
 

Journal of Computational Science and Intelligent Technologies 

eISSN: 2582-9041 

DOI: 10.53409/MNAA/JCSIT/e202203035058 

50 | P a g e  

 

 
Type: Research Article 

 

 

An Investigation into the Application of NLP in the Healthcare Sector 

 

Yuvaraj D1  Mohamed Uvaze Ahamed A2  and Sivaram M2  

1,2Assistant Professor, Department of Computer Science, Cihan University - Duhok, Kurdistan Region, Iraq. 

3Department of Computer Networking, Lebanese French University, Erbil, Iraq. 

*Corresponding Author: Yuvaraj D. Email: yuvaraj@duhokcihan.edu.krd 

Received: 12 July 2022; Accepted: 10 November 2022  

Abstract: Natural Language Processing (NLP) is crucial in the COVID-19 

pandemic for identifying the illness, stabilizing intensive care, finding 

cures, and halting the spread of diseases. In order to help prevent outbreaks 

during the early phases of coronavirus illness, it energizes chat programs. 

A multilingual conversation system, chatbots, and deep learning language 

models have all found success thanks to the advancement of NLP 

technologies, which have achieved new heights in terms of utility. 13 

different languages are supported globally. Health Map and Cobweb 

platforms, which use NLP-powered AI, track patient requests and carry out 

event detections. This chapter examines the role of NLP, its technology, 

difficulties, and potential future applications for crisis management and 

simpler EHRs in the healthcare sector. 
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1 Introduction 

Communication is the keystone of medication, if not doctors unable to converse with their patients. 

Doctors pay attention to patients, take care of their views, and reply to their queries. In the urban areas, 

doctors many a time during the current pandemic cannot communicate with patients in their local language 

as most patients are from various regions. Most hospitals offer translation services but a difficult and 

nuanced medical, ethical, and treatment-related dialogue with patients can be challenging and can often be 

misinterpreted. Further, when the care provider needs to transmit standardized and structured data like 

medical records, database tables, and financial records to stakeholders, digitizing the entire process is the 

only solution as computers can process voluminous medical data much quicker than humans. A human 

cannot one or the other communicate in organized information nor do they talk within the twofold code.  

Care suppliers communicate with computers utilizing words, a shape of unstructured information and 

computers utilize standardized procedures to prepare them. At this point, Common Dialect Preparing (NLP) 

comes to the care provider’s help and endeavors can be made to aggregate Manufactured Insights (AI) and 

computational phonetics to bridge the hole between computers and people. This enables computers to 

analyze what a client says without a glitch (input discourse acknowledgement) and handle what the client 

really, implied NLP could be a division of information science that comprises efficient forms for analyzing, 

understanding and inferring data from content data smartly and effectively. It leverages AI to assist 

expository frameworks to get it and work with unstructured information [4]. It involves the reading and 

understanding of spoken or written language through a computer. Through NLP, computers learn to manage 

accurately and apply overall linguistic or literal meaning to text excerpts like phrases or sentences. NLP 

may be a division of data science that comprises proficient shapes for analyzing, understanding and 
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inducing information from content data intelligently and effectively. It leverages AI to help informative 

systems to induce it and work with unstructured data. Therefore, NLP tools can be used to bridge the gap 

between thousands of volumes of data generated by hospitals each day and the limited cognitive capacity 

of the human mind. Its major success in hospitals has been primarily to develop algorithms with due care 

for accurate, intelligent, and healthcare-specific user interfaces. User interfaces support data in the required 

format or structure. It can expedite two major goals: extractions and presentations. It is understood from 

Figure 1 that NLP forms unstructured information from diverse sources, for occurrence, EMRs, writing, 

and social media so that expository frameworks can translate them. Once NLP changes over the content 

and restorative explanations to organized information, wellbeing frameworks can utilize them to classify 

patients, extricate bits of knowledge, and summarize information. 

 

Figure 1: Overview of Natural Language Processing 

2 Background of NLP 

2.1. Driving forces behind NLP in Health Care 

NLP in health care enhances the accuracy and completeness of EHRs by transmitting the free transcript 

to standardized data. It creates documents by allowing care providers to dictate notes as NLP fits them into 

documented data. Let's view a few applications in short. 

(i). NLP handles the surge in clinical data  

(ii). NLP assists value-based care and population health management (PHM) applications 

(iii). NLP progresses Patient-Health Provider communications with EHRs 

(iv). NLP endows patients with health literacy  

(v). NLP provides a remedy for improved health care quality.  

(vi). NLP recognizes parents who expect better-quality care. 

2.2. Natural Language Processing for Dummies  

NLP permits computer programs to understand spoken language. The foremost issue surrounding the 

failure of humans and computers to interact flawlessly is the language obstacle especially in health care 

management systems [10]. 

2.3. Four areas in which health care NLP can improve function 

EHR usability: Unique EHR categorizes information by the persistent experience, making it 

troublesome to discover basic understanding information. NLP empowers an EHR interface and makes 

quiet experience data simpler for clinicians to discover. 

(i). Predictive analytics: NLP empowers prescient analytics to make strides critical populace wellbeing 

concern. 

(ii). Phenotyping:  NLP boosts phenotyping capabilities for patient groups [3]. Phenotyping categorizes 

patients to supply a more profound, more centered see into information (e.g., posting patients who share 

certain characteristics) and the capacity to compare persistent cohorts [2].  Adenoma Detection Rate (ADR) 
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is calculated automatically by the report card when it is connected to NLP. 

(iii). Quality improvement. As a result, physicians can perceive quantifiable results and obtain feedback 

after ADR changed their behaviour to recovering the detection rate. 

2.4. Defined tasks for NLP system  

EHR organizes data by the persistent experience, making it troublesome to discover basic quiet data, for 

occurrence, a social history-a solid indicator for readmissions. NLP empowers an EHR interface that 

produces persistent experience data less demanding to be found by clinicians. So, NLP helps clinicians 

spend more time with patients. Let’s see a few defined tasks to understand this. 

(i). It summarizes comprehensive and long squares of story content and clinical note by distinguishing 

imperative concepts or areas reachable in source documents  

(ii). It maps clinical information components and presents the unstructured content to organized areas 

in EHRs to develop clinical information integrity. 

(iii). It changes information from machine-readable arrange into characteristic dialect for detailing to 

authorized specialists and for wellbeing care instructive purposes.  

(iv). It answers to one of a kind free-text inquiries that require a mix of numerous information sources  

(v). It locks in in optical character acknowledgement to turn pictures, checked archives, or care rundown 

or reports which can be advance portrayed and analyzed.  

(vi). It conducts discourse acknowledgement to permit clients to direct clinical notes and persistent 

rundown after which it is changed over to text 

2.5. Voice recognition and dictation through NLP 

Although NLP instruments might not go distant sufficient, voice acknowledgement and correspondence 

offer assistance progress clinical documentation to the following level. Figure 2 shows voice 

acknowledgement and correspondence through NLP. 

 

Figure 2: Voice recognition and dictation through NLP 

2.6. NLP Accuracy and Performance 

The success of healthcare NLP is normally examined by three key attributes which are shown in Figure 3: 

Recall: NLP measures how much relevant content it can find 

Precision: If one NLP engine may find “femur fracture” but not show laterality (“right”), and lose specificity 

in the process, another NLP engine may correctly find “right femur fracture” and secure a higher precision 

score than the previous NLP engine. 

Resolution: The NLP engine resolves clinical concepts to industry-standard representations such as 

SNOMED for clinical diagnoses, ICD-10 for billing diagnoses, RxNorm for medications, and LOINC for 

labs. 
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Figure 3: NLP Accuracy and Performance 

3 Artificial Intelligence (AI) and Machine Learning (ML) 

3.1. Artificial Intelligence (AI): Faster text extraction and Cognitive Documenting with AI  

NLP is a branch of artificial intelligence.AI is poised to be the engine that drives improvements across 

the care continuum. Users in health care devote most of their time on three tasks: clinical documentation, 

order entry, and sorting through the in-basket data stored and supplying electronically a complete record of 

a patient’s key clinical data and medical histories such as demographics, vital signs, diagnoses, medications, 

treatment plans, progress notes, problems, immunization dates, allergies, radiology images, and laboratory 

and test results. Thus, it underpins EHR to decrease the numerous issues related to cognitive over-burden, 

perpetual documentation, and client burnout [16]. 

 

Figure 4: Generation of Clinical Data through NLP 

The use of complex algorithms and software in AI emulates the health care provider’s cognition in the 

analysis, interpretation, and comprehension of complicated medical and healthcare data. [1]. Learning 

algorithms allows them to gain unprecedented insights into diagnostics, care processes, treatment, and 

patient outcomes. It creates direct interfaces between technology and the health care provider’s minds 
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without keyboards, mice, and monitors. However, the major challenges for the implementation of AI are in 

data sharing, privacy, transparency of algorithms, data standardization, interoperability across multiple 

platforms, and concern for patient safety [5]. Let us discuss directions and guidance from clinical data 

generation that solve medical record interoperability. 

The workflow chart in Figure 4 elucidates the generation of clinical data, to clinical decision making 

through Natural Learning Processing data augmentation and Machine Learning data analysis. This process 

begins and ends with clinical activities. Physical examination notes and outcomes from the clinical 

laboratory are differentiated with image, genetic, and electrophysiological (EP) data, as it includes huge 

percentages of unstructured narrative texts and clinical notes [6]. At this juncture, AI applications 

transfigure unstructured text to machine-understandable electronic medical records. 

It is understandable from the chart that AI devices are described as the two major categories. NLP 

approaches to extract information from unstructured data, for instance, clinical notes and medical journals 

to develop structured medical data. Consequently, NLP techniques convert texts to machine-readable 

structured data to be further analyzed by ML techniques [14]. Machine Learning (ML) techniques examine 

structured data, for example, imaging, genetics, and EP data. Finally, ML procedures in medical 

applications, try to group patients’ traits and detect the possibility of disease outcomes [9]. 

3.2. Machine Learning (ML): Rethinking EHR with ML through NLP 

With the digitization of all sectors, NLP and ML are all the rage now, but people tend to get them mixed 

up. Machine Learning engine assesses a medical record and validates numerous events documented by 

primary abstractor in EHRs. Let us discuss the source of data, study cohort, and selection of phenotype in 

the relational learning approach and the solutions to significant challenges of utilizing EHR for phenol 

typing [13]. The inquire about information distribution center chooses to prepare cohorts for each phenotype. 

These preparing units coordinate phenotype show advancement for all and ML techniques evaluate the 

working capability of ILP for EHR-driven phenotyping comparing it with other ML and information mining 

strategies. Let us see the diagram of the planning of information and look at forms in Figure 5. Positive 

(POS), negative (NEG), and borderline positive (BP) preparing illustrations are chosen utilizing electronic 

wellbeing record (EHR) information [12]. Inductive rationale programming (ILP) EHR foundation 

information and EHR propositional machine learning (ML) include tables that are created and connected 

by each person ML strategy. 

 

Figure 5: Outline of data groundwork and examine processes in machine learning 

Physically confirmed test subject information relating to preparing information is ready and connected 

to create execution measurements that are utilized to coordinate ML insights. Inductive logic programming 

(ILP) EHR background knowledge further proceeds with ILP Rule Learning along with Test ILP phenotype 

models and Byes Net TAN, which are developed to compare ML statistics at the end. Physicians are allowed 
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to appraise health records to categorize patients as positive (POS) (patients with a condition or exposure) 

and NEG (patients without the condition). This lessens the expert’s (Doctors) time scheduled for EHR-

driven phenol typing [15]. 

3.3. Cognitive Technologies  

How can Cognitive Technologies help health care providers make better decisions? 

The Cognitive technologies are next-generation health data technology, which is used d to guide people 

through the operating of complex data processes, consume the growing volume of health information, and 

extract actionable insights by filtering out noise. Computer vision is employed in synchronization with NLP 

to transfigure millions of records and notes into electronic documents. The electronic records are processed 

further by human intervention in an understandable manner, though the system might have incorrectly 

transcribed it [7]. This process is connected to a machine learning feedback loop and continuously trained 

by the AI digitizing system with manual intervention for greater accuracy.  In the end, data sets are properly 

accumulated and refined to a high level of accuracy in the form of a structured digital record. 

Monetizing Cognitive Services: The cognitive computing market will be worth $13.7 billion across 

multiple industries by the end of 2020, representing a 33.1 per cent compounded annual growth rate (CAGR) 

over current levels. Hospitals or health care units use cognitive services to transcribe and catalogue most 

calls, thereby, reducing compliance costs by as much as 90 percent. How does this process work? 

The answer is structured. One can use AI to EHR scenarios with the best comprehensive portfolio of 

domain-specific AI capabilities on the market and construct it confidently with AI services first, to achieve 

human parity in computer vision, speech, and language. Next, one can install cognitive services anywhere 

from the cloud to the edge with containers and specific folders [17]. It can also be noted that machine-

learning expertise will not be an obligation in this case. Cognitive services apply AI within the reach of 

every developer without using machine-learning expertise. An API call embeds the ability to see, hear, 

speak, search, understand, and accelerate decision-making technology into applications. 

3.4. Health Chatbots 

The first chatbot ELIZA was developed in 1966 at MIT. ELIZA, known as the mother of all chatbots, 

answered easy decision tree questions. To define, a bot is a software application programmed to execute 

automated tasks. It answers questions in a chat user interface, based on programmed rules or artificial 

intelligence. Users may feel less like using a computer and more like interacting with a person. Users 

communicate with a bot using text, interactive cards, and speech. The personalized chatbot inspires patients 

by addressing misunderstandings and concerns about medical exams and, delivering information in an 

approachable and conversational manner rather than through an email or text. 

3.5. Block Chain Technology for Natural Language Processing 

The Blockchain technology can perfectly be populated with health data. Under this method, AI agents 

search for the patient's records in real-time, reflecting on each record in a longitudinal databank.  Physicians 

get health-related warning signs and red flags if they miss anything essential [19]. It also collects and 

analyses trends and insights in giant populations, predicting diseases in individuals, outbreaks, and 

overlooked cures for the masses. 

3.6. Deep Learning for Natural Language Processing 

Deep learning is a subdivision of machine learning based on ANN (Artificial Neural Networks) and 

applied to larger datasets. It carries multiple benefits by learning multiple levels of representation of natural 

language. It crams multiple levels of representation by logically handling pronunciation variations in human 

language. Human sentences are a collection of words and phrases with a definite structure. DL by repeating 

neural models captures the sequence information in a broader sense [8]. 

3.7. Supervised Learning 

Supervised learning employs statistical techniques to recognize parts of speech, entities, sentiment, and 

other aspects of the text. The prevalent supervised NLP machine learning algorithms are support vector 
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machines, Bayesian networks, maximum entropy, conditional random field, and neural networks/deep 

learning [20].  

In supervised machine learning, a batch of text documents is tagged with examples of what the machine 

should look for and how it should interpret them. These documents are used to “train” a statistical model 

and then given untagged text to analyze [18]. 

4 Major Challenges of integrating NLP tools into medical care and methods for effective execution 

of NLP tools in EHRs 

Text summarization or machine dialogue systems are notoriously hard to crack and remain unexplored 

for years. However, due to the great advancement of NLP in recent days, part-of-speech tagging is 

considered fully solved. The problems behind NLP fall into two groups: Data-related and Understanding-

related. 

(i)  NLP Data for Language -related problems: 

NLP is data-driven, but the desired quality and quantity are still unknown. Scarce, unbalanced, or too 

much of heterogeneous data often reduces the effectiveness of NLP tools. Even if EHRs have the necessary 

data to define a problem or a task properly, they need to build datasets and develop evaluation procedures 

to measure progress toward concrete goals. 

(ii)  NLP ability to understand and interpretation-related problems:  

To date, the problem of understanding natural language remains the most critical for complete 

comprehension and processing of text. Finding the meaning of a word or a word sense, determining scopes 

of quantifiers, finding referents of anaphora, the relation of modifiers to nouns, and identifying the meaning 

of tenses to temporal objects are unsolved problems in NLP [21]. Representing and inferring world 

knowledge, and common knowledge, in particular, is also challenging. The pragmatic interpretation seems 

to be open-ended and difficult for machines to grasp. 

5 Conclusion 

The good news is that NLP has made a huge leap from the periphery of machine learning to the forefront 

of the technology. The more the attention paid to language and speech processing, the faster becomes the 

pace of advancement and innovation. The combination of NLP techniques with deep learning has started 

to yield results and can become the solution for many issues especially for the healthcare industry. It just 

might take some more time. Recently (August 2020) Google search released new open-source Analytic 

platform called Language Interpretability Tool (LIT) to support local explanation comprise of salience maps, 

attention and rich visualizations of model prediction and to support aggregate analysis encompassing 

metrics, embedding spaces and flexible slicing. NLP –Driven Literature Search Engine helps in extracting 

relevant Covid information for medical innovation. 
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