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Abstract

Background: Risky health behaviors place an enormous toll on public health systems. While relapse prevention support is
integrated with most behavior modification programs, the results are suboptimal. Recent advances in artificial intelligence
(AI) applications provide us with unique opportunities to develop just-in-time adaptive behavior change solutions.

Methods: In this study, we present an innovative framework, grounded in behavioral theory, and enhanced with social
media sequencing and communications scenario builder to architect a conversational agent (CA) specialized in the preven-
tion of relapses in the context of tobacco cessation. We modeled peer interaction data (n= 1000) using the taxonomy of
behavior change techniques (BCTs) and speech act (SA) theory to uncover the socio-behavioral and linguistic context embed-
ded within the online social discourse. Further, we uncovered the sequential patterns of BCTs and SAs from social conversa-
tions (n= 339,067). We utilized grounded theory-based techniques for extracting the scenarios that best describe individuals’
needs and mapped them into the architecture of the virtual CA.

Results: The frequently occurring sequential patterns for BCTs were comparison of behavior and feedback and monitoring; for
SAs were directive and assertion. Five cravings-related scenarios describing users’ needs as they deal with nicotine cravings
were identified along with the kinds of behavior change constructs that are being elicited within those scenarios.

Conclusions: AI-led virtual CAs focusing on behavior change need to employ data-driven and theory-linked approaches to
address issues related to engagement, sustainability, and acceptance. The sequential patterns of theory and intent manifes-
tations need to be considered when developing effective behavior change CAs.
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Introduction
Risky health behaviors such as tobacco use, opioid addic-
tion, and polysubstance abuse are major contributors to pre-
mature morbidity and mortality, of which tobacco
consumption alone is responsible for killing about eight
million people every year across the globe.1 It is also
responsible for rising healthcare expenditures as about US
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$1.4 trillion is spent annually for treating smoking-related
illnesses.1 According to a recent report, tobacco cessation
rates in the USA remain low; even though about 68% of
adult smokers expressed their desire to quit tobacco use,
55.4% attempted to quit and only 7.4% reported successful
quitting in 2015.2 Behavior modification is a core compo-
nent of the management of these risky health behaviors.3

It is a complex process and research has shown that a
range of psychological and social processes influence the
engagement of an individual in the sustenance of positive
health behaviors.4 Behavior change can be a daunting
task, and oftentimes individuals relapse as they attempt to
embrace and sustain a positive health change. Nearly
75%–80% of the smokers who attempt to quit, relapse
before achieving six months of abstinence.5 Therefore, sup-
porting individuals to make a successful quit attempt and
preventing relapse become a public health priority.1

The best practice guidelines to support relapse preven-
tion include a combination of pharmacological support
such as nicotine replacement therapy (patches, gums,
lozenges, etc.) or medications (e.g., Bupropion) and behav-
ioral support delivered via face-to-face counseling sessions
with a doctor or trained healthcare professional is found to
be most effective for tobacco cessation.6 However, only
25% of cigarette smokers reported using nicotine patches
or gum during their most recent quit attempt, only 12.2%
reported using tobacco cessation medications approved by
the FDA, and only 15% sought help from a doctor or
other healthcare professional.7 One of the barriers to
using these evidence-based conventional quit tools is that
a majority of smokers quit all at once unassisted due to mis-
perceptions regarding the effectiveness and safety of
pharmacotherapy options.7,8 Other barriers include accessi-
bility issues such as lack of time, transportation issues, and
cost, especially among the low socio-economic status
populations.9

Digital behavior change interventions (DBCIs) have
been gaining popularity and have emerged as a mainstay
in the behavior change ecosystem. Previous reviews have
already established the effectiveness of DBCIs in promot-
ing the adoption of positive health behaviors.10,11 More
recently, given the wide reach and accessibility of mobile
and sensing technologies, the use of just-in-time adaptive
interventions that aim at providing tailored support at the
right time to individuals is becoming increasingly prevalent
for supporting health-related behavior change.12,13 These
seminal works highlight the necessity for behavior change
interventions to adapt in real-time to an individual’s chan-
ging context and internal state, which is particularly rele-
vant for relapse prevention with risky behaviors such as
tobacco use, where behavioral context can change rapidly
and unexpectedly. In the context of tobacco cessation,
such interventions function in a variety of areas including,
but not limited to, delivering tailored content in real-time
via mobile apps, providing peer support via online health

communities (OHCs), and conversational agents (CAs)
via simulated peer advice, lifestyle tips, and programmed
education.14,15 CAs are computer-based programs that
simulate human-like conversations and use natural lan-
guage to interact with end users.16,17 They capitalize on
the recent advances in voice recognition, artificial intelli-
gence, and natural language processing to extend our
ability to provide complex dialog management (DM)
methods and improved conversational flexibility.16,17

Previous research has explored the use of CAs for
tobacco cessation interventions. One study implemented a
CA within social media instant messenger.18 It showed
that user engagement was higher when CA was involved
in the conversation, and also users had a higher rate of
abstaining from tobacco use when they were involved in
conversations with the agent than without it.18 Another
study added a motivational CA within a tobacco cessation
application called the Smoke Free app, and the results
showed that the users interacting with the CA had higher
chances of success during quitting.19 Calvaresi et al.20

also implemented CA within Facebook Messenger and
obtained similar promising results. One classic example
of a commercial conversational text-based intervention
designed to help adult smokers begin their quit journey is
called Bella.21 Bella is an AI (artificial intelligence)
powered chatbot for tobacco cessation, developed primarily
based on expert guidance and was released in January 2018
in the UK.21

Despite taking on the role of “digital companions,” CAs
have their limitations; for example, one of the most
advanced commercial chatbots targeting tobacco cessation
gets stuck when users input responses that are not
prompted.22 Other barriers to implementing CA within the
context of health care are difficulty in understanding
users’ perceptions and cultural attitudes, being repetitive
and less engaging, and their inability to form personal con-
nections (humaneness) as users would do with their peers or
family in real-life settings.23,24 Thus, there is a need for CAs
that are (a) data-driven to anticipate conversational turns and
intent drifts to provide seamless health communications
guidance, which may promote higher user engagement
and ultimately provide long-term tobacco cessation
support, and (b) theory-informed, grounded in behavioral
theory and human communication models as research has
shown that theoretical fidelity improves the robustness of
DBCIs, making them more efficacious than their
counterparts.

Given these research gaps, the specific objective of this
work is to develop a methodological framework for
the emulation of human-CA interactions that build on
social media sequencing. Such empirical grounding will
enable us to identify organic sequential patterns in theory
and intent manifestation as peers interact in digital social
settings to facilitate the design of just-in-time adaptive
CA-based interventions to support behavior change. This
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approach would bridge the abovementioned gaps with sus-
tained user engagement at a more fundamental level by
examining the syntactic and semantic turns embedded
within online peer conversations. Also, to the best of our
knowledge, no CAs have explicitly focused on craving
management to reduce the chances of relapse among indivi-
duals who have quit tobacco use.

Methods
Figure 1 provides an overview of the methodological
framework, which consists of (a) a data modeler, (b)
a social media sequencing core, and (c) a scenarios builder.

Their descriptions are provided in the section below. In
the scope of this research, we apply this framework to
develop a CA for nicotine cravings management to
prevent relapse during tobacco cessation. To first under-
stand the critical hallmarks of human conversations in the
domain, we leveraged online peer conversations from
QuitNet, an OHC for tobacco cessation.25 QuitNet is one
of the most popular OHCs that promotes tobacco cessation,
with more than 800,000 users since its beginning in 1997.25

The community users are predominantly smokers who are
preparing to quit or ex-smokers who aim to stay abstinent.
QuitNet provides social support to its users via multiple
channels (e.g., private emails, threaded forums, and chat
rooms). The users are also encouraged to share their quit
dates during their forum conversations as a self-reported
abstinence signature. Initial studies have shown a strong
association between an individual’s participation in
QuitNet and abstinence, as compared with individuals
who do not participate in such a community.25–29

Data modeler

The data modeler facilitates the characterization of thematic
preferences, theoretical behavior change constructs, and
implicit user needs as manifested in online peer interac-
tions. This understanding has enabled us to emulate
content boundaries, response tone, and response content
in our CA architecture. We utilized the behavior change
technique (BCT) taxonomy30 to identify manifestations of
theory-linked BCTs embedded in online peer interactions.
The BCT taxonomy is a cross-disciplinary taxonomy
from domains such as psychology, engineering, and behav-
ioral science that provides a foundation for the design and
evaluation of reliable behavior change interventions. This
taxonomy has facilitated the study of mechanisms of
action related to the change in behavior and the evaluation
of such components. Effective BCTs have been identified in
interventions aiding in tobacco cessation.31

Previous studies have analyzed speech acts (SAs) to
understand users’ general attitudes and state of mind as
they interact with their online peers.32 Some studies have
also identified users’ intent to be able to determine the

response of the chatbots.33–35 To model the communication
context underlying online peer interactions (user’s implicit
intent), we have utilized a modified version of Searle’s
speech act theory36 which helps to describe how humans
express themselves during their communication with
others using 10 different categories of SAs. The SA
theory36 is a subfield of pragmatics, a branch of linguistics
that tries to understand how individuals produce and under-
stand meanings through language.36

Social media sequencing core

The social media sequencing core identifies the sequential
patterns describing the usage of various categories of
BCTs and SAs embedded within the conversation threads
from a tobacco cessation OHC. This understanding has
enabled us to capture changes in the user’s context that
can impact the expression of BCTs within the responses
of the CA. Using the Frequent Pattern Growth algorithm,37

we identified the underlying relationships or associations
that occur sequentially between various categories of
BCTs and SAs embedded within the obstacles theme
labeled peer conversations (n= 339,067). Such sequential
pattern mining algorithms have been utilized to understand
the emotional and contextual features underlying depres-
sive user behaviors from online postings of social media
users.38 One study used sequential pattern mining techni-
ques to predict the users’ moods based on digital technol-
ogy usage patterns.39 An association rule BCT (or SA)
category A>BCT (or SA) category B indicates that cat-
egory A is likely to occur with category B. We used the fol-
lowing measures to identify relevant association rules
within our dataset – support, confidence, and lift. Support
of a rule refers to the probability of category A and B occur-
ring together in a conversation; confidence represents the
probability of also having category B along with category
A. Lift refers to the increase in the ratio of presence of cat-
egory B when category A is also expressed.

Scenarios builder

The scenario builder extracts the relevant nicotine cravings-
related scenarios from our tobacco cessation OHC. From
a total of obstacles theme labeled peer conversations
(n= 339,067), we randomly selected a subset of messages
(n= 1000) for extracting the scenarios that best describe
users’ needs when dealing with nicotine cravings using
grounded theory-based qualitative analysis.40 The grounded
theory technique is a method of analysis that inductively
enables the extraction of concepts, which in this case are
the nicotine cravings-related scenarios as they emerge
from the user-generated text. We used two main characteris-
tics of this technique to derive meaningful representative
scenarios from the peer interactions of an OHC, i.e., open
coding and constant comparison.40 In open coding, the
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researchers initially immerse themselves in the text by
reading and re-reading it multiple times.40 After this, the
text is divided into meaningful units that capture a com-
plete thought. Units carrying similar meanings are then
grouped into larger-order categories, and these categories
are continuously updated and compared throughout the
analysis by including or excluding additional meaningful
units.40 It is referred to as constant comparison, which
enables the creation of a hierarchy of categories from
which overarching core categories that are consistent
with the data at hand are generated.40 This process is
usually repeated unless saturation is obtained. Saturation
is when the addition of new data does not lead to the
extraction of any additional concepts or the generation
of any additional categories.

Using the subset of obstacles theme labeled peer mes-
sages, two researchers performed a line-by-line analysis
of the messages using grounded theory techniques (open
coding, axial coding, and constant comparison described
above) to derive abstract concepts regarding user needs
when dealing with nicotine cravings. This process was
repeated until no new scenarios were produced from this
dataset, i.e., until saturation in extracting of new concepts
was achieved. Using this approach, 22 concepts were iden-
tified, and similar concepts were then grouped to generate
nicotine cravings-related scenarios from the dataset of
QuitNet messages. The emergence of new concepts
stopped at message number 140; we further coded the
remaining messages to ensure the saturation of the con-
cepts. These scenarios were then used to further define
the environmental boundaries of the CA. Cohen’s kappa
measure of 83% was achieved between the two coders

and any disagreements were discussed among the research-
ers until a mutual agreement was reached.

CA architecture design

We generated user intents and responses using the scenarios
from the prior step by performing a line-by-line analysis of
every message using directed content analysis techniques
where each message was chosen as the coding unit for ana-
lysis.41 The textual data of forum messages was first prepro-
cessed using the Natural Language Toolkit (NLTK), and
this step included the following tasks: converting text to
lowercase, removing punctuation, removing white spaces,
removing special characters, and lemmatization.42 Using
these intents and responses, we trained the RASA frame-
work as described below.

RASA is one of the most popular open-source frame-
works for building task-oriented chatbots and virtual assis-
tants. This framework makes use of machine learning
techniques to recognize the intent of the user, extract
entities, execute and action, and manage the flow of the
conversation (described below). The architecture and
basic workflow of CA is outlined in Figure 2. Once the
user initiates the conversation, the user’s message is sent
to the Natural Language Understanding (NLU) model of
the framework; which preprocesses the text from the
user’s message and then further parses the data to perform
two tasks–intent classification and entity extraction. The
output of the NLU model is then sent to the DM core
model of the framework, which classifies the following
action which is appropriate given what has happened in
the conversation. It then chooses a response that is sent

Figure 1. Overview of the methodological framework for designing a CA.
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back to the user based on the list of responses the agent has
been trained to return. Using our conversation scenarios
from the prior step, we created 12 user intents (of which
five were specifically based on the extracted scenarios,
and the remaining seven were to support conversations
within the agent) with more than 10 training examples for
each intent to train the NLU model. We further created
approximately 100 responses for training the DM model.
We used the default NLU pipeline for training the model
(epochs= 100); preprocessing was implemented using the
spaCy language model. We further trained the DM model
with epochs= 100, and max_history= 5 (memorization_-
policy). The fallback_policy was executed if the intent clas-
sification pipeline confidence was below the threshold
value of 0.3; in this scenario, a default fallback message
will be provided to the end users (e.g., “Sorry, did not
understand”), which would then revert the conversation to
the state before the end user’s message that caused the fall-
back to not influence future actions.

Ethical considerations

This study was exempted from human subjects review by
the Institutional Review Board at the University of Texas
Health Science Center at Houston (HSC-SBMI-15-0697),
thus consent was not required. We extracted only the
forum messages that were in the public domain, i.e., peer
exchanges that were marked public by the users of the
forum. To maintain user anonymity, we de-identified the
data obtained from the forum by assigning every

community user a unique user identifier. In addition, the
researchers had no direct contact with the community users.

Results

Data modeler

The data modeler used was semi-automated in nature, given
that we used the manually annotated messages (n= 2005) to
train deep learning models and used the best-performing
model that resulted in 2.23 million labeled peer interactions
spanning from 2000 to 2015. The results from this core are
thoroughly discussed in Singh et al.43

Social media sequencing core

Table 1 presents the top 10 discovered association rules for
BCTs and their corresponding support, confidence, and lift
values. In our dataset, comparison of behavior and feedback
and monitoring occur together frequently with the support
value of 0.38. The confidence value of 0.96 indicates that
of all the peer conversations that have a comparison of
behavior BCT embedded in them, about 96% contain feed-
back and monitoring BCT as well. The lift value of 1.02
indicates that expression of the feedback and monitoring
BCT is 1.02 times more likely to be with the comparison
of behavior BCT than the default likelihood of comparison
of behavior BCT alone in obstacles theme labeled peer con-
versations. Similarly, the support value of the rule compari-
son of behavior, self-belief → feedback and monitoring is

Figure 2. Architecture and basic workflow of the CA.
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0.31, and the confidence value of 0.98 indicates that that of
all the peer conversations that have the comparison of
behavior and self-belief BCTs embedded in it, about 98%
contain feedback and monitoring BCT as well, and it is
1.03 times more likely a chance that the expression of com-
parison of behavior and self-belief BCTs occurs with feed-
back and monitoring BCT than its expression alone in the
peer conversations.

Table 2 presents the top 10 discovered association rules
for SAs and their corresponding support, confidence, and
lift values. In our dataset, statement and assertion occur
together frequently with the support value of 0.33. This
rule has a confidence value of 0.75 which means that of
all the peer conversations that have a statement SA embed-
ded in it, about 75% contain an assertion SA as well. The lift
value of 1.02 indicates that the presence of the statement SA

is 1.02 times more likely to be with assertion SA than the
default likelihood of the statement SA alone in obstacles
theme labeled peer conversations. Similarly, the support
value of the rule directive → assertion is 0.38, and the con-
fidence value of 0.82 indicates that of all the peer conversa-
tions that have the directive SA embedded in it, about 82%
contain an assertion SA as well; and there is 1.10 times
more chance that the expression of the directive SA
occurs with the assertion SA than its expression alone in
peer conversations.

Scenarios builder

A total of five nicotine cravings-related scenarios were
derived using the grounded theory techniques (open
coding and constant comparison).40 The derived con-
cepts, scenarios, and example messages that outline the
user needs that will be supported by our CA to help indi-
viduals overcome nicotine cravings are described in
Table 3.

CA architecture design

In the section below, we outline various user intents and
responses specific to nicotine cravings-related scenarios
that were extracted via scenario builder core. Within each
scenario, we also provide the mapping of user intents to
various categories of SAs and the mapping of responses
to various categories of BCTs (see Figures 3 and 4). For
instance, in scenario 1, where users specifically state their

Table 1. Top 10 sequential patterns for BCTs within the obstacles
theme labeled peer conversations.

Sequential patterns Support Confidence Lift

Comparison of behavior →
Feedback and monitoring

0.38 0.96 1.02

Comparison of behavior →
Self-belief

0.32 0.80 1.03

Comparison of behavior →
Natural consequences

0.29 0.73 0.98

Comparison of behavior,
Self-belief → Feedback and
monitoring

0.31 0.98 1.03

Comparison of behavior,
Feedback and monitoring →
Self-belief

0.31 0.81 1.03

Comparison of behavior →
Self-belief, Feedback and
monitoring

0.31 0.78 1.04

Comparison of behavior, Natural
consequences → Feedback
and Monitoring

0.28 0.96 1.02

Comparison of behavior,
Feedback and monitoring →
Natural consequences

0.28 0.73 0.98

Comparison of behavior →
Feedback and monitoring,
Natural consequences

0.28 0.70 0.99

Comparison of behavior,
Self-belief → Natural
consequences

0.24 0.76 1.01

Table 2. Top 10 sequential patterns for SAs within the obstacles
theme labeled peer conversations.

Sequential patterns Support Confidence Lift

Statement → Assertion 0.33 0.75 1.02

Statement, Directive → Assertion 0.17 0.84 1.13

Statement, Assertion → Directive 0.17 0.52 1.12

Directive → Assertion 0.38 0.82 1.10

Assertion → Directive 0.38 0.51 1.10

Question → Assertion 0.08 0.55 0.75

Question → Statement 0.07 0.51 1.15

Directive, Question → Assertion 0.04 0.69 0.93

Directive, Question → Statement 0.03 0.55 1.26

Statement, Directive, Question →
Assertion

0.02 0.75 1.01
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longing to smoke, desire and declarative SAs captured such
user needs (see Figure 3). In scenario 2, the users express
SAs of question, emotion, desire, and commissive since they
express their problems and ask questions about handling nico-
tine cravings. In scenario 3, SAs of question, declarative, and
commissive captured the inquiries of the users as they plan to
start their quits. In scenario 4, users describe their beliefs as
they deal with obstacles and share their inspirations for

staying committed to their quit goals, thereby expressing
SAs of assertion, directive, and declarative. Directive and
assertion SAs occur together frequently with the support
value of 0.38. In scenario 5, the users express SAs of question,
declarative, commissive, and desire to describe their desire to
smoke given they have just started their quit. The most preva-
lent SAs within the extracted user intent are declarative,
desire, question, and commissive.

Table 3. Derived nicotine cravings-related scenarios, their description, and example messages.

Scenario Description Example messages

1 The users’ express the desire to smoke as they have been
experiencing nicotine cravings given their present
situation. This scenario was composed by combining
multiple concepts such as “have strong urges,” “want to
smoke,” and “bad craves day today.”

“It’s been a rough day for some reason (strong craves today)”
“I am on day 21, and I want to smoke so bad today!!!”

2 The users’ specifically ask for help or guidance to deal with
nicotine cravings. In this scenario, the users may or may
not mention their stage of quit i.e., whether they have been
abstinent for a long time or are early in their quit. This
scenario was generated by combining concepts such as
“help me,” “looking for guidance,” “provide suggestions,”
and “how to overcome cravings.”

“Is it normal to still have cravings 35 days into the quit???? I
really hope this isn’t going to be a permanent thing because
honestly, this is ridiculous!!!!”
“I am going through a rough patch in my quit, have been
experiencing terrible craves since morning. What should I
do?”

3 The users’ specifically state their intention to quit, their plans
of starting the quit journey, and thus, ask their peers for
guidance on how to deal with nicotine cravings during the
initial quit days. The core concepts of this scenario were
“planned quit date is nearing,” “quitting real soon,” and
“provide ideas for the initial tough days.”

“My planned quit date is approaching. How to get through the
first 3 weeks? How to deal with the nicodemon cravings
during that time? I could use a few more ideas to put into my
plan”
“I have picked a quit date am going to stick to it. Do you have
any tips on how to avoid the cravings in the beginning? I
have tried to quit before and it is the first thing after waking
up that gets to me.”

4 The users’ from the community share their experiences of
how they overcame the challenges related to nicotine
cravings to encourage other users to sustain their quits.
The users’, within this scenario, provide descriptions of
facing such challenges such as providing practical
approaches to deal with stressful situations or underlying
motivations to ward off the cravings. The key concepts that
lead to the emergence of this scenario were – “pledged to
not smoke,” “cravings become less intense after a few
weeks,” “not giving up,” logged in here instead,”
“distractions,” “remove triggers,” and “motivations.”

“I am on my fourth day, using nicotine gum as a replacement
and so far so good. I can breathe better already and don’t
feel sick/tired all the time, so I think about that all the time to
stay motivated. Also, I moved my triggers around, like I only
drink coffee/alcohol after my gum, so I will not crave
smoking. I’m also making plans on the trips I’ll be taking
with the money I’ll save by the end of next year.”
“Today is my first day. My morning was really rough (it’s my
worst time of day), but I got through it and am now at work. I
pledge to walk off any craves and if that doesn’t work, I come
and chat with you. My co-workers are my quit buddies
because they are now non-smokers. And with a lot of prayers
and support, I know I can do it! Almost 12 h quit! Hurray!.”

5 The users’ specifically asked for help to deal with nicotine
cravings during the first few days of their quit. Some of the
core concepts within this scenario were – “quit last night,”
“new quitter,” “first week of quit,” “came here as a
precaution,” “provide help for those initial days.”

“It is my first day of quit, I woke up with bad chest pains and I
am only 22 so I have decided I have had enough. I haven’t
had a cigarette in 5 h and the withdrawals are already in full
swing. I need strength”
“I quit cold-turkey last Wednesday, and started taking
deanxit to ward off the nerves. This morning I woke up with
terrible cravings and I cannot get my mind of it. Please help
me!!”
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The BCTs are responsive to the user’s intent as captured
via QuitNet community peer interactions and are based on
the responses provided by successful quitters in the commu-
nity (see Figure 4). For instance, the responses to the user’s
intent within scenario 1 are composed of BCTs like feed-
back and monitoring, antecedents, and repetition and sub-
stitution, where users are given evaluative feedback on their

behaviors and provided information about how they can
incorporate new habits and restructure their environments
to distract themselves (e.g., go for a walk) and ward off
nicotine cravings. In scenario 2, since the users have
expressed their problems and asked questions about how
to handle nicotine cravings, the responses are composed
of BCTs like feedback and monitoring, antecedents, and

Figure 3. User intents, example messages, and their mapping to SA theory.

Figure 4. CA responses, example messages, and their mapping to the taxonomy of BCTs.
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natural consequences to highlight the consequences
(health, social, emotional) of tobacco use if they continue to
do so and again adding distractions or restructuring physical
or social environment (e.g., drink more water) to deal with
nicotine cravings. In scenario 3, since the users specifically
asked for help to deal with nicotine cravings as they plan
their quits, we have incorporated BCTs, including shaping
knowledge, antecedents, social support, and natural conse-
quences in the responses since these techniques provide
advice to users on how they can go about formulating a
plan which can include antecedents (e.g., gums, candies,
books). In addition, they also highlight the consequences
that are associated with their continued tobacco use, such as
lousy health or loss of money as it is being spent on buying
cigarettes. In scenario 4, the users have described how they
dealt with nicotine cravings and did not give into tobacco
use again; therefore, the BCTs of feedback and monitoring
and social support should be incorporated in responses to
provide social support to users for their efforts in dealing
with nicotine cravings. In scenario 5, the users described
their desire to smoke given they have just started their quit,
and thus, the responses are composed of BCTs such as feed-
back and monitoring, antecedents, and social support which
again emphasizes adding distractions to one’s environment
and providing feedback on one’s behavior and support to
deal with any obstacles. Overall, the most prevalent BCTs
within the response are feedback and monitoring, antecedents,
and social support. The presence of sequential patterns identi-
fied from SMS core within these user intents and responses
demonstrates how such sequential pattern mining can guide
the flow of conversation to make the CAs more adaptive
and supportive of behavior change.

Discussion
In this study, we present an innovative framework for
scoping and designing a preliminary communication archi-
tecture of a CA. We apply the framework to design a CA to
support individuals struggling with nicotine cravings.
Through secondary analysis of the QuitNet community’s
peer interactions, we developed our training data from real-
life peer-to-peer conversations and peer mentoring/advice
for craving management. We have sequenced the expres-
sion of various categories of BCTs and SAs embedded
within the obstacles theme labeled peer conversations.
We have extracted relevant nicotine cravings scenarios
from our dataset to create appropriate training data for
RASA’s NLU and DM models to be able to understand
users’ intent (mapped to SAs) and generate appropriate
responses (mapped to BCTs) to help them overcome nico-
tine cravings and thus, prevent relapse in such users.
Through this study, we have gained insights into the fre-
quently occurring categories of BCTs and SAs within
peer interactions. Such sequential patterns can be integrated
into the design of CA to be able to provide just-in-time

adaptive support for individuals trying to resist obstacles
during their quits. The need for such an approach has
been highlighted in previous works as they allow tailoring
the content of DBCIs and enable them to intervene at
the right moments (more adaptive interventions).12

Anastasiadou et al.44 used the RASA framework to build
a chatbot prototype that helps to improve individuals’
engagement in diabetes self-management. Another study
used the RASA framework to develop a stress management
application by identifying the stress levels and supporting
its management.45 Researchers have also utilized this
framework for designing a chatbot that can help individuals
assess the severity of symptoms from home and predict
whether the individual has COVID-19.46

Our dataset revealed that individuals mention nicotine
cravings in different contexts; for example, an individual
who just quit tobacco use might express different intents
regarding tobacco use as compared to an individual who
craves after maintaining the quit for a long time. It is neces-
sary to understand the context of users’ needs to make
digital tools such as CAs more responsive to the latent
unspecified needs of users who struggle with obstacles
such as nicotine cravings. In the focus area of this study,
there has been some prior work on developing chatbots for
tobacco cessation. Almusharraf et al.47 developed a motiv-
ational interviewing-based chatbot via interactive interactions
with the smokers themselves to help them quit smoking.
Initially, the agent prompted the users to articulate the pros
and cons of tobacco use followed by the agent responding
in a non-judgmental manner, summarizing their thoughts,
and asking them to reflect upon them. They tested the proto-
type of the agent on a sample of smokers and used the itera-
tions of those interactions to train and improve the chatbot.
This study reported that participants found it beneficial to
engage with the chatbot and work towards their quit.
Similarly, in our study, we used the messages from a real
OHC, where peers engage in more natural and non-
judgmental conversations with one another and provide
them the required social support to motivate one another
towards a common goal of not smoking. In our study, we
used theoretical frameworks such as the taxonomy of BCTs
and SA theory; since theory-grounded behavior change inter-
ventions have proven to be effective in facilitating behavior
change among its users.48 One study identified that the incorp-
oration of BCTs within internet-based tobacco cessation pro-
grams can lead to improved chances of tobacco cessation.31

In addition to these, relatable real-world experiences are also
important to motivate individuals to quit tobacco use as evi-
denced by “This is Quitting,” a text messaging program
designed to help young adults quit smoking.49

Some of the limitations of our work include the small
sample size to extract nicotine cravings-related scenarios
using the grounded theory approach. Such a sample size
might have been insufficient to ensure saturation of concepts
to derive all possible scenarios related to nicotine cravings.
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In our future work, we plan to incorporate additional data by
scaling the labeling of the online communication themes to a
large dataset and using those messages to ensure saturation of
concepts for creating relevant nicotine cravings-related scen-
arios. Secondly, only two researchers were involved in the
extraction of concepts and scenarios from the given dataset
and thus these scenarios might be limited by subjective bias
inherent in the coding process. In future work, we plan to
involve multiple researchers in the scenario extraction
process to compute inter-rater reliability to achieve a gold-
standard corpus of nicotine cravings-related scenarios. We
also plan to include interdisciplinary expert reviews to
ensure the relevance of the patterns identified using sequential
pattern mining algorithms. Another limitation in the current
design of the CA is that it might not be able to handle the
exception case or problematic scenarios very well; for which
we need to generate additional data so that the conversations
can be continued with the end-users more productively. In
future work, we plan to test and evaluate the quality of
responses generated by the CA using the confidence levels
(ability to correctly classify the intent from the user’s
message) reported by the framework as well as a manual
review upon feeding previously unseen nicotine cravings-
related messages to the CA.

Conclusions
The technological advancements facilitate the use of
AI-based CAs in the healthcare domain. This study describes
our efforts to define a preliminary architecture of a CA whose
goal is to interact with individuals as they report struggles with
nicotine cravings. Our work builds on data insights and pattern
mining of peer interactions among active and abstinent
tobacco users which enables us to model user, behavior, and
environment contexts. This deep and naturalistic understand-
ing allows us to emulate guided interactions with a CA with
the ultimate goal of reducing their chances of relapse.
Specifically, the utilization of pattern mining algorithms to
model peer messages grouped at the topic level is essential
to simulate CA interactions, thus shifting the unit of analysis
from single messages to threads of conversations. Our study
provides insights into the implicit needs of individuals
through consideration of the expression of content in social
media interactions and how those needs can be addressed
through appropriate responses grounded in behavior change
techniques in a CA interaction. Such theory-informed and
data-driven CA interactions may prove to be more effective
for the management of nicotine cravings, relapse prevention,
and long-term sustenance of positive health behaviors.
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