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Abstract: These Natural language processing (NLP) is frequently used in Electronic Health Records (EHRs) to extract clinical insights;
nevertheless, issues with automated tools, annotated data, and other constraints prevent NLP from being fully exploited for EHRs. To
comprehend these limitations and investigate novel prospects, this research compares and analyzes different Machine Learning (ML), Deep
Learning (DL), and Natural Language Processing (NLP) methodologies. The work covers seven main areas: classifying medical notes,
recognizing clinical terms, summarizing texts, developing advanced Al models, extracting important information, translating medical
language, and applying NLP to various other healthcare tasks— We looked through 261 articles from 11 databases in a systematic review
and selected 127 of them for a detailed reading. Three novel goals are combined in this study: a handwritten prescription interpretation
system based on GPT-3, multilingual clinical note extraction using BERT variations, and PRISMA-compliant label extraction from
radiology reports using Vision Transformers. The findings show that the majority of data in electronic health records are unstructured, and
that the most popular uses of machine learning and deep learning approaches are prediction and categorization. ICD-9 categorization,
clinical note analysis, and named entity identification are some of the major use cases. The results of our suggested systems were
encouraging: the BERT variations handled multilingual clinical notes efficiently, the GPT-3 system transcribed handwritten prescriptions

properly, and the Vision Transformers increased the radiological report label extraction efficiency.
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1. Introduction

The process of gaining valuable insights from massive
volumes of unstructured data has become more difficult and
more opportunity-driven with the digitalization of
healthcare records. Three cutting-edge initiatives that
optimize clinical workflows and improve patient care via
the use of cutting-edge Al techniques are the subject of this
study, which attempts to solve some of these issues.

Electronic health records, or EHRs are computerized
summaries of medical procedures and evaluations that are
becoming more and more common and crucial for research,
management, and delivery of healthcare [1]. Both organized
and unstructured data may be found in EHRs [2].
Conversely, clinical notes and discharge summaries which
are created by medical staff are examples of unstructured
data. Clinical records or worldwide, the use of EHRS has
grown significantly.

The initial goal is to create a cutting-edge patient assistance
system with an automated reader designed to correctly
analyze handwritten prescriptions using GPT-3. Because
doctor’s handwriting varies so much and their handwriting
is sometimes unreadable, handwritten prescriptions are a
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frequent source of mistakes in healthcare. This system seeks
to efficiently transcribe and interpret handwritten
prescriptions, minimizing drug mistakes and enhancing
patient safety by utilizing GPT-3’s potent language
comprehension skills

The second goal is to employ BERT Variations to extract
multilingual information from clinical notes. Although
clinical notes include a wealth of important information,
reliable data extraction and analysis can be difficult since
they are frequently written in many languages. This research
aims to improve the extraction of important medical
information from clinical notes, independent of the
language spoken, by utilizing multilingual BERT models.
This will increase the usefulness and accessibility of
medical records in variety of healthcare settings.

The third goal is to use Vision Transformers to
automatically extract picture labels from radiological
reports with the highest level of accuracy and efficiency.
Critical diagnostic data included in radiology reports must
be appropriately labeled in order to support efficient
treatment planning and medical research. With its cutting-
edge image processing capabilities, Vision Transformers
provide a viable option for automating this procedure. In
order to improve the effectiveness and precision of
radiological evaluations, this project will create a system
that will automatically extract and identify information from
radiology pictures

The volume of information that may now be referred to as
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“Big Data” due to the growing use of EHRs includes the
modification and application of significant amounts of data
that have been gathered in EHRs. We need to create
computer tools to organize, evaluate, and find patterns in
data because human brains can't handle the complexity of
analyzing and understanding large amounts of data. The
next stage involves turning all of this massive healthcare
data into knowledge by applying techniques like data
mining and natural language processing, which are crucial
parts of data analytics on big data from EHRs and support
the growth of an EHR ecosystem.

One form of ML integrated technology that has recently
gained popularity is autoML [13]. Its purpose is to increase
the application of machine learning (ML) algorithms and
make their deployment easier across many sectors,
including the healthcare sector [14]. While it is still a
relatively new technology, autoML has already found
applications in translational medicine, bioinformatics,
diabetes, Alzheimer’s disease, electronic health record
(EHR) analysis, and medical imaging [15]. It hasn’t,
however, been thoroughly examined in terms of its potential
applications for processing clinical notes, a crucial EHR
component. Additionally, ensuring the security of patient
data is a critical consideration when deploying automated
systems enabled by machine learning. However, no research
has thoroughly examined the techniques that may be used to
ensure the privacy of medical data or identified challenges
related to patient data protection.

Apart from this, a number of ways have been devised to
enable EHRs to manage clinical duties, yet, the distinct
vocabulary and clinical idioms employed by doctors
continue to provide difficulties for health information
research [16], [17]. In theory, these methods are still in the
early stages of development, and it will make some time
before they can choose a precise and accurate model for
practical use. This brings up the biggest issue facing NLP
researchers today, using computer technology to interpret
medical text data and make decisions. To help NLP be used
effectively in modern healthcare, new classification
schemes are needed. Primarily, the goal of this project is to
address the deficiencies that have been found in EHRs-NLP
applications for healthcare and develop efficient techniques
for EHR analysis that will benefit the research community.

These are the goals that our review aims to achieve. Initially,
our goal is to examine the NLP method in EHRs, paying
particular attention to several cutting-edge models. We then
go over the DL and ML paradigms that are applied to the
analysis of EHRs, namely clinical free text. Third we
pinpoint the main difficulties in classifying clinical notes.
Finally, we look at how academics have applied their
models clinical note management in the healthcare sector.

When taken as a whole, these initiatives offer a through
strategy for utilizing cutting-edge ML and NLP methods to

tackle major healthcare data management issues. This work
intends in order to significantly advance the field of health
informatics by automating picture label extraction,
strengthening multilingual information extraction, and
improving the understanding of handwritten prescriptions.

2. Related Work
2.1. Selection Criteria

A. Inclusion Criteria: The following topics have been
covered in the literature: ICD-9 multi-label classification,
clinical entity recognition, automatic clinical narrative
summarization, medical concept embedding, healthcare
dialog systems. Only complete conference papers or peer-
reviewed journal articles were included. Studies that only
employed models or frameworks based on ML or DL for
EHR analysis were eligible for inclusion. Research must
also have been concentrated on using ML and DL
techniques to analyze and identify clinical narratives.

B. Exclusion Criteria: Excluded from consideration were
research projects that were released as preprints, included
preliminary work, or lacked peer assessment. Review papers
and editorials were also excluded from consideration.
Following the first screening, the quality of the articles that
were retrieved for full-text analysis was also assessed.

2.2. Electronic Health Record

Many healthcare facilities have recently switched from
using traditional paper-based medical report records to
Electronic Health Capture (EHR) systems, which capture
patient’s longitudinal medical information in an electronic
format on a data repository. Like other types of electronic
health (e-health) infrastructure, EHRs use information and
communication technology to digitize and automate
processes associated with the provision of healthcare. Due
to this swift transformation, EHR systems, now have access
to a vast volume of clinical records, many of which include
valuable patient data. Beyond the obvious space savings
associated with moving from paper to digital records, EHR
has been essential in enhancing decision-making, promoting
healthcare efficacy, and enhancing management.

The electronic health record (EHR) system is linked to
medical decision support systems (DSS), which assist
physicians, staff members, and management in making
choices. Among other things, it makes it easier to make
prompt and accurate decisions on data analysis, diagnosis,
and invoicing. Making Quick, accurate decisions on
diagnosis, lab testing, processing invoices and payments,
and data analysis is made simpler by it. We show an
example of an e-health infrastructure for the provision of
healthcare. A number of e-health infrastructure components
were made available, such as an electronic health record, a
knowledge base, an EHR and a physician support system.
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2.3. Natural Language processing

A branch of study called natural language processing (NLP)
was born out of the collaboration of linguistics and
computer science. Its goal is to enable computers to
comprehend and interpret spoken and written human
language. Text classification, machine translation,
summarization, and Named Entity Recognition (NER) are a
few typical NLP tasks. There are several NLP system kinds.
NLP can be divided into three main groups: statistical NLP,
neural NLP, and symbolic NLP.

2.3.1. Symbolic NLP

This method relies on a predefined set of grammatical rules
intentionally coded by linguists. It was the first form of NLP
to emerge and is still in use today. This branch of NLP
involves working with regular expressions, which are
patterns used to search for and match specific characters or
sequences within a text. This branch of NLP deals with
regular expressions, which are search patterns used to find
and match one or more characters in a string. Establishing a
system of rules takes effort and specialized knowledge. This
stage requires careful consideration and effort because it is
essential to the functionality of these algorithms. These
systems ability to develop with little to no data requirements
is one of their advantages. The purpose of rule-based
systems goes beyond only word recognition in text.

2.3.2. Statistical NLP

Many times, a collection of rigidly defined rules cannot
adequately convey the intricacy, subjectivity, and subtleties
of awhole language. Systems that rely on symbolic NLP fail
in these situations.

The primary issue with statistical methods is that they only
consider an important measure for each word, which ignores
semantic similarity between words. Therefore, terms like
“thorax” and “chest” will be handled as if they are entirely
unrelated. Furthermore, the context in which a word is used
is not considered by these algorithms. Homonyms, like
words with the same spelling but different meanings, are
considered identical when representing text as a Bag-of-
Words (BoW). BoW is a fixed-length vector where each
position corresponds to a word in the vocabulary, and the
value at each position indicates how often that word appears
in the document. Additionally, sequences of n words, called
n-grams, can also convey the same information.

Instead of using single words (unigrams), we can use pairs
or triplets of words (bi- or tri-grams) to give more context.
For example, the word "chest" can be better understood
when paired with other words like "treasure chest" or "chest
X-ray." Another option is to use one-hot encoded vectors to
represent words. These vectors are the same size as the
vocabulary, with only one value set to one and the rest set
to zero. However, neither of these methods captures the

similarity or difference between words. Additionally, using
one-hot encoded vectors can be challenging because they
create very sparse representation of data. Another popular
option is statistical language models, also referred to as
language modeling [8]. These models help in understanding
the context of words and phrases by considering the
probability distribution across a sequence of words.
However, these models face a challenge known as the "curse
of dimensionality," similar to one-hot encoded vectors. As
a result, statistical language models often rely on n-grams,
which assume that the context of a word depends only on
the n words around it, rather than the entire set of words in
the vicinity. While this approach reduces the problem of
sparse findings, it doesn't completely resolve the issue.
Therefore, there's still a need for better and more concise
representations of words.

2.3.3. Neural NLP

Convolutional Neural Networks (CNNs) are commonly
used for processing images, but they've also been adapted
for processing text. In tasks like sentiment analysis or
identifying spam, CNNs can be useful. Instead of image
data, they work with matrix word embeddings. CNNs have
two choices: they can either learn their own embeddings or
use pre-trained embeddings, like those from a word2vec
model. Pre-trained embeddings are good at understanding
the meaning of words, as they're trained on huge datasets.
However, CNNs might not be ideal in some cases because
they can lose information about the order of words during
convolution and pooling processes.

The meaning of statement can be significantly impacted by
the word order. The Recurrent Neural Network (RNN) is a
novel kind of neural network that was created as a result of
the sequential structure of text and the natural requirement
to take word order into account in particular applications.
Because these neural networks analyze text sequentially,
they are able to record the relationships between words that
appear in a specific order. Put differently, RNNS identify
patterns throughout time, where CNNs identify patterns
across space. Regarding the length of input data, RNNs have
an additional benefit over CNNs: they can model text of
varying lengths from single phrases to complete texts. As a
result, the network may take into consideration distant
semantic relationships.

RNNSs consist of several discrete building components.
They may be viewed as several, chain-like implementations
of a very basic feed-forward artificial neural network
(ANN), each of which passes information on to its successor
and has identical weights and activation functions. This
design can take into consideration the dependencies
between the components in a sequence rather than handling
each input item separately. Owing to this attribute, these
networks are referred to as having memory.
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3. Methodology for Patient Aid System for Hand
Written Prescriptions

Even though most studies have focused on recognizing
human handwriting, they still haven't come up with a
practical solution because of the significant variations in
individuals' writing styles. In the medical field, doctor
handwriting recognition has emerged as a serious problem
in the contemporary world. The use of Latin acronyms and
the physician's unreadable cursive handwriting make it
difficult to identify the prescriptions that they write.
Achieving 99.99% accuracy in recognizing handwritten
cursive words solely through OCR algorithms has proven
challenging. As a result, researchers have explored
combining machine learning concepts with neural networks
in attempts to achieve this goal.

Ultimately, the procedure aims to turn handwritten or
printed text into an image by utilizing the principle of
Optical Character Recognition (OCR). In order to verify that
the outcome matches the expectation, the previously
processed photos are subjected to a pre-trained model, the
information extraction process should be carried out in two
stages: spelling correction and classification. The training
model, created using the NLP NER method, will utilize the
unorganized text data obtained from scanned prescriptions.
Because of the specific domain, we used a modified NER
model for this purpose.

After the text data has been classified by the model, it is
important to verify that the medicine name has been
accurately classified. This is because the medicine name has
to be 100% accurate in order for the application to function
properly. If it’s not correct, there ought to be a way to make
it more accurate, spell correction mechanisms can be used
to increase accuracy by attempting to discover ideas through
character substitution and interchange, as well as by adding
new characters to existing words. The best word from the
list of recommendations will then be determined by looking
the word with the least amount of edit distance.

With the name of the retrieved medication, the allergy
potential category can then be determined. Using the allergy
category data set, it is necessary to determine whether the
specific drug name has been recorded at any allergy
potential category in order to determine the allergy possible
category.

This method is divided in two parts: the scanning of blood
reports and prescriptions. Prescription scanning begins with
transferring the scanned medical prescriptions as pictures to
the systems, where the handwritten content is machine-
encoded. The system extracts the medication information by
categorizing the machine-encoded texts, including the
name, dose, and directions, and then stores the information
in the database as prescription details. The relevant data,
which includes indications, brand names, states, and

overdose symptoms, is taken out of the drug repository and
mapped into the main database.

The uploaded blood report image has to be read in order for
OCR to turn it into a text document. By scanning patient
blood reports via the mobile application, this technology is
able to evaluate them.

previously added

blood reports ’ﬁ
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Fig 1. Healthcare Data management from Prescription to
patient profile
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Fig 2. Segmented words from prescription

Dilation is a process that enlarges the pixels in an image and
adds pixels to the edges of objects. It works by setting a
pixel to 1 if any of its neighboring pixels have the same
value, and the output pixel value is the highest value among
all the pixels in the neighborhood. This effectively expands
the object in front of the camera or increases the amount of
white space. Contour analysis involves identifying the
relevant contour lines around the image, forming a
rectangular box to better identify the region. The identified
regions are then kept as separate images.

4. Multilingual Information Extraction using
BERT Variants

Information in Multiple languages using BERT variations
for extraction from clinical notes is a complex method to
enhance the comprehension and processing of medical
information in different languages. The language variety of
clinical notes presents substantial hurdles for automated
systems since they frequently contain information that is
essential for patient care, research, and healthcare decision-
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making. This approach makes use of BERT’s sophisticated
contextual knowledge to handle the complexity and
diversity of clinical language by utilizing language-specific
versions such as multilingual BERT (mBERT).
Preprocessing is the first step in the process, during which
clinical notes are cleaned, standardized, and extraneous
material is removed. Medical terminology and abbreviations
are then normalized. Then, to better meet the unique
requirements of clinical information extraction and the
subtleties of medical language, multilingual BERT models
are adjusted on a dedicated corpus of clinical notes pertinent
entities and relationships-such as patient names,
prescriptions, symptoms, diagnoses and treatment plans are
found and extracted. To guarantee accuracy and relevance,
the retrieved data is subjected to post processing and
validation. This may involve human evaluation by medical
specialists or cross-referencing with organized medical
databases. This method improves patient care and
streamlines clinical processes by enabling health care
systems to automatically extract and use vital medical
information from multilingual texts. It provides multilingual
medical text processing with a more unified and effective
solution by decreasing reliance on language specific
models.

In this work, we offer an end-to-end system that creates a
biological knowledge network from clinical textual data that
is unstructured and hence difficult to evaluate using a
variation of BERT models. Medical choices will be based
on the findings of this knowledge graph’s development and
analysis. This would help medical practitioners examine
each entity independently as well as all the connections
among them. Additionally, it would make it simple for
doctors to identify the connections between a medication
and clinical notes, enabling close monitoring of these
medications.

Output
Probabilities
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Multi-Head
Attention
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Fig 3. Transformer Architecture
4.1. BERT

Bidirectional Encoder Representations from Transformers,

or BERT, is a ground breaking approach in natural language
processing (NLP) that was created by Google researchers.
BERT processes text bidirectionally, which means it
concurrently takes into account the context from both sides,
in contrast to standard models that process text either from
left to right or from right to left. As a result, BERT is better
able to comprehend linguistic subtleties and accurately
convey the meaning of words in context.

BERT is based on the Transformer Architecture, which used
a process known as self-attention to estimate the relative
value of words in a phrase. BERT can perform well on a
variety of NLP tasks, including named entity identification,
text categorization, and question answering thanks to this
design. BERT gains a profound grasp of language patterns
by pre-training on a large volume of text data. This allows
BERT to learn how to predict masked words in a phrase and
evaluate whether two given sentences are successive
sections of the text.

The status of NLP has greatly evolved since BERT’s launch,
allowing for improved accuracy and more reliable
performance in a range of applications. It differs from earlier
models in that it can comprehend context in both directions,
which makes it an effective tool for developers and
academics working on language-related projects.

4.2. BERT Variants

1. DistilBERT: DistilBERT [33] is a more compact, quicker,
less expensive, and lighter variant of BERT. Despite only
having half of BERT’s parameters during training,
DistilBERT performs 97% as well as BERT. It is
challenging to handle the 110 parameters in BERT-base and
the 340 parameters in BERT-large. The distillation process
is used to shrink these massive models to tackle this issue.
Distil-BERT’s overall design is the same as BERT’s overall
design is the same as BERT’s with the exception of the
removal of the pooler and token embeddings. This leads to
a halving of the number of layers, which greatly enhances
computing efficiency.

2. BioBERT: A BERT variation pretrained on a biological
dataset is called BioBERT [24]. Pretraining involved taking
the usual BERT model’s weights and pretraining it on
medical datasets such as PubMed abstracts and PMC.

3. BioClinicalBERT: Beyond organized data, such test
results and prescriptions information, clinical notes include
personal information about their patients. However, due to
their high dimensionality and sparsity, clinical notes have
not been used as much as organized data. Clinical BERT
variation with a focus on clinical notes is called
BioClinicalBERT [3]. It draws attention to excellent
connections between medical ideas as determined by human
judgment.

4. Bio-discharge-summary: A biomedical specific version
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of BERT called Bio-Discharge-summary [3] was trained
using clinical notes from the MIMIC hospital and initialized
using BioBERT. After then, it was improved with just minor
architectural changes for the five jobs.

4.3. Knowledge Graph Construction

1. Named Entity Recognition (NER) is a part of information
retrieval that focuses on identifying and classifying specific
entities mentioned in text. These entities can include names
of people, places, organizations, medical codes, time
expressions, quantities, and more. The goal is to categorize
them into predefined groups. The main categories include
names of people, places, and institutions (like
organizations); time expressions; and numerical values like
currency and percentages. These categories can be
expanded to suit specific needs in different applications.

2. Graph Analysis: We created a step-by-step process to
transform unstructured clinical notes into a format that's
easier to understand. First, we prepare the clinical note by
addressing any coreference issues. Then, we use a model
called BioclinicalBERT+CRF to predict the entities
mentioned in the note. Next, we preprocess the note again
to prepare it for another  model called
BioClinicalBERT +softmax, which helps  extract
connections between the predicted entities. A table is
created to link each medicine to all of the things that are
connected to it after the links between the entities are
predicted (Fig. 4).

3. Conference Resolution: Finding and linking assertions in
a text that pertain to the same real-world item is known as
conference resolution (CR), and it is one of the main goals
of natural language processing (NLP). To eliminate
ambiguity and improve text coherence, coreferents-a
grouping of these expressions are the aim of CR. For many
sophisticated NLP applications, including summarization,
question answering, and text comprehension, this procedure
is essential.

Coreference is the word used to describe the phenomenon

where in many phrases in a text refer to the same thing.
Pronouns, proper names, and descriptive phrases are
examples of these expressions. For example, take the
following sentences: “Alice visited the market”. The
pronoun “she” refers to “Alice” who purchased some
apples. The fundamental step in resolving coreferences is

identifying “Alice” and “she” as coreferents.

t2)

Pronominal coreference nominal coreference, and proper
name coreference are among the several forms of
coreference. Pronouns that refer back to nouns or noun
phrases sated previously in the text are known as
pronominal coreference. An example of this would be “John
has a car.” “Every day he drives it,” in which “he” and “it”
stand for john and an automobile, respectively. When two
noun phrases such as “The president” and “The leader” refer
to the same individual. The leader stressed. When two
proper names “Barack Obama” and “president Obama”
refer to the same thing in a text, this is known as proper
name coreference.

4. Relation Extraction: In NLP, relation extraction (RE) is
an essential activity that aims to detect and categorize
semantic links between items in a text. This work entails
finding instances-people, locations, organizations, or other
things where two or more of these items are related in a
certain way. These relationships are then classified into
predetermined semantic categories. In the line “John Doe
works at OpenAl” for instance, “OpenAl” is an organization
entity, while “John Doe” is a person entity. We can
categorize the relationship between these businesses as
“employed by”. These connections offer useful structured
data that may be applied to a number of different tasks, such
as question answering systems, knowledge base populating,
and information retrieval.
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5. Multilingual information Extraction using
BERT variants
5.1. Radiology

Radiology is a branch of medicine that uses various imaging
techniques to examine, diagnose, and treat diseases. There
are two main types: Interventional radiology, which assists
in guiding treatments such as inserting catheters or
performing biopsies, and diagnostic radiology, which
involves examining a patient's organs to detect any
abnormalities. A licensed physician with expertise in the
interpretation of medical pictures known as a radiologist.

A report is created by a radiologist after evaluating a
radiological exam. We will now go into depth about the
format and substance of radiology reports.

5.2. Radiology Reports

A radiologist’s description and interpretation of the findings
of a medical imaging examination are recorded in radiology
reports. Hospitals often save reports and the related
radiological pictures on the PACS. It is essential to
comprehend their vocabulary and structure in order to
design NLP tools that are suitable for processing this
particular kind of data. An expert reanalysis of the test or
report can yield ground truth labels for automated labeler
training.

Reports are often organized into parts, however different
hospitals may use different formats. In addition to the
patient's name, gender, and age, a radiology report typically
includes the date of the examination and the name of the
radiologist who interpreted the results.

The clinical history section of a medical report provides
symptoms, and any pertinent prior medical problems (if

any).
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» Technique: Includes exam-specific technical information.
For instance, it might specify the kind of test and/or whether
or not contrast was employed.

» Comparison: Includes a brief comparison between the test
being taken now and any previous exams that have been
taken.

» Results: outlines the radiologist's observations in the
various bodily areas examined. This section often focuses
on indicating whether or not specific clinically significant
parts of the picture are normal. These characteristics can
vary depending on the patient, organs, and imaging
modalities.

A description of the findings and, if feasible, a diagnosis
based on the facts at hand are included in the impression.

5.3 Health Concept Representation Systems

Radiology report portions are written as free text, which
makes indexing and organizing them challenging. Because
universal health concept representation methods lessen the
ambiguity inherent in natural language, they considerably
aid in the organization of knowledge and the extraction of
information from these documents. There are three primary
types of systems used in information organization:
ontologies,  controlled  vocabularies/thesauri,  and
terminologies. Terminologies consist of sets of terms related
to specific topics or fields, while controlled vocabularies or
thesauri establish connections between terms, illustrating
their relationships. Ontologies, on the other hand, represent
more complex systems, organizing concepts and their
interrelations in a structured manner. Since ontologies are
intended for computational usage, logical definitions of the
concepts are included as well. There are idea representation
systems for both general medicine and radiology.

Creating NLP applications for radiology reports can
significantly benefit from using terminological resources.
Essentially, these resources serve as templates for
generating accurate labels for images, establishing patterns
that are considered the truth. Terms from these resources
can be directly marked or annotated to provide valuable
information, this would result in an extremely large number
of label categories, or they can be annotated using a pre-
established pooling system, which would result in a smaller
set of labels by translating patterns of terms into a smaller
set of labels. To put it briefly, consistent and universal labels
are ensured by ground truth annotations that are completed
utilizing terminological resources as references.
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Fig 5. Example of a data instance from the Indiana data
set, as presented in the Openl repository

5.4 Radiology images and their annotation

In radiology, different imaging techniques are used to
examine patients. These include computed tomography
(CT) scans, computed radiography (X-ray), magnetic
resonance imaging (MRI), and ultrasound scans. Every
modality has pros and cons and it's appropriate for usage in
certain situations and applications. When an imaging exam
is conducted, a radiology report is usually generated,
regardless of the modality.

Radiologists analyze and annotate medical imaging pictures
to create hand-labeled data sets for supervised machine-
learning algorithms. Through this approach, ground truth
picture labels are produced, which machine learning models
may use to identify radiological abnormalities or illnesses.
Nonetheless, the radiology reports that go with the pictures
already provide unstructured explanations and analyses of
the pictures Images and written reports from the Indiana
Network for Patient Care are included in this data collection,
for patient care are included in this data collection, together
with ground truth labels that have been carefully annotated
using 76 RadLex and 101 MeSH vocabulary words by
skilled human annotators. After automatically anonymizing
the reports and images, the outcomes were manually
confirmed.

6. Discussion

The effects of iatrogenic injuries make patient safety a
crucial healthcare issue. In critical care, medication
mistakes are common, harmful, and avoidable. The
implementation of the EHR system has increased the
number of medical mistakes, even though the main goal of
the system’s adoption was to address various issues with
medical healthcare delivery. Nevertheless, human factor
research conducted in non-medical contexts indicates that
mandating more attentiveness for medical professionals
would not result in a significant increase in safety.
Redesigning malfunctioning systems and identifying
problems seem to be more efficient ways to lower human
error.

Complex natural language processing (NLP) models are

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(4), 16091620 | 1616



typically integrated into electronic health record (EHR)
systems, where they serve as complete meaning suggesters
during information retrieval and auto-completion tools for
drafting medical reports. Nonetheless, the model carries out
these tasks while keeping in mind the context of the
acronym’s use in the report statement. Several strategies
have been put out over time. Notably, the consensus has
been that artificial intelligence-based solutions are the most
effective way to find a comprehensive form for acronyms in
medical notes. The many Al approaches that have been used
throughout the years include machine learning-based
techniques, statistical approaches, and knowledge-based
methods. The majority of the work currently in publication
has the notable drawback of using datasets consisting only
of hundreds or thousands of texts to train machine learning
models.

Inadequate design and training of the algorithms may result
in biased outcomes that adversely affect particular patient
populations, such as those with particular medical problems
or demographic traits. This might worsen already existing
health inequities or lead to biased treatment. Concerns exist
around the openness and accountability of deep learning and
natural language processing algorithms. In addition to
making sure that choices are reasonable and fair, healthcare
practitioners need to be able to explain how these algorithms
arrive at their conclusions. It should be possible for patients
and other interested parties to comprehend and challenge the
judgments that these algorithms make.

Statements of denial and ambiguity, for instance, might
constrain how a particular discovery is interpreted. NLP
systems require consideration of these modifier expressions
to provide appropriate picture labeling. Additional
characteristics of mentions include location pattern and
intensity. As a result, radiology reports provide a difficult
combination of data that must be used as effectively as
feasible.

Apart from technological aspects, compliance with
healthcare regulations and standards become a critical
priority. This section examines the complex issues involved
in making sure Al applications in healthcare comply with
current laws while accounting for regional differences in
compliance specifications. Furthermore, there is a serious
risk of relying too much on Al-driven solutions, which
raises concerns about a reduction in human oversight and
decision-making. It becomes crucial to strike a careful
balance between maintaining the human touch in healthcare
and utilizing technology to increase efficiency to guarantee
that patients receive individualized, compassionate
treatment. Furthermore, the deployment of sophisticated Al
systems especially LLMs has a substantial financial impact.
It is important to carefully assess the expenses involved in
obtaining, adopting, and maintaining these technologies,
especially for healthcare organizations that have restricted

funding. These intricate problems highlight how delicately
integrating Al into medical procedures.

7. Conclusion

The primary challenge of the research has been identified as
the difficulty in identifying a doctor’s handwriting, and it is
a well-known truth that the majority of systems that have
already been put into place have also failed to come up with
a workable answer for this. Additionally, it enables users to
create and manage their patient profiles, in which they may
save the recorded prescriptions and access comprehensive
drug descriptions, potential allergies, and adverse effects.

Several strategies, including data augmentation, adding
more CNN layers, increasing input sizes, and adhering to
the vanilla beam search decoding algorithm, can be used to
increase the accuracy level of this methodology. If further
work is needed to expand the dataset as a result of this
research, it may be done so effectively by combining a
newly created customized dataset with the same model. As
a bonus to this research, blood reports in any suitable
category or format can be used in place of the use of blood
reports.

In this study, we provide a comprehensive and accurate
process that can be used to build a network of biomedical
information derived from various clinical data sources,
offering valuable insights a valuable starting point for
analysis. Keep in mind that the abundance of patient data
accessible is a barrier when using medical textual data.
Additionally, many of the activities performed by medical
professionals are time-consuming, repetitive, and involve
searching for information. This requirement has prompted
researchers to look for alternative, quicker, and more
creative methods, accessing information through a system
that's organized like a knowledge graph. Most studies in the
literature focus on specific parts of building a knowledge
graph, but they often don't combine these aspects to create
the entire graph. Sometimes, they also overlook the analysis
phase, which is crucial for understanding the significance of
constructing the graph.

From a medical and patient standpoint, our goal is to create
a search engine that will allow them to make use of the
features of this knowledge network and search for the
information they require contextually. However, our goal is
to expand this knowledge graph’s application area so that it
may be utilized in other industries, including the
pharmaceutical industry. Annotated medical image data sets
may be produced with great ease if it is possible to use
picture datasets with automated labeling natural language
processing (NLP) on the data found in radiology reports.
This piece tackles the subject in a few different ways: First,
a brief introduction to radiology reports and NLP is given.
Following that, a review of pertinent literature is conducted.
The process of automatically extracting labels from
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radiology reports has evolved from solely using rule-based
methods to incorporating machine learning techniques.
Often, a combination of these approaches is utilized for
specific tasks within a larger process. While it may not be
explicitly stated, most current research leans towards
employing neural networks over rule-based algorithms,
which are relatively new in this field. Although direct
comparisons are challenging, most advanced label
extraction methods perform well, with the distinction
between rule-based and machine learning techniques being
relatively minor.

Research on physiological illnesses, including dementia and
geriatric mental health, has been highlighted as a potential
field. A variety of models and techniques for feature
extraction appropriate for these tasks are being investigated
in this continuing study. Despite the deep learning
algorithm’'s remarkable success in natural language
processing, we discover that applying them to the biological
domain is still challenging. DL models have several
drawbacks in comparison to traditional ML models, which
are commonly applied to health records. These drawbacks
include data

availability, interpretability issues, and the challenge of
handling domain-specific textual data. Notable is the fact
that hundreds of workstations and costly GPUs are needed
for DL-based algorithms to perform better than other
approaches.

Conventional approaches are currently dominant, while
cutting-edge NLP techniques, including transformer-based
models for free text analysis, have not yet been widely
employed, As a result, we are curious as to whether
transformer-based methods will eventually take precedence
in clinical NLP.
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