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The natural language processing (NLP) technology can serve as an interaction between computers and humans using

linguistic analysis and deep learning methods to obtain knowledge from an unstructured free text. The NLP systems have

shown their uniqueness and importance in the areas of information retrieval mostly in the retrieval and processing of large

amount of unstructured clinical records and return structured information by user-defined queries. In general, the NLP

system is aimed at representing explicitly the knowledge that is expressed by the text written in a natural language. 
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1. Introduction

Remote diagnosis systems are becoming increasingly popular and accurate, with enormous advantages such as cost-

effectiveness, fast and reliable decision support for medical diagnostics, and treatment and prevention of disease, illness,

injury, and other physical and mental damages in human beings . The rise in remote health services (or telehealth)

offered by healthcare institutions coincided with the evolution of assisted living systems and environments, aiming to

widen the possibility for older and disadvantaged people to access appropriate healthcare services and thus improve their

health status and clinical outcome . With the increase in the innovation of medical technologies, there is a need to adopt

medical expert systems that will oversee and control diagnosis and treatment processes. Medical diagnostic processes

carried out with the aid of computer-related technology which is on the rise daily have improved the experience and

capabilities of physicians to make an effective diagnosis of diseases while employing novel signal processing techniques

for analysis of patient's physiological data and deep neural networks for decision support. With the rise of artificial

intelligence (AI) techniques, chatbots have appeared as a promising direction in streamlining the communication between

doctors and patients . Such chats are becoming increasingly popular as remote health interventions are implemented in

the form of synchronous text-based dialogue systems . Patients with chronic diseases could make the most advantage

from the use of chatbots which can continuously monitor their condition, provide reliable up-to-date information, and

remind them of taking medication . For the effective use of chatbots in the healthcare domain, chatbot technology needs

advanced reasoning capabilities based on the formalization of medical knowledge (semantics) and the health state of

patients coupled with language vocabularies and dialogue engines .

2. The applications of NLP techniques

There are few applications of the NLP techniques in diagnosing diseases despite the enormous amount of text-based

information, which can be retrieved from patients’ self-narrations . The main challenges addressed by the application of

NLP for medical records are flexible formatting, structure without sentences, missing expected words and punctuation,

unusual parts of speech (POS), medical jargon, and misspellings . Linguistic structures such as coreferences make

medical texts difficult to be interpreted . Moreover, unique linguistic entities such as medical abbreviations make the

inference of knowledge from medical texts much harder .

The extraction of knowledge from the electronic health record (EHR) is a growing area of interest in medicine, and the use

of electronic medical records (EMRs) at the healthcare center and on the cloud  has provided a vast amount of data to

be analyzed. An EMR is a digital record of health-related information that is created, collected, and managed by medical

experts . Compilation of existing and available medical data complications includes integrating NLP into multiple EMRs,

ensuring privacy and security of patients’ data , and clinical validation of a tool. All these can be overwhelming to

medical research for improving patient care. However, the application of NLP techniques to screen patients and assist

medical experts in their diagnosis would serve as a boost in successfully improving healthcare services through effective

analysis of the narrative text of symptoms provided by a patient.
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The successful adoption of chatbot technology has shown effective interaction between users and machines especially in

various domains within the healthcare system. However, there are some limitations with some of the methods proposed in

the literature such as challenges associated with the static local knowledge-based in chatbots and time consumption

during training especially for a specific domain . Therefore, there is a need for a future study to develop chatbot

software with more scalability, increased data sharing and reusability, and an improved conversation.

The continuous growth of mobile technology has affected every facet of human life around the globe as its support of

healthcare objectives through telemedicine, telehealth, and m-health  has helped to diagnose and treat patients at low

cost especially in the developing countries, where there are limited options of diagnosis and treatment. Out of various

communication media available on mobile devices, short messaging service (SMS) has proven to be unique and reliable

due to its low cost, reliable delivery, personal to users, and not Internet-oriented service . Considering the need to

provide good medical care to everyone including rural dwellers with poor electricity and slow Internet connections, it is

therefore important to integrate SMS with a medical diagnosis system, thus establishing an SMS-medical diagnosis

system to best meet the needs of a common man. Considering the overall progress and research efforts made by

researchers in improving e-health systems and designing decision support systems (DSS) , there is still much work

to be done for effective understanding and identifying key features based on NLP for enhancing diagnosis, thus improving

good health and well-being of the global society at large.

Several chatbots with medical-related applications are provided on social networking platforms such as Facebook. For

example, the FLORENCE bot reminds the users when to take their medication and monitors their weight and moods.

SMOKEY warns the users of bad air quality. HealthTap provides answers using a database of knowledge that contains

similar questions. Google provides the Dialogflow Application Programming Interface (API) for the integration of NLP to

the target applications. Woebot provides a cognitive behavior therapy service for patients with and has been tested with

depression . It allowed reducing their symptoms of depression as evaluated by the depression questionnaire PHQ-9.

XiaoIce is a social chatbot that emphasizes emotional connection , while using deep learning for meaningful response

dialogue tasks. Chatbots are also used in suicide prevention and cognitive behavioral therapy, aiming at-risk groups such

as HARR-E and Wysa . The service is delivered over SMS rather than social networks, which require very good

Internet connectivity often unavailable in remote rural regions of developing countries, while the described solution

focuses on the niche domain of tropical disease symptom assessment.

Summarizing the existing medical diagnosis systems (MDS) often adopts poor decisions due to interpretation of the text-

based input provided by the patient. Therefore, there is a need to automate MDS for efficient diagnosis of diseases and

support their decisions based on the severity of symptoms. Moreover, the medical experts need a platform to keep track

of large text-based chunks of knowledge narrated by patients in a natural language, hence improving healthcare delivery

for remote patients.
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