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This article presents a thorough examination of the progress and limitations in
the application of Natural Language Processing (NLP) and Machine Learning
(ML), particularly Deep Learning (DL), in the healthcare industry. This paper
examines the progress and limitations in the utilisation of Natural Language
Processing (NLP) and Machine Learning (ML) in the healthcare field, specifically
in relation to Electronic Medical Records (EMRs). The review also examines the
incorporation of Natural Language Processing (NLP) and Machine Learning (ML)
in medical imaging as a supplementary field, emphasising the transformative
impact of these technologies on the analysis of healthcare data and patient
care. This review attempts to analyse both fields in order to offer insights
into the current state of research and suggest potential chances for future
advancements. The focus is on the use of these technologies in Electronic
Medical Records (EMRs) and medical imaging. The review methodically detects,
chooses, and assesses literature published between 2015 and 2023, utilizing
keywords pertaining to natural language processing (NLP) and healthcare
in databases such as SCOPUS. After applying precise inclusion criteria, 100
papers were thoroughly examined. The paper emphasizes notable progress
in utilizing NLP and ML methodologies to improve healthcare decision-
making, extract information from unorganized data, and evaluate medical
pictures. The key findings highlight the successful combination of natural
language processing (NLP) and image processing to enhance the accuracy
of diagnoses and improve patient care. The study also demonstrates the
effectiveness of deep learning-based NLP pipelines in extracting valuable
information from electronic medical records (EMRs). Additionally, the research
suggests that NLP has the potential to optimize the allocation of medical
imaging resources. The identified gaps encompass the necessity for scalable
and practical implementations, improved interdisciplinary collaboration, the
consideration of ethical factors, the analysis of longitudinal patient data, and
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the customization of approaches for specific medical situations. Subsequent
investigations should focus on these deficiencies in order to fully exploit the
capabilities of natural language processing (NLP) and machine learning (ML)
in the healthcare sector, consequently enhancing patient outcomes and the
delivery of healthcare services.

natural language processing, clinical decision support, healthcare, electronic medical
records, interdisciplinary collaboration

1 Introduction
1.1 Background

Text and image analysis play a vital role in the healthcare and
medical sector. Medical data is essential for both diagnosing and
treating individual patients, as well as extracting valuable insights from
a vast collection of patient medical information [1]. The transition of
imaging reports to electronic medical record systems has significant
potential to advance radiology research and practice by utilizing the
vast amount of data that is constantly being updated, integrated, and
shared [2]. Electronic Health Record (EHR) data, originally designed
to enhance clinical care by better documentation, has the potential
to make significant contributions to research and clinical procedures
[3]. Electronic Medical Records (EMR), or EHRs, are a central database
that stores comprehensive information about a patient’s medical history,
including diagnoses, medications, treatment plans, immunization dates,
allergies, radiological pictures, laboratory and test results, and other
pertinent data [4]. The majority of data in EHR or EMR systems is
unstructured, consisting mostly of clinical notes and reports. Structured
data, which includes patient demographics and vital signs, makes up
a lesser fraction [5]. A standard EMR consists of several elements,
including problem/diagnosis and progress charting, medication orders
and administration details, past medication history, lifestyle information
(such as cigarette and alcohol use), physical checkup records (such as
vital signs and blood pressure measurements), laboratory test orders and
results (such as lipid levels and ejection fraction), and medical records
for the family [6].

Natural Language Processing (NLP) has lately been employed to
extract information from Electronic Medical Record (EMR) text fields.
Natural Language Processing (NLP) emerged in the 1950s as a fusion
of artificial intelligence and linguistics, aiming to enable computers to
comprehend the semanticaspects of human language [7]. This technique
[8] can greatly improve the utilization of organized EMR data. According
to a recent poll, 55% of physicians in the United States have adopted
Electronic Medical Records (EMRs) in their clinics [9]. In addition,
11.9% of hospitals in the United States have adopted rudimentary
Electronic Medical Record (EMR) systems [10, 11]. Nevertheless, the
adoption of EMRs in the United States is somewhat lower compared
to other European countries [12]. However, there has been a growing
worldwide acceptance of EMRs, with projected growth rates ranging
from 6.6% to 9.7% in major markets such as the United Kingdom,
France, Germany, the Nordic nations, Spain, Australia, Canada, and
Japan from 2010 to 2013 [13]. The projected growth rate for the
US EMR market is 9.7%, while Europe, Africa, and Latin America
are expected to experience a growth rate of 6.6%. Moreover, it is
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projected that the utilization of EMR in the Asia-Pacific area will have
a growth of 7.6% [13].

1.2 Relevance

Contemporary electronic health publications, such as electronic
health records (EHRs) or academic articles, frequently integrate text
and visual media in a complex manner and require multimodal
processing [14]. Although research on autonomous text analysis
and image processing has been conducted independently, there is
an increasing demand for collaborative endeavors to merge these
approaches. The integration of NLP and image processing in the
medical field can synergistically increase healthcare decision-making,
optimize data extraction, and facilitate advanced analysis of medical
pictures. The healthcare sector has greatly benefited from recent
breakthroughs in NLP and ML, specifically in deep learning, which
have dramatically enhanced the extraction and interpretation of
unstructured data from EMRs [15]. These technological innovations
allow healthcare providers to extract valuable information from
extensive medical data, leading to improved patient care and more
efficient clinical processes. Although there have been significant
breakthroughs, there are still some areas that need to be addressed.
These include the requirement for scalable real-world applications,
improved interdisciplinary collaboration, ethical considerations, and the
integration of multimodal data to provide a comprehensive perspective
of the patient. This review article seeks to offer a thorough examination of
theadvancements and limitations in the application of Natural Language
Processing (NLP) and Machine Learning (ML), particularly Deep
Learning (DL), in the healthcare industry. The article specifically focuses
on the use of these technologies in Electronic Medical Records (EMRs)
and medical imaging. The review examines research on the synergistic
role of natural language processing (NLP) and image processing in
improving diagnostic accuracy and patient care. It investigates the effects
of deep learning-based NLP pipelines on extracting information from
electronic medical records (EMRs) and analyzes the potential of NLP
in optimizing the allocation of medical imaging resources.

2 Methodology
2.1 Bibliometric survey
Searches were conducted between 2015 and 2023 on SCOPUS,

using multiple search terms such as, “nlp AND healthcare;” “nlp
AND ehr” “nlp AND emr;” “multimodal AND her;” “multimodal
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TABLE 1 Bibliometric survey for global distribution of research articles on NLP applications in healthcare records.

No. of articles

Articles in India

Leading Research countries (top 5)

55.38
28.46
Hnlp AND Healthcare Enlp AND EHR
Enlp AND EMR B Multimodal AND Healthcare
B Multimodal AND EHR B Multimodal AND EMR
FIGURE 1

Pie chart signifying the contribution of each keyword (in %) in research.

AND healthcare” The subject area constraint for the keywords were
computer science and engineering and the articles were chosen from
English language only. A total number of articles found for each
keyword has been listed along with the articles published in India
and top 5 leading research countries as shown in Table 1 and the
same can be visualize from Figure 1. The PRISMA chart gives more
idea about the eligibility criteria chosen for the article selection. For
the present review article, following criteria were chosen for the
published articles.

o The article must be published in English language only.

o The article must have been published in between 2015 and 2023
to ensure latest research inclusion.

o The article must contain implementation of ML techniques
(NLP/multimodal etc.) in Electronic Health Records.

The published articles which were not compatible to the above
guidelines were excluded from the review. A total of 790 articles were
found in the initial SCOPUS search history, out of which 786 articles
were available in English language. Further, A total of 255 articles
were chosen for the subsequent studies on the basis of eligibility

Frontiers in Physics

1 nlp AND healthcare 288 96 India, United States, United Kingdom, Italy and Canada
2 nlp AND her 148 14 United States, India, China, United Kingdom and Australia
3 nlp AND emr 29 3 United States, China, Canada, India and Netherlands
4 multimodal AND ehr 28 1 United States, China, United Kingdom, Canada, South Korea
5 multimodal AND healthcare 25 4 United States, China, United Kingdom, Canada, South Korea
6 multimodal AND emr 2 0 China, Japan
criteria described above, and ultimately 100 articles were reviewed
481 538 038 in the present article. The findings of the bibliometric survey on the

uses of NLP in healthcare records indicate a diverse and significant
level of global research interest in this particular domain. The
survey classifies publications into six distinct domains, facilitating
the identification of varying research priorities and geographical
contributions. Significantly, NLP has received considerable attention
within the healthcare domain, as evidenced by the publication
of 288 publications. Notably, India has contributed one-third of
these articles, while the United States, United Kingdom, Italy, and
Canada have made substantial contributions. In contrast, fields that
are more specialized, such as the integration of Natural Language
Processing (NLP) with Health Electronic Records (HER) and
Electronic Medical Records (EMR), exhibit a comparatively smaller
but significant body of literature. Notably, the United States and
China have emerged as prominent contributors in this field.

Research interest in the multimodal approach to EHR and
healthcare is evident, with a particular focus on the United States,
China, the United Kingdom, Canada, and South Korea. This
research underscores a growing trend in healthcare informatics
towards the integration of different data modalities. Nevertheless,
the utilization of the multimodal approach in the context of
EMR has received little attention, as indicated by only two
papers, indicating that this is a developing field of study. This
survey underscores the geographical variation in NLP research
within the healthcare sector and draws attention to specific
domains that are currently the focus of academic investigation,
as well as those that represent emerging frontiers in this rapidly
evolving field.

2.2 PRISMA chart

The flow diagram seen in Figure 2 illustrates the systematic
procedure of study selection for a literature review, as outlined by
the PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines. The initial step in PRISMA involves
the identification of records through the utilization of database
searches and supplementary sources, subsequently followed by the
elimination of duplicate entries. Subsequently, the obtained records
undergo a screening process that involves evaluating their titles
and abstracts, resulting in the elimination of studies that fail to
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Research studies identified Additional records
Identification stage through SCOPUS database identified through manual
search N=820 search, other sources N=50
Records after duplicated removed
N=790
Total records available in English
language N=786
| l
* Research studies excluded due to failing in Research studies accessed for
fulfilling the eligibility criteria N=531 eligibility N=255
Eligibility Screening * Year:2015-2023 1
* Subject area: Computer science, Engineering Full test accessed for research
* Language: English study N=96
Included Articles for review : I
FIGURE 2

PRISMA chart for the literature review process.

satisfy the predetermined eligibility criteria. In the subsequent
stage, a comprehensive examination of the possibly suitable
studies is conducted, followed by additional exclusions based on
specific criteria such as lack of relevance to the research issue,
methodological deficiencies, or inadequate data. The ultimate count
of papers incorporated in the review is a condensed compilation
of literature relevant to the research subject, which has undergone
meticulous evaluation to ensure its pertinence and excellence. The
utilization of this methodical strategy guarantees the preservation
of the literature review’s integrity and comprehensiveness, thereby
enabling a dependable amalgamation of preexisting research.
Medical text and image processing are becoming highly popular
among researchers because of the availability of a wider range
and vast volume of data and applications [15-17]. However, the
unstructured, free-text nature of medical reports poses a significant
challenge in converting them into a computer-manageable format.
NLP applies computer-based techniques to analyze speech or text.
In radiology, as in other medical settings, NLP tools have been
used for information retrieval, classification, text extraction, text
summarization, question answering, and text generation [18]. NLP
and Image Processing are revolutionizing the domain of EMRs. NLP
techniques efficiently extract and interpret unstructured data from
EMRSs, facilitating better healthcare decision-making and enhancing
clinical workflows. For instance, NLP algorithms can identify
specific medical conditions from textual data, aiding in quicker and
more accurate diagnoses [19]. On the other hand, Image Processing
in EMRs involves the analysis and interpretation of medical images
using advanced algorithms. This integration aids in precise disease
detection and monitoring, complementing the textual data analysis
done by NLP. The synergy of NLP and image processing thus
offers a comprehensive understanding of patient records, leading to
improved patient care and outcomes. The recent advancements in
deep learning have further propelled the capabilities of NLP and
image processing, enabling more sophisticated data analysis and
extraction from EMRs [20]. Figure 3 shows the generalized flow
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diagram that can be implemented in NLP/ML implementation in
electronic health record analysis.

The objective of this review article is to critically examine
recent advancements and applications of NLP and image-processing
techniques in the realm of EMRs and healthcare. By analyzing
relevant research, this review aims to provide a comprehensive
understanding of how NLP and Image Processing contribute
to efficient data extraction, interpretation, and decision-making
support in healthcare settings. Specifically, the review will explore
the synergistic role of Image Processing alongside NLP for
enhancing diagnostic accuracy and patient care, investigate the
impact of deep learning-based NLP pipelines on information
extraction from EMRs, analyze the potential of NLP in optimizing
medical imaging resource allocation, and discuss how NLP can
improve hospital care efficiency and decision-making processes.
Through this examination, the review seeks to identify key
trends, challenges, and future directions in leveraging NLP and
image processing technologies to enhance healthcare delivery and
patient outcomes.

2.3 Scope of work

The review proposes to analyze recent progress and uses of
natural language processing (NLP) and image-processing methods
in the field of electronic medical records (EMRs) and healthcare.
The objective is to evaluate these improvements in a critical
manner. This review offers a thorough comprehension of the ways
in which NLP and Image Processing contribute to the effective
extraction, interpretation, and decision-making support of data in
healthcare settings, based on an analysis of pertinent research. The
review specifically examines how Image Processing and NLP work
together to improve diagnostic accuracy and patient care. It also
investigates the effects of deep learning-based NLP pipelines on
extracting information from EMRs, analyzes the potential of NLP
in optimizing medical imaging resource allocation, and discusses
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Raw text / Raw
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Text/Image processing
¢ Sentence splitting /
Image segmentation
¢ Named entity
recognition and
normalization

Annotated Text
/Tmage

Generalized flow diagram to be used in implementation of NLP/ML in an electronic health records.

how NLP can enhance hospital care efficiency and decision-
making processes. This research aims to uncover significant trends,
difficulties, and future directions in utilizing natural language
processing (NLP) and image processing technology to improve
healthcare delivery and patient outcomes.

3 Applications of NLP and image
processing in EMR

Over the past decade, significant advancements have been
observed in several approaches to NLP, exhibiting a noteworthy
inclination towards the integration of deep learning (DL) procedures
[21-23]. In the realm of clinical applications, conventional
methodologies frequently depend on engineered characteristics
that are informed by biomedical dictionaries, clinical ontologies,
or specialized knowledge in the field of biomedicine. On the
other hand, deep learning models possess the capability to
autonomously derive significant abstractions from unprocessed
data, hence enabling categorization without the explicit requirement
of predetermined characteristics [24]. A multitude of recent
scholarly articles have emphasized the efficacy of advanced DL
methodologies in several medical fields, including magnetic
resonance imaging (MRI) [25], radiology [26], cardiology [27], and
neurology [1].

3.1 Studies related to unstructured text
coding and classification in EMR
application

RQ 1: What effects do real-world healthcare environments
have on the scalability and performance of sophisticated
NLP and ML algorithms when it comes to coding
and classifying unstructured text in different clinical
scenarios within electronic medical records (EMRs)?
RQ 2: When employing NLP and ML for unstructured text
analysis in EMRs, what collaboration possibilities and
obstacles occur between medical practitioners, data

scientists, and Al experts?

Hossain etal. [28], examine how NLP techniques are used
to derive clinical insights from EHRs, focusing on the problems
and potential in the field. The results highlight the common
occurrence of disorganized electronic health record data and the
extensive utilization of ML and DL techniques for forecasting
and categorization purposes. Sezgina and Hussain [29] intend
to evaluate the practicality of using a NLP pipeline to extract
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medication and symptom details from real-world patient and
caregiver data. The assessment of the pipeline on 87 patient notes
showed effective performance in identifying drug instances and
symptoms. The precision, recall, and F1 scores suggest the promising
application of NLP methods for extracting information from
unstructured patient-generated health data (PGHD). Falter et al.
[30], explored techniques for autonomously categorizing diseases in
unstructured medical documents through NLP and evaluates them
against traditional ICD-10 classification. Several NLP algorithms,
such as rule-based search, logistic regression, TF-IDF, XGBoost,
and BioBERT, were assessed using the MIMIC-III dataset and
measured in terms of precision, recall, and accuracy. The most
effective algorithm was subsequently implemented on the dataset
from Belgium. NLP algorithms show great accuracy in diagnostic
categorization and may detect problems in ICD coding, indicating
their potential to enhance the coding process in hospitals. The
generalized methodology for creating clinically defined cohorts
using structured and unstructured data in production EMR system
[31] is shown in Figure 4.

Belhaouari and Islam [32] examine the extensive impact of
deep learning in the field of healthcare. The authors explored
the application of advanced algorithms to different forms of
medical data, resulting in enhanced diagnosis, patient care, and
treatment options. Kaul etal. [33], examined the structure and
functionality of deep neural networks, with a specific emphasis on
their utilization in the identification and management of different
ailments such as cancer, diabetes, Alzheimer’s, and Parkinson’s
disease. Priya et al. [34] emphasized the capacity of deep learning
to analyze and offer recommendations for medical analysis utilizing
EHRs. The text highlights the significance of effectively using the
substantial volume of data produced by healthcare industries and
the necessity of a well-trained model to extract valuable insights
from EHRs. The research explores the utilization of deep learning,
a type of artificial intelligence, in hierarchical learning and layered
algorithmic architecture for rapid data processing. The author
demonstrates effective empirical findings and highlights the diverse
array of uses for deep learning in the healthcare field, suggesting its
capacity to tackle obstacles in the healthcare industry.

The study performed by Hu [35] examined and illustrated
the application of deep learning techniques in the field of
healthcare. The article first presented the possibility of applying deep
learning in the medical domain. It further examined the potential
advantages and difficulties of utilizing deep learning in healthcare,
considering various viewpoints. Subsequently, he presented the
present-day executions and uses of deep learning in the medical
healthcare system. Esteva etal. [36] introduced advanced deep-
learning techniques applied in the healthcare field, specifically
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Assemble multidisciplinary team consisting of clinical domain and electronic data
experts familiar with the architecture of the production EMR system.
¥
Clinical experts define clinical criteria for defining a cohort
(eg. suspected acute coronary syndrome).
¥
Data experts map clinical criteria to discrete data tables within the production
EMR. Note: this could be structured or unstructured fields within >1 data table.
¥
The multi disciplinary team review and discuss the mapping process.
The data experts develop the inclusion criteria into a script which is then run
on the production EMR and extracted as flat files.
¥
The data experts review output and check that inclusion and exclusion
criteria have been implemented correctly in the data extract.
Depending on access to the producation EMR system and opportunity
for iteration, Steps 5 & 6 are reperformed.
¥
Validate clinically-defined EMR cohort definition against a gold standard
to estimate sensitivity and specificity.
\ 4
Depending on validation results in Step 8, implement script in production EMR
to support identification of clinical cohorts for learning health system.
FIGURE 4

General methodology for creating clinically-defined cohorts using structured and unstructured data in production EMR system.

emphasizing deep learning in computer vision, natural language
processing, reinforcement learning, and generalized methodologies.
The authors discuss the impact of computational techniques on
different important aspects of medicine and explore the process
of constructing whole systems. Huang et al. [37] investigated the
shift from explainable to interpretable deep learning techniques
for natural language processing (NLP) in the healthcare field.
They specifically highlighted the disparity between the existing
capability of these techniques and their actual use in real-
world clinical environments. The problems in establishing real
interpretability were identified, emphasizing the necessity for
healthcare practitioners to have access to transparent models
that they can trust and comprehend. This paper highlights the
significance of creating techniques that may elucidate the rationale
behind model predictions, which is essential for incorporating
AT into regular clinical procedures. Gao etal. [38] performed a
comprehensive examination of publicly accessible language tasks in
clinical NLP, offering a thorough summary of the present state of
NLP tasks and datasets. Their research suggests an increasing variety
of activities and applications, ranging from information extraction
to healthcare decision assistance. In addition, they emphasized
the necessity for more standardization and public availability of
datasets to assist study and advancement in this field. This paper
offers a fundamental overview of the diverse range of clinical
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natural language processing (NLP) applications and the persistent
difficulties in developing resilient and adaptable models. Some
of the miscellaneous studies based on implementation of NLP
in unstructured text coding has been tabulated in the Table 2.
Specifically, the discussion on computer vision generally centered
around its application in medical imaging, whereas the utilization of
natural language processing extends to domains such as electronic
health record data. In addition, the authors analyze the application
of reinforcement learning in the field of robotic-assisted surgery
and evaluate the use of generalized deep-learning techniques
in genomics.

3.2 Studies related to use of NLP and
machine learning in medical image analysis

RQ3: What are the primary benefits and challenges of
interdisciplinary collaboration in the application of NLP
and ML for medical image analysis between medical
professionals and Al experts? RQ4: How may medical
imaging data be used to improve the interpretability of
deep learning models, especially when clinical decision-
making is involved?
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TABLE 2 Some important studies related to use of NLP in unstructured text coding.

10.3389/fphy.2024.1445204

Objectives Methodology Key findings
1 Almuhana et al. [39] To classify medical specialities Combination of NLP and Classifies medical specialties in
in textual reports feature selection techniques textual reports, enhancing data
organization in EMRs
2 Nandish et al. [40] To classify breast lesions in Multilevel and multiclass NLP Implements multilevel and
cytopathology reports approaches multiclass classification
strategies for breast lesions in
free-text cytopathology reports
3 Figueira et al. [41] To justify multi-label text Analyzing the rationale behind Addresses the rationale behind
classifications in healthcare multi-label classifications multi-label text classifications
using NLP in healthcare, enhancing
understanding of NLP
applications
4 Neysiani and Homayoun [42] To explore text and image Investigating combined use of Enhances understanding of
processing in medical text and image processing how these technologies can be
applications techniques integrated in medical settings
5 Zhang et al. [43] To improve medical text Utilization of an improved Demonstrates enhanced
classification capsule network performance in medical text
classification
6 Patil and Moorthy [44] To extract information from Application of NLP for data Shows a different approach to
unstructured healthcare extraction handling unstructured data in
records healthcare records

Gao etal. [38] presented a novel Enhanced Feature Extraction
Network (EFEN) specifically developed for the purpose of medical
picture segmentation. The network was specifically built to
overcome the difficulties associated with complex backgrounds
and unclear boundaries in medical images. Although EFEN
primarily emphasizes picture segmentation, NLP techniques
can be utilized to automatically produce textual descriptions
of the segmented images, facilitating improved documentation
and retrieval of medical records. After the segmentation process
is finished, NLP algorithms can be employed to condense the
results and establish connections with the patients medical
history recorded in EMRs. Altarawneh [45] introduced a machine
learning system that aims to automatically segment and label
brain MRI data in order to identify malignant tumors. Within
this particular framework, Natural Language Processing (NLP) can
aid by scrutinizing radiology reports and establishing connections
between the written observations and picture data. This integration
facilitates the verification of the segmentation outcomes and offers
a comprehensive perspective of the patient’s state by merging visual
and textual data.

Zhang and Niu [46] introduced LcmUNet, a compact network
designed for the rapid segmentation of medical images. Natural
Language Processing (NLP) can improve the effectiveness of these
networks by extracting pertinent clinical data from radiology
reports and combining it with segmentation findings to offer a
thorough analysis. For instance, NLP can be employed to identify
disease-specific keywords from radiology reports and compare
them with the segmented regions in the images, so enhancing the
precision and comprehensibility of the diagnosis. Jidney et al. [47]
utilized an automated machine learning technique that included
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neural architecture search with transfer learning to analyze medical
imaging. Natural Language Processing (NLP) plays a crucial role
in this context by analyzing clinical notes and reports to detect
patterns and irregularities that can be linked to imaging findings.
This integrated method improves the diagnosis process by offering
a multi-modal viewpoint. Liu [48] conducted a comprehensive
investigation of the use of machine learning in analyzing medical
images, with a particular focus on how natural language processing
(NLP) might improve the capacity to understand and use the
results. Natural Language Processing (NLP) methods can be
employed to derive valuable information from written annotations
and establish connections with visual data, so enabling a more
knowledgeable decision-making process. For instance, NLP can
assist in finding crucial diagnostic phrases in radiology reports and
associating them with specific regions of interest in medical imaging.
Puttagunta and Ravi [49] discussed the progress made in artificial
neural networks for medical imaging, emphasizing the possibilities
that arise from integrating natural language processing (NLP) with
image analysis. Natural Language Processing (NLP) employed to
automate the production of radiology reports by analyzing medical
pictures. This approach helps to streamline the process and alleviate
the workload of radiologists.

Zhang etal. [50] examined the utilization of optimization
techniques and machine learning algorithms in the field of medical
image processing. They specifically highlighted the significance of
Natural Language Processing (NLP) in improving the integration
and analysis of data. Natural Language Processing (NLP) algorithms
have the ability to extract important clinical information from text
data. This information can subsequently be utilized to enhance
image processing algorithms and enhance the precision of medical
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TABLE 3 Some important studies related to use of NLP in medical image analysis.

Author Objectives Methodology Key findings
1 Fettah et al. [51] To survey ML applications in Conducted a comprehensive Provided an extensive
medical image analysis survey of existing techniques overview of ML in medical
image analysis
2 Song [53] To extract multi-scale features Developed PLU-Net for Showcased improved feature
in medical imaging feature fusion extraction capabilities
3 Jain et al. [54] To analyze medical images Utilized various ML Demonstrated improved
with ML techniques techniques for image analysis analysis and interpretation of
medical images
4 Hassan and Sabha [55] To improve feature extraction Applied ML techniques for Enhanced detection and
for image analysis and feature extraction analysis of images
detection
5 Sindhu Madhuri, and To analyze medical images Focused on feature-based Provided insights into effective
Shashikala [56] using image registration and segmentation techniques image analysis strategies
segmentation

diagnosis. In their study, Fettah et al. [51] did a survey focusing on
the utilization of machine learning in medical image analysis. They
emphasized the significance of using Natural Language Processing
(NLP) to improve the interpretation of data. For example, NLP can
be employed to examine patient data and detect pertinent medical
conditions that must be taken into account during picture analysis.
Papanastasiou etal. [52] conducted a comprehensive analysis
of the involvement of attention mechanisms in medical image
processing. They examined the extent to which attention is capable
of managing the intricate nature of medical imaging activities.
Their research indicates that although attention mechanisms have
made tremendous progress in the field, there are still constraints,
especially in comprehending the clinical context and incorporating
multimodal data. This review advocates for the implementation of
more complete methodologies that integrate attention with other
techniques in order to improve the precision and comprehensibility
of medical picture analysis.

Some more articles related to use of NLP technique in image
analysis with their objectives, methodology and key findings are
shown in the Table 3.

3.3 Case studies showcasing effectiveness
of NLP and machine learning for
improvements in EMR

RQ5: Given the sensitivity of electronic health record (EHR)
data, what privacy-preserving techniques and ethical
issues are critical for the effective application of NLP and
ML in enhancing EMR analysis?

RQ6: How might individualized insights and tailored

treatment plans be enabled by the optimal integration

of NLP and ML with longitudinal patient data analysis

within EMR systems?

Donnelly etal. [57] explored the use of NLP to evaluate
radiological records. The researchers highlighted the potential
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of NLP in understanding radiological data through a detailed
examination of NLP applications and technological breakthroughs
in the field. Using NLP approaches significantly improves the
accuracy and efficiency of analyzing EMR, as shown by their
research findings. Jayasudha et al. [58] developed a CNN algorithm
specifically designed to segment words and recognize medical
phrases in EMRs. The study utilized a technology based on a CNN-
based Hidden Markov Model to improve EMR analysis skills. Their
inquiry resulted in the creation of a novel method that demonstrated
enhanced data processing abilities in EMR analysis.

Malden etal. [59], improved the understanding of COVID-
19 symptoms by using NLP approaches in their research. The
researchers utilized NLP approaches to conduct an observational
study with 350,000 patients in a healthcare system. Their research
highlighted the effectiveness of NLP in precisely describing
COVID-19 symptoms in EMRs. The study conducted by Rajpurkar
etal. [60] examined the efficacy of a deep learning system
in identifying diseases in chest radiographs, in comparison
to the performance of radiologists in the field. Liao etal
[61] proposed a 3-D deep neural network to evaluate the
whole-lung/pulmonary malignancy. Sari and Gunduz-Demir
[62] presented an unsupervised feature extractor for effective
representation and classification of histopathological tissue images.
McDermott and Wasan [63] introduced and assesses an approach
for categorizing pharmaceutical names as either opioids or non-
opioids using ML and NLP methodologies. Their automated method
demonstrated outstanding performance in distinguishing between
opioids and non-opioids, with a 99.6% accuracy, 97.8% sensitivity,
and 94.6% positive predictive value. In addition, it obtained an F1
score of 0.96 and a receiver operating characteristic (ROC) curve
with an area under the curve (AUC) of 0.998.

Hossain et al. [64] presented a comprehensive analysis of 127
articles that examine different types of NLP applications in EHRs.
These applications include medical note classification, clinical
entity recognition, text summarization, deep learning architectures,
information extraction, medical language translation, and other
NLP applications. The study explores the utilization of ML and DL
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TABLE 4 Several case studies related to effectiveness of NLP and ML for improvements in EMR.

Author

Objectives

Methodology

10.3389/fphy.2024.1445204

Key findings

Hsu et al. [20]

Extract information from
scanned EHR documents

Development of a deep
learning NLP data pipeline

Improved data retrieval
methods from scanned EHR

radiology research and clinical

using deep learning-based documents
NLP.
2 Neysiani and Homayoun [42] Investigate the integration of Examination of combined Enhanced EMR analysis
text and image processing in medical text and image through integrated text and
medical contexts processing techniques image processing
3 Pathak et al. [67] Validate the effectiveness of Multi-site validation of a NLP Successful identification of
RespBERT in identifying algorithm ARDS in EMRs using
ARDS from radiology notes RespBERT
4 Crema et al. [68] Review NLP applications in Comprehensive review of NLP Potential of NLP in enhancing
clinical neuroscience and use cases in relevant fields EMR analysis and patient care
psychiatry in neuroscience and psychiatry
5 Cai et al. [69] Discuss the role of NLP in Exploration of NLP Significant impact of NLP on

technologies in radiology

radiology research and clinical

applications

applications in EMR analysis

techniques, primarily for the purposes of prediction or classification,
which are the most prevalent applications. The review by Nickson
etal. [65], endorsed the possible application of machine learning
methods with EHRs to forecast depression. All of the chosen studies
utilized clinically derived, if occasionally expansive, definitions of
depression as their criterion for classification. The performance
reported in the studies was equivalent to or superior to that observed
in primary care. There are worries regarding the applicability and
comprehensibility. Shah-Mohammadi etal. [66], utilized ML in
conjunction with NLP of emergency room (ER) notes to streamline
the process of distinguishing between different diagnoses in patients
with chronic obstructive pulmonary disease (COPD) who are
brought to the ER. The study constructs and evaluates 4 ML
models utilizing unstructured patient data gathered from the initial
hospital admission records. Several more case studies showcasing
effectiveness of NLP and Machine Learning for improvements in
EMR are tabulated in the Table 4.

3.4 Some miscellaneous studies in use of
NLP and ML in EMR analysis

RQ7: In what ways do various strategies for improving the
interpretability of deep learning models benefit clinical
texts in electronic medical records, and how do they
improve transparency for healthcare providers?

RQ8: What are the main obstacles to and chances for

advancing sophisticated NLP and ML approaches for

practical use in EMR analysis?

Hu and Chi [70] investigated progress in medical image
processing using computer-aided techniques. They conducted
a thorough evaluation of recent technology advancements in
medical image analysis as part of their technique. They found
important results showing improved precision and effectiveness in
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detecting and treating medical disorders by using modern imaging
techniques. Suzuki [71] conducted a study on the use of deep
learning in medical imaging to examine its extensive applicability
and effects. The study aimed to clarify important discoveries on
the effectiveness and consequences of various deep learning models
used in medical imaging. The analysis showed notable progress,
demonstrating enhanced diagnostic precision and predictive ability
in medical imaging. Kim etal. [72], evaluated deep learning
methods in the field of biomedical imaging. The methodology
includes a thorough examination of recent progress and uses of deep
learning in several imaging techniques in the biomedical industry.
The study attempts to identify important facts on the effectiveness
and influence of deep learning methods in biomedical imaging.
Advanced imaging methods utilizing deep learning have improved
disease diagnosis and analysis, representing a notable progression
in the field.

Sivakami et al. [73], explored the diverse uses of deep learning
in assessing healthcare-related photos. The study intends to
reveal important insights on the usefulness and impact of deep
learning approaches in biological image processing by combining
information from existing literature and research. The investigation
shows that incorporating deep learning techniques has resulted
in substantial enhancements in medical picture processing,
ultimately leading to improved healthcare results. Hassouna
etal. [74] evaluated the utilization of deep learning in the field
of medical imaging. The methodology includes presenting an
overview of different deep learning models used in medical imaging
applications. The study aimed to clarify important conclusions about
the impact of these models on medical imaging practices through a
thorough assessment. The investigation showed that incorporating
deep learning techniques has increased diagnosis accuracy
and operational efficiency in medical imaging. Liu etal. [75],
investigated the application of NLP methods in the field of medical
picture analysis. The methodology includes a thorough examination
of NLP techniques as they relate to different facets of medical
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imaging. The work intends to reveal important insights on how
NLP improves the interpretability and usability of medical imaging
data through a methodical analysis. NLP approaches are essential
for extracting, interpreting, and using information from medical
pictures, enhancing the effectiveness and usefulness of medical
imaging systems. The results emphasize the capability of NLP to
transform medical picture analysis and aid in progress in healthcare
diagnosis and treatments.

Table 5 presents a comprehensive overview of multiple studies
conducted in the domain of NLP pertaining to unstructured
data inside EHRs. In their study, Apostolova etal. [76] utilized
Support Vector Machines (SVMs) to do text segmentation on a
manually designed training dataset. Similarly, Li et al. [77] employed
a Hidden Markov Model (HMM) to accomplish a comparable
segmentation task on a clinical dataset that had been labeled.
Convolutional Neural Networks (CNNs) and BERT, which are
deep learning models, are utilized for medical coding and patient
embeddings on datasets like MIMIC-III. Additional research has
been conducted on LSTM for deidentification tasks, LSTM-CRF
for information extraction, and Transformers for electronic health
record (EHR) creation. The models address a wide range of
tasks, including medical coding, patient deidentification, EHR
summarization, and medical language translation. This showcases
the extensive range of applications for NLP in the administration
of healthcare data. The utilization of the PMBERT-MT model by
Luo et al. [78] on the MedLane dataset for the purpose of medical
language translation underscores the promising prospects of cross-
linguistic data processing within the pharmaceutical domain.
In summary, Table 5 demonstrates a growing inclination towards
employing advanced machine learning models to improve the
usefulness and availability of EHR data for various clinical and
administrative objectives.

4 Literature summary, challenges and
future direction

4.1 Literature summary

Recent research has demonstrated notable progress in use of
NLP and ML, specifically DL, methods to enhance Electronic
Medical Records (EMRs). The main goal of these improvements
is to enhance healthcare decision-making processes by extracting
important information from unstructured data in EMRs and
optimizing clinical workflows. The potential of NLP in improving
the utilization of structured EMR data has been demonstrated [89].
Within the domain of clinical outcomes research that leverages
huge datasets, NLP facilitates the management of diverse and
intricate jobs. Scientists can utilize NLP methods to extract clinical
information from text notes in order to supplement structured
data, verify the accuracy of structured data, and detect diseases
or extract crucial diagnostic information from complex laboratory
reports presented in unstructured format [90, 91]. Within the
field of medical imaging, DL has emerged as a powerful tool
that offers greater diagnostic accuracy, prediction capacities, and
better interpretation of complex imaging data. CNNs have shown
impressive effectiveness in analyzing images, emphasizing the
revolutionary power of DL in changing medical imaging methods.
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Analyzing EMR data to provide a comprehensive understanding
of patient diagnosis, prognosis, or treatment rationale can be
challenging due to the need for patient and illness expertise, critical
thinking, and the lack of consistent documentation in EMRs.
Therefore, the extraction of complex ideas from vast volumes of
EMR data using typical data searches is not a straightforward
task [92]. Although modern data mining techniques like NLP can
assist in identifying intricate ideas, the presence of missing and
erroneous data in EMRs additionally complicates these endeavors
[93-96]. Research in clinical NLP has highlighted the crucial
importance of deep learning in analyzing clinical language, leading
to improved comprehension and interpretation of clinical narratives
and symptoms, eventually benefiting patient care.

4.2 Advancement in NLP and ML in
healthcare

Notable progress has been achieved in the utilization of
Natural Language Processing (NLP) and Machine Learning (ML)
in the healthcare industry. Precise NLP algorithms, such as deep
learning-based NLP pipelines, have shown exceptional accuracy
in extracting clinical concepts from unorganized Electronic
Medical Records (EMRs) and transforming them into organized
representations. This has improved the use of data and the
process of making decisions in medical settings. Furthermore,
Convolutional Neural Networks (CNNs) have been essential
in enhancing medical imaging through the enhancement of
image segmentation and classification. When used in conjunction
with NLP, these models facilitate the automatic creation of
thorough diagnostic reports that incorporate both written and
visual information, resulting in more precise and comprehensive
patient These
influenced patient outcomes by allowing for more accurate and

diagnoses. developments have significantly
prompt diagnosis, hence facilitating the creation of tailored
treatment strategies. By implementing a customized approach to
healthcare, the occurrence of trial-and-error in treatment tactics
is minimized, resulting in faster recovery periods and enhanced
patient contentment.

The incorporation of Natural Language Processing (NLP) and
Machine Learning (ML) in healthcare has enhanced the efficiency of
clinical operations by automating laborious tasks like extracting data
and generating reports. This enables healthcare workers to prioritise
patient care over administrative responsibilities. Furthermore,
the predictive powers of these technologies have enhanced the
allocation of resources, guaranteeing that urgent cases are promptly
addressed, thus decreasing waiting times and enhancing the overall
delivery of healthcare. The above instances and their effects
highlight the influential function of NLP and ML in improving
patient outcomes and healthcare efficiency, indicating notable
advancements in the field.

4.3 Gap in research
While significant advancements have been made in applying

NLP and ML in healthcare, challenges remain, particularly in
customizing these solutions for specific medical conditions. One
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TABLE 5 Implementation of NLP in unstructured EHR.

10.3389/fphy.2024.1445204

SrNo.  Author Type of study Al model Dataset

1 Apostolova et al. [76] Segmentation SVM hand-crafted training dataset
2 Lietal [77] Segmentation Hidden Markov Model (HMM) Labelled clinical dataset
3 Xu et al. [79] Medical coding CNN MIMIC-IIT
4 Singh et al. [80] Medical Coding BERT MIMIC-IIT
5 Kajiyama et al. [81] Deidentification CRE, LSTM EHR and MedNLP-1
6 Mehrabi et al. [82] Patient Embeddings Deep Learning Rochester Epidemiology Project data
7 Lietal. [83] Patient Embeddings BERT private data
8 Jietal. [84] Information extraction LSTM-CRF i2b2
9 Melamund and Shivade [85] EHR generation LSTM MedText

10 Amin-Nejad et al. [86] EHR generation Transformer MIMIC-IIT

11 Lietal. [87] EHR generation Auxiliary Signal-Guided Knowledge CX-CHR and COVID-19724¢T report

Encoder-Decoder (ASGK)
12 Alsentzer and Kim [88] Summarization LSTM Own
13 Luo etal. [78] medical language translation PMBERT-MT model MedLane

area where current NLP and ML solutions fall short is in the
diagnosis and treatment of rare diseases. The rarity of these
conditions means there is often a lack of sufficient training data,
which limits the ability of machine learning models to accurately
predict and diagnose these conditions. The heterogeneity of
symptoms and the scarcity of annotated datasets further exacerbate
this issue, making it difficult for NLP algorithms to extract
relevant clinical information and for ML models to generate reliable
predictions. Another challenge lies in the integration of multi-
modal data, such as combining textual data from clinical notes with
imaging data. While some progress has been made in this area,
current solutions often struggle with effectively correlating disparate
data types. This is particularly problematic in complex conditions,
such as certain cancers, where understanding the interplay between
genetic, imaging, and clinical data is crucial for accurate diagnosis
and personalized treatment. The limitations in current NLP and
ML technologies, including difficulties in processing and integrating
high-dimensional data, lead to suboptimal performance in these
scenarios.

Moreover, the generalization of NLP and ML models across
different patient populations remains a significant hurdle. Models
trained on data from one population may not perform well
on another due to variations in clinical practices, terminology,
and patient demographics. This lack of robustness hinders the
deployment of NLP and ML tools in diverse healthcare settings,
reducing their overall effectiveness and reliability. These examples
highlight the areas where customization for specific medical
conditions is currently inadequate, underscoring the need for
further research and development to address these challenges.
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4.3.1 Rare disease

Due to their low occurrence, rare diseases generally lack
extensive datasets, which poses challenges in training effective
machine learning models. Adapting NLP and ML techniques for
these settings necessitates inventive strategies to address the scarcity
of data, such as employing transfer learning or data augmentation.
Natural Language Processing (NLP) has the potential to enhance
the diagnosis and treatment of uncommon diseases by extracting
comprehensive patient histories and detecting subtle patterns in
clinical notes. This is particularly important as early and precise
diagnosis plays a crucial role in managing such conditions.

4.3.2 Mental health

The intricacy and diversity of symptoms in mental health
illnesses pose distinct problems for Natural Language Processing
(NLP) and Machine Learning (ML) techniques. These disorders
frequently necessitate the examination of several data sources, such
as patient self-reports, physician notes, and even social media data.
Customisation in this context refers to the process of creating models
that are capable of understanding subtle language nuances and
identifying patterns that are symptomatic of mental health problems.
Nevertheless, the subjective character of mental health data and
the heterogeneity in language employed by diverse patients add
complexity to the customisation process.

4.3.3 Chronic illness

Chronic diseases, diabetes and cardiovascular

conditions, are very compatible with natural language processing

such as

(NLP) and machine learning (ML) applications because of the
abundance of extensive datasets and the requirement for ongoing
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monitoring. The process of customising approaches for various
disorders entails the creation of predictive models capable of
analysing longitudinal data and identifying initial indications
of disease advancement. The difficulty is in the integration of
multi-modal data, including laboratory results, imaging data, and
patient-reported outcomes, in order to develop comprehensive and
individualised treatment programs.

4.3.4 Challenges in customization

Adapting NLP and ML approaches to suit specific medical
situations is a difficult task due to various considerations. These
challenges encompass the limited availability of well-documented,
superior data for specific disorders, the requirement for models
that can apply to various patient groups, and the incorporation of
interdisciplinary expertise from doctors, data scientists, and domain
experts. Moreover, the customisation process is further complicated
by the ethical concerns around patient data protection and the
comprehensibility of Al-generated conclusions.

4.3.5 Barriers to real-world application of NLP
and ML in healthcare

Despite the significant potential of NLP and ML technologies
to revolutionize healthcare, there are various obstacles that impede
their practical application. The absence of standardized rules
presents regulatory obstacles that hinder the approval of AT models
for therapeutic use. Incorporating these technologies into existing
electronic health record (EHR) systems necessitates substantial
alterations and standardization endeavours, which are frequently
intricate and demand large resources. Data privacy and security
problems provide substantial obstacles due to the necessity of
providing NLP and ML models with extensive datasets, hence
increasing the likelihood of data breaches. Adhering strictly to rules
such as HIPAA is essential in order to safeguard patient information.
In addition, healthcare workers reluctance to embrace Al tools
can impede the implementation process due to worries around
accuracy, bias, and the potential effects on clinical workflows. To
fully exploit the promise of NLP and ML in enhancing patient
outcomes and healthcare efficiency, it is crucial to overcome
these obstacles.

4.4 Discussions and future directions

4.4.1 Discussion and future directions

The review study specifically examines neural methodologies for
assessing clinical texts in electronic health records (EHRs). Although
these data possess a wealth of valuable information in the field
of healthcare, they also provide notable problems and difficulties,
which is shown in Figure 5.

« Confidentiality: The preservation of privacy inside analytic
pipelines is of utmost importance due to the very sensitive
nature of the information included in EHRs and the presence
of regulatory restrictions. Hence, it is frequently necessary
to undertake supplementary measures to safeguard privacy
prior to executing any further operations or disseminating any
data to external parties. The process of eliminating identifying
information from a vast collection of electronic health records
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(EHRYs) is costly. Automating it is challenging and necessitates
annotators with specialized knowledge in the field.

 The absence of annotations: A significant portion of current
machine learning and deep learning models are supervised in
nature, necessitating the use of labeled data throughout the
training process. The act of annotating EHR data presents
challenges due to the cognitive complexity involved and the
inherent unpredictability in data quality. Neural networks
necessitate substantial quantities of textual data for training,
and regrettably, valuable EHR data is frequently scarce. Only
competent annotators can be enlisted to carry out annotations
for certain jobs. Ensuring the quality of annotations can
be challenging, even in cases where annotators are present.
Disagreements among the annotators can complicate and
generate controversy in the judgments.

« Comprehensibility: Deep neural networks have demonstrated
the capability to attain greater outcomes in comparison to
alternative methodologies. Nevertheless, in numerous domains,
they are frequently regarded as opaque entities. In general, a
neural network model is characterized by a substantial quantity
of trainable parameters, hence posing significant challenges
in terms of model interpretability. Furthermore, in contrast
to linear models, which often exhibit greater simplicity and
comprehensibility, neural networks are comprised of non-linear
layers and intricate structures, hence augmenting the challenges
associated with interpretation.

4.4.2 Guidelines for enhancing interdisciplinary
collaboration

In order to enhance multidisciplinary collaboration among
medical practitioners, data scientists, and Al experts, the following
measures can be implemented:

Establish Cross-Disciplinary Teams: Healthcare institutions
need to develop specialised interdisciplinary teams including of
physicians, data scientists, engineers, and ethicists. It is essential
for these teams to collaborate right from the beginning of a
project to guarantee that all viewpoints are taken into account
in the creation of NLP and ML applications.

Develop Shared Language and Training Programs: A major
roadblock to successful collaboration is the absence of a
common vocabulary across different fields. Creating training
programs that offer fundamental understanding of medical
language for data scientists and essential data science principles
for physicians might effectively bridge this gap.

Workshops:  Regular
workshops and seminars that prioritise interdisciplinary

o Implement Regular Collaborative
collaboration have the potential to cultivate a culture of ongoing
learning and creativity. The workshops should prioritise real-
world issues and utilise case studies to promote practical,

interactive cooperation.

Create Collaborative Research Initiatives: Funding agencies
and academic institutions should provide priority and allocate
funds to research programs that necessitate multidisciplinary
collaboration. These initiatives should provide explicit rules
regarding the duties and responsibilities of each team member
to guarantee a synchronised approach.
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' = Emphasize automatic
anonymization tools and
techniques integrated into
data pipelines to
safeguard patient
information
automatically

Enhanced data
privacy
mechanism

Improved
model
transparency
and
interpretability

» Focus on hybrid models that
combine the strength of both
deep learning and rule based
system to increase
transparency

.

FIGURE 5
Future direction for the use of NLP and DL in healthcare studies.

+ Include collaborative
annotation environments that
use consensus algorithms to

ensure high quality, reliable

data annotations.

Advanced
annotation
techniques

Integration of
multimodal
data Highlight advanced fusion
technique that intelligently
combine data from different
sources to improve
diagnostics accuracy and
treatment personalization

4.4.3 Guidelines for resolving ethical concerns

In order to mitigate ethical issues associated with the utilisation
of Natural Language Processing (NLP) and Machine Learning (ML)
in the healthcare sector, the following measures can be adopted:

o Establish Clear Ethical Guidelines: Establish and implement
explicit ethical principles for the utilisation of artificial
intelligence in the healthcare sector. These rules should
specifically cover concerns related to data privacy, obtaining
informed consent, and ensuring fair and just utilisation of Al
technologies.

o Implement  Privacy-Preserving  Technologies:  Allocate

the adoption of privacy-enhancing

technologies like differential privacy and federated learning.

resources towards
These technologies enable the examination of sensitive health
data while ensuring the protection of patient confidentiality. It
is imperative to incorporate these technologies into the process
of creating and implementing NLP and ML models.

« Involve Ethicists in AI Development: It is essential to engage
ethicists in the initial stages of Al research. Their responsibility
should encompass assessing the ethical ramifications of Al
applications, guaranteeing their adherence to established
ethical norms, and rectifying any potential biases in the
data or models.

« Enhance Transparency and Accountability: AI systems should
be developed with a focus on openness and responsibility. This
involves ensuring that clinicians and patients can understand
how AI models make decisions, and creating systems of
responsibility in situations where AI-driven judgements result
in negative consequences.

o Promote Patient and Public
active participation of patients and the general public
in deliberations concerning the ethical ramifications of

Involvement:  Facilitate
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artificial intelligence in the healthcare sector. Public forums,
surveys, and consultations can be utilised to ensure that
the perspectives of individuals impacted by AI technology
are acknowledged and taken into account during the
development phase.

5 Conclusion and future scope

This review focusses on notable progress in the utilisation of
Natural Language Processing (NLP) and Machine Learning (ML)
in the healthcare field, namely, in the areas of Electronic Medical
Records (EMRs) and medical imaging. The results highlight the
significant impact that these technologies can have on improving the
accuracy of diagnoses, promoting patient outcomes, and optimising
the efficiency of healthcare.

5.1 Implications for practitioners

Healthcare practitioners can utilise the breakthroughs in
natural language processing (NLP) and machine learning (ML) to
optimise clinical operations and improve decision-making. These
technologies can be used by professionals to obtain valuable
information from unorganised data, which allows for more precise
diagnoses and personalised treatment programs. Integrating natural
language processing (NLP) with medical imaging can effectively
decrease diagnostic errors and enhance the uniformity of patient
care. It is important for practitioners to stay updated on new
technologies and receive training in order to successfully integrate
them into their clinical practice.
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5.2 Implications for researchers

Researchers are urged to expand upon the observed progress
and tackle the deficiencies emphasised in this assessment.
Additional investigation into the utilisation of natural language
processing (NLP) and machine learning (ML) in the context of
uncommon diseases is necessary, as well as the incorporation
of multi-modal data. In addition, research should prioritise
enhancing the ability of models to apply to a wide range
of patient populations and healthcare environments. Effective
collaboration among doctors, data scientists, and engineers will
be crucial in surmounting these hurdles and propelling the
field forward.

5.3 Implications for policymakers

Policymakers are essential in promoting the implementation
of NLP and ML technologies in the healthcare sector. In order to
facilitate this integration, policies should prioritise the protection of
data privacy and security, encourage interdisciplinary collaboration,
and allocate financing for research and development in this field.
Policymakers should additionally contemplate formulating rules
and guidelines for the ethical utilisation of artificial intelligence (AI)
in the healthcare sector, guaranteeing that these technologies are
implemented in a way that is advantageous to all parties involved,
particularly patients.

5.4 Closing remark

It is crucial to address the limitations that have been found in
this research in order to make progress in the healthcare applications
of Natural Language Processing (NLP) and Machine Learning
(ML). By surmounting these obstacles by ongoing investigation,
interdisciplinary cooperation, and favorable regulations, the
complete capabilities of these revolutionary technologies can be
achieved, resulting in substantial enhancements in patient care,
healthcare provision, and overall health results.
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