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mining is constantly in peak when compared to other research
domains [3].

Abstract
In today's advancement of the digital world, a huge amount of
Biomedical information in the form of text data is accessible
from research articles as well as blogs. Analyzing such
information could help us to come across new Biomedical
knowledge such as drug discovery, drug-disease interactions,
adverse drug reactions and realization of patient conditions.
Since the text data is unstructured, it becomes difficult for the
experts and researchers to analyze the above information
manually or to extract information automatically. Biomedical
text mining aims to retrieve useful information from large data
efficiently and convert it into practical usage in a way of
diagnosing symptoms, prevention, and treatment of diseases.
This survey aims to bring out comprehensive tools,
technologies, available Biomedical resources, algorithms and
challenges faced in Biomedical text mining tasks.

The authors of this paper present a comprehensive survey on
the methodologies and its emerging role in bringing out
dormant patterns in the large quantities of medical data. This
paper describes various Biomedical data sources, methods and
challenges in dealing with such large and heterogeneous
Biomedical data.
1.1 Challenges in Biomedical text mining
Although there exist many automated tools available to extract
information from structured data, but these tools are not
capable of handling the Biomedical information in an effective
manner due to the unstructured nature. The following are the
challenges while dealing with Biomedical data.

Keywords: Biomedical text mining, medical data, Information
extraction, Natural language processing.
1.

1.

As of 2020, more than 50,000 articles have been
published by researchers on COVID-19 and continue to
be published each year. Hence it is a challenging task for
many researchers to keep track of the latest findings and
has to update their knowledge frequently [4].

2.

Even though there are many articles and data sources
available for Biomedical text mining, many restrictions
and privacy concerns on the usage of data become
bottlenecks for full exploration. De-identification is
mainly a challenging task which is widely used in
Biomedical decision-making purposes.

3.

Conventional Natural Language Processing tools are not
sufficient due to the idiosyncrasies of the Biomedical text.

INTRODUCTION

Nowadays, the availability of medical data in the healthcare
sector has grown immensely. Medical data ranges from textual
to numerical format, recorded signal graphs, and radiological
image formats, which are collected and used for many
purposes. In the earlier days, collection of prescriptions from a
single doctor was sufficient for a single patient. But presentday medical care requires patient information from multiple
sources in multiple formats. Due to this, an automated solution
for drawing out effective information using data mining
techniques from medical data is essential. Out of these medical
data, clinical text contains valuable information about
symptoms, treatment, usage of drugs and adverse drug
reactions of the patients which can be utilized for improving the
patients’ health conditions. Since clinical text data is
unstructured, it is very arduous to extract meaningful structured
information. To extract structured data from unstructured text,
many text mining techniques, tools, and algorithms have been
proposed in the literature [1]. The structured data created by
text mining can be used for further analysis and decisionmaking purposes [2].
On one hand, the exponential growth of articles day by day
necessitated researchers to carry out extensive research to
extract more interesting and fruitful patterns from such
Biomedical data. But it became an unusually difficult task for
Biomedical researchers since the data is either unstructured or
semi-structured and also due to the ambiguities present in the
natural language. Thus, the application of Biomedical text



Many gene or Protein have more than one name:
FLT4 has four different names namely FLT41, fmsrelated tyrosine kinase 4, VGFR3_HUMAN,
VEGFR3,
(https://medlineplus.gov/genetics/gene/flt4/).



Multiword expressions: Capturing multi word
expressions in Biomedical data is a difficult task.
For example, the word alpha-2-macroglobulin, a
family of Proteins, should be treated as a single
entity rather than three different words.



Acronyms are homonyms: In Biomedical data
there exists huge collections of acronyms. The
challenges are that all acronyms are homonyms
(words that sound the same like the other words but
have different meanings).
Example: SEC stands for Surface Epithelial Cell,
Size Exclusion Chromatography, Selenocysteine.
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Multiple entities in a single relation: In Biomedical domain, for a single relationship there are multiple entities present
in it.
Example:
Sentence: Been taking Lipitor for 15 years, have

experienced severe fatigue a lot!

Entities: Lipitor and fatigue
Relation:

Lipitor

Fatigue
Adverse_Drug_Effects

The structure of the paper comprises four sections which
includes introduction of Biomedical text mining and its
challenges. Section 2 represents various types of Biomedical
data. Section 3 highlights role of Natural Language Processing
in Clinical text data. In Section 4, describes various
applications and techniques involved in Biomedical text
mining and their challenges are explored.

2.

MEDICAL DATA

Medical data exists as both physical and electronic forms
gathered from various data sources as shown in figure 1. It is a
collection of data related to diagnosis, treatment and care of
patients. Such data may be stored by clinics, hospitals, and
research centers, that may or may not be accessible to the mass
community. Since most of them are considered as personal data
and privacy has to be maintained until unless the individual
consents to the usage of their data for any specific purposes.

Proteomics
Medical

Clinical

Pharmacology
Genomics

Data Integration

Biological Process

Metabolomics
Scientific Publications

Figure: 1 Sources of Medical data
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Generic medical data includes the details such as patient name,
age, address, phone number, gender, marital status, Past
medical history includes the previous illness of the patient,
Family History includes details of some genetic disorders
present in inpatient parents, siblings, and children, allergy
information includes does the patient is having any allergies to
food, medicine, including race [5]. Social History includes
patient lifestyle, and personnel characteristics which include
patient use of alcohol, tobacco, patient dietary plan, exercise
routine, occupation, education, sexual practices, and
environment of living conditions, Patient’s emotional reaction
and interaction with the physician. History of operation report
if operation has been performed and discharge summaries and
treatment follow up notes.

2.1.3

Recorded signals

Nowadays, medical practitioners are utilizing various
waveforms
to
diagnosis
their
patients.
ECG
(electrocardiogram) is one of such waveforms used to examine
human heart condition. Due to the advancements, paper ECG
record data is digitalized as 1-D signal and then by using some
deep learning models to detect the heart related diseases in an
automatic way [6].

2.1.4 Image data
Medical imaging is one of the fascinating fields in healthcare
sector. Diagnosis of medical data in patient is done by
radiology technician using scanning device. Some well-known
scanning techniques used in modern medical practices
includes Radiography, Computed Tomography (CT), Dental
Cone-beam Computed Tomography, Mammography. These
image data include X-Rays, CT images, nuclear medicine
scanning images, forensic images, MRI, ultrasound images
and many others are present to diagnose many diseases such
as mental disorders of depression, sclerosis, stroke,
schizophrenia, and Alzheimer's disease etc. Advanced neural
network learning algorithms such as CNN (Conventional
Neural Network) are used in chest x-rays dataset images to
classify pneumonia [7].

Uses of Medical data
i. Useful as source of clinical data for research and academia.
ii. Useful for Public health programs in controlling the
diseases and improving patient care.
iii. Useful in formulating law and public health policies.
iv. Useful in enhancing the communication between the
patients and health care systems.
v. Used in predictive analytics and decision-making
purposes.
vi. Analyzing the medical claims data, helps in supporting the
services of medical health insurance organizations.

2.1.5 Video Data
Due to the advance of digital technologies nowadays video
serves as an easy and efficient medium to share medical
information which in turn may be useful for many researchers
to discover new knowledge. Recordings in surgical operations
room may be useful in improving performance and find out
mistakes in future [8]. Footage video data by using deep
leaning techniques are used in detecting the abnormal
activities and notify to specify person using IoT devices [9]
and in many other purposes these video data is used in medical
field.

2.1 Types of Medical Data
In this section the author describes about different types of
medical data available.
2.1.1 Narrative textual data
Traditionally handwritten information by clinicians on a
patient’s medical status and the records stored are generally
known as narrative medical data. Most of the physical records
are digitally copied into a database in recent times, through
word processors and other technology to produce printed
medical records. The transcribed data from word processors
can be utilized as electronic versions of medical reports, which
can be easily integrated into electronic health records (EHRs)
and clinical data repositories.

2.1.6 Audio Data
Audio data is used to educating the health care professionals by
capturing the privacy and confidentially. Patients who have
been affected with diseases can feel the change in the
individual’s voice. Possibility of Covid is detected by using
cough audio recordings to analyses the problem in respiratory
system [10] and raw sequential audio dataset is used for
depression detection using convolution encoder [11] and in
many more ways the audio dataset is useful in medical field.

2.1.2 Numerical data
Any measurement that is taken by an individual's health is
considered numerical medical data. These numerical data
include all kinds of laboratory test information such as
temperature, weight, height, and pulse rate measurements
taken during the general check-up. Many methodologies and
open-source tools are available to extract the unstructured
numerical data.

Table 1 shows different samples of medical data which ranges
from unimodal to multimodal data.
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Table 1: Types of Biomedical data with sample images
Type of Data

Health care data

Sample image

Narrative data

Doctor’s Hand written Prescription

Numerical data

Blood Reports

Recorded Signals

ECG, EMI signals

Image data

X-rays

Video data

CT, MRI, Ultra sound output

Audio Data

Doctors and technician discussions and
instructions
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in which huge volume of Biomedical information is available.
Table: 2 highlights some of the online databases used in the
Biomedical field.

2.2 Online Biomedical Resources
Currently different online Biomedical resources are available,

Table: 2 Sample Online Resources available for Biomedical domain
Biomedical
Resources

Description

Data collections and Reference

NLM
Year- 1836

Serves more than 12 million books, journals, manuscripts, audio-visuals.
Access: Freely available
Developed by: Part of NIH Reference: https://www.nlm.nih.gov/
(National Institutes of Health)

EMBASE
Year: 1947

Access: Subscription only
Developed by: Elsevier.

It has over 32 million records from over 8,500 currently published journals
Reference: http://www.embase.com/

CINAHL
Year- 1961

Access: Subscription only
Developed by: EBSCO

Serves More than 3.6 million records.Full text for more than 760 journals
and more than 275 books.
Reference:https://www.ebsco.com/products/research-databases/cinahldatabase

PubMed
Year- 1966

Serves More than 32 million citations and abstracts of Biomedical literature,
Access: Freely available
Developed by: NIH and NLM. Books, and life science journals.
Reference: http://www.pubmed.gov/

MEDLINE
Year- 1966

Access: Freely available
Developed by: NLM.

Serves more than 28 million journal articles and in 40 different languages.
Reference: https://medlineplus.gov/

UMLS
Year - 1986

Access: Freely available
Developed by: NLM.

Over 2.5 million names for 900000 concepts
Reference: https://uts.nlm.nih.gov/uts/

MedlinePlus
Year - 1998

Access: Freely available
Developed by: NLM.

Initially provided 22 health topics in English Currently provide almost 1000
health topics over 40 languages.
Reference: https://medlineplus.gov/

More than 6 million text articles
PubMed Central Access: Freely available
Developed by: NIH and NLM Reference:
(PMC)
Year - 2000
https://www.ncbi.nlm.nih.gov/pmc/

3.

records by updating EHR’s data. Thus, NLP has reduced
the physician workload and maintain utilize that in some
other activities such as patient care services [13].

ROLE OF NATURAL LANGUAGE PROCESSING
IN HEALTH CARE

Natural Language Processing is the ability of the computer to
understand the human language. As the digitalization of health
care medical data increases, there is a need for utilization of
those unstructured data. NLP in health care is a promising
solution to the problems, as it can analyze the unstructured
health data and extract the hidden information and patterns
which is useful for decision making purposes [12].

2.

Clinical trial decision making purposes: In health care,
the new medicine or vaccine trail checking is made in
order to check whether the medicine works correct or not.
With the improvement of NLP tools, it helps in
identifying the right fit person for clinical trial by
analyzing the past medical history of the patients [14].

3.

Many healthcare systems use the NLP to trace back the
patient’s feedback. Many NLP techniques has been used
in many health care brand companies for analyzing the
sentimental text in customer reviews and classified as
positive, negative or neutral and can improve their brand
in near future [15].

4.

Mapping data elements present in unstructured text to

3.1 Use cases of Natural language processing in health
care field
1.

Improves clinical documentation: As in the health care,
hospital physician/ doctor has to maintain and update the
patient's record from time to time. But the NLP assisted
automated techniques maintain the individual patients

204

International Journal of Applied Engineering Research ISSN 0973-4562 Volume 17, Number 3 (2022) pp. 200-217
© Research India Publications. https://dx.doi.org/10.37622/IJAER/17.3.2022.200-217
structured fields in an electronic health record in order to
improve clinical data integrity [14].
5.

Converting data in the other direction from machinereadable formats into natural language for reporting and
educational purposes.

6.

Answering unique free-text queries that require the
synthesis of multiple data sources.

7.

Engaging in optical character recognition to turn images,
like PDF documents or scans of care summaries and
imaging reports, into text files that can then be parsed and
analyzed [16].

8.

unstructured text is ungrammatical with limited phrases,
lack of complete sentence, understanding the phrase based
on their context and with high usage of acronym and
abbreviations tends to be ambiguous [13].
3.

4. Applications and techniques for Biomedical Text
Mining

Conducting speech recognition to allow users to dictate
clinical notes or other information that can then be turned
into text [13].

Consistently with a forceful development in expansion in
organic writing, in the Biomedical area, there is a need for a
computerized framework to separate the information from the
hidden unstructured archive. The field that makes the PC
comprehend the huge number of information (text) and do the
undertaking with the right information is called Natural
Language Processing. Biomedical Natural Language
Processing (BioNLP) manages the terms of text information
that comes from science, clinical/clinical area and utilizations
the normal language preparing procedures for different sorts
of Biomedical applications [17]. Figure 2 shows the tasks
involved in Biomedical text mining.

3.2 Challenges of Natural Language Processing in
Biomedical Text
1.

Semantic understanding of clinical text is a challenging
task in NLP.

2.

Analyzing the unstructured text or clinical notes in health
care system is a challenging task, since the clinical

Medical language has the different sub language, the user
should create good NLP system models that should
understand the medical language and extract the
meaningful data.

Classification -

Biomedical Text mining Tasks

Figure: 2 Tasks involved in Biomedical Text mining

4.1 Information Extraction in Biomedical Text

4.1.1 Biomedical Named Entity Recognition task

Information Extraction (IE) is a Natural Language Processing
(NLP) task that analyses natural language texts in order to
extract structured and useful information such as Named
Entities, Relations, Events and their semantic relationships.
The two-underlying task of information extraction includes,
Named Entity Recognition task and Relation Extraction task.

Biomedical Named Entity Recognition (Bio- NER) is used to
automatically recognize Biomedical entities (e.g., chemicals,
diseases and Proteins) in given texts. It is defined as a single
word term or multi-words phrase that denotes a medical object,
such as gene such as RNA/ DNA, Protein interaction, chemical
Protein interaction, Symptoms like fever and vomiting, disease
and drug name in the clinical area [18] and a summary of
various Named Entity Recognition involved in clinical data is
presented in Table 3.
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Table: 3 Named Entity Recognition in Biomedical Text
Paper

Named Entity

Dataset used

Methodologies

Sun, C et.al
(2021) [19]

Chemical/Drug, Disease
and Protein/Gene related
entities.

BC4CHEMD, BC2GM
BC5CDRChem, BC5CDRDisease, NCBI-Disease, and
JNLPBA.

Bio BERT Transformers

Zhang,J
(2021)

Apple Diseases and Pest
related entities.

ApdCNER corpus of apple
and pests.

Bi-LSTM-CRF

Gajendran,
S.et.al (2020)
[21]

Chemical Entities

Bio Creative II GM corpus,
NCBI corpus, JNLPBA
corpus.

Bi-LSTM with character
embedding

Naseem,
U.
et.al (2020)

Disease, Chemical, and
Gene/ Protein entities

BC4CHEMD, JNLPBA,
BC5CDRChem, BC5CDRDisease, NCBI- Disease,
BC2GM

Bi-LSTM and CRF.

Lou,Y.
et.al
(2020) [23]

Disease and Chemical
Entities

BC5CDR and NCBI corpora.

GAT with Bi-LSTM-CRF.

Fei,H et.al
(2020)

RNA, DNA, Protein, cell
line and cell type
categories

ACE2005 and GENIA.

Bi-LSTM-CRF.

Protein-Chemical
Interaction and Drug
entities

DDI extraction 2013,

Attention

Bio Creative CHEMPROT.

Bi-LSTM- CRF and ELMo
Embedding

et.al

[20]

[22]

[24]
Luo, L et.al
(2020) [25]

4.1.2

Challenges in Biomedical NER task

1.

To begin with, the number of new technical terminology
is fast expanding as a result of current research. Building
a gazetteer that incorporates all of the new terminology
is really tough.

2.

Recognizing Named entities that appear with multiple
phrases is a difficult task.

3.

Depending on the context, the same words or phrases or
expressions could be categorized as distinct entities [26].

4.

The usage of acronym and abbreviations is another
challenging task as same term can be used to refer in
different concepts such as “AIS” stands for “Acute
Ischemic stroke” or “Androgen Insensitivity Syndrome”
or “Arterial Ischemic stroke” or “Athens Insomnia
scale”.

5.

Long named-entities complicate the Bio-NER process,
making it difficult to define boundaries for sequences of
words that refer to a biological entity [26].

4.1.3 Relation Extraction:
Relation Extraction is one of the important tasks in Information
Extraction. Extracting relevant information from unstructured
medical text and finding the semantic relationship between
medical concepts is most important in medical domain [27]. Eg
Drug-drug interaction, Protein-Protein interaction, GeneProtein relation and drug-diseases relations. These findings will
assist professionals in making informed decisions when
administering medication to patients and will allow them to stay
current in their area. The Relation Extraction learning based
methods used in clinical text data is diagrammatically
explained in figure 3. The author in table 4 summarizes the
methods used in Relation Extraction task in Biomedical Text
data.
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Relation Extraction

Learning Based

Methods

SVM, Logistic Regression, Linear
Regression, Random Forest, CNN,
RNN, LSTM

Supervised

Unsupervised

Clustering, K-Means, Associations

Semi-supervised

Both supervised and
Unsupervised

Rule based

Pattern Matching, Regular
Expression, Parsing

Figure: 3 Relation Extraction Learning based methods used in Clinical Text Data

Table: 4 Relation Extractions in Biomedical field
Paper

Corpus used

Chuan Deng et.al (2021)
[28]

EUADR Corpus,

Xing,R

Relation Extracted

Methods

Gene- Disease

BioBERT

Treatment, side effect, Metabolic
mechanism, etc

Deep neural network (DNN)

et.al (2021) [29]

SemEval-2010 Task 8, ACE
2003-2004, NYT,
BC5CDR, BB3, SeeDev,
GE4, i2b2 2010, BioRel

Legrand, J et. al (2021)

SNPPhe ,EU-ADR,

Tree LSTM

[30]

SemEval 2013 DDI, ADEEXT, reACE.

Target-disease and Target-drug
relationship

Warikoo, N et,al (2020)

HPDR50, LLL, IEPA
AIMed, BioInfer, EU-ADR,
GAD , MedLine, BioNLP
Shared Task, 2011,
ChemProt.

Protein– Protein interaction (PPI),

LBERT (Lexically aware
Transformer-based
Bidirectional Encoder
Representation)

DDI 2013 Extraction corpus

Drug-Drug interactions extraction

[31]

Zhang, Y et.al (2018)

PubMed abstracts.

Gene–disease relation, Drug– drug
interaction, Protein - bio- Entity
Relation (REL), Chemical Protein
Relation

Hierarchical RNN

[32]

4.2

Retrieving relevant data to user queries from database is a
challenging task [33]. Biomedical information retrieval is
mostly used for researchers to share/ gather knowledge to others
and also which in turn useful in decision - making purposes.
Table 5 depicts some of the Biomedical tools used for

Information Retrieval in Biomedical Text

Information Retrieval (IR) is the process of extracting material
from a vast database that is relevant to a specific query. In
Biomedical field, due to advancement of technologies and new
discoveries, huge amount of data is increasing by day by day.
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retrieving the data.

4.2.1
1.

challenging task.
In IR, this issue additionally called the lexical hole,
happens when the jargon of the inquiry doesn't
coordinate with the jargon of significant archives. Many
of the words and phrases used to express ideas have
multiple meanings [20].

4.

One of the most difficult challenges is the rollback of a
process or correction, which may result in the waste of
many months or years of research.

5.

New researchers may not understand the format of
information due to lack of knowledge. As a result,
processing such datasets for further research is extremely
difficult [33].

Challenges involved in Retrieving Biomedical
Information
A focal issue in clinical IR is the variety of the clients of
these administrations. Specifically, they will have
differing classes of data needs, changing degrees of
clinical information, and fluctuating language abilities.
Thus, comprehension of different kinds of clients and
their data needs is one of the foundations of clinical IR.

2.

3.

There are many complex medical terminologies present.
Identifying and retrieving these medical entities or
information according to user needs tends to be a

Table: 5 Tools available for Biomedical Information Retrieval
Tool Name
Genotyping

VAST: Vector
Alignment
Search Tool

Usage

Reference link

This tool helps identify the genotype of a
viral sequence in body causing Diseases
like AIDS and HIV

https://www.ncbi.nlm.nih.gov/projects/genotyping/formpage.cgi

VAST Search service is a web-based tool
that allows to search and compare Protein
3-dimensional

https://www.ncbi.nlm.nih.gov/Structure/VAST/vastsearch.html

molecular structures
VecScreen

It is used to find segments of a nucleic acid
sequence

https://www.ncbi.nlm.nih.gov/tools/vecscreen/

Retroviruses

Information about retroviruses Proteins and
genomes

https://www.ncbi.nlm.nih.gov/genome/viruses/retroviruses/

Virus
Variation
Resource Tool

Search, retrieve and analyze severe acute
respiratory syndrome coronavirus2 (SARSCoV-2) sequences in NCBI Virus.

https://www.ncbi.nlm.nih.gov/genome/viruses/variation/

BLAST (Basic
Local
Alignment
Search Tool)

BLAST finds regions of similarity between
biological sequences.

https://blast.ncbi.nlm.nih.gov/Blast.cgi

SNP Database
Specialized
Search Tools

Searches the SNP database by genotype,
method, population, submitter, markers and
sequence similarity using BLAST

https://www.ncbi.nlm.nih.gov/snp/

4.2.2 Process in Information Retrieval
1.

2.

When a patient/ physician enters a query into the system
using a graphical interface, the process of information
retrieval begins.
These user-defined queries contain statements of
information that are needed to users.

208

3.

User query are matched with the several database
collections.

4.

By using any searching techniques, the relevant
documents to user query are retrieved for further
processing.

5.

The results are typically ordered by relevancy, that is,
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by the degree of similarity between the document and
query descriptions.
6.

extension of DBSCAN), Partial mixture model (PMM) etc.
Table 6 depicts summary of clustering task in Biomedical text
data using NLP Methodologies.

The results are gathered and sent back to the user.

4.3.1

In Medical domain the data is present in unstructured format.
In terms of retrieval strategies, there are two ways used in IR
systems: exact-match and partial-match search. The exactmatch search returns all possible documents that meet the
criteria of the user's search query perfectly. The partial-match
approach ranks the closeness of the query in the pages relevant
to the user using a natural language query or a vector-space
model.

4.3 Clustering in Biomedical data

Challenges in Clustering of Biomedical Text

1.

The initial stage is to determine the collection of candidate
features. These can be found utilizing domain expertise
and previous studies or clinical feedback.

2.

Small sample sizes in clinical domain can mask actual
clustering by inducing the user to select the incorrect
number of clusters or by resulting in solutions that are
neither repeatable nor stable. High-dimensional clinical
text data sets that need be controlled by data stream
processing. The number of dimensions in a large database
can enhance data complexity [37].

Clustering is useful in achieving the goal of Biomedical
3. The pre-processing of multimodal clinical data, as well as
research, which is to extract knowledge from massive amounts
how the scaling and encoding are done should be
of data, which will then be applied for prevention/ treatment of
carefully considered. The scaling and encoding of the
diseases and decision-making process. Clustering of
data, as well as the choice of dissimilarity metrics and
Biomedical text data can be carried out using methodologies
cluster analysis methodologies, are all influenced by one
such as hierarchical clustering [34], portioning clustering,
another. Certain combinations of these data analytics
Nearest Neighbor Algorithm [34], Mixture model-based
components may be incompatible, resulting in
clustering, Fuzzy clustering [35], Self-organizing Maps (SOM),
untrustworthy results.
Density- based (DBSCAN), clustering [36], OPTICS (an
Table: 6 Clustering tasks in Biomedical text data
Paper
Li, M. et.al
(2021)
[38]

Objective
To calculate the document
semantic similarity based on
ontology network and map
reduce methods

Corpus used

Methods

TREC genomics track- 2,317
documents with 24 topics

Document similarity: MapReduce- based
algorithm

LUs-10000: Pudmed (10000
documents)

Clustering:
1. Spectral clustering
2. Agglomerative clustering
3. K-means

Slater, L.T.
et.al (2021)
[39]
Khaleghi, T
et.al (2019)
[40]

Kongburan,
W.et.al (2019)

To construct patient phenotype
profiles using multiple
semantic similarity scores.

K- means

MIMIC-III
dataset: 1,000 patient clinical
admissions text data.

To detect error in spellings and Hospital’s clinical corpus
medical abbreviation present in containing 17,400 surgical
surgical text data.
cases records.

Similarity measures: Levenshtein matrix

To predict status of patient
mortality in the ICU ward.

Indexing: Bag-of- Entities (BoE)

Clustering task: Heuristic Clustering of
Hierarchical Agglomerative clusters
(HCHAC)

MIMIC II dataset (over 23,310
records)

[41]

Term weighting: TF-IDF
Cluster- boosted regression:

1) KNN Regression model
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Ogbuabor G
and Ugwoke,
F.N (2018)
[42]

To obtain optimal clusters for a Movement activity dataset
movement activity dataset
from ‘MyHealthAvatar’ were
used.

4.4 Classification in Biomedical Text

4.4.1

Document classification is a common task in natural language
processing with a wide range of applications in the Biomedical
domain, such as Biomedical literature indexing, pathology
reports, patient health status clinical notes and discharge
summaries automatic diagnosis code assignment, tweets
classification for public health topics, patient safety reports
classification, and so on. However, manually classifying
Biomedical publications released each year into predetermined
categories becomes a time-consuming operation [43]. As a
result, the scientific community has identified developing an
effective automatic document classification system for
Biomedical databases as a key task. Table 7 depicts summary
of classification task in Biomedical text data using advanced
Methodologies.

K-means and DBSCAN.
K- Means performed better

Challenges involved in Classification of
Biomedical Text

1.

Imbalanced clinical data can lead to change in
classification results [44].

2.

If the clinical data would be scant and heavily dependent
on context. Selecting effective language features is
difficult since common context and word co-occurrences
are inadequate for appropriate distance measurements to
be used [45].

3.

Another challenge is the prevalence of non-standard
terms and noise, such as misspellings, grammatical errors,
abbreviations, slang phrases, and even profanity.

Table: 7 Classification tasks in Biomedical Text data
Paper

Objective

Corpus used

Methods

Altieri, N.et.al (2021) To classify tumor attributes from 250 colon cancer pathology Supervised line attention two
[46]
cancer pathology reports
reports and 250 kidney cancer stage:
reports
1ST stage - XG Boost classifier,
2nd stage -Logistic regression.
Jasmir, J et.al (2021)
[47]
Ahmed, N. et. al
(2020)
[48]

Classify the unstructured cancer
clinical trial documents protocols.

Cancer Clinical reports

Conditional Random Forest and
Bigram model

To do multiclass text classification
for cardiovascular diseases is done
by using the weighted features
representation

MIMIC III, PubMed dataset, Feature representation: Class
and OHSUMED Multiclass probability (CP)
datasets
Classification: Bi-LSTM model

method
Liu, H. et.al (2020)
[49]

Li, W.T.
et.al (2020) [50]

To use the NLP pipeline ofChinese free-text radiology reports
for liver cancer diagnosis.

Abdominal CT radiology
Chinese reports

To use the machine learning model COVID-19 data from 151
to predict whether COVID -19 is
Published studies
presence in human body.

For NER task: BiLSTM-CRF,
For liver cancer Prediction task:
Random Forest

XGBoost Classifier

Pan, D.et al (2020) [51] To use feature- level attention with Chinese Electronic Health
BERT to recognize the Multi labels Records (EHRs) -300
Classification.
Records

FAMLC- BERT

Qing, L. et.al

Sentence representation:

Medical text categorization is done Four datasets:
by using hierarchical neural network
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(2019) [52]

by considering the sentence and
word level text representation in
documents

Two Medical record datasets:
TCM-Traditional Chinese
medicine,
CCKS-China Conference on
Knowledge Graph and
Semantic Computing
Two Medical literature
dataset:

At word level: Convolutional
layer, BIGRU and Attention
mechanism

At sentence level: BIGRU and
Attention
mechanisms
for
encoding and decoding

Hallmarks cancer Biomedical
abstracts
AIM - Activating invasion
and metastasis.

4.5 Text summarization in Biomedical Text

1.

Obtaining summaries from medical discussions is a
significant difficulty in the field of summarization.
Finding or creating a corpus of medical talks is difficult.
Clinical tests are frequently grammatically incorrect. It
means they have a lot of gaps in their sentences and a lot
of contexts. In addition, new terminology and
abbreviations emerge over time [53].

2.

To determine which chunks of the input text are the most
informative and should be included in the generated
summary.

3.

Constructing the syntactic and semantic structure in
sentences is a difficult task [57]

4.

Medical documents are unique because of their bulk,
heterogeneity, and the fact that they are the most
gratifying records to analyze.

Automatic Biomedical text summarization approaches have
been widely researched in recent years in an effort to provide
clinicians and researchers, as well as other users in the
Biomedical sector, with tools to aid them in handling with huge
amounts of information hidden in textual resources.
ATS in Biomedical/ clinical report that include all features for
a quick review of medical records. Traditional ATS techniques
for Biomedical text have major flaws, such as a failure to
capture clinical context, evidence quality, and purpose-driven
passage selection for the summary [53]. Recent developments
in text summarization have proven significant. Table 8 depicts
the some of methods used in summarization tasks.

4.5.1 Challenges in Biomedical text summarization

Table: 8 Summarization tasks in Biomedical Text
Paper
Muthu, B. et.al
(2021)
[54]

Objective
Deep
Learning Modifier Neural
Network (DLMNN) classifier is used to
create a novel text summarizing
approach for documents

Corpus used

Methodologies

Document Understanding Entropy measures: Support and
Conferences
confident measures
(DUC)dataset
Important sentences: DLMNN (Deep
Learning Modified Neural Network)

Cai, X. et.al (2021) HITS-based attentional Neural model is CORD-19
HITS-based attentional Neural model
[55]
used to do the abstractive summarization
with Kullback– Leibler (KL)
dataset (COVID-19 Open
by considering word and sentence level
divergence
Research Dataset),
information
CNN/Daily Mail and
NYT datasets
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Davoodijam, E.
et.al
(2021) [56]

A multi-layer graph-based Biomedical
text summarizer (MultiGBS) is used to
analyze semantic, word and co-

450 Biomedical scientific Semantic relationships, word
articles from BioMed
relationships, and co- reference
Central.
relationships: MultiGBS algorithm

reference relationships in sentences.

Bidoki, M. et.al
(2020) [57]

Top important sentences: Multi rank
Algorithm

Extractive multi- document
summarization is done by considering
statistical, machine learning, and graphbased methodologies.

DUC2002 and DUC2006 Semantic representation: word2vec
datasets
method.
Importance of sentences: inventive
clustering approach

Xiao, W. et al
(2019) [58]

Extractive Neural single-document
Arivx
summary is done by considering both the
local context of a current topic as well as
the global context of the entire
document.

Azadani, M.N.
et.al (2018) [59]

Novel graph- based method is used for
summarization process

and PubMed

400 Biomedical articles
from BioMed

LSTM-minus, Bi-directional Gated
Recurrent Units (GRU)

Knowledge source-Meta Map 2016
version and UMLS 2016AB
Similarity: Jaccard similarity and
frequent itemset
Importance of sentences: Maximum
spanning tree

4.6

lack of optimized Biomedical specific topic modeling, still
researchers are interested in finding solutions to those
challenges. Table 9 describes the various topic modeling
techniques applied in different Biomedical datasets for
retrieving documents.

Topic Modeling

Topic Modeling, is an unsupervised learning technique that are
used to identify and extract the core ideas (relevant documents)
from large scale of Biomedical text data. Nowadays there is

Table: 9 Topic Modeling Techniques used in Biomedical Text
Paper
Hamzeian, D.,
(2021)

Objective

Corpus used

Methods

To achieve topic coherence and
distribution of documents

CORD-19 dataset

Variational Autoencoder

To identified the relevant documents
based on semantic structure

COVID-19 Public media
articles dataset

Latent Dirichlet Allocation (LDA) and
Non-negative

[60]
Agade. A et.al.,
(2020) [61]

Matrix Factorization. (NMF)
Rashid. J et.al.,
(2019)
[62]

To identify the topic modeling based
on the probability values (local and
global term weight frequencies) and
then topics classification and
clustering is done.

Ohsumed, MuchMore
Global term weighting: Hybrid inverse
Springer, GENIA,
document frequency.
Bioxtext, tweets and WSJ
Local term weighting: Term frequency
redundant corpus
Classification: Discrminant analysis
Clustering: Fuzzy K-means
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Habibabadi et.
Al., (2019)
[63]
Nayak A.S et.
Al., (2018)
[64]

Speier. W et.al.,
(2016)
[65]

To identify the user posts on twitter
which contain information related to
vaccine safety signals

Twitter data

Dirichlet Multinomial Mixture model

For different groups of metadata
elements, the meaningful
representative topics are extracted.

Bio Samples RDF meta
dataset

Non-negative Matrix Factorization
(NMF) and TF-IDF

Topic modeling is improved by
integrating meta-data and capturing
phrases in the documents

Medical reports from
disease-coded research
database.

Phrases: Bi-gram Probabilities
Patient Meta data: Latent Dirichlet
Allocation

4.6.1 Challenges in Biomedical Topic Modeling:

4.7 Question Answering

1.

While finding the topics in short medical text, the problem
occurs here is sparseness

2.

To capture topic coherence or semantic between
documents is a challenge task in medical domains.

3.

Stability analysis should be carefully done, while doing
topic modeling for any type of medical data set.

Question answering system is one of the difficult tasks in NLP
task which is used to extract answers from unstructured huge
collections of documents. Out of these, medical domain is most
focused because the main goal is to answer real-world
questions with large-scale reading comprehension, which reads
individual papers and integrates information from several
documents in real time. Several typical QA examples by using
different methodologies for each content type are shown in
Table 10.

Table: 10 Question Answering tasks in Biomedical Text
Paper
Xu, G. et.al
(2021) [66]
Datta. S et.al
(2021)
[67]

Objective

Corpus used

Methodologies

To solve the QA task by considering
syntactic and lexical features such as
POS, Named Entity Recognition

BioASQ- Factoid QA datasets Pre-trained Bio-Bert model

Two-turn QA model is done

Radiology text report.

Clinical BERT language model

First turn- Extracts radiology entities
and spatial triggers.
Second turn: Extracts spatial relations.

Zhou, s. et.al
(2021) [68]

Helps to solve the COVID-19 Question
answering

MEDIQA-2019,

For pretraining: Disease BERT,

TRECQA-2017

QA task: XGBoost.

Peng, K. et.al
(2021) [69]

Named entity is considered for question
answering system

BioASQ 6b and 7b

Fine-tune BioBERT and BiLSTM

Yan. Y et.al
(2020) [70]

Domain adaptation and data
augmentation is done

BioASQ dataset

Hierarchical Question Aware
Context Learning (HQACL)
model
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Yan. Y et.al
(2020) [71]

To do efficient QA tasks semantic
BioASQ 2 dataset
relation between question and answers is
considered

Zhang et.al (2020) Need to identify the semantic relations
between the Chinese questions and
[72]
answers

4.7.1

cMedQA dataset

Deep ranking recursive
autoencoders

BiGRU-CNN

Though the application of text mining in various fields have
provided huge improvements, it is still a technology in
development. Especially in the Biomedical domain, each and
every breakthrough in text mining can be applied on its own
way to address critical challenges and issues on structuring of
medical data. Hence, processing and mining massive quantity
of textual content has become great interest to researchers and
the collective effort of their past years has been culminated. In
this survey paper, we provide Biomedical text mining
challenges faced, some fundamental algorithms and
methodologies used in clinical domain. This paper also
reviewed some of the most important text mining tools and
available resources to extract information in Biomedical
domain.

Challenges in Biomedical Question answering:
1) Need to capture the semantic meaning in queries
and medical answer text.
2) The inability of systems to develop sufficient
answer spans that cross the sentence boundary,
and content of documents. Which gives poor
results for non-medical terminologies words in
documents.
3) Most machine learning algorithms are trained on
large historical medical records such as
Biomedical articles, resources, electronic medical
records, by this knowledge tends to be biased and
out of date.
4) As Biomedical domain is very vast domain. It
should not only return the exact yes/no answers
match but also it has to returns the explanation of
the queries.
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