of the system with the
several combinations of CRF/regular expressions/dictionary matching.

The improvements in the results are demonstrated through a comparative analysis with previous
studies, TABLE 4 presents a detailed comparison of the proposed approach with existing works.
According to the comparison, it is clearly visible that the proposed method using CRFs to detect
the chemical and drug name entities has achieved the highest accuracy. The system is successful in
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diagnosing the five chemical entities to classify in to five different classes i.e. gene, protein, DNA,
RNA, cell type and cell line.

Table 4: Comparison of the Proposed Approach

Reference Evaluation Measures
Hakala et al., 2019 F-score of 87% on the test dataset
Koca-man et al., 2021 80.91% on species, 81.29% on JNLPBA
Asghari et al., 2022 0.92 precision, 0.89 recall, 0.89 F1 score
Leon et al., 2022 F1 score: 59.69 for chemical, 72.19 for gene, 85.05 for species
Kumar et al., 2023 Reduction in MASE of 94% for wheat, 72% for groundnut, and 71%

for barley
Proposed
Methodology

92.2% precision, 93.2% recall, and 92.48% F-score for the CEMP and
92% precision, 95.21% recall, and 93.4% F-score for the CPD.

5. CONCLUSION

This article presents our contribution in recognizing the chemical and drug names by the CRF based
solution working in the core of proposed methodology. The proposed robust system is helpful
in extracting the chemical entities, passage drug entities, and their relationships by utilizing the
amalgamation of regular expressions, dictionary matching techniques, contextual methods, and
Conditional Random Fields (CRFs). Pre-processing modules are also integrated to remove noise
and for time efficient results. Exploratory data analysis reveals the importance of pre-processing
techniques to be included on the given data set to enhance the efficiency of system. The procedures
involves are stop words removal, tokenization, sentence boundary detection and POS tagging. The
running time performance of the proposed system is marvelously beneficial; as it performs its
functionality on huge data comprising of 14000 records with subsets of 7000 records in a short
span of time, almost in less than 2 hours.

The system is successful in systematically evaluating the data using training, development, and test
data sets, and it also ensures its ability to predict the unseen data effectively. The results demonstrate
the system’s high precision, recall, and F1 scores, with 92.2% precision, 93.2% recall, and 92.48%
F1 score for the Chemical EntityMention in Patents (CEMP) task, and 92%precision, 95.21% recall,
and 93% F1 score for the Chemical-Protein-Disease (CPD) task. Performance metrics culminate in
the productiveness of the proposed approach by identifying and retrieving admissible chemical and
drug entity names with a high accuracy between precision and recall.

The proposed project has proven to be accurate and robust, has the ability to handle a large amount of
data set with high maintenance by using iterative testing and optimization. Moreover, the analysis,
which leads to a comparison with previously discussed methods, validates the advances of the
system in the recognition of chemical and drug entity names. This reveals the importance of the
system for real-world biomedical applications. Due to the effectiveness of the proposed system,
this contribution can contribute further in extracting information from biomedical research, facilitate
knowledge discovery, and increase scientific advancements in the field.
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6. FUTUREWORK

Expanding the training dataset with more diverse biomedical corpora and extending the system
to recognize additional entity types, such as drugs and pathways, would increase its applicability.
Additionally, integrating semantic contextualization through knowledge graphs could improve the
extraction of meaningful insights, while developing real-time processing capabilities and a user-
friendly interface would make the system more practical for researchers. To expand its global
usability, incorporating multilingual support and testing the system in longitudinal studies could
further validate its robustness and applicability in real-world scenarios.
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