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Abstract

This paper overviews the creation of a COVID Risk Assessment (CRA) Chatbot prototype designed to support recommendations 
for individuals based on the assessment of their COVID-related risk profile. Among rapidly emerging digital technologies, 
AI-enabled chatbots have the potential to offer real-time interaction with users via immediate responses, notifications, and 
reminders; interestingly, these intelligent agents can also be designed to offer personalized advice based on specific user 
characteristics and may even be scaled to interface with many users concurrently. Drawing from prior research, we designed 
a CRA-chatbot prototype to incorporate a variety of parameters affecting the severity of COVID-19 systems. These factors 
include the number of vaccine doses, the date of last vaccination, previous COVID-19 infection history, age, and risk factors 
such as disease history. Broadly, the prototype is envisioned to take the users’ input with their personalized risk assessment 
of severe symptoms to further educate them; in so doing, suggestions for treatments, additional serological testing, and 
supplementary vaccine doses can then be made. We conclude that, within the current learning health system environments, 
AI-enabled chatbots are digital health tools well-suited for empowering personalized COVID-19 education and related 
knowledge dissemination.
   
Keywords: Covid-19; Health Tools; Infections

Introduction

In a post-COVID pandemic world, many of us are 
still reeling from the ongoing impacts of the COVID-19 
pandemic which began in March 2020. While measures 
implementing lockdowns and mask requirements have 
lapsed in many places, case numbers remain at a relatively 
high level, indicating an ongoing need to monitor population 
immunogenicity and risk factors for severe disease [1,2]. In 
Canada, only about 50% of the population has received three 
doses of a COVID-19 vaccine, with even less (13%) receiving 
a fourth [3]. While 82% of the population has completed 

the basic two-dose primary series, emerging variants of 
concern and waning immunogenicity from vaccination and 
early pandemic infection indicate that continued outreach is 
necessitated to maintain booster administration rates and 
overall awareness of one’s risk status. Messaging regarding 
vaccine administration timelines and recommendations has 
been difficult to interpret for many Canadians, warranting 
the implementation of new information delivery methods 
more suited to individual usability.

Online platforms have been touted to be convenient 
for widespread and schedule-sensitive user access, within 
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both private and public spaces [4]. Recent evidence has 
demonstrated the effectiveness of such digital tools in 
addressing healthcare concerns. One of the more widely 
studied applications of digital tools in healthcare delivery has 
been in digital therapeutics, which uses digital information 
gathering or intervention tools to assist in the diagnosis and 
management of mental health conditions such as bipolar 
disorder or schizophrenia [5]. Digital intervention strategies 
have also been proposed to promote healthy behavior 
in a more general sense, particularly in the domains of 
nutrition, exercise, and drug and alcohol use [5,6]. Mobile 
health (mHealth) apps have also been advocated to assist in 
behavior change regarding childhood vaccination, although 
outcomes have been somewhat mixed [7].

Overall, current models of digital health intervention 
technologies appear promising, although ensuring effective 
and meaningful engagement with such tools requires a 
clear identification of goals and ongoing feedback and 
development [6]. Specifically, frameworks proposed to help 
shape digital therapeutics tool development have indicated 
the need for a clear outline of the tool’s aim and scope, a more 
informed view of meaningful user engagement with respect 
to tool utilization, and supportive implementation of new 
policies and strategies to strengthen user engagement with 
the continuing, and possibly expanded, use of the advocated 
digital tool over time [8].

An example of a Digital Health tool suitable for education 
and knowledge dissemination is the use of chatbots. AI 
chatbots are intelligent agents used for conducting online 
exchanges via text or text-to-speech, in lieu of providing 
direct contact with a live human agent. Released in 1966, 
ELIZA was the first chatbot used in healthcare, mimicking 
the anticipated replies of a psychotherapist via pattern-
matching and response selection [9]. However, ELIZA had 
limited knowledge and communication abilities. Today, 
AI-enabled chatbots offer a diagnosis of symptoms, mental 
healthcare consultation, nutritional facts, and tracking. For 
example, in 2020, WhatsApp teamed up with the World 
Health Organization (WHO) to make a chatbot service that 
answers users’ questions about Covid-19 [10]. Among the 
most value-adding features of using chatbots in healthcare, 
especially with sensitive and mental health issues, include 
instantaneous access to critical information, awareness 
and tracking of the users’ behavior, anxiety, and weight 
changes to encourage the development of better habits, 
personalization, and anonymity [11,12]. AI-enabled chatbots 
offer personalization which remains completely dependent 
on the specific application use case. Chatbots can gauge 
patient behavior by utilizing tools such as facial recognition. 
Chatbots offer real-time interaction via immediate responses, 
notifications, and reminders. Chatbots can additionally be 
scaled to interact with numerous users at the same time.

The paper is structured as follows. First, the scientific 
literature that provides the theoretical underpinning used 
to develop the foundation of rules for the CRA-chatbot risk 
stratification such as immunogenicity, vaccine efficacy, and 
waning immunity is reviewed with a brief look at health 
and wellness chatbots. Next, we explore the framework 
for designing the CRA-chatbot prototype, specifically, 
how various key parameters for risk assessment we have 
identified may be integrated as part of the prototype 
features. Finally, we highlight the benefits and limitations of 
our approach prior to drawing concluding remarks on the 
future potential development and growth of such AI-enabled 
chatbot systems.

Background 

In this section, we highlight the accumulated evidence on 
how our immune system responds to a COVID-19 infection 
and identify the important considerations for determining 
disease severity and immunity. We then close the section 
with a brief look at health and wellness chatbots.

The Immune System

As humans, we live in a world compromised by various 
pathogenic and non-pathogenic microbes and a collection of 
allergenic or toxic substances that may affect homeostasis. 
In defending against such influences biologically, we have 
evolved a complex series of organs, tissues, and cells that 
comprise what is known as the immune system [13]. 
Environmental microbes that may cause harm contain a 
variety of pathogenic mechanisms to infiltrate and persist in 
the human body. As such, the immune system has a variety 
of defensive mechanisms that address various avenues 
of opportunity for microbes to adversely affect health. A 
key feature of the immune system is the recognition of the 
self, versus non-self, based on the identification of cellular 
markers which usually consist of distinctive surface proteins 
or toxic substances [13,14]. This form of identification and 
discrimination is fundamental in eliminating threats while 
preventing damage to healthy body tissues. Recognition falls 
into two general categories, instinctive responses dependent 
on the host’s genetic code that respond to pathogens in the 
host’s body (innate immune system), and immune responses 
that are dynamic and rearrange antigen-binding molecules 
with targeted specificity towards foreign material introduced 
to the body (adaptive immune response). The innate 
immune system is the first responder to impending threats 
and reacts very quickly [14]. It is followed by the adaptive 
system which requires the proliferation of its limited supply 
of highly specific cells to mount a tangible response. The 
adaptive immune system can produce cells that persist for 
an extremely long duration within the host’s body in a latent 
state that can later be re-activated rapidly when encountering 
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the specific antigen again [13,14]. This can be referred to 
as immune system memory and allows for a more efficient 
response to repeated infection and infiltration by pathogens, 
thus reducing complications in the future.

The Role of Antibodies

Antibodies are a critical piece of the immune system that 
mediate antigen-specific immunity in response to a range of 
different pathogens. B-cells (B-type lymphocytes) are the key 
component responsible for the proliferation of antibodies 
[15]. B-cells start development in the bone marrow, mature 
in the spleen, and are later stored in lymph nod15es. These 
cells can produce pathogen-killing antibody proteins or host 
antibodies as transmembrane protein receptors on their 
cell surface [13,16]. Antibodies can neutralize pathogens 
in a variety of ways, they can directly neutralize a toxin by 
attaching to their surface, they can mark pathogens to illicit 
other immune responses from cells such as macrophages, 
and they can activate proteins that assist immune response 
in secondary ways (proteins that cluster together pathogens 
or that signal downstream immune responses). More 
specifically referred to as immunoglobulins, they are 
produced within B-cells of the immune system [15]. They 
contain a constant region of DNA that is maintained across 
the various subtypes (isotypes) of immunoglobulins. Two 
identical heavy chains and two identical light chains vary 
depending on the subclass of antibody, each possessing a 
different function (IgA, IgG, IgD, IgE, IgM). Antibodies also 
possess variable regions which is the reason why the immune 
response can be so diverse as the unique process of cutting, 
splicing, and changing these regions allows for countless 
combinations of these regions [16]. The variation in these 
changing areas allows antibodies to attach to a variety of 
pathogens.

Immunological Memory & the Role of Vaccines

Another important role B-cells serve is in the function of 
immunological memory. What this means is that secondary 
infection of a previously encountered microbe leads to a 
more efficient immune response to said pathogen [17]. 
This is the result of leftover B-cells still in circulation with 
antibody receptors for the repeated antigen and B-cells 
that are still capable of producing those antigens being left 
behind. It makes the immune response more efficient in that 
it doesn’t have to produce immature B-cells in the hopes of 
producing the correct antibody, and it has an active leftover 
reserve of functioning cells. Vaccines fundamentally exploit 
the adaptive immune system and its ability to retain immune 
memory [17]. Exposing one’s body to lower concentrations 
of microbes, heat-killed microbes, and inactive microbes 
presents an opportunity to build up B-cells with the proper 
antibody combinations. This allows for a subsequent 

improved reaction if contact is made with the intact 
microbe. Preparing a host’s body for a subsequent infection 
may prevent life-threatening damage, and chronic health 
problems, or may reduce infection symptoms. 

COVID-19 Vaccine-Conferred Immunogenicity 

Recent evidence has demonstrated that the efficacy 
of COVID-19 vaccines does begin to wane after a certain 
point [18]. An analysis of the literature indicates a decline 
beginning anywhere from 3-6 months post-vaccination. A 
study examining healthcare providers conducted in Belgium 
indicated a significant decline in antibodies at the 3-month 
mark for those who had been both seronegative (not 
displaying any antibodies for COVID-19) and seropositive 
before an initial mRNA vaccination series [19]. This study 
also indicated a peak of antibody response between 2 and 
6 weeks for seropositive participants, and 4 and 6 weeks 
for those seronegative, which has been supported by other 
estimates [20]. Despite the decline at the 3-month mark, all 
participants still had a strong antibody response. Another 
study examining healthcare workers provided evidence of a 
rapid decrease in antibody titers between the third and sixth 
month following vaccination, with relatively high vaccine 
efficacy still present at the 6-month mark [21].

A recently conducted meta-analysis indicated that in 
general, antibody titers from vaccination show a marked 
decrease after the 6-month post-vaccination period [2], 
with the rate and amount of decline varying based on a few 
different parameters. This has been backed up by multiple 
publications, with a relatively consistent, gradual decrease 
in both IgG-specific and neutralizing antibody levels being 
reported across the first 6 months post-vaccination [22-25]. 
These results were consistent for those receiving either an 
mRNA-based vaccine (BNT162b2 aka the BioNTech, Pfizer 
vaccine) or an adenoviral vector-based vaccine (ChAdOx1 
nCoV-19 aka the Oxford, AstraZeneca vaccine).

There has been increasing support for the utilization of 
booster doses no further than 6 months after the primary 
series [20]. Booster doses have been shown to decrease 
rates of infection and severe illness as compared to the 
normal two-dose regimen [26]. A study examining COVID-19 
trends during the Omicron variant surge indicated that 
those boosted with the BioNTech, Pfizer vaccine, or Moderna 
vaccine demonstrated increased protection, even though it 
was still noted to wane over time [27].

Current research collectively indicates that vaccination 
protects against severe disease [28], additionally indicating 
that this protection does not decay along with the decline in 
protection against COVID-19 infection. Initial boosters have 
been indicated to contribute to prolonged protection against 
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severe disease in COVID-19 for as far as 3 months post-boost 
[29].

Impact of COVID-19 Infection-Conferred 
Immunity

Evidence has demonstrated that protection from 
COVID-19 lasts longer for those who have been both vaccinated 
and previously infected with COVID-19, as compared to those 
who have only been vaccinated (respectively, approximately 
2 years vs 1 year). This data provides support for the chatbot 
recommendation delaying boosters for those who have 
recently been infected with COVID-19. 

This observation has further been supported by 
additional evidence from a study conducted in the UK which 
indicated that antibody titers were much stronger at the 
year mark among those who had been previously infected 
with COVID-19 compared to those who had only received 
the two-dose vaccine series [23]. The Hall et al. study also 
indicated only a moderate decrease in IgG and neutralizing 
antibody levels at 8-10 months post-infection. In a study 
of elderly people, those previously infected showed as 
strong an immune response after one dose of the BioNTech, 
Pfizer vaccine as the uninfected control group showed after 
two doses [30]. This has been demonstrated on a general 
population level as well, with evidence that previous 
COVID-19 infections complemented and boosted overall 
immune response after vaccination [31,32]. The impact of the 
previous infection was modulated by the variant of infection, 
however, with infection from the initial or Beta waves of the 
pandemic being less protective against the Delta wave [31]. 
This highlights the individuality of immune response, as well 
as the implications for strain-specific booster efficacy down 
the line.

Notwithstanding, it should be noted that infection-
conferred immunity, in those vaccinated and unvaccinated, 
still displays a pattern of waning over time, albeit typically 
slower than for vaccination alone [32]. Overall, these data 
suggest that infection does provide increased protection, 
providing support for prolonged intervals between 
vaccination for those previously infected.

Antibody Testing Parameters 

Antibody testing, to be used alongside typical PCR testing, 
can assist in the diagnosis of COVID-19 [33]. Serological 
testing can indicate whether the person carries antibodies 
to COVID-19. Serological testing can also be done on a 
more generalized basis to indicate those more susceptible 
to COVID-19 (presenting with fewer or no antibodies) and 
prioritize vaccination distribution [34]. It can be used to 

make other observations about population health, such 
as monitoring vaccine efficacy, infection trends, long-term 
immunogenicity, and specific data about antibody activity 
over time [35].

COVID-19 Serological Testing 

There are 3 types of serology (blood) tests that can 
provide you with valuable information about protection 
levels. T-cell tests, quantitative antibody tests, and qualitative 
antibody tests. T-cells are a type of white blood cell that can 
be elicited to destroy infected cells and stimulate antibody 
production in B-cells [35]. Proceeding COVID-19 infection, a 
small number of T-cells with receptors previously equipped 
for an antigen remain in the blood like the immunological 
memory displayed by B-cells. Even so, T-cell tests are very 
expensive to perform which provides limited application in 
wide-scale public health operations.

Quantitative and qualitative antibody testing measures 
the presence of antibodies developed in response to a 
COVID-19 infection or vaccination. The quantitative test 
shows the number of COVID-19 antibodies in one’s system; 
it is, however, difficult to establish the amount present which 
offers one protection from a range of severity of infections. 
Typically, with COVID-19 infections, quantitative tests look 
primarily for IgM and IgG subtype types if they distinguish 
between the two. Reports of antibody quantity use titers as 
the form of measurement [35]. The qualitative test illustrates 
the presence or absence of COVID-19 antibodies in one’s 
system. It is a simple yes, or no, and does not differentiate 
between infection-induced antibodies or antibodies created 
by the vaccine. This binary distinction is why the qualitative 
measurement of COVID-19 antibodies, as provided by the 
antibody test kit, is used as a primary parameter of the CRA-
Chatbot.

Disease History & Immunocompromisation

Immune deficiencies may be classified into rare primary 
types and common secondary types. Primary types are 
caused by genetic anomalies that are unique and apparent 
at birth. Examples include DiGeorge syndrome, Fanconi’s 
anemia, and Selective IgA Deficiency. Secondary types are 
caused by external factors such as chronic infections (HIV, 
COPD, CHF) or immunosuppressive medication [13]. In 
2021, many countries issued worldwide recommendations 
for increased COVID-19 vaccine protection for individuals 
with immunocompromised conditions which included 
subpopulations like the elderly aged 70 years and up [36].

Immunocompromised individuals are generally 
defined as those with diagnosed conditions in which their 
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immune system is suppressed. This includes conditions 
such as chronic disease states, active cancers, primary and 
secondary immunodeficiencies, advanced HIV infections, 
and the use of immunosuppressive medications like steroids 
[16]. The immunocompromised are more susceptible to 
vaccine-preventable infections and present with more severe 
symptoms and outcomes. As a result, B-cell number/function 
can be affected and result in recurrent bacterial infections, or 
T-cell number/function may be affected leading to recurrent 
fungal and viral infections.

Health & Wellness Chatbots 

In recent years chatbot use for health-related purposes 
has increased considerably, from supporting clinicians with 
clinical interviews and diagnosis to aiding consumers in 
self-managing chronic conditions. Briefly, AI chatbots for 
supporting health and wellness services include providing 
medical information, scheduling medical appointments, 
collecting patient data, handling insurance inquiries, 
providing mental health assistance, and requesting 
prescription refills. During the novel Coronavirus pandemic, 
institutions such as the Center for Disease Control (CDC) and 
the WHO have begun utilizing chatbots to share information, 
suggest behavior, and offer emotional support; the CDC 
names their chatbot “Clara”. Chatbots have varied widely in 
their responses to questions about physical health, suicide, 
intimate partner violence, substance abuse, and other 
sensitive conversations. While promising, the use of AI 
chatbots may also pose safety risks.

The CRA-chatbot prototype discussed in the rest of this 
paper (Figure 1) was developed to help individuals conduct 
a personalized risk assessment based on their unique health 
factors. COVID-19 can affect anyone, and the disease can 
cause symptoms ranging from mild to very severe. Certain 
individuals are more likely to have severe illness outcomes 
due to their unique characteristics or medical conditions 
which increase their risk. These are commonly known as 
“risk factors’’ which are the foundation of the CRA-chatbot 
risk assessment parameters. Essentially, the prototype is 
envisioned as a conversation agent to provide users with 
valuable information regarding the risk for severe symptoms, 
access to antiviral medications, and how to use rapid antibody 
testing to assess one’s immune status. This prototype utilizes 
key data points including vaccine doses and dates, COVID-19 
infection status, antibody test kit, disease history, and age to 
determine the user’s risk levels for severe outcomes. The key 
benefit of using such a prototype is to educate an individual 
about their COVID-19 Symptoms Risk Index (CSRI); indeed, 
knowing the risk of developing the spectrum of COVID-19 
symptoms based on personalized input can help individuals 
make more informed and timely decisions, ultimately saving 
lives.

Figure 1: Interface for CRA_Chatbot.

Framework for Designing a Risk Index Model 

Research has unveiled multiple risk factors leading to 
COVID-19 (C-19). The C-19 Symptom Risk Index (CSRI) 
model uses five key elements to calculate risk stratification. 
These include vaccine doses and dates, prior C-19 infection, 
positive testing using antigen, PCR, NAAT, or antibody 
presence detection, age, and underlying medical conditions. 
Based on the available scientific evidence, an individual may 
be categorized into three distinct risk classes illustrated in 
Table 1.

Each risk class has associated severities of groups 
of symptoms and outcomes that an infected individual 
can expect to experience. The low-risk class tends to be 
asymptomatic or has mild symptoms that include sneezing, 
runny nose, sore throat, and headaches. The moderate-risk 
class involves flu-like symptoms like fever, chills, joint pain, 
hoarse voice, and altered or loss of senses like smell and 
taste. The high-risk class comprises severe symptoms such 
as a persistent cough, joint and muscle pain, chills, fever, 
dizziness, gastrointestinal symptoms (nausea, diarrhea, 
abdominal pain), and respiratory symptoms (pneumonia and 
ARDS) that could require hospitalization. In using this CSRI 
class system, anyone can easily understand their expected 
symptoms and the risk of severe symptoms, how and when 
to access antiviral medications, when to get a booster 
vaccine, and the status of their immune system against C-19. 
With knowledge of how one’s body is reacting to C-19, one 
is empowered to prevent severe outcomes by taking the 
necessary steps to ensure a symptom-free lifestyle.
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C19 Immune 
Status Index High Moderate Low

Outcome Hospitalization Severe symptoms Flu-like symptoms Asymptomatic or mild 
symptoms

Examples of 
Symptoms

Fever Pneumonia Chills Runny nose
Chills Persistent cough Fever Sneezing

Dizziness Acute Respiratory Distress 
Syndrome (ARDS) Joint pain Sore throat

Joint pain Muti-organ failure Hoarse voice Headache

Muscle pain Gastrointestinal symptoms (nausea, 
diarrhea, abdominal pain)

New loss of or altered 
sense of smell  

Septic shock    
Death    

Table 1: Classes of C-19 Symptom Risk Factors.

Implementing the Risk Index Model into a CRA-
Chatbot

The C-19 pandemic puts in stark relief the potential for 
chatbots to help save lives. Chatbots have unique affordances, 
which may mitigate short and long-term disease burdens 
during infectious disease pandemics. As chatbots provide 
a single answer to most questions, these digital tools can 
present concise information from credible sources, which 
may be less overwhelming than social media, or web search 
engines’ long list of results. This matters as fake news 
spreads online both faster and further than accurate news. 
Chatbots are uniquely suited for symptom screening in a 
pandemic because people with stigmatized conditions often 
avoid seeking health care and in-person education. This 
simply means that people may be more forthcoming with 
chatbots than with other humans, providing more unbiased, 
timelier, and more accurate personal triage and population-
level infection rate estimates.

Pandemics differ from other national disasters in three 
ways. First, individual actions can significantly worsen 
outcomes in a pandemic, given that a single person may 
infect many others depending on behavior. Second, the fear of 
infecting others, especially loved ones or healthcare workers, 
makes infectious diseases more insidious through disease-
related stigma. Additionally, medical and public health experts 
must inform what chatbots say, and how they say it. Translating 
medical information into advice for the public requires 
expertise and evaluation to prevent unintended consequences. 
Without proper design, deployment, and ongoing monitoring, 
chatbots may confuse rather than help us.

Although healthcare chatbots are conceivably very 
useful, research reveals that they are not meeting users’ 

expectations, particularly when it comes to trust, handling 
complex conditions, and usability. Based on the results of a 
recent study [37], consumers do not entirely trust chatbots. 
They were weary of relying on unfamiliar brands and had 
concerns about inaccurate diagnoses. Others said they would 
prefer to conduct follow-up research before they would 
trust the diagnosis and information provided. Additionally, 
some participants complained of spelling errors and links 
to content that seemed untrustworthy. Another takeaway is 
that chatbots have room for improvement when it comes to 
complex conditions. Overall, the report notes that although 
healthcare chatbots hold promise there is still a long way to 
go before they win over consumers. Taking the aforenoted 
factors into consideration for our design, we discovered the 
complexity of trying to implement all the rules identified 
in the research. The initial design was too complicated 
and a normalization exercise was conducted to reduce the 
complexity of having a cumbersome interface for the users. 
The rules were simplified to the following lower-level factors 
as illustrated by Figure 2.

Chatbot Integration of Vaccination History

The CRA-Chatbot uses C-19 vaccine efficacy models 
which state that vaccine efficacy declines between 6 months 
to a year. The chatbot uses a 6-month cutoff to indicate 
waning vaccine efficacy and a 12-month cutoff to indicate 
absent vaccine efficacy. It combines the number of vaccine 
doses and the time of the last vaccine to determine the users’ 
current vaccine efficacy state. This is an important chatbot 
parameter that is factored into the CSRI response of Low, 
Moderate, or High. The higher the number of vaccine doses 
and the shorter the duration of time from the last vaccination, 
the lesser the chance of severe symptoms. 

https://medwinpublishers.com/JQHE/
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Figure 2: Flowchart of Five Key Chatbot Parameters.

The user is prompted to select the number of vaccine 
doses acquired. This numerical input is translated as a set 
of cut-off parameters for the CSRI class responses. If the 
user’s vaccine dosage number is 1 or less, then the chatbot 
will generate a CSRI response of Moderate or High. A vaccine 
dosage number of two or greater results in fewer symptoms, 
so the chatbot places the user in a CSRI of Moderate to low. 
The user is then asked to input the date of their last vaccine 
dose which the chatbot uses to place them either above or 
below the absolute 12-month time frame cut-off where 
antibodies are near undetectable [36]. If the user’s response 
lies below the 12-month cut-off, then the chatbot will 
generate a CSRI response of Low to Moderate. If the user’s 
response lies above the 12-month cut-off, then the chatbot 
will generate a CSRI response of Moderate to High. Without 
adequate protection against C-19 from the time of the last 
vaccination, the user has a higher risk of experiencing more 
severe symptoms. 

Chatbot Integration of C-19 Infection Status

The CRA-Chatbot uses the user’s C-19 infection status 
and the date of the last C-19 infection to estimate their 
current antibody levels. The user is asked if they have had 
a PCR or antigen-confirmed C-19 infection. If the response 
is a yes then the user is prompted to input the date of the 
last C-19 infection. If the yes response and date fall within 
6 months of the current date, then the chatbot will generate 
a lower CSRI class response. A yes response is confirmed 
by the presence of circulating antibodies which produce a 
positive antibody response from a testing kit. A yes response 
with a date falling beyond 6 months of the current date or a 
no response will generate a higher CSRI class response.

Chatbot Integration of Antibody Test Kit

The CRA-Chatbot uses the results of a qualitative 
C-19antibody test to determine the presence or absence of 

C-19 antibodies in the user’s immune system. The user will 
select a yes or no response when prompted by the chatbot. 
A yes response indicates active immunity against C-19 
antibodies and confirms active vaccine efficacy or antibodies 
from a previous C-19 infection. A no response indicates 
waning immunity with a need for a booster shot. These data, 
when combined with the vaccination history data, validate 
the given response with the real-time status of circulating 
C-19 antibodies. It provides easy-to-understand evidence 
to users of their current immune status which fosters trust 
in the chatbot results. If the user does not have a qualitative 
C-19 antibody test kit, a recommendation for an antibody 
test kit is made available.

Chatbot Integration of Disease History 

The user’s disease history is an integral part of the 
parameters built into this chatbot. By selecting common 
conditions that contribute to an immunocompromised 
state, the CRA-Chatbot makes it easy to determine the 
user’s general immune status. The common pre-existing 
medical conditions the chatbot considers are any diagnosed 
immunocompromised state like obesity or HIV infection, 
Diabetes (Type 1 and 2), chronic diseases (Chronic Liver 
Disease, COPD, Renal failure), cardiovascular diseases 
(Congestive Heart Failure, Atrial Fibrillation), Dementia, and 
Malignant cancers [36]. The diagnosis of any of the mentioned 
medical conditions indicates a weakened immune system 
which produces low quantities of antibody levels. 

The user is prompted to select a yes or no response 
to a list of the above-mentioned medical conditions by the 
chatbot. A yes response places the user in the High-risk class 
of the CSRI as a reflection of their immunocompromised 
state. A no response lowers the user’s chances of receiving a 
High-risk class response from the chatbot.

https://medwinpublishers.com/JQHE/
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Chatbot Integration of Age

The user is prompted to select their age from a range of 
age distributions. The CRA-Chatbot incorporates this concept 
of immunocompromisation to any user above the age of 70. 
This particular demographic has immune systems that wane 
over time [36], slowing their response to C-19. This raises 
their risk of developing severe outcomes and prompts the 
chatbot to produce a response of Moderate-risk and above.

Discussion

The CRA-Chatbot begins with the most important user 
input; their age; to group them into their demographic niche 
(above the age of 70 and below the age of 70). Any user 
with an age response greater than 70 years, is classified as 
a High-risk class individual. Thus, anyone over the age of 
70 is considered immunocompromised, as immunity wanes 
over time, so their response to a C-19 infection is delayed 
allowing for more severe outcomes. Following this logic, the 
next important parameter addressed by the chatbot is the 
presence of pre-existing medical conditions. If the user’s 
response is a yes, then they are classified as a High-risk class 
individual due to their immunocompromised state regardless 
of their age. The chatbot proceeds to collect information 
about the number of vaccine doses and their dates, antibody 
test results, and the presence and date or absence of a prior 
C-19 infection to generate a Low to Moderate risk class result. 
This response range is mainly determined by the user’s 
vaccination history and the chatbot uses every combination 
of possibilities and timelines to determine the appropriate 
response based on the data presented. By simplifying the 
potential responses by using binary inputs and time ranges, 
the chatbot can eliminate potential response errors because 
every potential combination of the four parameters has 
been programmed and run proofread. Fewer than 60 unique 
responses have been generated using our chatbot and each 
response has been proofed against the set parameters and 
validated with the appropriate CSRI class responses. 

 The CSRI Utilization for Behavior Change 

The CSRI uses vaccine doses and dates, prior C-19 
infection, antibody presence detection, age, and underlying 
medical conditions to place the individual’s immune system 
against C-19 into three distinct risk classes. Each risk 
class has associated severities of groups of symptoms and 
outcomes that the individual can expect to experience. The 
Low-risk class is defined as asymptomatic or with mild 
symptoms that include sneezing, runny nose, sore throat, 
and headaches. The Moderate-risk class involves flu-like 
symptoms like fever, chills, joint pain, hoarse voice, and 
altered or loss of senses like smell and taste. The High-risk 
class comprises severe symptoms like a persistent cough, 

joint and muscle pain, chills, fever, dizziness, gastrointestinal 
symptoms (nausea, diarrhea, abdominal pain), and 
respiratory symptoms (pneumonia and ARDS) that could 
require hospitalization. In using this CSRI class system, 
anyone can easily understand their expected symptoms 
and the risk of severe symptoms, how and when to access 
antiviral medications, when to get a booster vaccine, and the 
status of their immune system against C-19. With knowledge 
of how one’s body is reacting to C-19, the opportunity exists 
to change behavior and prevent severe outcomes by taking 
the necessary steps to ensure a symptom-free lifestyle. With 
the knowledge provided by the tool, individuals have the 
opportunity to modify their behavior in the following ways: 
prequalify for antiviral treatments, postpone their vaccine 
dose, seek a vaccine dose, perform more frequent testing, 
increase safety measures (masking, social distancing) or feel 
relieved, and do nothing. 

Treatment Options 

All individuals should receive targeted interventions 
such as treatments including chronic disease management, 
precautions to reduce exposure, vaccine doses, and effective 
pharmaceutical therapy. Increasing C-19 vaccination 
coverage is a public health priority. There are now treatments 
for C-19, both USA FDA and Health Canada approved the 
antiviral pill for use against C-19 in January 2022, but with a 
large supply of these pills available, experts say there is a lack 
of awareness among the public about who qualifies and how 
to access them. The key problem that exists is that when you 
are infected, you only have a 5-day window from symptom 
onset to begin treatment, and you need a prescription for 
which you must provide evidence of a positive C-19 test 
(antigen or PCR). Early diagnosis is key, but many people 
think they have a common cold and by the time they find out 
otherwise, it may be too late for treatment. Therefore, it is 
important for people who are at higher risk to be prepared. 
The C-19 Risk Assessment tool will guide individuals to be 
prepared by knowing their risk of severe symptoms so they 
can seek treatment within the 5-day window [37-39]. 

Future Research & Limitations

The new research initiative, Digital Health, Disrupter 
Analysis, County Readiness, and Technology Forecasts 2018-
2023, found that the adoption of chatbots will ramp up in 
the future due to citizens becoming more comfortable using 
chatbots to discuss their healthcare needs. Additionally, 
prior research suggests that chatbots will become an 
essential component of healthcare providers’ customer 
experience strategies. Shortages of medical practitioners to 
support aging populations could impact chatbot usage, for 
example, the German government expects that it will need 
3 million more nurses by 2060. Increased sophistication of 
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conversational AI platforms leading to a greater percentage 
of enquirers being completed entirely via AI chatbots, freeing 
up the medical staff line and saving countries’ healthcare 
systems around 3.7 billion dollars by 2023.

Today, healthcare leaders need to develop strategic 
initiatives that utilize digital health behavior tools to ensure 
that the information collected is transferred to a person’s 
medical record and other applications, such as appointment 
scheduling or for those dispensing prescriptions. This 
means that providers of medical records and line of 
business applications will need to make their existing 
systems interoperable with digital technologies such as 
chatbots. Chatbots can transform how patients engage 
with their healthcare organization, taking the pressure off 
overstretched staff and resources. However, this approach 
requires investment in security, integration, and promotion 
to ensure greater trust in chatbot use, and that resulting 
time-saving and benefits are not lost. 

The WHO director-general recently called for innovative 
pandemic responses. Towards this aim, chatbots are 
already being developed to contribute to the fight against 
C-19. If designed effectively, AI chatbots may help prevent 
misinformation, aid in symptom detection, engage in 
infection–limiting behaviors, and lessen the mental health 
burden of the pandemic response. In a pandemic, no groups 
of people remain unaffected for long. Together, patients, 
healthcare workers, academics, technology companies, 
and governments can ensure that well-designed chatbots 
generate the appropriate responses.

Within the current learning health system environments, 
greater effort is required to increase the awareness of when, 
where, and how to receive antiviral treatments. The current 
drawback of treatments in Ontario is that treatment must 
be initiated within 5 days of symptom onset to be effective. 
However, individuals require both a positive test result and a 
doctor’s prescription, making that 5-day window a challenge. 
More testing should be made readily available outside of the 
hospital setting such as home and remote testing, to aid in 
shortening the 5-day window. Tools such as the CRA-Chatbot 
can support the patient journey and aid in the development 
of an action plan based on the resulting recommendations.

It was perceived that a personalized vaccine scheduler 
would be a useful feature, to help individuals determine 
when they can take their next dose. In reality, the fluidity 
of the different public health rules on provincial levels 
and the complexity of scenarios such as types of vaccines 
and novel C-19 variants made the code too complicated 
and unmanageable. More complex algorithms will be 
implemented to include provincial vaccination timeline 
mandates and the effects and symptoms of new C-19 variants.

Conclusion

The CRA-Chatbot utilizes binary responses and time 
restrictions as inputted from the user to generate one of 
three CSRI class responses; Low, Moderate, and High. The 
framework of this chatbot prototype is built around five key 
parameters that collate to generate a CSRI class response, 
along with recommendations. These five parameters are 
vaccine doses and dates, C-19 infection status, antibody test 
kit results, disease history, and age.

The ultimate objective over the duration of the C-19 
pandemic is to provide the best protection from severe 
disease, hospitalization, and death with the lowest number 
of doses of available C-19 vaccines; the best way to approach 
this is for individuals to take the vaccine only when it is 
needed, on a personalized basis, instead of the blanket age 
range. Learning from past experiences, the best chance to 
manage C-19 globally is to make vaccines and treatments 
available for everyone, everywhere, especially those who 
are at high risk. Continuing efforts should also be initiated 
to attain vaccine equity, which would reduce the chances of 
deadly variants.
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