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Definition: Machine learning (ML) is a study of computer algorithms for automation through experi-
ence. ML is a subset of artificial intelligence (AI) that develops computer systems, which are able
to perform tasks generally having need of human intelligence. While healthcare communication is
important in order to tactfully translate and disseminate information to support and educate patients
and public, ML is proven applicable in healthcare with the ability for complex dialogue management
and conversational flexibility. In this topical review, we will highlight how the application of ML/AI
in healthcare communication is able to benefit humans. This includes chatbots for the COVID-19
health education, cancer therapy, and medical imaging.
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1. Introduction

Artificial intelligence (AI) is a computer program’s capability to perform a specific
task or reasoning processes that we generally associate with intelligence in human beings.
Primarily, it has to do with making the right decision with vagueness, uncertainty, or
large data. A large quantity of data in the healthcare field, from clinical symptoms to
imaging features, requires machine learning algorithms for classification [1]. Machine
learning is a technique that utilizes pattern recognition. AI has been implemented in
several applications in the clinical field, such as diagnostics, therapeutic and population
health management. AI has a considerable impact on cell immunotherapy, cell biology
and biomarker discovery, regenerative medicine and tissue engineering, and radiology.
Machine learning in healthcare applications are drug detection and analysis; disease
diagnosis; smart health records; remote health monitoring; assistive technologies; medical
imaging diagnosis; crowdsourced data collection and outbreak prediction; and clinical trial
and research [2]. A large quantity of data, also known as big data, is now available to train
algorithms [3]. Several algorithms consisting of Convolution Neural Network (CNN) of
more than a 100 layers have been used to diagnose pneumonia conditions. Several studies
show that several algorithms can perform at the same level as a clinician and in some cases
outperform clinicians. Specialists are still needed, however, as they can ensure safety and
monitor AI output. AI does not hope to replace clinicians but to assist them and make
their job more efficient. Facial analysis technologies have the capability to perform at the
same level as clinicians with the help of deep learning. The Food and Drug Administration
(FDA) has granted approval for a significant number of proprietary algorithms intended
to be used for image analysis and interpretation; a prominent example would be Aidoc
used in radiology to detect intracranial hemorrhage [4]. AI is used heavily in medical
imaging to help in rendering medical diagnoses. Machine learning in medical imaging
typically starts with algorithms looking for image features it believes to be important
and will yield better predictions. A decision tree is an algorithm system, it identifies
the best combination of features to classify the image or compute specific metrics for
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the image region. Several methods are also used for this purpose where each has its
own weaknesses or strengths [5]. AI needs to be evaluated for stability and safety before
it can be implemented in clinical settings. There have been many research papers on
evaluating AI’s decision-making and clinical decision support. The recent advances in
AI and the introduction of PyTorch, DeepLearning4J, TensorFlow, and Keras have led to
the development of numerous algorithms that is available to clinicians to implement in
many applications [6]. Machine learning allows us to make informed clinical decisions
through insights from past data and is the core of evidence-based medicine. AI provides
techniques to analyze and reveal complex associations that are difficult to convert into
an equation [7]. A neural network is a model aspiring to mimic how the human brain
works. It is composed of large numbers of interconnected neurons. Machine learning can
utilize this to solve complex problems by analyzing evidence to provide an appropriate
conclusion. Machine learning can simultaneously observe and process at a very fast pace
with almost limitless inputs. It carries a transformation pattern to healthcare supported by
clinical data’s extensive availability and recent advancement in analytics systems. Machine
learning technique mimics medical practitioners in complicated problem solving through
cautiously considering proof to make valid decisions [8]. AI and deep learning have
been enabled by labelled big data and improvements in cloud storage modalities, and
enhancement in computing power. In medicine, it has a significant impact at three levels:
for the health system by improving workflow and the potential for reducing medical errors;
for clinicians primarily through rapid, accurate image interpretation; and for patients by
having the ability to process data, which ultimately promotes health [9]. Chatbots have
high potential in a clinical setting, but for them to be used safely in clinical settings, they
first need to be evaluated like a novel medical device or like a new drug [10]. Two very
important factors in terms of patient care for physicians are knowledge and experience;
however, in terms of gaining knowledge by cumulating data, humans are limited, but
machine learning can excel in that area [11]. Machine learning can generally be classified
into two categories: supervised learning and unsupervised learning [12].

2. Machine Learning Technology
2.1. Natural Language Processing (NLP)

Machine learning is computer-based, and its primary objective is to analyze free form
text or speech that follows a predefined set of theories and technologies such as linguistic
and statistical methods, which obtains rules and patterns from the analyzed data. It can
convert the text into a structured format that follows a hierarchy. The itemized elements
have a fixed organization and standardized terminology for each element. These texts are
easily queried and manipulated. Pattern similarity and linguistic analyses are the primary
NLP technologies used. Pattern matching is a straightforward and fundamental text
searching technique. It is essential to form complex NLP. Stemming is always used in NLP
that uses language morphology knowledge to convert a given word down to its simplest
form or root. Stemming is, therefore, suitable for agglutinative languages, while other
languages need lemmatization. Breaking texts into tokens or chucks is another application
of pattern matching, also known as tokenizing. Linguistic NLP systems read words as a
symbol combined based on grammatical rules, and usually rely on the assumption that
words forming sentences/expression/texts are conceptual and meaningful. A computer
algorithm uses both syntactic and semantic knowledge to infer what concept modifies
another concept. With the era of deep neural networks, word n-gram features are replaced
with the word or sentence embedding; however, similarity obtained from linguistics NLP as
a feature in classification algorithm often gives better results [13]. Natural language systems
are used in many important clinical and research tasks such as NLP-based computational
phenotyping, like clinical trial screening, pharmacogenomics, diagnosis categorization,
novel phenotype discovery, the interaction between drugs, and detection of adverse drug
events [14]. Several natural language processing systems that are developed for clinical
use are shown in Table 1 [15]:
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Table 1. Natural language processing (NLP) application system [15].

System Name Brief Description

ASLForm
It is an adaptive learning system that has some fundamental
rules for finding a target text. As a user selects output, it
continuously and simultaneously updates.

COAT
It is a clinical note processing system that is rule-based and
uses machine learning (through WEKA) components with the
integration of MetaMap Transfer.

LEXIMER
It was implemented to render medical imaging and has the
ability to find significant recommendations and clinical
findings from CT and MRI reports.

Barrett et al. (unnamed) It can identify 17 serious sentinel events such as sepsis,
dyspnea, and delirium in palliative carte consult letters.

Martinez et al. (unnamed) It takes NegEx, Genia Tagger, and MetaMap as input and can
classify cancer staging pathology reports.

Otal et al. 2013 (unnamed) It can detect T cancer staging classification. It uses WEKA.

Wieneke et al. 2015 (unnamed)
It can extract results, laterality and procedure from breast
pathology reports, and if high NPV and high PPV classifiers
do not agree, then it is sent for manual review.

NLP is used to translate or map phrases or words onto concepts by tokenizing, lemma-
tizing, and mapping each lemma. By taking each token as a weighted linear combination
of topics, like a generalized linear model as a dependent variable, which is a weighted
linear combination of independent variables. It is called Latent Dirichlet Allocation, also
known as topic modeling. Application of NLP in Free Open Access Medical Education
is an excellent source of educational materials. Free Open Access Medical Education’s
resource includes websites, blog posts, or podcasts. Those interested in medical care
can comment, discuss and provide insight to content relative to medical care. NLP can
help organize Free Open Access Medical Education by identifying which topics are most
prevalent. An algorithm can automatically rate each website, enhances Academic Life in
Emergency Medicine, which relies on a panel of experts who review blog posts individu-
ally [16]. Gene name normalization involves list-wise learning, conditional random fields,
graph-based normalization, regression-based methods, and semantic similarity techniques.
The different application uses different methods. Some examples are using naïve Bayes
machine learning system to link SNIMED to keywords or phrases from clinical records;
Kate normalized clinical phrases to unified medical language system (UMLS) IDs using
the pattern distance calculation method. Other applications use MetaMap, Knowledge
Extraction System (cTAKES), or clinical text analysis to extract and map a term to concepts
in UMLS. In 2015, the Clinical TempEval challenge was to extract temporal information
from the clinical note. All of the systems used supervised classifiers to solve the challenge,
and all of them outperformed the rule-based systems. Marine Health information exchange
EMR database’s clinical notes were used to train and test an NLP system. The system can
find congestive heart failure cases with an F-score of 0.753. Machine learning was used
to analyze electronic health records to evaluate the risk of suicide dependent on physical
illness. Medicare providers and Centers for Medicaid have tried to evaluate patients that
are at high risk for readmissions. These patients are followed up to receive appropriate
intervention [17]. Shared task organized for the advancement of NLP in clinical data was
formed to provide a good source of resources for future training purposes. It allows the
global research community to take on challenges that would otherwise be out of reach.
Clinical NLP shared task utilized social media data such as forum posts; Twitter, journal
articles such as PubMed, and electronic health records such as psychiatric evaluation
records, pathology reports, and nursing admission notes; and other health-related docu-
ments such as drug labels [18]. Clinical notes in neurology or in the field of cardiology
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are useful for deriving metadata in the development of downstream machine learning
applications. A pipeline was constructed using the clinical NLP system, UMLS, cTAKES,
Metathesaurus, Semantic Network, and learning algorithms. The pipeline was used to
extract features from two datasets. The study shows that a supervised learning based
NLP approach is beneficial for developing medical subdomain classifiers [19]. A new
prototype NLPPReViz was designed for clinical researchers to review, train, and revise
NLP models. The prototype study involved nine physicians. The study group built and
reviewed models with two colonoscopy quality variables. Using the initial training set as
small as ten documents led to a final F1 scores variable between 0.78 and 0.91 [20]. The
medical literature relevant to germline genetics is increasing at a rapid pace. As a tool that
helps monitor and prioritizes literature to understand pathogenic genetic variants, their
clinical implications are very beneficial. A study developed and evaluated two machine
learning models to classify abstracts that are correlated to cancer proliferation for germline
mutation carriers or the normality of germline genetic mutations. The first model utilizes a
support vector machine (SVM) that learns a decision rule that is linear based on the bag of
n-gram representation of each abstract and title. The second model is a CNN that learns a
set of parameters based on the raw abstract and title [21]. Bao’s study proposed a clinical
text classification model. The model utilizes knowledge guided deep learning. The trigger
phrases or words were found using rules, and they were used to label an example set.
The example set was then later used to train a CNN. The result showed the CNN models
effectively capture the knowledge of the domain and can learn hidden features by utilizing
the target words and concept unique identifier (CUI) embeddings. Their model was able
to outperform the state of the art methods in the i2b2 obesity challenge [22]. In maternal
death, suicide can be prevented if quick appropriate action is taken to mitigate risk. A
study was done to use NLP in electronic medical records to evaluate and find pregnant
women with suicidal behavior. Three algorithms were validated to classify the suicidal
behavior and obtain-curated features [23]. NLP in other languages is challenging because
it is not as extensively explored as it in the English language; however, it offers many
beneficial advantages such as text mining from the health record of non-English speaking
countries. It also allows the chatbot to communicate with participants that do not speak
English. Some of the languages where NLP has been explored are French, German, Spanish,
Japanese, Chinese, Dutch, Swedish, Portuguese, and others. Jacob used deep learning to
detect health-related infection in Swedish patient records. Lopprich described a system
using NLP for the German language to classify multiple myeloma patients, and the study
was conducted at Heidelberg University Hospital. Metzger showed that the development
of machine learning-based classifiers that make use of free-text data could identify suicide
attempts. The study was done in a French Emergency department, and the study result
shows promising results [24]. A variety of NLP methods, with an overall shift towards
deep learning, were observed in the last four years. Deep learning can automatically find
mathematically and computationally convenient phrases or abstracts from raw data that
can be used for classification without having explicit defined feature [25].

2.2. Deep Neural Network (DNN)

The computational power of deep learning has revolutionized modern AI. It led to the
start of many new research companies in recent years [26]. Deep learning can automatically
determine the parameters that are deep in a network-based, which is based on experience.
Neural networks have multiple hidden layers that have been discovered for a long time
but never have been explored to this degree before. In the 1980s, it was a popular idea in
the field of cognitive science and frequently used in the field of engineering [27]. DNN
can operate with supervision or no supervision. In machine learning, data complexity is
often reduced to highlight the correlated patterns. DNN can achieve that, and it has the
ability to learn input data order representation independently and generally requires a
high volume [28]. Deep learning is artificial neural networks (ANN) having one or more
hidden layers. It resembles the human brain due to how it functions. Deep learning can
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achieve higher accuracy if trained on big data, especially in the medical field. Useful
and important information from big data can be extracted with deep learning. ANN is
the fundamental base of DNN. ANN is a classification and a regression algorithm and
quite popular. It has multiple layers and computes by mimicking the transmission signal
and has a human brain like neuron architecture and synapses. ANN is composed of
artificial neurons that are interconnected. Each neuron uses activation functions to output
a decision signal according to the weighted sum. In ANN, many computing units are
merged. DNN is composed of stacked layers assembled in a series. The first layer is for
input, while the last layer is for output, with hidden layers from the second layer to as
many layers as required. DNN extends the depth of layers and yields improved prediction
and performance with more complex layers in recognition studies [29]. Deep learning is
used heavily for gene expression and classification. Forest DNN is a new classifier that
was introduced, which integrates the DNN architecture with a supervised forest detector.
It can overcome the overfitting problem by learning sparse feature representations and
uploading the data into a neural network [30]. DNN is used in the prediction of protein
interaction using primary sequences [31]. Deep learning is used in many areas of radiology.
CheXNeXt based on CNN was developed to simultaneously detect 14 different pathologies,
including pleural effusion, pneumonia, pulmonary masses, and nodules in frontal-view
chest radiographs [32]. A DeepNAT, which is a 3D Deep CNN, was introduced to be
used in T1 weighted magnetic resonance images to auto segment neuroanatomy. It learns
abstraction feature and multiclass classification in brain segmentation by utilizing an end-
to-end approach [33]. The structured report enhances communication between radiologists
and providers. In order to convert unstructured computed tomography (CT) pulmonary
angiography reports into a structured format, a deep learning algorithm was employed.
The algorithm converted free text conclusion into structured reports efficiently and yielded
high accuracy. Overall, it increases communication between radiologists and clinicians
without any common major downfall such as losing productivity. It provides enhanced
structured data for research and data mining applications [34]. Public health monitoring
and management is an important aspect of government administration. It provides insights
into the best strategies to implement. Health status monitoring and investigation has
traditionally been conducted through surveys and responses from targeted participants;
however, it is very costly and time consuming. Social media based public generated content
related to health can be used to predict health outcome at a population level. It makes
use of linguistic features to analyze text data. It also makes use of visual features by
utilizing deep neural networks. Two large-scale online social networks were used for data
collection: Foursquare and Flicker, in order to predict U.S. health indices. The experimental
result concluded the prediction made from social data yields comparable results and
outperform textual information [35]. For a majority of the people, speech is the primary
method of communication and the use of a microphone sensor allows computer–human
interaction. Using speech signals to quantify emotions is an emerging area of research in
human–computer interaction. It can be applied to multiple applications such as virtual
reality, healthcare, human reboot interaction, behaviour assessment, and emergency call
centers, where being able to determine the speaker’s emotional state from just speech is
very beneficial. A system that is able to learn discriminative and salient features from
spectrogram of speech signals using deep convolutional network was developed. Local
hidden patterns are learned in convolutional layers that have special strides to down
sample the feature maps rather than pooling layers, and full-connected layers are used
to learn discriminative features. A SoftMax classifier was used to classify emotions in
speech [36]. A bidirectional recurrent neural network containing the attention layer was
used to develop a chatbot with Tensorflow, capable of taking a sentence input with many
tokens and replicate it with a more appropriate conversation [37].
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3. Application of Machine Learning in Healthcare Communication
3.1. Overview of Chatbot

A chatbot is a form of a computer system that lets humans use natural human lan-
guage to interact with computers. Some examples of modern chatbot systems are AliMe,
DeepProbe, SuperAgent, MILABOT, and RubyStar [38]. ELIZA is the first chatbot de-
veloped by Professor Joseph Weizenbaum at the Massachusetts Institute of Technology.
ELIZA showed that communication with a computer is possible by utilizing language
conversion. Key features of ELIZA were keyword spotting and pattern matching with
200 stimulus-response pairs. A.L.I.C.E. was developed as a modern version of ELIZA that
first surfaced in 1995. A.L.I.C.E. had quite a lot of interesting features, such as case-based
reasoning that extracts the correct context of ambiguous words, knowledge base both tem-
poral and spatial, random sentence generator, spell checker, and 45,000 stimulus-response
pairs. VPbot was later introduced as a SQL based chatbot to be used for medical appli-
cations. VPbot uses a relational data model to store “language rules”. VPbot focused on
a targeted topic of conversation. The VPbot algorithm takes three input parameters, a
vpid (unique identifier of each VPbot instance), the current topic, and a sentence. The
VPbot exports a new sentence and a new topic [39]. A chatbot can recognize the user input
through many forms and access information to provide a predefined acknowledgment [40].

3.2. Patient Care

Healthcare chatbots have high potential in medical communication by improving
communication between clinic–patient and doctor–patient. It can help fulfill the high
demand for health services through remote testing, monitoring of medication follow-up,
or telephone consultations. A chatbot can conduct fast and easy health surveys, set up
personal health-related reminders, communicate with clinical teams, book appointments,
and retrieve and analyze health data. Chatbots can provide fast or instant responses to
patients’ healthcare-related questions while looking for specific symptoms or patterns in
predicting disease. An example would be the Internet-based Doc-Bot, which operates
via mobile phone or Messenger. The bot can be tailored for specific health conditions,
populations, or behaviors [41]. Chatbots’ bidirectional exchange of information with
patients can be used to screen treatment adherence or to collect data. They can be applied
through several methods, such as text-based services like chat rooms, text messaging,
mobile applications, or audio services, such as Alexa, Siri, Google Assistant, or Cortana.
The iDecide chatbot can deliver information about prostate cancer, such as risk factors,
epidemiology, treatment options, and side effects. A study was done to observe the
effect of iDecide on prostate cancer knowledge on African American men aged 40 years
and over with a prior history of prostate cancer. The study result showed significant
improvement in prostate cancer knowledge after using the iDecide bot. A significant
number of cancer patients are likely to face severe anxiety or depression. A web-based
chatbot, Woebot, for cognitive-behavioral therapeutics was studied. The study’s objective
was to determine the acceptability, feasibility, and preliminary efficacy of a fully automated
conversational agent to deliver a self-help program for people with anxiety and depression
symptoms. The result showed the patients that engaged with Woebot significantly reduced
suppressed depression during the study period, where the control group showed no
change in depression levels. In radiation, an oncology chatbot can collect patient-reported
outcomes during and after the treatment in a convenient manner. Algorithms can be used
to red-flag the most at-risk patients or trigger an additional consultation with the physician
and enroll in supportive care treatments [42]. To live a healthy life, accessibility to good
healthcare is essential. Sometimes it is not easy to consult with a doctor due to availability
and cost. A medial chatbot was proposed to provide a solution without having to consult
a doctor. Chatbots can act as a medical reference book that can provide patients with
further information about their disease and appropriate short-term preventive measures.
For the chatbot to be viable, it is vital that the chatbot can diagnose all kinds of diseases
and provide the necessary information. The bot interacts with patients and obtains their
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medical issue through conversation and gives personalized diagnosis that corresponds to
their symptoms. It will allow them to have the right protection [43]. A chatbot was used
as a medical consultant. It used doctorME application to gather treatment records and
symptoms information [44]. Another chatbot design that was proposed can provide an
answer for any query based on the FAQs using Latent Semantic Analysis and Artificial
Intelligence Markup Language (AIML). The answers were primarily accurate and efficient.
AIML was used to answer general questions like greetings, which follows a template, and
service-based questions were answered using latent semantic analysis [45]. Mandy is a
primary care chatbot that can automate the patient intake procedure and help healthcare
staff. The chatbot carries out an interview, tries to understand the patient’s complaints,
and provides reports to the doctors or healthcare professional for further analysis. The
system provides a mobile app to the patients, which is a diagnostic unit and a doctor’s
interface that can be used to access patient information. The diagnostic unit has three
main parts: an analysis engine that takes the patient’s symptom information and analyzes
them, a symptom-to-cause mapper for reasoning about potential cause, and a question
creator to produce further questions. The system is a knowledge-powered data-driven
natural language processing modality [46]. Chatbots function similarly to how a search
engine works; however, the chatbot provides one answer where search engine provides
multiple outputs. The chatbot is focused on becoming a search engine for the next task,
which correlates to the previous task, which makes its input processing efficient. What
makes a chatbot efficient and gives the feeling of an actual human is its extension and
prerequisite enabled relations between responses. A chatbot can provide various responses
to match the chat context [47]. Traditional chatbots lack the capability to have conversations
with respect to the social context. Dialog considers both social and individual processes.
Augello proposed a chatbot model that is able to choose the most suitable dialogue plans
according to appropriate social practice [48]. The research in human–computer interaction
on the chatbot dialogue system equipped with an audio-video interface shows promising
results. They are equipped with catchy interfaces using human-like avatars capable of
adapting their behavior to match the conversation context. They can vocally communicate
with users through a text to speech systems and automatic speech recognition. The visual
aspect of interaction gives it the ability to synchronize speech with an animated face
model. It plays an important role in human–computer interaction. These kinds of systems
are called talking heads [49]. A chatbot often acts as a virtual assistant. It can have its
virtualization. Its conversational skills and other behavior are simulated through AI [50].
Chatbot technology generally uses pattern matching to analyze the user’s input. It uses
templates to find and release output. Conversational interfaces these days are built to
communicate like a human and try to mimic human conversation as much as possible.
The automated online assistant is designed to assist, or even replace humans in some
cases, and provide the service on its own [51]. The ability to connect with patients with
a proper understanding of their situation is very important in AI development. There
is a study regarding breast cancer patients communicate and respond to chatbot Vik.
Vik communicates via text message and responds to any concerns or fears and gives
prescription reminders. Human companionship and empathy is not replaceable but of
the 4737 patients studied, 93.95% of the patients recommended Vik to their companions.
This study shows that patients desire personalized focused support and care [52]. Kbot is
a knowledge enabled personalized chatbot introduced for asthma self-management [53].
Nurse Chatbot can provide chronic disease self-management support. It can simulate
anatomy (judgement) by super positioning. It has the ability to exhibit self-organization,
cognitive and emotional response and makes communicative healthcare management
possible. Some of its functions are setting goals for modifying behavior based on self-
efficacy. It can offer options to make the patient adhere to medications and suggests healthy
behaviors based on prediction. Laranjo’s review of healthcare chatbots shows a significant
effect of depression reduction due to the use of a chatbot. Patients that received chatbot
care are expected to follow medication regimen better, healthy behaviors, and control
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the symptoms better. According to Tanioka’s review, humanoid robots can be a viable
option to care if they can deeply empathize, observe, understand/judge, and be responsive
to condition change, and have the ability to personalize care, normalize the discourses
related to safety and ethical problems. The latest chatbots running on neural network
can achieve real human response due to their dialogue being a hybrid of rule-based and
generation-based model. AI in nurse chatbot is inspired by Froes’s view of biological
cognition. It had a pre-reflective process acting on the training data sets similar to text
corpus, feedbacks, and chat. Deep learning function is used to extract patterns and their
occurrence was predicted using a recurrent neural network algorithm. Reflective, on the
other hand, is used in NLP, where text inputs were lemmatized by removing prefixes
without changing the core meaning [54]. PARRY was another chatbot that was developed,
which can simulate a paranoid patient [55]. Interest in mental health chatbots has gained
considerable attention where many companies labeled them “the future of therapy” [56].
A digital chatbot to support nurses and prevent risk of hospitalization for older adults was
also explored and the study shows promising result [57].

3.3. Radiology and Radiotherapy

An AI-based online support group was proposed that uses machine learning NLP to
automatically cluster patient data. Patient behaviors, demographics, decisions, emotions,
clinical factors, and social interaction were extracted and analyzed. Patient-centered infor-
mation about all medical illnesses and conditions are resourced into online support groups.
A recent study shows that a majority of the people, approximately more than 80% of the
user with Internet access, look for medical-related information through online medical
resources or social media. Online support groups provide comfortable virtual spaces with
animosity for patients, careers, and general information seekers. It allows them to obtain
advice, express emotions, and share experiences. Online support group discussions are
discussion threads. The thread starts with a question, experience, or comment related
to a patient’s health issue. In online support group posts, patients often mention their
clinical information, relevant decision factors, demographics, decision-making process,
and emotion. The timeframe of emotional and clinical information is stored in the post’s
timestamp and generally mentioned in the post content. This information in social media
posts is often hidden in a large amount of unstructured text data. Advanced machine
learning, deep learning, and NLP can offer solutions to this problem. A Patient-Reported
Information Multidimensional Exploration framework was proposed to automatically
analyze patient behaviors, patient emotions related to diagnosis, clinical factors, and treat-
ment and recovery [58]. Radiology educational post on social media is beneficial. A study
was conducted with 2,100 responders from 124 countries, with most of them aged below
40. The study result shows that the participants have found that the radiology education
posts on social media was useful [59]. An oncology-based chatbot, OntBot, was developed.
OntBot uses suitable mapping techniques to transform knowledge and ontologies into a
rational database and then use the database to run the chat. This approach overcomes
several traditional chatbot hurdles, such as the use of chatbot specific language (AIML),
high bot master interference, and premature technology. OntBot has an easy interface
that makes use of natural language and great support for the user [60]. Cloud computing
is a set of technologies that offers storage and computing service. This highly popular
computing system can significantly enhance dose calculation efficiency using Monte Carlo
simulation in radiation treatment planning that involves complex and intensive mathe-
matical computation [61]. A graphical user interface using Monte Carlo simulation for
the external beam treatment planning was studied and showed brilliant machine learning
implementation. The Monte Carlo simulation was carried out in parallel using multiple
nodes in a high-performance computing cluster [62]. Different imaging modalities, such as
computed tomography (CT), magnetic resonance imaging (MRI), single-photon emission
computed tomography (SPECT), and positron emission tomography (PET) data integration
will yield more accurate and detailed images. It will be very beneficial to have the modali-
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ties automatically recognize the patient’s organ in the treatment using various machine
learning techniques, such as pattern recognition. Such a smart machine learning algorithm
can be developed using minded data. Machine learning methods can take advantage of
the big data cloud. Deep learning allows large-scale image recognition tasks, and it is
done through a series of pooling, classification, and convolutions. In treatment planning, a
knowledge-light adaptation idea was explored using case-based reasoning system. The
idea was tested on 3D conformal treatment planning for breast cancer patients. The study
result showed the neural networks based system increased the success rate by 12% while
the adaptation-guided retrieval of the case for beam number improved the success rate of
the system by 29% [63]. An app for smartphones or tablets to calculate the monitoring unit
in superficial and orthovoltage skin therapy was developed with the frontend window as
shown in Figure 1. The app can run on both Android and Windows operating systems and
can calculate the monitor unit. It takes advantage of all-natural features of the Internet,
such as live communication, access to the Internet, data sharing, and transfer. The app
loads the available mean energies. The app uploads and displays the available cones
or applicators compatible with the selected energy. The user needs to input the desired
cone from the availability list, prescribed dose, and number of fractions the dose will be
delivered in. The app will find and provide the treatment faction dose or daily dose [64].
Machine learning can predict dose-volume parameters, such as the dose distribution index
in radiation treatment planning quality assurance. In order to determine the parameter
efficiently and effectively, the machine learning algorithm needs to be selected appropri-
ately with performance, as shown in Table 2 [65]. Telehealth or telemedicine is health
resources or services administered through telecommunications or electronic information
technologies. It supports long-distance professional and patient health-related education
and clinical health care. Telehealth allows remote bidirectional information flow and visual
and audio interaction with patients. Telephone follow-up can be used to address the
psychological aspect of disease and treatment. Studies in various cancer subgroups are
acceptable to have telephone follow-up in prostate, brain, endometrial, colorectal, and
bladder cancer. Potential cost benefits studies also studied the impact of telehealth and how
it can help to manage cost in healthcare and overall improve quality of life for patients. One
study has examined remote symptom monitoring in 405 cancer patients with depression or
cancer-related pain or both. With the use of a telehealth system, patients with depression
had greater improvements combating depression and patients with cancer-related pain had
impactful brief pain relief compared to control [66]. Vivibot is another chatbot developed
to deliver positive psychology skills and influence a healthy lifestyle in young people after
cancer treatment [67]. It is another chatbot that was introduced to promote physical activity
and a healthy diet was [68].

3.4. Education and Knowledge Transfer System

In order to provide a practical collaborative healthcare workforce, interprofessional
education is essential. Interprofessional education occurs when more than one profession
learns with, or from, or about each other. Its main purpose is to increase collaboration and
improve healthcare quality. It provides a collaborative framework and provides insight
into how each discipline contributes without losing its own identity [69]. Text mining and
computational linguistics are two computationally intensive fields where more options
are becoming available to study large text corpora and implement corpora for various
purposes. In these systems, the analysis of text does not require a deep understanding
technique. AIML is the assembly language for the AI conversational agent, such as a
chatbot in most cases. A study uses corpora seed to extract relevant keywords, glossary
building, text patterns, and multiword expressions to build AIML knowledge and use it to
build an interactive conversational system [70]. High-quality information can be extracted
from an online discussion forum that can be used to construct a chatbot. In one of the
studies, the replies that were logically related to the thread title of the root message are
obtained with a SVM classifier from all the replies based on correlation. Then the extracted



Encyclopedia 2021, 1 229

pairs were ranked based on content qualities. Finally, the top N pairs were obtained to be
used as chatbot knowledge [71]. In the last few years, there was a rapid increase in chatbots
in various fields, such as health care, education, marketing, cultural heritage, supporting
system, entertainment, and many others. The chatbot in the educational domain has high
potential, especially when delivering medical science knowledge. Fabio’s paper shows the
implementation of such a chatbot as a teaching medium and demonstrated its utility [72]. A
chatbot can be used in instructional situations for educational purposes due to its interactive
ability as opposed to traditional e-learning modules. Students can continuously interact
with the chatbot. They can ask questions related to a specific field. A chatbot can also be
used to learn or study a new language. It can be used to visualize a corpus’s content, a tool
to access information systems, and a tool to give answers to questions in a specific domain.
Some chatbots can be trained in any language or any text [73]. Chatbots have high potential
in distance education. A chatbot named Freudbot was introduced. It was constructed with
the open-source AIML, and its main purpose was to increase student interaction in distant
education. Fifty-three students in a psychology class completed a study where they chatted
with Freudbot for 10 min via the web. They then provided feedback about their experience
with the chatbot and demographic description. The questionnaire result shows a neutral
evaluation of the chat experience. However, the participants positively encouraged the
further exploration of chatbot technology. They also provided clear feedback for efficient
future development and improvement. The chatbot shows high potential in distance
education [74]. Chatbots are also used in other domains, like a dialogue-based natural
language chatbot that can act as an undergraduate advisor [75]. As a computer simulation
in a scholarly communication system, its primary goal is to provide a virtual chatting
companion. It generated a communicative response corresponding to the user input. The
dialogue context is generated from its personality knowledge, inference knowledge, and
common sense knowledge [76]. A stress management chatbot was introduced to deliver a
brief motivational interview in web-based text massaging format to relieve stress [77].
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Table 2. Table summarizing the root mean square error (RMSE), R-squared, prediction speed, and
training time of models created in the Regression Learning App available in the MATLAB’s Machine
Learning and Statistical Toolbox, using five dose-volume points from each dose-volume histogram
(DVH) with 4-fold cross validation. They are ordered from the best performance to worst [65].

Machine Learning Algorithm RMSE R-Squared Prediction Speed
(Observation/s) Training Time (s)

Square Exponential GPR 0.0038 0.99 4100 0.18

Matern 5/2 GPR 0.0038 0.99 3800 0.21

Rational Quadratic GPR 0.0038 0.99 2700 0.23

Linear Regression 0.0045 0.98 1700 0.37

Exponential GPR 0.0125 0.87 3900 0.18

Linear SVM 0.0123 0.87 4500 0.21

Quadratic SVM 0.0151 0.81 3400 0.13

Cubic SVM 0.0193 0.68 4700 0.11

Fine Tree 0.0218 0.60 4600 0.10

Medium Tree 0.0305 0.21 4600 0.42

Coarse Tree 0.0344 0.00 5600 0.09

AI has much potential, but it can also have profound health effects due to sample
size and misclassification, underestimation, and measurement error [78]. If an AI is not
safe, it should not be trusted. To assess trust, safety, interfaces, procedures, oversight,
and system-level workflow, collaboration is needed between AI systems, administrators,
patients, and clinicians. At the current state, conversational AI is not ready to completely
replace human therapists anytime soon. Training the AI model for psychotherapy sessions
is a difficult task. Psychotherapy sessions are rarely recorded, and if they are recorded,
they pose a considerable risk to the patient. Not just in psychotherapy but also with
any medical data, confidentiality is a big problem since a breach of confidentiality could
seriously harm the patient. AI can reduce costs significantly and make the therapy sessions
more engaging to people who experience stigmatization from talk therapy. It also allows
easy access to healthcare in rural areas. In psychotherapy, clinician–patient relationship
is significantly important. It is essential for the patient to feel comfortable engaging in a
conversation with AI. The responses need to be very critical since inappropriate responses
can significantly impact a patient’s health. Suppose the patients do trust the AI and engage
in a conversation—in that case, they are more likely to disclose sensitive information to AI,
which they might not feel comfortable disclosing to a human or unresponsive clinician. In
those situations, AI has the potential to outperform clinician [79]. A study was conducted
to evaluate one year of conversation between breast cancer patients and a chatbot. The
result shows it is possible to obtain support through a chatbot since the chatbot improved
the medication adherence rate of the patient [80]. A supportive chatbot is also being studied
in other health areas, such as a supportive chatbot for smoking control [81].
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3.5. Emergency Response and COVID-19

In emergencies, a few minutes can save a life. Quicker health care and accessibility
systems can save many lives in many cases. A semi-automated emergency paramedical
end-to-end response system was proposed. It can distribute medical supplies on-site in case
of emergencies. This system utilizes decentralized distribution and does not involve any
third-party institutions to ensure security. The response system can be used in urban, semi-
urban, and rural areas. It allows community hospitals to provide specialized healthcare
despite the absence of a specialized doctor. K-nearest neighbor, SVM, and ANN are
some of the classifiers that are used in the response system. The response system uses
drones to access remote areas that are difficult for a human to access. The deep neural
network allows the drone to detect objects, making it more accurate and reducing failure
significantly. The chatbot takes user responses and evaluates them, then, if need be, passes
them to the administration. The chatbot uses NLP to refine input responses. The response
system can also be utilized to detect stroke using CT scans. The model is trained using
previously identified data. The difference in the distribution of density and texture of
tissue outlining the stroke region is used. The gray level Covariance matrix is the feature
extraction algorithms that are used to extract the features [82]. With the introduction
of surgical robots, remote telesurgery has been a strong motivator. The ability to deliver
surgery over long-distance gives rise to more availability for surgery and improved surgical
outcomes. A large number of procedures are performed every year with this technology.
The majority of them are performed only over several meters; however, some surgeons
have to transition to a long-distance infrastructure with this system. The daVinci system
could be operated at distances as far as 4,000 km from the operating room [83]. HarborBot
was a chatbot introduced to assist patients with social needs in a critical situation in the
emergency department. Most emergency departments do not have extra staff to administer
screeners, and response rates are low, especially for low health literacy patients. HarborBot
can facilitate engagement with low health literacy patients and provide a solution [84].

Coronavirus disease 2019 (COVID-19) has become a major global concern since Jan-
uary 2020. It primarily affects the cardiovascular system and requires sensitive, fast, and
specific tools to identify the disease early, and better preventative measures can be ap-
plied [85]. COVID-19 is a worldwide crisis. Over 100 million people have been infected
already. It has caused over 2 million deaths worldwide. Many countries have overstretched
their healthcare resources to mitigate the spread of the pandemic. AI was implemented to
monitor and control the COVID-19 pandemic in several critical areas. It was also used to
predict the risk of developing the disease, hospital admission, and progression in those
areas. AI was also used for early detection and diagnosis. DNN can be used in conjunction
with x-ray or CT to diagnose COVID-19 detection and automate the process to keep up
with the overwhelming demand [86]. AI played a significant role in developing novel
text and data mining techniques to aid COVID-19 research. It was used in CRISPR-based
COVID-19 detection assay, the taxonomic classification of COVID-19 genomes, discovering
potential drug candidates against COVID-19, and survival prediction of severe COVID-19
patients [87]. Machine learning can differentiate the critical group vs. the noncritical group
just using patient data. It is essential for managing such a high demand for healthcare
resources. Some of the algorithms used for analysis were random forest classification,
ANN, classification and regression tree [88]. The rapid spread of COVID-19 means the
government and health service providers had limited time to design and plan effective
and efficient response policies. It is important to quickly obtain an accurate prediction
of the vulnerability of geographic regions, such as countries that are vulnerable to this
virus’ spread. AI was used to make that prediction by developing a three-stage model
using XGBoost, a machine learning algorithm that can estimate potential occurrences in
unaffected countries and quantify the COVID-19 occurrence probability [89].

On 11 March 2020, the World Health Organization stated that the novel COVID-19
is a pandemic. COOPERA is a chatbot based healthcare system designed to be used for
personalized smart prevention and care developed using the LINE app. It was used to
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evaluate the epidemiological situation in Japan. The result shows a significant positive
correlation between self-reported fevers and the reported frequency of COVID-19 cases. It
suggests that a large scale monitoring of fever will help estimate the COVID-19 epidemic
scale in real-time [90]. To control the spread of COVID-19, many governments implemented
phone hotlines for potential case prescreening. These hotlines were overloaded with callers’
volume, leading to a waiting time of several hours or even an inability to contact or receive
health care at all. Symptoma is a digital health assistant program that can identify more
than 20,000 diseases with high accuracy (greater than 90%). Symptoma was tested to
identify COVID-19 using a set of clinical case reports of COVID-19. The study result
showed that Symptoma could accurately differentiate COVID-19 in 96.32% of clinical
cases. Symptoma allows free text input in 36 languages. Combined with the result and
accessibility give Symptoma the potential technology to fight against COVID-19 [91].
Chatbots played a crucial role in combating COVID-19 (Figure 2). The chatbot takes
the user request and identifies the massage pattern. Depending on the input response,
AIML logic retrieves keywords related to the symptoms to analyze the existing medical
conditions. The function of the chatbot can be split into two sections: request analysis
and return response. First, the chatbot used predefined questions and feedback to analyze
and evaluate the virus severity. If the user fails to define a precise answer, the bot will
fail to provide the correct response; however, if the user does provide a valid and precise
response, the bot returns a response of the patient’s condition in the generic text. Render
questions can often help precisely understand the user’s request. The bot begins the
conversation with an initiation question to engage the user in a natural conversation and
identify preliminary COVID-19 symptoms from the user’s location. Then, the bot displays
whether the person is likely to be affected or not. After the initiation chat, the bot will
ask for symptomatic information. After collecting the necessary information, the bot will
find the severity percentage the user experienced and act accordingly either by contacting
health specialists or providing information regarding immediate preventative measures.
Most of the question is yes- or no-based question that can be easily implemented into
a decision tree. The data can be stored from the web using dynamic XML [92]. Several
web-based COVID-19 symptoms checkers and chatbots have been developed; however,
some studies show that their conclusion varies significantly. A study was done to evaluate
the performance of these symptom checkers. The result shows different symptoms checkers
showing different strengths in terms of sensitivity and specificity. Only two checkers had
a harmonic balance between specificity and sensitivity [93]. With the advancement in
NLP, the chatbot can answer the user’s questions automatically. However, these models
are rarely evaluated and need to be fully explored before they can be implemented in
a clinical setting. A paper proposed to apply a language model that can qualitatively
evaluate the user’s response and automatically answer COVID-19 related questions. They
applied four different approaches: tf-idf, BERT, BioBERT, and USED to filter and retain
relevant sentences in the responses. With the help of two medical experts, the BERT and
BioBERT, on average, have been found to outperform the other two in sentence filtering
tasks [94]. Deep learning is very beneficial in the fight against COVID-19; however, deep
learning requires massive data, which is problematic for the recent COVID-19 case. A study
proposed a system that boosts COVID-19 detection; it uses a data augmentation model
that makes CNN more efficient by increasing its learning capability [95]. Machine learning
was also used to examine COVID-19 related discussion, concerns, and sentiments using
4 million Twitter messages related to the COVID-19 pandemic [96]. A study was done to
observe how people respond to COVID-19 screening chatbots. The study was done with
371 individuals that participated in a COVID-19 screening session and concluded that the
primary factor that drove the user’s decision was whether they trust the capability of the
chatbot or not. Overall, the chatbot providing high-quality service is critical [97]. As the
COVID-19 pandemic continues, the mental health of both the infected and noninfected is
an important concern. A study administered survey data using a chatbot onLINE in Japan’s
most popular social networking service. It showed that people with COVID-19 patients
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in close settings had higher psychological distress levels than those without. Prioritizing
mental health and psychosocial support implementation tailored to close relatives, family,
and friends of COVID-19 patients is very important [98].

Partners HealthCare (Mass General Brigham) implemented an automatic prehospital
chatbot that directs the patient to an appropriate care setting before showing up at the
emergency department and clinics. It saves resources, minimizes exposure to other patients
and staff, and further exacerbates supply and demand mismatching. An AI chatbot was
deployed through a voice response message that the COVID-19 hotline caller received
while on hold. It instructed the caller to visit the Mass General Brigham website hosting the
chatbot with the workflow as shown in Figure 3. Educational material following Centers
for Disease Control and Prevention (CDC) guidelines was provided to the users with
reassurance for the first category of callers. The second category of callers was sent to
follow the instruction for further clinical evaluation. Being able to use a chatbot while
on hold increased the efficiency of the nurse-hotline. The nurse and the caller are able to
have an informed discussion, and it allows the nurse to operate efficiently and quickly to
come to a mutually agreeable plan. The chatbot was made available on the Mass General
Brigham website so patients could access it before calling the hotline and decrease the call
volume [99].
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Figure 2. The COVID-19 Q&A Chatbot in Chow’s research project.

Healthcare workers’ screening for COVID-19 symptoms and exposure before every
shift is essential for the spread of infection control. In order for this to work, the screen-
ing process needs to be efficient and straightforward. The University of California, San
Francisco Health designed and implemented an AI-based chatbot-based workflow. It
conducted over 270,000 screens in the first two months of use. It reduced the waiting
times for employees entering the hospitals, yielded better physical distancing, prevented
potentially infected individuals from coming to the hospital, and provided important live
data for decision making staff [100].
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4. Conclusions

Machine learning is a robust and powerful digital tool that can benefit healthcare
communication with a better patient care/education, faster decision making, and reduction
of resource. To date, different fields in machine learning such as NLP and DNN have
been studied and applied in various components of healthcare. The innovative AI-based
chatbot takes an important role as a humanlike conversational agent between the user
and service provider. This chatbot and response system has a significant impact on our
healthcare system. With the continuous advancement in technology, it is expected to have
more influence in the future. AI can reduce healthcare costs and make research tasks more
efficient by introducing the latest advanced algorithm and is expected to assist clinical in
many areas.

Author Contributions: Conceptualization, J.C.L.C.; methodology, J.C.L.C. and S.S.; resources, S.S.;
writing—original draft preparation, S.S.; writing—review and editing, J.C.L.C. and S.S.; visualization,
J.C.L.C. and S.S.; supervision, J.C.L.C.; project administration, J.C.L.C. All authors have read and
agreed to the published version of the manuscript.

Funding: J.C.L.C. received financial support from the Planning and Dissemination Grants—Institute
Community Support, Canadian Institute of Health Research, Canada.



Encyclopedia 2021, 1 235

Acknowledgments: J.C.L.C. would like to acknowledge the financial support from the Planning
and Dissemination Grants—Institute Community Support, Canadian Institute of Health Research,
Canada. J.C.L.C. would also like to thank the supports from Leslie Sanders and Kay Li from the York
University, Toronto, Canada.

Conflicts of Interest: The authors declare no conflict of interest.

Entry Link on the Encyclopedia Platform: https://encyclopedia.pub/8078.

References
1. Peyrou, B.; Vignaux, J.-J.; André, A. Artificial Intelligence and Health Care. In Digital Medicine; André, A., Ed.; Springer

International Publishing: Cham, Switzerland, 2019; pp. 29–40. [CrossRef]
2. Sathya, D.; Sudha, V.; Jagadeesan, D. Application of Machine Learning Techniques in Healthcare. In Handbook of Research on

Applications and Implementations of Machine Learning Techniques; IGI Global: Hershey, PA, USA, 2019; pp. 289–304. [CrossRef]
3. Hosny, A.; Parmar, C.; Quackenbush, J.; Schwartz, L.H.; Aerts, H.J.W.L. Artificial intelligence in radiology. Nat. Rev. Cancer 2018,

18, 500–510. [CrossRef]
4. Dzobo, K.; Adotey, S.; Thomford, N.E.; Dzobo, W. Integrating Artificial and Human Intelligence: A Partnership for Responsible

Innovation in Biomedical Engineering and Medicine. Omics J. Integr. Biol. 2020, 24, 247–263. [CrossRef] [PubMed]
5. Erickson, B.J.; Korfiatis, P.; Akkus, Z.; Kline, T.L. Machine learning for medical imaging. Radiographics 2017, 37, 505–515. [CrossRef]
6. Magrabi, F.; Ammenwerth, E.; Mcnair, J.B.; De Keizer, N.F.; Georgiou, A. Artificial Intelligence in Clinical Decision Support:

Challenges for Evaluating AI and Practical Implications A Position Paper from the IMIA Technology Assessment & Quality
Development in Health Informatics Working Group and the EFMI Working Group for Assessment of Health Information Systems.
Yearb. Med. Inform. 2019, 28, 128–134. [PubMed]

7. Buch, V.H.; Ahmed, I.; MaruthappuIs, M. Artificial intelligence in medicine: Current trends and future possibilities. Br. J. Gen.
Pract. 2018, 68, 143–144. [CrossRef]

8. Rayan, R. Artificial Intelligence Perspective on Healthcare. InICEAT 2019. [CrossRef]
9. Topol, E.J. High-performance medicine: The convergence of human and artificial intelligence. Nat. Med. 2019, 25, 44–56.

[CrossRef] [PubMed]
10. Bibault, J.E.; Chaix, B.; Guillemassé, A.; Cousin, S.; Escande, A.; Perrin, M.; Pienkowski, A.; Delamon, G.; Nectoux, P.; Brouard, B.

A chatbot versus physicians to provide information for patients with breast cancer: Blind, randomized controlled noninferiority
trial. J. Med. Internet Res. 2019, 21, e15787. [CrossRef]

11. Mintz, Y.; Brodie, R. Introduction to artificial intelligence in medicine. Minim. Invasive Ther. Allied Technol. 2019, 28,
73–81. [CrossRef]

12. Bzdok, D.; Krzywinski, M.; Altman, N. Points of significance: Machine learning: Supervised methods. Nat. Methods 2018, 15, 5–6.
[CrossRef] [PubMed]

13. Cai, T.; Giannopoulos, A.A.; Yu, S.; Kelil, T.; Ripley, B.; Kumamaru, K.K.; Rybicki, F.J.; Mitsouras, D. Natural language processing
technologies in radiology research and clinical applications. Radiographics 2016, 36, 176–191. [CrossRef] [PubMed]

14. Zeng, Z.; Deng, Y.; Li, X.; Naumann, T.; Luo, Y. Natural Language Processing for EHR-Based Computational Phenotyping.
IEEE/ACM Trans. Comput. Biol. Bioinf. 2019, 16, 139–153. [CrossRef] [PubMed]

15. Kreimeyer, K.; Foster, M.; Pandey, A.; Arya, N.; Halford, G.; Jones, S.F.; Forshee, R.; Walderhaug, M.; Botsis, T. Natural language
processing systems for capturing and standardizing unstructured clinical information: A systematic review. J. Biomed. Inform.
2017, 73, 14–29. [CrossRef] [PubMed]

16. Chary, M.; Parikh, S.; Manini, A.F.; Boyer, E.W.; Radeos, M. A review of natural language processing in medical education. West.
J. Emerg. Med. 2019, 20, 78–86. [CrossRef]

17. Gonzalez-Hernandez, G.; Sarker, A.; O’Connor, K.; Savova, G. Capturing the Patient’s Perspective: A Review of Advances in
Natural Language Processing of Health-Related Text. Yearb. Med. Inform. 2017, 26, 214–227. [CrossRef]

18. Filannino, M.; Uzuner, Ö. Advancing the State of the Art in Clinical Natural Language Processing through Shared Tasks. Yearb.
Med. Inform. 2018, 27, 184–192. [CrossRef]

19. Weng, W.H.; Wagholikar, K.B.; McCray, A.T.; Szolovits, P.; Chueh, H.C. Medical subdomain classification of clinical notes using a
machine learning-based natural language processing approach. BMC Med. Inform. Decis. Mak. 2017, 17, 1–13. [CrossRef]

20. Trivedi, G.; Pham, P.; Chapman, W.W.; Hwa, R.; Wiebe, J.; Hochheiser, H. NLPReViz: An interactive tool for natural language
processing on clinical text. J. Am. Med. Inform. Assoc. 2018, 25, 81–87. [CrossRef] [PubMed]

21. Bao, Y.; Deng, Z.; Wang, Y.; Kim, H.; Armengol, V.D.; Acevedo, F.; Ouardaoui, N.; Wang, C.; Parmigiani, G.; Barzilay, R.; et al.
Using machine learning and natural language processing to review and classify the medical literature on cancer susceptibility
genes. JCO Clin. Cancer Inform. 2019, 1–9. [CrossRef] [PubMed]

22. Vydiswaran, V.G.V.; Zhang, Y.; Wang, Y.; Xu, H. Special issue of BMC medical informatics and decision making on health natural
language processing. BMC Med. Inform. Decis. Mak. 2019, 19, 6–8. [CrossRef]

23. Zhong, Q.-Y.; Mittal, L.P.; Nathan, M.D.; Brown, K.M.; Knudson González, D.; Cai, T.; Finan, S.; Gelaye, B.; Avillach, P.;
Smoller, J.W.; et al. Use of natural language processing in electronic medical records to identify pregnant women with suicidal
behavior: Towards a solution to the complex classification problem. Eur. J. Epidemiol. 2019, 34, 153–162. [CrossRef]

https://encyclopedia.pub/8078
http://doi.org/10.1007/978-3-319-98216-8_3
http://doi.org/10.4018/978-1-5225-9902-9.ch015
http://doi.org/10.1038/s41568-018-0016-5
http://doi.org/10.1089/omi.2019.0038
http://www.ncbi.nlm.nih.gov/pubmed/31313972
http://doi.org/10.1148/rg.2017160130
http://www.ncbi.nlm.nih.gov/pubmed/31022752
http://doi.org/10.3399/bjgp18X695213
http://doi.org/10.31219/osf.io/ne6ax
http://doi.org/10.1038/s41591-018-0300-7
http://www.ncbi.nlm.nih.gov/pubmed/30617339
http://doi.org/10.2196/15787
http://doi.org/10.1080/13645706.2019.1575882
http://doi.org/10.1038/nmeth.4551
http://www.ncbi.nlm.nih.gov/pubmed/30100821
http://doi.org/10.1148/rg.2016150080
http://www.ncbi.nlm.nih.gov/pubmed/26761536
http://doi.org/10.1109/TCBB.2018.2849968
http://www.ncbi.nlm.nih.gov/pubmed/29994486
http://doi.org/10.1016/j.jbi.2017.07.012
http://www.ncbi.nlm.nih.gov/pubmed/28729030
http://doi.org/10.5811/westjem.2018.11.39725
http://doi.org/10.15265/IY-2017-029
http://doi.org/10.1055/s-0038-1667079
http://doi.org/10.1186/s12911-017-0556-8
http://doi.org/10.1093/jamia/ocx070
http://www.ncbi.nlm.nih.gov/pubmed/29016825
http://doi.org/10.1200/CCI.19.00042
http://www.ncbi.nlm.nih.gov/pubmed/31545655
http://doi.org/10.1186/s12911-019-0777-0
http://doi.org/10.1007/s10654-018-0470-0


Encyclopedia 2021, 1 236

24. Névéol, A.; Dalianis, H.; Velupillai, S.; Savova, G.; Zweigenbaum, P. Clinical Natural Language Processing in languages other
than English: Opportunities and challenges. J. Biomed. Semant. 2018, 9, 1–13. [CrossRef]

25. Savova, G.K.; Danciu, I.; Alamudun, F.; Miller, T.; Lin, C.; Bitterman, D.S.; Tourassi, G.; Warner, J.L. Use of Natural
Language Processing to Extract Clinical Cancer Phenotypes from Electronic Medical Records. Cancer Res. 2019, 79,
5463–5470. [CrossRef] [PubMed]

26. Goodfellow, I. Deep learning(working version). Nat. Publ. Gr. 2011, 13, 35. [CrossRef]
27. Kriegeskorte, N.; Golan, T. Neural network models and deep learning. Curr. Biol. 2019, 29, R231–R236. [CrossRef] [PubMed]
28. Siddique, S.; Chow, J.C.L. Artificial intelligence in radiotherapy. Rep. Pract. Oncol. Radiother. 2020, 25, 656–666. [CrossRef] [PubMed]
29. Lee, J.; Jun, S.; Cho, Y.; Lee, H.; Kim, G.B.; Seo, J.B.; Kim, N. Deep Learning in Medical Imaging: General Overview. Korean J.

Radiol. 2017, 18, 570–584. [CrossRef]
30. Kong, Y.; Yu, T. A Deep Neural Network Model using Random Forest to Extract Feature Representation for Gene Expression Data

Classification. Sci. Rep. 2018, 8, 1–9. [CrossRef] [PubMed]
31. Li, H.; Gong, X.J.; Yu, H.; Zhou, C. Deep neural network based predictions of protein interactions using primary sequences.

Molecules 2018, 23, 1923. [CrossRef] [PubMed]
32. Rajpurkar, P.; Irvin, J.; Ball, R.L.; Zhu, K.; Yang, B.; Mehta, H.; Duan, T.; Ding, D.; Bagul, A.; Langlotz, C.P.; et al. Deep learning for

chest radiograph diagnosis: A retrospective comparison of the CheXNeXt algorithm to practicing radiologists. PLoS Med. 2018,
15, 1–17. [CrossRef] [PubMed]

33. Wachinger, C.; Reuter, M.; Klein, T. DeepNAT: Deep convolutional neural network for segmenting neuroanatomy. Neuroimage
2018, 170, 434–445. [CrossRef] [PubMed]

34. Spandorfer, A.; Branch, C.; Sharma, P.; Sahbaee, P.; Schoepf, U.J.; Ravenel, J.G.; Nance, J.W. Deep learning to convert unstructured
CT pulmonary angiography reports into structured reports. Eur. Radiol. Exp. 2019, 37. [CrossRef] [PubMed]

35. Nguyen, H.; Nguyen, T.; Nguyen, D.T. An empirical study on prediction of population health through social media. J. Biomed.
Inform. 2019, 99, 103277. [CrossRef] [PubMed]

36. Mustaqeem; Kwon, S. A CNN-assisted enhanced audio signal processing for speech emotion recognition. Sensors 2020, 20,
183. [CrossRef]

37. Dhyani, M.; Kumar, R. Since January 2020 Elsevier Has Created a COVID-19 Resource Centre with Free Information in English and
Mandarin on the Novel Coronavirus COVID-19. The COVID-19 Resource Centre Is Hosted on Elsevier Connect, the Company’s
Public News and Information Website. Elsevier Hereby Grants Permission to Make All Its COVID-19-Related Research That Is
Available on the COVID-19 Resource Centre—Including This Research Content—Immediately Available in PubMed Central
and Other Publicly Funded Repositories, Such as the WHO COVID Database with Rights for Unrestricted Research Re-Use and
Analyses in Any form or by Any Means with Acknowledgement of the Original Source. These Permissions Are Granted for Free
by Elsevier for as Long as the COVID-19 Resource Centre Remains Active. An Intelligent Chatbot Using Deep Learning with
Bidirectional RNN and Attention Model. 2020. Available online: https://www.binasss.sa.cr/agocovid/4.pdf (accessed on 5
January 2021).

38. Lokman, A.S.; Ameedeen, M.A. Modern Chatbot Systems: A Technical Review. In Proceedings of the Future Technologies Conference
(FTC) 2018; Arai, K., Bhatia, R., Kapoor, S., Eds.; Springer International Publishing: Cham, Switzerland, 2019; pp. 1012–1023.

39. Lokman, A.S.; Zain, J.M.; Komputer, F.S.; Perisian, K. Designing a Chatbot for diabetic patients. In Proceedings of the International
Conference on Software Engineering & Computer Systems (ICSECS’09), Pahang, Malaysia, 19–21 October 2009; pp. 19–21.

40. Dahiya, M. A Tool of Conversation: Chatbot. Int. J. Comput. Sci. Eng. 2017, 158–161. Available online: http://www.ijcseonline.
org/pub_paper/27-IJCSE-02149.pdf (accessed on 5 January 2021).

41. Nadarzynski, T.; Miles, O.; Cowie, A.; Ridge, D. Acceptability of artificial intelligence (AI)-led chatbot services in healthcare: A
mixed-methods study. Digit. Health 2019, 5, 1–12. [CrossRef]

42. Bibault, J.E.; Chaix, B.; Nectoux, P.; Pienkowsky, A.; Guillemasse, A.; Brouard, B. Healthcare ex Machina: Are conversational
agents ready for prime time in oncology? Clin. Transl. Radiat. Oncol. 2019, 16, 55–59. [CrossRef] [PubMed]

43. Divya, S.; Indumathi, V.; Ishwarya, S.; Priyasankari, M.; Kalpana Devi, S. A Self-Diagnosis Medical Chatbot Using Artificial
Intelligence. J. Web Dev. Web Des. 2018, 3, 1–7. Available online: http://matjournals.in/index.php/JoWDWD/article/view/2334
(accessed on 5 January 2021).

44. Rosruen, N.; Samanchuen, T. Chatbot Utilization for Medical Consultant System. In Proceedings of the 2018 3rd Technology
Innovation Management and Engineering Science International Conference (TIMES-iCON), Bangkok, Thailand, 12–14 December
2018; pp. 1–5. [CrossRef]

45. Ranoliya, B.R.; Raghuwanshi, N.; Singh, S. Chatbot for university related FAQs. In Proceedings of the 2017 International
Conference on Advances in Computing, Communications and Informatics, ICACCI 2017, Udupi, India, 13–16 September 2017;
pp. 1525–1530.

46. Ni, L.; Lu, C.; Liu, N.; Liu, J. MANDY: Towards a smart primary care chatbot application. Commun. Comput. Inf. Sci. 2017, 780,
38–52. [CrossRef]

47. Saliimi Lokman, A.; Mohamad Zain, J. Extension and Prerequisite: An Algorithm to Enable Relations Between Responses in
Chatbot Technology. J. Comput. Sci. 2010, 6, 1212–1218. Available online: http://thescipub.com/PDF/jcssp.2010.1212.1218.pdf
(accessed on 5 January 2021). [CrossRef]

http://doi.org/10.1186/s13326-018-0179-8
http://doi.org/10.1158/0008-5472.CAN-19-0579
http://www.ncbi.nlm.nih.gov/pubmed/31395609
http://doi.org/10.1038/nmeth.3707
http://doi.org/10.1016/j.cub.2019.02.034
http://www.ncbi.nlm.nih.gov/pubmed/30939301
http://doi.org/10.1016/j.rpor.2020.03.015
http://www.ncbi.nlm.nih.gov/pubmed/32617080
http://doi.org/10.3348/kjr.2017.18.4.570
http://doi.org/10.1038/s41598-018-34833-6
http://www.ncbi.nlm.nih.gov/pubmed/30405137
http://doi.org/10.3390/molecules23081923
http://www.ncbi.nlm.nih.gov/pubmed/30071670
http://doi.org/10.1371/journal.pmed.1002686
http://www.ncbi.nlm.nih.gov/pubmed/30457988
http://doi.org/10.1016/j.neuroimage.2017.02.035
http://www.ncbi.nlm.nih.gov/pubmed/28223187
http://doi.org/10.1186/s41747-019-0118-1
http://www.ncbi.nlm.nih.gov/pubmed/31549323
http://doi.org/10.1016/j.jbi.2019.103277
http://www.ncbi.nlm.nih.gov/pubmed/31521858
http://doi.org/10.3390/s20010183
https://www.binasss.sa.cr/agocovid/4.pdf
http://www.ijcseonline.org/pub_paper/27-IJCSE-02149.pdf
http://www.ijcseonline.org/pub_paper/27-IJCSE-02149.pdf
http://doi.org/10.1177/2055207619871808
http://doi.org/10.1016/j.ctro.2019.04.002
http://www.ncbi.nlm.nih.gov/pubmed/31008379
http://matjournals.in/index.php/JoWDWD/article/view/2334
http://doi.org/10.1109/TIMES-iCON.2018.8621678
http://doi.org/10.1007/978-981-10-6989-5_4
http://thescipub.com/PDF/jcssp.2010.1212.1218.pdf
http://doi.org/10.3844/jcssp.2010.1212.1218


Encyclopedia 2021, 1 237

48. Augello, A.; Gentile, M.; Weideveld, L.; Dignum, F. A Model of a Social Chatbot. In Proceedings of the Intelligent Interactive
Multimedia Systems and Services 2016, Tenerife, Spain, 15–17 June 2016; Pietro, G., De Gallo, L., Howlett, R.J., Jain, L.C., Eds.;
Springer International Publishing: Cham, Switzerland, 2016; pp. 637–647.

49. Augello, A.; Gambino, O.; Cannella, V.; Pirrone, R.; Gaglio, S.; Pilato, G. An Emotional Talking Head for a Humoristic Chatbot.
Appl. Digit. Signal Process. 2011. [CrossRef]

50. Shaikh, A.; Phalke, G.; Il, P.P.; Bhosale, S.; Raghatwan, J. A Survey On Chatbot Conversational Systems. Int. J. Eng. Sci. 2016,
6, 3117.

51. McTear, M.; Callejas, Z.; Griol, D. Creating a Conversational Interface Using Chatbot Technology. In The Conversational Interface:
Talking to Smart Devices; Springer International Publishing: Cham, Switzerland, 2016; pp. 125–159. [CrossRef]

52. Murphy, A.; Liszewski, B. Artificial Intelligence and the Medical Radiation Profession: How Our Advocacy Must 763 Inform
Future Practice. J. Med. Imaging Radiat Sci. 2019, 50, S15–S19. [CrossRef] [PubMed]

53. Kadariya, D.; Venkataramanan, R.; Yip, H.Y.; Kalra, M.; Thirunarayanan, K.; Sheth, A. kBot: Knowledge-enabled Personal-
ized Chatbot for Asthma Self-Management. In Proceedings of the 2019 IEEE International Conference on Smart Computing
(SMARTCOMP), Washington, DC, USA, 12–15 June 2019; pp. 138–143. [CrossRef]

54. Hernandez, J.P.T. Network Diffusion and Technology Acceptance of A Nurse Chatbot for Chronic Disease Self-Management
Support: A Theoretical Perspective. J. Med. Investig. 2019, 66, 24–30. [CrossRef]

55. Shawar, B.A.; Atwell, E. A chatbot system as a tool to animate a corpus. ICAME J. 2005, 29, 5–24.
56. Vaidyam, A.N.; Wisniewski, H.; Halamka, J.D.; Kashavan, M.S.; Torous, J.B. Chatbots and Conversational Agents in Mental

Health: A Review of the Psychiatric Landscape. Can. J. Psychiatry 2019, 64, 456–464. [CrossRef]
57. Bott, N.; Wexler, S.; Drury, L.; Pollak, C.; Wang, V.; Scher, K.; Narducci, S. A protocol-driven, bedside digital conversational agent

to support nurse teams and mitigate risks of hospitalization in older adults: Case control pre-post study. J. Med. Internet Res.
2019, 21, 1–12. [CrossRef]

58. De Silva, D.; Ranasinghe, W.; Bandaragoda, T.; Adikari, A.; Mills, N.; Iddamalgoda, L.; Alahakoon, D.; Lawrentschuk, N.;
Persad, R.; Osipov, E.; et al. Machine learning to support social media empowered patients in cancer care and cancer treatment
decisions. PLoS ONE 2018, 13, e0205855. [CrossRef]

59. Jarema, A.; Dixon, A. Radiology educational posts on social media. Are they effective? In Proceedings of the Annual Scientific
Meeting, Washington, DC, USA, 6–8 April 2018.

60. Al-Zubaide, H.; Issa, A.A. OntBot: Ontology based ChatBot. In Proceedings of the 2011 4th International Symposium on
Innovations in Information and Communications Technology, ISIICT’2011, Amman, Jordan, 29 November–1 December 2011; pp.
7–12. [CrossRef]

61. Chow, J.C.L. Application of Cloud Computing in Pre-clinical Radiation Treatment Planning. Int. J. Comput. Res. 2015, 22, 209–222.
62. Chow, J.C.L. Monte Carlo simulation on pre-clinical irradiation: A heterogeneous phantom study on monoenergetic kilovoltage

photon beams. J. Phys. Conf. Ser. 2012, 385. [CrossRef]
63. Chow, J.C.L. Internet-based computer technology on radiotherapy. Rep. Pract. Oncol. Radiother. 2017, 22, 455–462. [CrossRef]
64. Pearse, J.; Chow, J.C.L. An Internet of Things app for monitor unit calculation in superficial and orthovoltage skin therapy. IOP

SciNotes 2020, 1, 014002. [CrossRef]
65. Ng, F.; Jiang, R.; Chow, J.C.L. Predicting radiation treatment planning evaluation parameter using artificial intelligence and

machine learning. IOP SciNotes 2020, 1, 014003. [CrossRef]
66. Garg, S.; Williams, N.L.; Ip, A.; Dicker, A.P. Clinical Integration of Digital Solutions in Health Care: An Overview of the Current

Landscape of Digital Technologies in Cancer Care. JCO Clin. Cancer Inform. 2018, 1–9. [CrossRef]
67. Greer, S.; Ramo, D.; Chang, Y.J.; Fu, M.; Moskowitz, J.; Haritatos, J. Use of the chatbot “vivibot” to deliver positive psychology

skills and promote well-being among young people after cancer treatment: Randomized controlled feasibility trial. JMIR mHealth
uHealth 2019, 7, 1–13. [CrossRef] [PubMed]

68. Zhang, J.; Oh, Y.J.; Lange, P.; Yu, Z.; Fukuoka, Y. Artificial intelligence chatbot behavior change model for designing
artificial intelligence chatbots to promote physical activity and a healthy diet: Viewpoint. J. Med. Internet Res. 2020,
22. [CrossRef] [PubMed]

69. Piterman, L.; Newton, J.M.; Canny, B.J. Interprofessional education for interprofessional practice: Does it make a difference? Med.
J. Aust. 2010, 193, 92–93. [CrossRef] [PubMed]

70. De Gasperis, G.; Chiari, I.; Florio, N. AIML Knowledge Base Construction from Text Corpora. In Artificial Intelligence, Evolutionary
Computing and Metaheuristics: In the Footsteps of Alan Turing; Yang, X.-S., Ed.; Springer: Berlin/Heidelberg, Germany, 2013; pp.
287–318. [CrossRef]

71. Huang, J.; Zhou, M.; Yang, D. Extracting chatbot knowledge from online discussion forums. IJCAI Int. Jt. Conf. Artif. Intell. 2007,
7, 423–428.

72. Clarizia, F.; Colace, F.; Lombardi, M.; Pascale, F.; Santaniello, D. Chatbot: An Education Support System for Student. In Cyberspace
Safety and Security; Springer: Cham, Switzerland, 2018; pp. 291–302. [CrossRef]

73. Bii, P. Chatbot technology: A possible means of unlocking student potential to learn how to learn. Educ. Res. 2013, 4, 218–221.
Available online: http://psych.athabascau.ca/html/chatterbot/ChatAgent- (accessed on 5 January 2021).

http://doi.org/10.5772/26558
http://doi.org/10.1007/978-3-319-32967-3_7
http://doi.org/10.1016/j.jmir.2019.09.001
http://www.ncbi.nlm.nih.gov/pubmed/31611013
http://doi.org/10.1109/smartcomp.2019.00043
http://doi.org/10.2152/jmi.66.24
http://doi.org/10.1177/0706743719828977
http://doi.org/10.2196/13440
http://doi.org/10.1371/journal.pone.0205855
http://doi.org/10.1109/ISIICT.2011.6149594
http://doi.org/10.1088/1742-6596/385/1/012013
http://doi.org/10.1016/j.rpor.2017.08.005
http://doi.org/10.1088/2633-1357/ab8be0
http://doi.org/10.1088/2633-1357/ab805d
http://doi.org/10.1200/CCI.17.00159
http://doi.org/10.2196/15018
http://www.ncbi.nlm.nih.gov/pubmed/31674920
http://doi.org/10.2196/22845
http://www.ncbi.nlm.nih.gov/pubmed/32996892
http://doi.org/10.5694/j.1326-5377.2010.tb03810.x
http://www.ncbi.nlm.nih.gov/pubmed/20642413
http://doi.org/10.1007/978-3-642-29694-9_12
http://doi.org/10.1007/978-3-030-01689-0_23
http://psych.athabascau.ca/html/chatterbot/ChatAgent-


Encyclopedia 2021, 1 238

74. Heller, B.; Procter, M.; Mah, D. Freudbot: An investigation of chatbot technology in distance education. In Proceedings of the
World Conference on Educational Multimedia, Hypermedia & Telecommunications, Montreal, QC, Canada, 27 June–2 July 2005;
pp. 3913–3918. Available online: http://www.editlib.org/index.cfm?fuseaction=Reader.ViewFullText&paper_id=20691 (accessed
on 5 January 2021).

75. Ghose, S.; Barua, J.J. Toward the implementation of a topic specific dialogue based natural language chatbot as an undergraduate
advisor. In Proceedings of the 2013 International Conference on Informatics, Electronics and Vision (ICIEV), Dhaka, Bangladesh,
17–18 May 2013; pp. 1–5. [CrossRef]

76. Jia, J. CSIEC: A computer assisted English learning chatbot based on textual knowledge and reasoning. Knowl. Based Syst. 2009,
22, 249–255. [CrossRef]

77. Park, S.; Choi, J.; Lee, S.; Oh, C.; Kim, C.; La, S.; Lee, J.; Suh, B. Designing a chatbot for a brief motivational interview on stress
management: Qualitative case study. J. Med. Internet Res. 2019, 21. [CrossRef] [PubMed]

78. Gianfrancesco, M.A.; Tamang, S.; Yazdany, J.; Schmajuk, G. Potential Biases in Machine Learning Algorithms Using Electronic
Health Record Data. JAMA Intern. Med. 2018, 178, 1544–1547. [CrossRef] [PubMed]

79. Miner, A.S.; Shah, N.; Bullock, K.D.; Arnow, B.A.; Bailenson, J.; Hancock, J. Key Considerations for Incorporating Conversational
AI in Psychotherapy. Front. Psychiatry 2019, 10, 1–7. [CrossRef]

80. Chaix, B.; Bibault, J.E.; Pienkowski, A.; Delamon, G.; Guillemassé, A.; Nectoux, P.; Brouard, B. When chatbots meet patients:
One-year prospective study of conversations between patients with breast cancer and a chatbot. J. Med. Internet Res. 2019, 5,
e12856. [CrossRef]

81. Perski, O.; Crane, D.; Beard, E.; Brown, J. Does the addition of a supportive chatbot promote user engagement with a smoking
cessation app? An experimental study. Digit. Health 2019, 5, 1–13. [CrossRef]

82. Srivastava, M.; Suvarna, S.; Srivastava, A.; Bharathiraja, S. Automated emergency paramedical response system. Health Inf. Sci.
Syst. 2018, 6, 1–16. [CrossRef] [PubMed]

83. Friebe, M. Developments in Health Industry in the Future; Otto Von Guericke University Magdeburg: Magdeburg, Germany,
2017. [CrossRef]

84. Kocielnik, R.; Agapie, E.; Argyle, A.; Hsieh, D.T.; Yadav, K.; Taira, B.; Hsieh, G. HarborBot: A Chatbot for Social Needs Screening.
AMIA Annu. Symp. Proc. 2019, 2019, 552–561. [PubMed]

85. Zimmerman, A.; Kalra, D. Usefulness of machine learning in COVID-19 for the detection and prognosis of cardiovascular
complications. Rev. Cardiovasc. Med. 2020, 21, 345–352. [CrossRef] [PubMed]

86. Syeda, H.B.; Syed, M.; Sexton, K.W.; Syed, S.; Begum, S.; Syed, F.; Yu, F., Jr. The Role of Machine Learning Techniques to Tackle
COVID-19 Crisis: A Systematic Review. JMIR Med. Inform. 2020. [CrossRef]

87. Alimadadi, A.; Aryal, S.; Manandhar, I.; Munroe, P.B.; Joe, B.; Cheng, X. Artificial intelligence and machine learning to fight
COVID-19. Physiol. Genom. 2020, 52, 200–202. [CrossRef]

88. Assaf, D.; Gutman, Y.; Neuman, Y.; Segal, G.; Amit, S.; Gefen-Halevi, S.; Shilo, N.; Epstein, A.; Mor-Cohen, R.; Biber, A.; et al.
Utilization of machine-learning models to accurately predict the risk for critical COVID-19. Intern. Emerg. Med. 2020, 15,
1435–1443. [CrossRef]

89. Mehta, M.; Julaiti, J.; Griffin, P.; Kumara, S. Early Stage Machine Learning–Based Prediction of US County Vulnerability to the
COVID-19 Pandemic: Machine Learning Approach. JMIR Public Health Surveill. 2020, 6, e19446. [CrossRef] [PubMed]

90. Yoneoka, D.; Kawashima, T.; Tanoue, Y.; Nomura, S.; Ejima, K.; Shi, S.; Eguchi, A.; Taniguchi, T.; Sakamoto, H.;
Kunishima, H.; et al. Early SNS-based monitoring system for the covid-19 outbreak in Japan: A population-level obser-
vational study. J. Epidemiol. 2020, 30, 362–370. [CrossRef] [PubMed]

91. Martin, A.; Nateqi, J.; Gruarin, S.; Munsch, N.; Abdarahmane, I.; Zobel, M.; Knapp, B. An artificial intelligence-based first-line
defence against COVID-19: Digitally screening citizens for risks via a chatbot. Sci. Rep. 2020, 10, 1–7. [CrossRef]

92. Battineni, G.; Chintalapudi, N.; Amenta, F. AI Chatbot Design during an Epidemic like the Novel Coronavirus. Healthcare 2020, 8,
154. [CrossRef]

93. Munsch, N.; Martin, A.; Gruarin, S.; Nateqi, J.; Abdarahmane, I.; Weingartner-Ortner, R.; Knapp, B. Diagnostic accuracy of
web-based COVID-19 symptom checkers: Comparison study. J. Med. Internet Res. 2020, 22. [CrossRef] [PubMed]

94. Oniani, D.; Wang, Y. A Qualitative Evaluation of Language Models on Automatic Question-Answering for COVID-19. arXiv 2020,
arXiv:2006.10964.

95. Sedik, A.; Iliyasu, A.M.; El-Rahiem, B.A.; Abdel Samea, M.E.; Abdel-Raheem, A.; Hammad, M.; Peng, J.; Abd El-Samie, F.E.;
Abd El-Latif, A.A. Deploying machine and deep learning models for efficient data-augmented detection of COVID-19 infections.
Viruses 2020, 12, 769. [CrossRef] [PubMed]

96. Xue, J.; Chen, J.; Hu, R.; Chen, C.; Zheng, C.; Su, Y.; Zhu, T. Twitter Discussions and Emotions About the COVID-19 Pandemic:
Machine Learning Approach. J. Med. Internet Res. 2020, 22, e20550. [CrossRef]

97. Dennis, A.R.; Kim, A.; Rahimi, M.; Ayabakan, S. User reactions to COVID-19 screening chatbots from reputable providers. J. Am.
Med. Inform. Assoc. 2020, 27, 1727–1731. [CrossRef]

98. Tanoue, Y.; Nomura, S.; Yoneoka, D.; Kawashima, T.; Eguchi, A.; Shi, S.; Harada, N.; Miyata, H. Mental health of family, friends,
and co-workers of COVID-19 patients in Japan. Psychiatry Res. 2020, 291, 113067. [CrossRef] [PubMed]

http://www.editlib.org/index.cfm?fuseaction=Reader.ViewFullText&paper_id=20691
http://doi.org/10.1109/ICIEV.2013.6572650
http://doi.org/10.1016/j.knosys.2008.09.001
http://doi.org/10.2196/12231
http://www.ncbi.nlm.nih.gov/pubmed/30990463
http://doi.org/10.1001/jamainternmed.2018.3763
http://www.ncbi.nlm.nih.gov/pubmed/30128552
http://doi.org/10.3389/fpsyt.2019.00746
http://doi.org/10.2196/12856
http://doi.org/10.1177/2055207619880676
http://doi.org/10.1007/s13755-018-0061-1
http://www.ncbi.nlm.nih.gov/pubmed/30483400
http://doi.org/10.24352/UB.OVGU-2017-76
http://www.ncbi.nlm.nih.gov/pubmed/32308849
http://doi.org/10.31083/j.rcm.2020.03.120
http://www.ncbi.nlm.nih.gov/pubmed/33070540
http://doi.org/10.2196/23811
http://doi.org/10.1152/physiolgenomics.00029.2020
http://doi.org/10.1007/s11739-020-02475-0
http://doi.org/10.2196/19446
http://www.ncbi.nlm.nih.gov/pubmed/32784193
http://doi.org/10.2188/jea.JE20200150
http://www.ncbi.nlm.nih.gov/pubmed/32475884
http://doi.org/10.1038/s41598-020-75912-x
http://doi.org/10.3390/healthcare8020154
http://doi.org/10.2196/21299
http://www.ncbi.nlm.nih.gov/pubmed/33001828
http://doi.org/10.3390/v12070769
http://www.ncbi.nlm.nih.gov/pubmed/32708803
http://doi.org/10.2196/20550
http://doi.org/10.1093/jamia/ocaa167
http://doi.org/10.1016/j.psychres.2020.113067
http://www.ncbi.nlm.nih.gov/pubmed/32535504


Encyclopedia 2021, 1 239

99. Lai, L.; Wittbold, K.A.; Dadabhoy, F.Z.; Sato, R.; Landman, A.B.; Schwamm, L.H.; He, S.; Patel, R.; Wei, N.; Zuccotti, G.; et al.
Digital triage: Novel strategies for population health management in response to the COVID-19 pandemic. Healthcare 2020, 8,
100493. [CrossRef] [PubMed]

100. Judson, T.J.; Odisho, A.Y.; Young, J.J.; Bigazzi, O.; Steuer, D.; Gonzales, R.; Neinstein, A.B. Implementation of a digital chatbot to
screen health system employees during the COVID-19 pandemic. J. Am. Med. Inform. Assoc. 2020, 27, 1450–1455. [CrossRef] [PubMed]

http://doi.org/10.1016/j.hjdsi.2020.100493
http://www.ncbi.nlm.nih.gov/pubmed/33129176
http://doi.org/10.1093/jamia/ocaa130
http://www.ncbi.nlm.nih.gov/pubmed/32531066

	Introduction 
	Machine Learning Technology 
	Natural Language Processing (NLP) 
	Deep Neural Network (DNN) 

	Application of Machine Learning in Healthcare Communication 
	Overview of Chatbot 
	Patient Care 
	Radiology and Radiotherapy 
	Education and Knowledge Transfer System 
	Emergency Response and COVID-19 

	Conclusions 
	References

