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Health coaching can be an effective intervention to support self-management of chronic conditions like
diabetes, but there are not enough coaching practitioners to reach the growing population in need of support.
Conversational technology, like chatbots, presents an opportunity to extend health coaching support to
broader and more diverse populations. However, some have suggested that the human element is essential to
health coaching and cannot be replicated with technology. In this research, we examine automated health
coaching using a theory-grounded, wizard-of-oz chatbot, in comparison with text-based virtual coaching
from human practitioners who start with the same protocol as the chatbot but have the freedom to embellish
and adjust as needed. We found that even a scripted chatbot can create a coach-like experience for
participants. While human coaches displayed advantages expressing empathy and using probing questions to
tailor their support, they also encountered tremendous barriers and frustrations adapting to text-based virtual
coaching. The chatbot coach had advantages in being persistent, as well as more consistently giving choices
and options to foster client autonomy. We discuss implications for the design of virtual health coaching
interventions.
CCS Concepts: • Applied computing~Life and medical sciences~Consumer health • Computing
methodologies~Artificial intelligence~Distributed artificial intelligence~Intelligent agents • Human-centered
computing~Ubiquitous and mobile computing
KEYWORDS
Health coaching, chatbots, conversational agents, wizard-of-oz, type 2 diabetes, self-management
ACM Reference format:
Elliot G Mitchell, Rosa Maimone, Jonathan N Tobin, Andrea Cassells, Patricia Davidson, Arlene M Smaldone, Lena
Mamykina. 2021. Automated vs. Human Health Coaching: Exploring Participant and Practitioner Experiences. Proc. ACM
Hum.-Comput. Interact. 5, CSCW, Article 99 (April 2021), 37 pages. https://doi.org/10.1145/3449173

1 INTRODUCTION
Interpersonal communication is foundational to the practice of healthcare [4]. Effective
communication between clinicians and patients can support patient-centered care and shared
decision-making [4,98]. Research in computer supported collaborative work (CSCW) has sought to
investigate new ways to use computing technology to improve communication between
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healthcare stakeholders [14,29,80]. Much focus has been placed on communication between
stakeholders inside the walls of the healthcare system, for example during rounds or outpatient
visits [29,91] and technology mediation of communication between patients and their healthcare
providers [14,24,29,80,91].
The growing prevalence of chronic diseases like type 2 diabetes (T2D) creates an imperative to
extend healthcare beyond traditional patient-provider encounters and help individuals selfmanage the myriad daily decisions that influence their health [8,89]. In-person health coaching is a
common and effective approach to promote self-management [23,79,95,103]. Health coaching
seeks to help individuals achieve personal health goals in a collaborative conversation that
emphasizes autonomy, motivation, and tailored support [78], and can be effective in supporting
sustained lifestyle behavior changes [23,95]. However, there are challenges to scaling in-person
practice, particularly in low resource communities. Perhaps most significantly, there are not
enough trained coaching practitioners to provide adequate education and support to the growing
population of individuals with T2D [28,86]. In addition, there are barriers and disparities in access
to in-person coaching, including transportation, community resources, and cost [28,82].
Individuals with low socio-economic status and ethnic minorities are disproportionately affected
by chronic conditions, and the continued failure to identify effective interventions to reach these
communities has the potential to deepen existing disparities [99]. Even for those with access, the
quality of communication itself can be poorer for racial and ethnic minorities due to implicit bias
as well as disparities in language and health literacy [2].
Technology has the potential to address these limitations and reach broader and more diverse
individuals in their day-to-day lives. One approach is to introduce technology-mediated coaching,
which seeks to connect clients with practitioners via telecommunication [86]; in recent years
technology-mediated coaching has become increasingly common in practice [9,68,86]. A
complementary approach is to replicate the support provided by human coaches with computing
technologies, for example conversational agents. Conversational agents have long been explored
in many areas of health and healthcare [5,54,102]. Bickmore and colleagues have argued for the
advantages of conversational agents to overcome some of the challenges and biases of
interpersonal communication in health, while still being able to establish a form of social
relationship between the agent and user [5]. There has been a recent increase in the number of
conversational interventions in health, often taking the form of scripted, text-based chatbots,
which have seen positive results in areas like telemonitoring, cognitive behavioral therapy, and
medication management [30,54]. Furthermore, new advances in Artificial Intelligence (AI) pave
the wave for more advanced conversational agents, capable of more fluid, human-like interactions
[1,87]. However, in the context of health coaching, questions remain as to whether technology
can ever truly replicate health coaching practice. For example, Rutjes [88] argued that
coaching’s emphasis on building personal connections and adapting support to situation-specific
contexts make coaching an essentially human activity that cannot be replicated by technology.
In this research, we sought to examine these open questions and explore tensions of
humanness in health coaching. Given the challenges in access to in-person coaches for lowresource minority communities, we focused specifically on these populations, and on the
experience of remote, virtual coaching, where the coach and client interact via text message at a
daily cadence. Our study examined the following research questions:
•

Can a scripted, rule-based chatbot create a positive coaching experience, comparable to
that created by a human coach using the same medium (text messaging)?
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What aspects of the coaching experience, if any, are uniquely human and do not lend
themselves to automated approaches?
What are the potential advantages, if any, of chatbots for virtual coaching?

To begin addressing these questions, we conducted a two-week study in which we compared
coaching experiences with a conversational agent and with a human coach both delivered via text
messaging. Individuals with T2D recruited from economically disadvantaged communities were
assigned to one of the two study arms. In the first arm, participants interacted with a scripted
chatbot, designed based on an established protocol for goal setting (Brief Action Planning, BAP
[37]); we used a wizard-of-oz technique [46,66] to imitate the behavior of a chatbot that was under
development by our research team. In the second group, participants interacted with a human
health coach; all interactions were exclusively over text messaging with no in-person meetings. To
reduce variability in coaching styles, coaches were asked to follow the same BAP protocol as the
chatbot, but were encouraged to deviate from the protocol when they deemed it necessary in
order to improve the coaching experience for their clients. We then examined the participant
coaching experience with an emphasis on differences between the two groups.
We found that participants in both the chatbot and human coaching groups reported generally
positive experiences consistent with many of the qualities of successful coaching described in
prior studies [78]. We also found some support to the previous suggestion that human coaches
have advantages that may be challenging to replicate with automated systems [88]. In our study,
human coaches were able to go off-script to express empathy or ask additional questions to tailor
their support and expand its focus from health to other aspects of individuals’ lives. At the same
time, we found that translating human coaching into the medium of text messaging presented
many challenges that often led to negative experiences for both participants and coaches. Coaches
often struggled to achieve common ground needed to tailor their support and had difficulties
gauging how invested participants were and finding appropriate times for interaction. The study
also showed that the chatbot had unique advantages as compared to human coaches. For example,
while human coaches often felt compelled to shortcut the BAP script and jump to
recommendations, chatbot’s consistency in providing participants with multiple options
contributed to their sense of autonomy.
These findings tap into fundamental questions within CSCW regarding the role of computing
mediation in supporting communications between human stakeholders [13,29,80]. They lend
further support to previous research highlighting the importance of common ground [15,18] and
the challenges of achieving grounding with short text communications [18]. They also further
highlight the importance of mutual awareness among participants during social encounters, a
characteristic referred to as social translucence [27]. Our study further expands existing
knowledge of these phenomena and illustrates how they impact computer-mediated coaching in
health.
Furthermore, they contribute to the ongoing discussion regarding the need to expand the scope
of CSCW to include questions of cooperation and communication between humans and intelligent
systems [29,58,81]. The continuing increase in the adoption and influence of systems powered by
computational intelligence presents pressing need for additional research in order to reach a
deeper understanding of such cooperation and to generate design guidelines for future intelligent
systems, including intelligent coaching systems in health. Our study showed that intelligent
systems have unique strengths in consistency and patience; understanding and leveraging these
strengths may help to develop effective intelligent coaching systems that complement coaching by
humans.
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2 RELATED WORK
2.1 Health coaching and chronic disease self-management
Care for chronic conditions like T2D emphasizes changes to daily lifestyle behaviors, like diet,
exercise, sleep, and medication adherence [8]. Effective self-management is challenging because it
requires motivation, knowledge, and self-efficacy [8]. Health coaching is an effective intervention
to support healthy lifestyle changes [23]. While there are many definitions of health coaching, a
core feature is its focus on goal-setting, where the coach and client work collaboratively to set a
health goal and make plans towards achieving that goal. The coaching process places an emphasis
on cultivating a relationship to increase motivation, and facilitate learning and education [78,103].
A key consideration of health coaching is the conversational style and tone of the coach, which
follows the spirit of motivational interviewing, emphasizing collaboration and respecting the
client’s autonomy, as opposed to imposing or prescribing directions for change [37,69].
Recent work has argued for the importance of personal and human skills to the success of
health coaching [88]. For example, Rutjes argued that successful coaching goes beyond achieving
goals, and includes building relationships, implicitly adapting to different contextual factors, and
cultivating motivation. These characteristics are consistent with other definitions of coaching
[78,103], but place additional emphasis on human involvement that may be difficult to replicate
with technology. However, in-person health coaching interventions are limited in their ability to
reach everyone in need of support because there are not enough coaching practitioners, resources
are not always available in underserved communities, reimbursement varies, and there are
barriers for individuals in accessing coaching support, including access to transportation or time
off from work [26,86,89].
2.2 Virtual health coaching
In the face of the challenges posed by in-person coaching, there has been increased focus on
virtual coaching interventions, using telecommunication and mobile applications to bring
coaching support directly to individuals [86]. Sometimes virtual coaching takes the form of audio
or video sessions between a coach and their client. Another, related body of research seeks to use
artificial intelligence (AI) to create automated coaching interventions [44]. However, the virtual
coaching literature is sometimes vague in its definitions and discuses human-human and humanAI interventions interchangeably [86,88]. There is growing evidence that virtual coaching can be
effective as a part of a hybrid approach in combination with other health apps, particularly apps
for self-tracking [34,86].
Technology-mediated coaching is related to the large body of research in telemedicine which
suggests that virtual visits can help improve access for rural and underserved populations [65].
Technologies that rely on human coaches are still inherently limited in their ability to reach all
those in need, considering the inadequate number of trained practitioners and rapidly growing
population with chronic conditions like diabetes or prediabetes [26,63,89]. This merits the
exploration of fully or partially automated coaching systems. While there is research reporting
provider perceptions of telehealth programs, little work has explored the perspectives of virtual
coaching practitioners [9,68]. This is an important gap in understanding the virtual care
ecosystem.
In contrast with technology-mediated coaching, automated coaching seeks to replicate the
success of in-person coaching through patient-facing digital tools. While this falls within the large
scope of digital interventions to support self-management and wellness, automated coaching
interventions emphasize health coaching principles. Coaching interventions are meant to be
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participant-centered, and respect autonomy by being neither completely user driven, nor fully
guided by the app [69]. This contrasts with personal informatics, which includes tools for
individuals to explore their self-tracking data for self-discovery and knowledge [56,57]. These
tools are often user-driven and exploratory, and rely on participant initiative and engagement. On
the other extreme, automated coaching also contrasts with remote monitoring interventions, or
behavioral interventions that primarily push information to users [74,100]. In remote monitoring,
the user enters data, but the process is guided by the needs of the health system or provider.
Similar to telemonitoring, with push-based behavioral interventions, alerts from the application
are the driving force to guide the user through behavior change. Automated coaching
interventions exist within this continuum.
Automated approaches to health coaching have been an increasing focus in the research
community. In particular, because of the back-and-forth nature of coaching, conversational agents
are a common interaction approach. Conversational agents for health coaching have a range of
focuses and functionality, from strictly goal setting [11], to various forms of personalization and
tailored feedback [17], to agents designed to respond with empathy [59]. Unfortunately, there is a
lack of specificity and consistency in applications described as automated coaches, which makes
comparing them difficult, and very few automated coaching interventions reference specific
theories or background literature on health coaching [88].
2.3 Conversational artificial intelligence in health
In addition to automated coaching, there has been an increased focus on conversational agents in
healthcare. In health, conversational agents are often scripted or rule-based [50,54]. A common
strategy is to build off of an established clinical protocol, for example brief interventions, or
cognitive behavioral therapy [30,54]. Text-based agents, or chatbots, are more common in practice
than voice interfaces because of security and usability concerns with currently available spoken
word systems, especially among populations with diverse language preferences, proficiencies, and
accents [45].
In contrast, the ML community has been striving for ever-more human-like chatbots. While the
quest for general conversational intelligence is advancing [1,87], most human-emulating bots still
include a human-in-the-loop to handle more difficult messages [35]. However, there is also reason
to question the approach of seeking convincingly human-like chatbots. People may not prefer
human-like conversation with their AIs [16], and most common consumer chatbots do not
converse in a way that humans do with each other [83]. There is also mounting fear and concern
about the potential of AI and automation to displace or replace human workers, with potentially
deep and profound social and economic consequences [25,64]. Specifically, in the case of health
coaching, it is not clear whether conversational AI could replicate or supplement the work of
health coaches, or which approach is preferable for individuals living with chronic conditions like
T2D.
Somewhere on the continuum between completely scripted chatbots and open-domain AI,
researchers in CSCW have argued that conversational agents can take advantage of the
affordances of dialogs to engage users in novel ways for behavior change, for example discussing
self-tracking data or negotiation around goals [51,84]. The work described here explores coaching
as a domain for conversational interaction, and asks which aspects of health coaching might lend
themselves to automated approaches.
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3 METHODS
3.1 Overview of the study design
In this study, we recruited participants with T2D from low-resource communities and assigned
them to one of two groups. In the first group (“chatbot”), participants interacted with a scripted
chatbot called t2.coach. The study used a wizard-of-oz approach, common to evaluation studies of
chatbots, to simulate the fully-functioning system, with a member of the research team sending
messages and processing responses from participants [46,66]. In the second group (“human
coaching”), participants interacted with an actual human health coach. To reduce potential
variability in approaches to coaching, both the chatbot and the human coaches followed the same
clinical protocol for structuring the dialogs; however, human coaches were actively encouraged to
deviate from the protocol to provide the best support for their clients.
In this section, we describe the design of t2.coach, the wizard-of-oz implementation, as well as
the study procedures and analysis methods.
3.2 t2.coach
We iteratively designed a scripted chatbot to support individuals with type 2 diabetes (T2D) in
choosing and achieving health goals related to nutrition and physical activity, t2.coach. In line
with the predominant approach for designing chatbots in health, the t2.coach conversational flow
was based on a protocol for goal-setting and coaching, Brief Action Planning (BAP; [37]). BAP
defines a set of steps for health practitioners to guide an individual towards choosing a health goal
and making a specific plan to achieve it. The first step of the protocol is helping the client
determine a behavioral goal they would like to work towards, offering a Behavioral Menu of
suggestions. Next, the coach helps the user determine the specifics of their plan (what, when,
where), assess their confidence in the plan, and establish accountability by setting a follow-up
time.
Inspired by BAP, the t2.coach script included two primary dialogs: 1) a longer exchange to set a
health goal, an excerpt of which is shown in Table 1, as well as 2) a shorter, daily, follow-up
exchange to check in on goal progress, discuss barriers to meeting goals, and adjust the daily plan
if desired. Dialogs drew directly from example dialogs in BAP and followed the spirit of
motivational interview to the extent possible. Additional sample dialogs are included in
Appendix A.
3.2.1 Technical Implementation and Wizard-of-Oz. We designed t2.coach to be implemented as
a finite-state chatbot with deterministic, menu-based responses. Content for the chatbot including
health goals and specific action plans were drawn from a knowledge base [19]. t2.coach was
designed for text-messaging exchanges because of the ubiquity of SMS in the population, and
because of potential privacy and security issues with speech-to-text software [49].
This study utilized an early wizard-of-oz prototype of t2.coach, where a member of the research
team sent messages on behalf of the chatbot. The “wizard” strictly followed the same rules that the
fully implemented chatbot would use respond, including the fallback response “I’m sorry, I didn’t
understand” and re-prompting the question for off-script utterances.
If participants asked a question outside of an active dialog, the wizard followed a questionanswering protocol meant to replicate the question answering of modern, commercially available
agents (e.g. Siri, Alexa) [70]. A classifier was trained to categorize queries – for example, recipe
requests came from an online American Diabetes Association (ADA) resource. General
informational questions were searched verbatim in Google, with the additional keyword
“diabetes,” and responses from Google snippets were sent after being approved by a clinician on
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the research team. If the question was unclassifiable, or the response was deemed inappropriate,
the chatbot responded that it was unable to answer the question.
Table 1. An excerpt from the t2.coach chatbot script. The right-hand column indicates which step of Brief
Action Planning (BAP; [37]) the dialog corresponds.
Sender
t2.coach

User
t2.coach

User
t2.coach

Message
Hello, welcome to the t2.coach study! Here you can set goals for
improving your self-management and work on achieving these
goals. What would you like to work on in the next week?
A. Improve my diet
B. Increase physical activity
A
Okay, here are some things you can do to improve your diet. Which
would you like to try?
A. Make ½ my meal fruits and/or vegetables
B. Choose meals without added sugar
C. Choose meals with lean proteins
M. See more
C
Great! Some people find it helps to get really specific about their
plan. Here are a few ideas to help you meet that goal. Which would
you like to try?
A. Put lean turkey or smoked salmon on your toast instead of jam
B. Add some skinless turkey or chicken to your meal
C. Buy 95% lean (or higher) ground meats
M. See more
...

BAP Step/Skill
Opening Question

Behavioral Menu

SMART Behavioral Plan

To relay messages between participants and the wizard while protecting participant privacy we
implemented an SMS-forwarding proxy using Twilio [104] such that the wizard and participant
send messages to a Twilio-hosted number. When the wizard was not online, Twilio sent an
automatic reply to participants letting them know that their message had been received, and that
they should expect a response within 24 hours.
3.2.2 Iterative Design. This study was part of the iterative design of My T2D coach. As such,
we made refinements to the chatbot’s script over the course of the study based on feedback from
the initial wizard-of-oz participants. The most substantial change was to remove some
components of the BAP protocol in order to shorten the initial goal-setting dialog. While BAP was
designed for human-to-human conversations, we found that text message exchanges needed to be
shorter for users to complete them in a single sitting. BAP includes a question to assess confidence
in the chosen plan, but this step became superfluous as most said they were highly confident
(10/10). We removed this step to shorten the conversational flow so that more participants could
complete goal setting on the first day.
3.2.3 Messaging with Human Coaches. The health coaches involved in this study exchanged
text messages with participants from their own phones using the same SMS-forwarding proxy as
the wizard. Human coaches were given a set of tools to make it easier for them to serve as coaches
and follow the BAP protocol. First, to reduce the need for repetitive typing of prompts, coaches
were provided with a mobile phone keyboard app with shortcuts to quickly send messages written
following the protocol (Supplementary Figure A). In addition, coaches were given access to a
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dashboard with resources including the complete set of BAP messages, and all of the goals and
action plans in the chatbot’s knowledge base. Furthermore, coaches could use the dashboard to
access pages with all of the meals and blood glucose readings recorded by each of their
participants during the study. As a part of training, each coach practiced following the protocol
with a member of the research team to help ensure that deviations from the protocol were
intentional, and not due to lack of awareness of the steps or technical difficulties following it.
3.2.4 Personalization and Self-Tracking. Coaching support strives to be personalized to an
individual’s behaviors and preferences, and many virtual coaching interventions are employed
alongside self-tracking apps [34,86]. In light of this, t2.coach included a progressive web
application for logging meals and blood glucose (BG) readings (Figure 1). In the app, users capture
a photo of their meal and enter a free-text description. Next, they enter a pre-meal BG. Two hours
after the meal, users are prompted with a text message reminder to enter a post-meal BG. These
data were made available to the human health coaches to help them personalize their support.
While these data were not used directly by the chatbot, we included self-tracking with the app in
both study groups for parity and to examine participants’ attitudes towards self-tracking as part of
the coaching experience.

Figure 1. Screens from the progressive web application for recording meals and blood glucose readings.

3.3 Participants
3.3.1 Individuals with diabetes. Participants with T2D were recruited from two Federally
Qualified Health Centers (FQHC) in a major United States metropolitan area. Patients served by
these sites are predominantly minority (37% are African American and 60% are Latino) and low
income, with 64% being insured through Medicaid, and 16% are uninsured. To be included in the
study, participants needed to have self-reported diagnosis of T2D, be between 18 and 65 years old,
and own a working smartphone.
3.3.2 Health coaches. We recruited practicing health coaches to serve as the virtual coaches in
this study. Coaches were recruited though researchers’ professional networks including message
board postings. To be included, coaches had to be Certified Diabetes Educators (CDEs) and/or be
practicing health coach who works with diabetes patients at one of the community health centers.
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3.4 Procedure
After collecting informed consent, a study coordinator administered baseline demographics and a
measure of nutrition literacy [101]. Participants began the study in small groups of 1-4 individuals
with a 1.5-hour focus group on the design and content of t2.coach. All participants in a given focus
group were assigned to the same study condition.
During the initial session, researchers helped set up t2.coach on participants’ phones, and
participants were asked to use t2.coach for two weeks. The intervention was described to
participants as a partially automated system, but an actual person would be reviewing their
messages to help t2.coach respond appropriately. In both groups, participants were encouraged to
respond to prompts from the coach and to ask free-form questions whenever they had them. In
the human coach group, participants were told that the person reviewing messages was a health
coach, while in the chatbot group, participants were told that the person was not a healthcare
provider, and therefore would not be able to answer all of their questions.
Because coaches and the wizard could not be available at all hours of the day, participants were
asked to indicate a set of times they would be available to exchange messages. Participants and
human coaches were paired based on how their available times aligned. Each participant was
assigned to a single coach, while each coach was assigned multiple participants, which we refer to
as their “clients”.
Within 24 hours of enrollment, participants received a message to begin a goal-setting session.
Each day at the agreed upon time, the coach initiated the daily check-in conversation. After the
first week, the coach initiated another longer, goal setting conversation, giving participants the
option to update their goal.
After two weeks, participants joined 30-60 minute debrief interviews over the phone. The
interview guide included general questions about participants’ background, their prior experience
with health coaching and self-tracking apps, and their overall experience in the study. The second
part of each interview was grounded in transcripts of individuals’ exchanges with their coaches
(human or chatbot); the interviewers asked questions based on transcript excerpts and asked
participants to explain and contextualize their experiences within those exchanges. The
interviewer also asked a targeted question about whether participants felt that they were working
with a health coach. At the end of the interview, the researcher administered two post-measures,
described below. Participants received $30 for their data plan, $20 for the initial visit, and 25 blood
glucose test strips to use for testing during the study. The research protocol was approved by the
Western Institutional Review Board (a single IRB for multi-center studies) and the local
institutions’ IRB.
At the close of the study, we invited the health coaches for 1-hour debrief interviews. We asked
about their experiences in the study and how they compared to prior virtual and in-person
coaching experiences. To better understand the coach’s intention when they deviated from BAP,
we reviewed transcripts of their exchanges with participants, to probe how they reacted to
participant responses, why they responded the way they did, and if they would have done
anything differently in retrospect.
3.5 Post-Measures
During the interview, we administered two adapted questionnaires. First, to assess the perceived
usability of the text message interactions, we administered 10 items from the Subjective
Assessment of Speech Systems Interfaces (SASSI), which has good coverage of broad usability
domains [3,41]. Second, to assess the degree of collaboration and shared decision-making, we
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adapted a 9-item shared decision-making questionnaire (SDM-Q-9 [53]); instead of asking about
shared decision-making in a clinical context, the adapted measure asked about shared decisionmaking related to choosing a health goal. See Supplementary Table C and D for the complete set
of questions in the post-measures.
3.6 Data Analysis
For the quantitative analysis, we first calculated descriptive statistics of demographics and baseline
measures. Our quantitative analysis aimed to answer the following questions: 1) Was there a
difference in perceptions of usability or shared decision-making between human coaching
experience and the chatbot? 2) Were there differences in conversational patterns between the two
groups? and 3) Were there differences in goal attainment between participants in the two groups?
To answer these questions, we used the following methods: 1) To assess differences in
perceived usability and shared decision-making, we compared differences in post-measures with
an unpaired t-test. 2) To characterize differences in conversational patterns between the two
group, we calculated the length of conversations as measured by the number of conversational
turns (a switch from one speaker to the other) per day. 3) To explore how successful participants
were in achieving their chosen goals, we did not directly measure changes in behavior [47].
Instead, we created a measure of self-reported goal attainment by analyzing text message
transcripts to identify exchanges where the coach asked their client if they achieved their goal and
the client replied with a clearly affirmative or negative response. Goal attainment was calculated
for each week of the study and overall, and we compared attainment between the two groups
using Fisher’s exact test.
For qualitative analysis, participant and coach interviews were analyzed with inductive
thematic analysis [10]. The lead author and senior author coded 10% of transcripts collaboratively,
with the lead author continuing to code the remaining transcripts while keeping a detailed audit
trail on the code book. The senior author independently coded an additional 20% of transcripts for
periodic check-in sessions to compare codes and resolve discrepancies through discussion,
followed by additional interpretation sessions for axial coding as themes emerged. After coding
was complete, we examined data saturation and theme comprehensiveness across participants
[32,36]. To compare the prevalence of themes between the two study groups, we tagged each
transcript to the corresponding study condition and used the crosstabs features of NVivo to
compare prevalence between groups. Themes were considered equally prevalent if the share of
participants who reported that theme in one group was within 20% of the share in the second
group.
4 RESULTS
4.1 Participants
4.1.1 Individuals with diabetes. A total of 23 participants were enrolled in the two-week study,
of whom 18 participated in debrief interviews. As shown in
Table 2, participants were predominantly female and majority black or Hispanic, with a low
median income for a major US city. There were no differences in baseline demographics between
groups.
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Table 2. Demographics and baseline measures
N Enrolled
Age
Gender
Race

Ethnicity
Median Income
Nutrition Literacy [101]

23
54.92 ± 7.16
75% Female
55% Black
5% White
5% Asian
5% Native American
30% Other/Refused
30% Hispanic
< $10k
4.05 ± 1.61 (out of 6)
20% possibly limited literacy

4.1.2 Health coaches. Four health coaches facilitated messaging in the Human Coaching group.
They had a range of 10 to 18 years working with diabetes patients, and 3 of 4 were Certified
Diabetes Educators (CDEs). All four self-identified as health coaches, worked for a health system
or in private practice, and felt that the coaching approach should be commonplace in healthcare.
4.2 Post-measures and usage statistics
13 participants were assigned to the chatbot group and 10 to the Human Coaching (HC) group. 5
participants (1 in the chatbot group and 4 in the human coaching group) were either lost to
follow-up or had to drop out of the study because of a family emergency. Dropout was
disproportionately higher in the HC group such that only 6 of 10 participants in the HC completed
the study and took part in the post-study interview.
Regarding possible differences in perceived usability, as shown in Table 3, there were no
differences in reported usability, as measured by the Subjective Assessment of Speech System
Interfaces (SASSI; [41]), or in shared decision-making of goal setting, as measured by the 9-item
shared decision-making questionnaire (SDM-9 [53]).
Table 3. Comparison of post measures between the two study groups
N Enrolled (N Interviewed)
SASSI (n.s. p = 0.94)
Adapted SDM-Q-9 (n.s. p = 0.73)

Human Coaching
10 (6)
4.20 (± 0.74)
86% (± 20%)

Chatbot
13 (12)
4.23 (± 0.55)
83% (± 17%)

Regarding possible differences in conversational patterns, daily conversations tended to be
significantly longer in the human coach group (Table 4). The median conversation was 3 turns in
the chatbot group (approximately the length of the daily check in script) compared to 5 turns in
the HC group, with one conversation continuing for 51 turns.
Table 4. Length of conversations between participants and their coach in the two study groups
Conversational turns per day
Mean (SD)* (p < 0.001)
Median (Range)* (p < 0.01)

Human Coaching
7.89 (10.11)
5 (1 to 51)

Chatbot
4.22 (4.26)
3 (1 to 20)
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Regarding differences in goal attainment, self-reported goal attainment was consistently higher
in the chatbot group, averaging above 80%, while attainment was 36.4% on average in the human
coaching group (Table 5), a difference that was statistically significant with Fisher’s exact test.
While attainment was relatively consistent in the chatbot group, attainment increased from 25% to
over 40% in the human coaching group from the first week of the study to the second. While the
increase was not statistically significant due to the small sample size, the difference between the
chatbot and human coaching group was no longer statistically significant in the second week of
the study.
Table 5. Self-reported goal attainment between the two study groups
Overall (p < 0.01)
First week (p < 0.05)
Second week (n.s. p = 0.06)

Human Coaching
36.4%
25.0%
42.9%

Chatbot
80.8%
80.4%
81.4%

4.3 Qualitative Themes
In this section, we identify and describe the main qualitative findings from interviews with
participants with diabetes and health coaches. After briefly describing participants and coaches in
the study, we report 4 main themes, summarized in Table 6. As shown in Supplementary Table E
& F, themes 1 & 4 were prevalent across participants, while themes 2 and 3 were prevalent among
either the human coaching or chatbot group, respectively.
Table 6. Summary of qualitative themes
Theme 1
Theme 2
Theme 3
Theme 4

Participants in both groups felt like they were working with a health coach
Human-powered coaching had the advantages of empathy and deeper engagement, but
encountered multiple challenges with communication via text messaging
The consistency and predictability of the chatbot helped participants persevere in achieving their
goals and promoted their autonomy
The directness and intimacy of text messaging created expectations for personalized and
continuous support

Quotes from participants with diabetes are labeled with a participant number (e.g. P10),
followed by their group in parentheses – Chatbot or HC (Human Coaching). Quotes from the 4
health coaches are labeled with Coach and a number (e.g. Coach #3). Excerpts from text message
transcripts are included in monospace font.
4.3.1 Characterizing Participants. During their interviews, many participants described
challenges they had experienced in their prior efforts to self-manage their T2D. Many were in the
habit of checking blood glucose (BG) at least once a day, but also described challenges in
interpreting and acting on BG readings, especially unexpected or high readings. Participants also
described a number of limiting circumstances that hindered their efforts towards selfmanagement, for example inadequate food budgets, food allergies, disabilities, or other physical
impediments.
Participants described a range of familiarity with and use of technology. Many were
comfortable with text messaging; for example, P10 described regularly messaging with family and
friends:
“All the time… I hit the messenger send my message, I message my daughter, my son, I
have friends that I text with them too” P10 (Chatbot)
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However, others were less familiar with texting, and in some cases adamantly disliked it,
preferring to return texts with voice messages, or send voice memos:
“The only time I text to my children is this day at work and I have to tell them
something… I don’t like texting, I don’t.” P5 (Chatbot)
In terms of using technology to support their self-management, none had ever used an
application on their phone for self-tracking before this study, though some tech-savvy users had
set up medication reminders on their phone, or used YouTube to find exercise videos or recipes.
4.3.2 Characterizing Health Coaches. During interviews, each coach described their health
coaching philosophy. Overall, the coaches’ philosophy aligned very closely with BAP [37], used to
guide both the chatbot and human coaches. Coaches described the importance of being patientcentric, respecting autonomy, and letting clients drive the process.
“I would say my general philosophy is very patient, participant driven, so I really am
very much of a coach in the true sense of the word that I work with them on their goals,
and I never really, at least at this point in my practice, tell a patient what to do. I just try
to get it to come from them.” Coach #2
With goal setting, coaches emphasized helping their clients arrive at goals that are specific
and actionable, and advocated for working on only one or two goals at a time. Coaches felt that
goals were meant to be cumulative, focusing on small, incremental changes to participant’s
current practices, to help them build up healthy habits over time. Lastly, coaches described the
importance of asking questions to learn about participants current practices and help drive them
towards practical goals.
4.4 Theme 1: Participants in both groups felt like they were working with a health
coach
Notably, nearly all participants in both the human coach and chatbot groups stated that they felt
they were working with a health coach and used words like “coach” or “teacher” to describe the
system. When describing their experience in the study, participants mentioned a number of
phenomena consistent with health coaching. For example, setting actionable goals was the focal
point of conversations with t2.coach; participants in both groups chose goals to work on, and most
recounted examples of behaviors they changed to meet their goals. Many participants described
their experiences acting on specific suggestions from their coaches; for example, P8 followed the
recommendation to find a friend to go on walks with.
“I did find a friend. She does walk with me… We did from here to
(Chatbot)

, walking.” P8

In the process of working towards their goals, participants in both groups described how
working with the coach increased their motivation to pursue healthy behavior changes.
“I like it’s better than you know, you try to work on the key issue like motivate it for me.
It gives me motivation and teach me” P15 (HC)
In addition to following goals and experiencing increased motivation, participants in both groups
recounted other experiences related to different aspects of coaching. In both groups, participants
commented that their exchanges with the coach felt like a conversation, appreciating the
communication and the back-and-forth exchange. It was perhaps unsurprising that participants in
the human coach group described how they felt they were building a relationship with their
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coach over time. More notably, participants in the Chatbot group similarly described that they
appreciated the relationship with their coach especially when they did not always feel that they
were able to talk about their diabetes with others in their life.
“Yes, it was nice to talk to somebody, you know, about diabetes because I don’t even
want to talk to stuff like this to somebody else. Who wants to know what the goals were
and what I would like to do and what I would like to accomplish?” P6 (Chatbot)
For many participants, the regular contact from their coach helped promote mindfulness of
the goals they had chosen, and determine a plan to meet that goal. The regularity of
communication with their coach also helped participants to feel that there was an entity keeping
an eye on them. This feeling of someone looking out for them helped promote a sense of external
accountability to work towards meeting stated goals. Through the process of working with their
coach, participants described learning and gaining knowledge of new approaches for their selfmanagement, whether altogether new behaviors or new ways to accomplish longstanding goals.
Participants in both groups described a number of other experiences consistent with health
coaching, which we summarize with illustrative quotes across both groups in
Supplementary Table G. These themes were prevalent across participants in both study groups;
while not every single participant experienced all positive aspects, each theme was found across
both study groups approximately equally (within 20%).
The exchange between the chatbot and P5 in Table 7 exemplifies the manner in which even the
fully-scripted chatbot created an opportunity for a conversation that promoted mindfulness and
reflection over the participant’s experience pursuing personal goals. P5 responded thoughtfully to
open-ended prompts from the chatbot, to reflect on the barriers they encountered meeting their
goal and formulate a plan to address those barriers.
Table 7. An exchange between P5 and the chatbot coach discussing strategies to overcome
barriers in goal attainment.
Coach (Chatbot)

Good morning! How did it go with your plan yesterday? Did you meet your goal to “Make ½ my meal
fruits and/or vegetables”? (Yes/No)

P5

Not well,I missed lunch and I ate dinner late. I forgot to take my metformin last night.

Coach (Chatbot)

I’m sorry, I didn’t understand that. Please respond with “yes” or “no”

P5

No

Coach (Chatbot)

That’s okay, it can happen. What got in the way of meeting your goal?

P5

I accompanied a relative to a doctor’s appointment. Then we went to 2nd appointment and I skipped
lunch. My glucose level started to drop so I ate 6 short bread cookies. I didn’t get home until after
8:00pm from 10:30 am. There was no place I could eat in the area .

Coach (Chatbot)

How do you think you can overcome that challenge tomorrow?

P5

Packing sandwich in my bag just in case I’m out without access to the right kind of foids.

Coach (Chatbot)

Thank you for sharing that with me

Coach (Chatbot)

Would you like to choose a specific plan to meet your goal tomorrow?
...

The interview with P5 provided additional context for how communication with t2.coach
helped participants in achieving their goals, including by promoting mindfulness and
accountability.
“I think the questions made me pay attention to more of what was going on with myself,
instead of being distracted because of what I was doing and what I was going through
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emotionally with situations with my relative and it made me concentrate on what I need
to do for myself.” P5 (Chatbot)
In this exchange, P5 describes how they were going through a challenging time caring for a
relative, and not prioritizing their own health. The questions and messages from the chatbot were
prompts for P5 to step back and reflect in-the-moment on their health goals and how to continue
achieving them despite stressful daily circumstances, and maintaining accountability to meeting
goals.
4.5 Theme 2: Human coaching had advantages, but encountered barriers with text
messaging
While there were surprising similarities between the coaching experiences of participants in both
groups, there were numerous ways in which the daily exchanges varied between groups. While
human coaches started off following the BAP protocol, they ended up embellishing it, and
eventually went completely off-script. There were several notable situations when coaches went
off-script: to provide empathy and appear more human, or to respond to their clients’ broader
needs beyond the protocol. We discuss these below.
4.5.1 The advantages of empathy and an expanded scope of support. One of the prominent places
where human coaches went off-script was to express empathy and display their humanness.
Table 8 shows an exchange between P17 and their coach (#4) where P17 says that they have not
been feeling well, and the coach responds empathetically, in a way that might appear second
nature for human conversation.
Table 8. A brief exchange between P17 and Coach #4, where the coach responds with empathy after the
participant shares that they are still not feeling well.
Coach (Coach #4)
P17
Coach (Coach #4)
P17
Coach (Coach #4)

Hi , how are you feeling? How has it been going with your meals?
Still not feeling well and my eating is not good right now but I am working on
getting better. Thank you for asking. Appetite is not good.
Ok, I’m sorry to hear that. Feel better. I will check in with you again tomorrow at
this time. Do you have any questions for me now?
Not yet but waiting on feeling better and then I will have questions.
Ok sounds good. Take care. Talk to you tomorrow

In their interview, P17 described the appreciation they felt for their coach, who they believed
was truly concerned about them and their wellbeing.
“Even though I don’t know whether that person was human or was it, you know,
automated, I felt like is it like human and has to be concerned about my health. Because
on those days I wasn’t feeling well… even though she didn’t say I’m disappointed I felt
like I can’t let her down.” P17 (HC)
In addition to expressions of empathy, coaches were also able to follow their human instincts
and go off-script to ask questions that expanded the scope of their coaching support. Many
participants were experiencing deeper challenges that were preventing them from fully pursuing
nutrition-related goals. This was the case, for example, with participants who experienced
unstable housing. When one of these participants brought it up during an exchange, the coach
pursued it with further questions and eventually shared additional information about a
homelessness resource and also shared information about an upcoming job fair.
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“There were a lot of barriers there… she is going through homelessness basically… And
that’s why you see… I try to give her some help with the housing and stuff like that
which wasn’t really like you know the normal track that we would do. You have to deal
with some of that first.” Coach #1
In a minority of cases, coaches’ questioning led to very fruitful exchanges, enabling much more
personalized suggestions and support. For example, in Table 9, we see an excerpt of a conversation
between P13 and their coach (#2), where the coach learns about the participant’s temporary
housing status, and asks a series of questions to learn about their situation and preferences, and
help them arrive at healthier breakfast options. This conversation was one of the longest, with 68
utterances and 32 conversational turns over 35 minutes.
This in-depth exchanged helped the participant to arrive at many reasonable options for
healthier breakfasts, which they described trying and enjoying. This type of in-depth exchange
was unique to the human coaching group and exemplifies the advantages of the human-driven
approach.
Table 9. An in-depth exchange between P13 and Coach #2
Coach (Coach #2)

Hi

, first, great job adding the green beans

Coach (Coach #2)
Coach (Coach #2)

I reviewed your food logs, as well as your blood glucose levels. I’d love to continue
to help you to set goals.
Let me know and we can chat about them

P13

I am at a disadvantage I am not home I’m in transitional housing

P13

this point. I try to work with what is offered to me. I’m not making

P13

excuses I’m trying to live on a budget that I am not always in

P13

I can eat because I have no way to cook here

Coach (Coach #2)

Thanks for sharing this with me,
. That’s totally understandable that you’re
limited in your choices. But not to worry, I have some ideas of what we can do
...

Coach (Coach #2)

What other veggies did they serve, that you have tried?

P13

I like the protein idea yes I can do that

Coach (Coach #2)

Liked “I like the protein idea yes I can do that”

Coach (Coach #2)

Wonderful!

Coach (Coach #2)

Tell me about the veggies so I can help you with that part

Coach (Coach #2)

All these changes can help your blood sugars to get in better control.

P13

Today for breakfast I had two oatmeal cookies and that’s all I ate

Coach (Coach #2)

Okay – let me help you with breakfast.

Coach (Coach #2)

I noticed on your logs that you sometimes eat a banana

Coach (Coach #2)

What is available at the housing for breakfast?

4.5.2 Text messaging created barriers to effective communication. Despite these successes, health
coaches expressed overwhelming frustration with text messaging as a medium for coaching, and
found it to be much more difficult than in-person or telephone coaching.
PACM on Human-Computer Interaction, Vol. 5, No. CSCW, Article 99. Publication date: April 2021.

Automated vs. Human Health Coaching

99:17

“Putting them in a hierarchy [in-person] would be the easiest and then more recently I’ve
been doing a lot more phone calls which is harder in certain ways. Text messaging was
even harder. There was no ability to pull out nuances.” Coach #3
Participants often replied with short responses, which coaches had difficulty interpreting, and
sometimes resulted in miscommunications.
“We’re talking about do you want to keep the same plan tomorrow, “yes,” but what does
yes mean? Does that mean literally you’re going to have the same dinner like
yesterday?... There was no embellishment from her at any point” Coach #3
Furthermore, the lack of non-verbal cues made nuanced communication difficult, impeding the
coaches’ ability to build rapport with their clients, as they would in an in-person setting.
“I just find that difficult to establish a rapport… How can we ask you to establish a
rapport with someone through just text message? It’s pretty hard to convey who you
are.” Coach #2
Overall, text messaging as a medium limited coaches’ ability to engage in the types of in-depth
exchanges they were used to, and created barriers to effective communication that sometimes
resulted in miscommunication and misunderstanding.
4.5.3 Coaching without nuance or context. In addition to challenges communicating via text
message, coaches described difficulties developing a coaching relationship without any context
about their client.
“I don’t know if she likes apples, I don’t know if she likes peanut butter and that she
could be allergic to peanuts for all I know.” Coach #3
In particular, coaches struggled to determine how engaged their clients were in the coaching
process based on the short and ambiguous responses they often received, often after a
considerable delay.
“I don’t know if I should’ve taken it like, “I don’t want to talk anymore,” or “I’m tired
right now,” or it’s you know, she wasn’t welcoming to be pushed… the whole time I was
getting mixed messages” Coach #4
When they perceived hesitation, coaches were uncertain about how to balance proactively
pushing participants and continually messaging them, or to give their clients space.
“As a coach you are like should I reach out to her again or should I just leave her alone
because there may be a reason why… As a coach you got to be sensitive when you are
texting, you don’t want it to be like a drag… You really don’t know what the balance is”
Coach #1
Reflecting on their exchanges, coaches often viewed these interactions as missed opportunities
to engage or push their clients further, and regretted it when they felt they were too hesitant.
4.5.4 Attempts for deeper engagement sometimes backfired. To try to combat the lack of context,
coaches took up their tried-and-true strategy of asking questions to their clients. Coaches tried
to probe participants to uncover more fundamental challenges they were encountering, or to find
some jumping off point to drive the conversation forward.
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“Sometimes you wait for that like little piece of information that’s the entry into a bigger
conversation. So maybe they would drop a little tidbit about money being tight, and now
you have an opening to talk about budget and planning and frozen vegetables.” Coach #3
As discussed in the beginning of this section there were a handful of circumstances where
question-asking was fruitful in leading to in-depth coaching exchanges; however, there were
many other situations when it was not as successful and, in occasionally even backfired. When
participants were not as engaged, coaches continued to ask questions multiple times in multiple
ways.
“So, I would ask the same question in different ways… you could see my maneuvering
and trying to get her to focus.” Coach #1
This repetitive questioning occasionally led to annoyance among participants, and a feeling
that the coach was not actually listening. In one instance, Coach #3 included some additional
clarifying questions to spur the conversation during a daily check-in with P14; P14, however,
interpreted these questions to mean that the coach did not remember the goal they had set
together the day before, a misunderstanding that put the participant off.
“I thought we were talking about it the other day what my goal was, we want to do it for
the whole week… she has the same thing every day we talk it was like somebody was not
listening” P14 (HC)
This example highlights the disconnect between coaches’ and clients’ perceptions of their
exchanges, which sometimes led to dissatisfaction and frustration.
4.5.5 Coaches want a rewarding experience, too, but rarely received it. Overall, the health coaches
in this study did their best to provide a positive coaching experience for participants, and took
pride when their clients showed signs of success. In particular, coaches found satisfaction in the
instances when participants engaged for more in-depth exchanges, like the exchange between
Coach #2 and P13 in Table 9:
“He really opened up and was like very receptive to coaching. That was really cool. And
it kind of worked out that like, the timing was good, too, like he and I were both online.”
Coach #2
While these were the highlight of the experience for coaches, they were also quite rare. The
more common experience was frustration due to the challenges with text messaging and a lack of
context, described above. Coaches disliked receiving short responses from their clients, and in
response some coaches went out of their way to embellish their messages in an attempt to convey
that there was a human on the other end.
“I tried to lighten the mood a little bit… One of the things that I wanted to avoid was it
sounding like I was just a computer. I wanted her to build up there was an actual person
on the other end.” Coach #3
The disconnects that resulted from the challenges of text messaging, discussed above, led the
coaches to feel frustrated and dissatisfied that their clients were not fully committed to the
coaching process, and were not stretching or challenging themselves.
“At this point is when I realized that she [P14] chose the half a plate of vegetable goal
because it was easy. This is like something that she did all the time.” Coach #3
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Ironically, however, Coach #3’s dissatisfaction was the result of a fundamental
miscommunication. In their interview, P14 discussed how they had completely changed their
eating habits during the study, and were in uncharted territory with their nutrition goal.
“I am not normally eating salad, you know every day with my meals, I don’t.” P14
Because of the challenges of text messaging and difficulty perceiving how engaged their clients
were, coaches received little direct feedback on how they were doing in their role as virtual coach.
Even when participants were having highly positive experiences, coaches were not able to see this
or share in this satisfaction until the very end of the study, if at all.
4.6 Theme 3: The consistency and predictability of the chatbot helped participants
persevere in pursuing their goals and promoted their autonomy
While text messaging presented considerable barriers for human coaches, it also gave unique
advantages to the chatbot. Specifically, its consistent, if annoying, behaviors helped individuals to
persist in pursuing their goals. Furthermore, its strict adherence to the BAP script mandated
consistency in including choices for goals and behaviors; these choices helped promote
participants’ autonomy and sense of agency.
4.6.1 Perseverance in pursuing goals. Many participants found the chatbot to demonstrated
patience in its responses, always allowing users to make a choice, and re-prompting with the
question if it did not understand the user’s response.
“It always gave me an answer. It never cut me off like it gave me what you call feedback,
computer talk or whatever… but it left it open so I could continue to think on it.” P9
(Chatbot)
A common comment among participants in both groups was to describe their coaching
experience as “annoying, but helpful.” The “annoyance” was particularly salient for participants
who were not frequent users of text messaging and who preferred talking on the phone. Part of
the annoyance stemmed from the fact that text message notifications would sometimes arrive at
inopportune times, for example during a doctor’s appointment, at church, or when the participant
was with friends. Poor timing of messages was compounded by the fact that participants felt
obligated to respond to messages soon after they arrived.
“But it’s just really annoying when it’s just not giving the person a chance to think,
understand. It’s just fast, you have to answer fast… But when a patient or someone is
doing something, we can stop what we are doing just because we need to answer this
fast” P8 (Chatbot)
However, when discussing the aspects of the coach that they found annoying, participants in
the Chatbot group often described them as a double-edged sword, acknowledging the pushiness of
the Chatbot as a necessary evil in achieving desired changes in their self-management.
“There’s a positive message and we have to believe each message that comes through is
for a reason, is to keep us to maintain us healthy… even though it’s from an automated
service, you know, so the power of positivity is there… Hey, you don’t get rid of your
mom because she is annoying.” P8 (Chatbot)
The features that contributed to annoyance, like the persistence and consistency of messaging,
were also tied to participant’s perceptions of what made the intervention helpful, by increasing
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motivation, and keeping behavior change intentions salient throughout the day to spur positive
behaviors.
4.6.2 Choice and autonomy. One of the predominant themes unique to interviews of
participants in the chatbot group was regarding their appreciation for choices and options
presented to them by the coach. BAP provides an opportunity for participants to select a preferred
option for setting goals. While human coaches followed this part of the protocol initially, they
eventually wound up suggesting individual goals rather than sharing a menu of choices. One
human coach participant (P13) said that the coach “gave” them goals “to be ascribed to.”
Coach #4 to P17: For this coming week, I want to make sure that you make 1/2 of my plate fruits
and/or vegetables. Is that something you can do?

In contrast, the Chatbot was consistent in following the protocol and offering menus each step
of the way. As a result, participants in the Chatbot group appreciated the freedom to pursue
options that mattered to them.
“Not only did it give me the options. But then if I didn’t appreciate those options it gave
me the chance to request another set of options, you know, I found that to be helpful as
well.” P11 (Chatbot)
P6 poignantly contrasted their experience with the chatbot coach to receiving a prescription
from a doctor’s office. In the case of the doctor, it was an instructive, but with the chatbot, it was a
choice.
“He gave you a variety of choices. It’s not like if you go to a doctor he tells you, we have
to put this medicine if you wanted to heal, you know, he gave you more choices… and
see what works better for you, so I think that was better” P6 (Chatbot)
4.7 Theme 4: The directness and intimacy of text messaging created expectations for
personalized and continuous support
While there were a number of differences in participants’ experiences with human coaches in
contrast to the chatbot, there were also a number of notable similarities, particularly in regards to
their expectations from virtual coaching delivered through text messaging. Most notably, the
participants saw the daily availability as a key advantage that also presented a stark contrast with
their previous in-person coaching experiences.
“The thing that it kept track with you… it was constantly there for you almost every day.
So, you’re never really alone.” P13 (HC)
However, daily engagement also raised expectations for a level of support that was connected
to participants’ daily activities. This heightened expectation was unrealized in both the Chatbot
group as well as the Human Coaching group, with all participants wishing for suggestions that
were more related to the specifics of the meals they were logging.
“I have salad with tomatoes, onions, and I put sunflower seeds, and I put dressing, you
know, so was it okay or was it not okay, what should I not put in my salad?” P14 (HC)
The daily nature of virtual coaching combined with the fact that the study included meal and
blood glucose logging may have contributed to expectations for more direct feedback on the meals
they had entered. For example, P8 described that they felt the experience of logging was
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disconnected from their coaching experience, and wished to receive more feedback based on what
they were eating, like what kinds of additions to oatmeal would be best for their BG.
“They are not connected because I took a picture of my food but you didn’t say that is
good. So its separate. Because if you eat a little bit of oatmeal and it raises your sugar 50%
when it is supposed to be more healthy than there is something wrong, right? Is it the
milk that I am using?” P8 (Chatbot)
This desire for more specific feedback and suggestions based on participants’ meal logs was the
most commonly expressed recommendation from participants in both groups. Along these lines,
participants also asked for more actionable and varied suggestions like recipe ideas, workout
videos, or lists of healthy food items to buy at the grocery store.
5 DISCUSSION
In this research, we aimed to unpack tensions of humanness in virtual health coaching. While
there has been an increased focus on conversational technologies in healthcare, some have argued
that the human element is irreplaceable in health coaching [54,88]. We completed a two-week
study with two versions of a virtual health coaching intervention. In one group, participants
interacted with a scripted, wizard-of-oz chatbot based on Brief Action Planning (BAP; [37]). In the
other group, participants interacted with an actual health coach, who started with the same
protocol as the chatbot for consistency, but could embellish as necessary. We sought to compare
and contrast the experience of coaching in these two groups, to explore 1) whether automated
chatbots have the potential to serve as virtual health coaches, 2) whether there are any aspects of
coaching that are uniquely human, as well as 3) potential advantages of automated conversational
approaches for health coaching in a virtual setting. Below we discuss the main results of the study
and their implications for future research in CSCW and for the design of virtual coaching
interventions in health.
5.1 A comparable coaching experience with a chatbot
One of the overarching questions in this study was whether fully automated coaching systems are
capable of creating positive coaching experiences. Overall, we found that participants from both
groups reported generally positive experiences, and described their time in the study as working
with a coach. Many of the themes observed in the accounts of their coaching experience — like
increased motivation, learning and education, and accountability — align well with the description
of positive coaching experiences by Olsen and others [78,103]. While it was not surprising that
experienced health coaches were able to create a positive coaching experience, it was notable how
similar experiences were between the two groups, despite divergent conversational patterns;
human coaches had longer conversations that covered broader topics than the chatbot. Moreover,
there were no differences in post-test assessments of usability or shared decision-making between
the two groups. Interestingly, self-reported goal attainment over the study period was higher in
the Chatbot group (over 80%) than the Human Coaching group (less than 50%). These results
support the potential of even relatively simple automated approaches to cultivate a coach-like
experience to support self-management.
On one hand, these findings challenge previous arguments that coaching is a uniquely human
domain and that creating a positive coaching experience inevitably requires the involvement of
human coaches [88]. On the other hand, this finding is consistent with multiple previous
investigations that showed the efficacy of conversational agents in creating positive experiences in
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many areas related to individuals’ health [6,7,30,54,60]. Our study further supports these previous
observations and extends them into the context of health coaching. However, our study also
showed that while both human coaches and chatbots can create positive coaching experiences,
they each have their unique advantages and limitations. We discuss these below.
5.2 Advantages and challenges of human-powered coaching via text message
Previous research argued that human coaches have characteristics that are uniquely human and
cannot be replicated with automated systems [88]. Our study provided some support to this claim;
human coaches were unmatched in their ability to express empathy and to flexibly expand the
scope of support based on their understanding of individuals’ needs. However, it also showed that
text messaging as a medium for coaching had several important limitations, often leading to
negative experiences for both coaches and participants. We discuss these below.
5.2.1 Empathy, expanded scope of support, and accountability. In this study, coaches
demonstrated several important characteristics that had a positive impact on coaching
experiences. First, they were unmatched in their ability to express empathy and build a human
connection with their clients. Many participants in the human coaching group felt that their
coaches really cared about them, which was both motivational and encouraging. Second, coaches
were able to use their intuition and experience to identify their clients’ unmet needs, and used
these cues to provide context-sensitive support for other aspects of participants’ lives, including
housing and employment. Both of these advantages in the Human Coaching group are consistent
with Rutjes’ account of health coaching, which emphasized interpersonal human connection and
the ability for coaches to adapt support to situation-specific contexts [88]. In particular, the
expanded scope of support and ability to adapt to multiple contextual factors is a substantial
unsolved problem and area of ongoing work in conversational AI [33,54], but is incredibly
important to support the complexity of self-care practices [77,85]. Similarly, while previous
research has explored imbuing chatbots with empathy [59], other studies suggested that
individuals can differentiate and prefer empathic responses from actual humans [71]. Pursuing
automated approaches to empathy also has ethical implications, as there is potential for deceptive
applications or unintended consequences on mental health and social interaction [71].
Another possible advantage of human coaching, less explored in the previous literature, is the
sense of accountability inherent in relationships with human coaches. In the previous section we
suggested that high self-reported goal attainment in the chatbot group indicated that individuals
in this group met their goals more often. One explanation of this finding is that the chatbot was
more effective than human coaches in helping participants achieve their chosen goals. More
plausibly however, participants may have opted for goals that were easier to achieve with the
chatbot, while human coaches encouraged them to take on more challenging goals. If that was
indeed the case, chatbots could take concrete steps to encourage participants to set more
challenging goals that are more likely to lead to improvements in health. For example, they could
suggest incorporating a secondary, challenging goal alongside a primary, attainable goal [73], or
setting adaptive goals that change over time based on the user’s behaviors [52].
Furthermore, it is possible that the perception of social commitment and accountability varied
between the two groups, which also contributed to the discrepancy in self-reported goal
attainment. Many factors can influence goal choice and attainment, including social commitment
and accountability [52,73]. It is possible that the perception of a human on the receiving end of
messages in the human coaching group fostered accountability and honesty, while participants in
the chatbot group felt less social accountability and were more comfortable over-reporting their
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accomplishments [72]. This explanation contrasts with findings in mental health treatment
suggesting individuals may be more forthcoming with an agent than a human counselor [61].
However, a key difference here is that the health coach could view the participant’s meal logs and
objectively assess goal attainment, which may have fostered accountability. Future work could
further explore perceptions of accountability with human and non-human conversational partners
in coaching.
5.2.2 Precariousness of in-depth conversations without common ground. Despite these
advantages, health coaches described significant challenges communicating with clients via text
messaging. Because text messaging has low information bandwidth [20] and lacks nuance,
coaches and clients described a number of disconnects and misunderstandings. These at times led
to frustration for both coaches and clients, thus negatively impacting the coaching experience.
We relate these findings to the notion of common ground [15] common in CSCW literature.
Common ground offers a way to describe the shared understanding between individuals necessary
to facilitate effective conversation. Common ground is built over time through collaboration and
discussion, for example between colleagues in a workplace. Coiera [18] described how common
ground can be relevant in understanding not just human-human but also human-computer
interaction. Common ground can be challenging even for more straightforward tasks like
scheduling, let alone complex tasks like health coaching [48]. Coaches in our study had substantial
difficulty establishing common ground with participants over text message, despite their repeated
attempts to engage in more in-depth conversations as they would in an in-person setting. The lack
of common ground in these conversations may have contributed to the disconnect and
dissatisfaction some participants reported. Furthermore, consistent with prior research [76], we
found that delays in responses between coaches and participants further challenged understanding
and satisfaction with conversations.
Notably, some of the successful in-depth conversations were proceeded by the coach reviewing
the participant’s meal logs, which Coira describes as “pre-emptive grounding” [18]. While
grounding may be more challenging via text message, clients’ self-tracking data offers an avenue
to build up common ground before coaching exchanges begin. Research in CSCW has explored
the use of self-tracking data artifacts and visualizations to improve common ground in patientprovider communication [13,91]. These approaches have so far been applied to in-person
discussions, but the principles can apply to remote conversation as well, for example the need for
both parties to view similar visualizations [40,63]. Self-tracking data also offers a path to
grounding in automated systems, by incorporated user-tracked data to inform dialogs, for example
offering feedback on specific meals, or tailoring suggestions based on the user’s recent logs.
In addition to challenges in establishing common ground, our study highlighted multiple
challenges related to coordinating and organizing conversations. Nardi et al showed that a
significant portion of instant message (IM) exchanges in the workplace were focused on
organizing the appropriate context for the information exchange; including negotiating
availability and maintaining the sense of connectedness [75].This was also the case in our study,
where coaches struggled to find appropriate times for engagement. Prior work has shown that
some individuals can engage in in-depth exchanges with multiple threads in a single conversation
thus covering both coordination and information exchange [43]; however, these exchanges were
rare in our study. Furthermore, in a workplace setting, individuals who engage in simpler
conversation instead addressed other communication needs like logistics and social ties outside of
the IM conversation, which was not possible with text-only coaching [43]. Our results support the
difficulty of establishing common ground and coordinating engagement via text message alone,
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and suggest that text-based coaching interventions ought to consider simpler exchanges with a
lower cost of establishing common ground through conversation or provide other means for
establishing common ground beyond brief text messages.
5.2.3 Difficulty assessing engagement without social translucence. In addition to challenges
establishing common ground via text message, there were also a number of important social cues
missing. Challenges related to coordinating opportunities for engagement via text messaging,
described in the prior section, were further exacerbated by the lack of cues that could help coaches
and their clients to maintain awareness of each other’s actions and context.
Previous research in CSCW used the notion of social translucence [27] to identify important
characteristics of digital systems for fluid social interactions, including visibility of the other
party’s status and availability. In our study, social translucence was lacking because coaches could
not see when their clients were available to receive messages, or otherwise occupied, and had no
additional information to interpret a lack of responsiveness or curt replies. Our attempts to impose
external structure to promote coordination, for example allowing coaches and clients to list the
times they would be available, were only partially successful. Previous research has explored
conversational coaching via other text-based platforms that offer more visibility of a the user’s
status to better enable social translucence [67,97]; however, further research is required to support
the fluid social interactions at heart of health coaching.
One potential direction is to utilize sensing capabilities of mobile platforms to infer a user’s
state and status [22]. Contemporary smartphones are able to capture considerable amounts of data
about their users, and many contextual factors are relevant for chronic disease self-management
[77,85]. In our study, this awareness of clients’ context could have helped human coaches tailor
their support, and offered more visibility into when they should persist with messaging or pull
back. For automated coaching systems, contextual data could help to determine the times when
clients will be most receptive to messaging [55,74]. However, prioritizing the visibility of a user’s
state is in tension with preserving their privacy [27]. Health coaching is deeply personal, and
future work could explore this tradeoff in the context of health coaching, which may be different
than in the workplace.
5.2.4 Heightened and unmet expectations for personalization. Our study showed that text
messaging as a coaching medium had several important limitations. At the same time, coaching
over text messaging, combined with integration of self-tracking data, left participants with specific
expectations for the type of support they would receive. In contrast with in-person coaching,
participants appreciated that t2.coach was available every day to offer support and answer
questions. Furthermore, by including self-tracking of meals and BG levels, participants expected
the content of coaching to be highly specific to their own meals and behaviors, and wished for
more specific suggestions about how to modify their common meals, or for other recipes to try.
Yet this expectation for personalized support grounded in their self-tracking data was largely
unmet in both groups. While half of the coaches attempted to review participants’ records, they
found this process inconsistent with their typical practice of relying on in-depth conversations
with clients to obtain needed information. Furthermore, reviewing data collected by multiple
clients would require considerable investment of time and efforts from the coaches [62].
In contrast with t2.coach, which focused on holistic coaching via goal setting and action
planning, other prior coaching interventions have focused on feedback related to specific meals,
images, or behaviors [17,42,63]. Given the positive coaching experience observed with t2.coach,
it’s possible that these approaches could be combined. In addition, data-driven systems can take
advantage of machine learning to reduce the need for data analysis by human experts to
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personalize support. For example, many automated “coaching” interventions focus primarily on
automatically generating targeted feedback on behaviors, captured with self-tracking and mobile
sensing [17,44]. In addition, there is a growing body of research on nutrition-grounded and
conversational recommendation systems, to make healthy recommendations based on what
individuals have logged [12,90,96]. Indeed, because computational systems are able to process
large amounts of data and make statistical inferences, automated systems may be especially well
equipped to make certain kinds of recommendations, for example based on patterns in selftracking data.
5.3 Unique advantages of chatbots as virtual coaches
While the virtual setting for coaching presented barriers for human coaches, it gave the chatbot a
number of unique advantages. In particular, participants appreciated the “patience” and
consistency of the chatbot, as well as the choice and autonomy it offered. While human coaches
often went off-script to narrow their suggestion to a single goal, the chatbot consistently followed
the protocol and always offered a menu of choices, which was highly appreciated by participants.
Furthermore, the tone of its messages, carefully scripted by a team of experts in health behavior
communication, was perceived as supportive and motivational. This is consistent with the
argument by Bickmore and colleagues that automated conversational agents may not only be
effective clinical communicators, but can be superior to human practitioners in some ways,
because they can consistently follow clinical communication guidelines and best practices [5]. The
chatbot’s insistence to always offer a menu of options helped create a sense of autonomy for
participants, who appreciated the freedom to find a goal that suited them. This emphasizes the
importance of tone, style, and personality in chatbot design [21], and reaffirms for future
interventions the common practice of designing conversational agents based on clinically
validated protocols [30,54,59,92].
A second potential advantage was the chatbot’s persistent nature, which allowed it to be
“annoying but helpful,” which many participants viewed as necessary in achieving desired
behavior change. While human coaches were sometimes hesitant to appear too “pushy”, the
chatbot’s insistence was appreciated by the participants, who admitted, however begrudgingly,
that the persistence was necessary to help them go through with the changes and meet their goals.
In some ways, this is consistent with research in text-messaging interventions for health
promotion, suggesting that consistent messages at a regular cadence can effectively spur behavior
change, even with little interactive engagement from participants [31,38,39]. This suggests that
brevity and consistency may be important design goals for chatbots in health.
5.4 Future directions for virtual health coaching
While t2.coach was designed as a scripted chatbot, our results also have implications for the
design of AI-based chatbots in health coaching. Often, the approach to building more realistically
human chatbots in the AI community relies on learning from large data sets of example dialog
between humans to train a dialog model [33,94]. Our results problematize this approach for virtual
health coaching. In this study, both participants and coaches reported notable differences with
their prior in-person experiences, and human coaches encountered substantial difficulties
translating their expert approach to a text-based virtual setting. This suggests that a dialog model
trained on in-person exchanges is unlikely to generalize to a virtual setting. Even a corpus of
virtual coaching exchanges may be fraught, because of the messiness we observed as coaches
adjusted to the text-based medium. Meanwhile, the chatbot was able to cultivate a similar
PACM on Human-Computer Interaction, Vol. 5, No. CSCW, Article 99. Publication date: April 2021.

99:26

Elliot G. Mitchell et al.

experience without completely human-like dialog, suggesting multiple paths to effective
conversational health coaching interventions. Together, these results suggest that pursuing more
human-like coaching chatbots by learning from human-human exchanges may not be the right
approach, and more research is necessary to first characterize what works for virtual coaching
conversations, perhaps looking to the content of commercially successful coaching platforms
[9,68].
In addition, our results suggest opportunities for systems that combine human health coaches
with automated systems like chatbots. Notably, there was a synergy between areas where each
excelled. The human coaches outperformed the chatbot in longer, more in-depth exchanges, while
the chatbot was effective at daily, brief interactions. However, there are open questions about
different ways to conceptualize this combination. On one hand, “humbots” described by Grudin
and Jacues use humans quietly behind the scenes and often do not disclose human involvement to
their users [35]. On the other hand, Seering and colleagues envisioned a way for chatbots to be
embedded within social settings like forums or message threads [93]. In this vision, chatbots do
not masquerade as humans, but exist within a conversational thread explicitly labeled as bots, and
serving a supportive role for other humans in the interaction. In the case of coaching, the human
might engage in less frequent, more in-depth conversations, while one or many chatbots engage in
daily, automated check-ins. However, how to handle the handoff of information between bots and
humans in the loop as well as how to balance the two are still open questions. Furthermore, the
comparative benefits and limitations of these different approaches have not been studied directly
and require further research, as well as unpacking the ethical implications of how to label AI
agents in human-AI collaboration [25,58]
5.5 Limitations
One notable limitation of this study was that the t2.coach chatbot was a wizard-of-oz prototype,
not a fully automated system, which meant that responses from the chatbot were delayed. This
created a parity in experience between the two study groups, because messages from human
coaches would necessarily be delayed, but may limit the generalizability of some of our findings to
fully automated systems. In addition, the study took place over a two-week period, and
engagement with and perceptions of the system may have changed with extended use. As a pilot
study, the sample size was small, and disproportionally more participants were lost to follow-up in
the human coaching group which lend to an uneven distribution of participants across the two
groups and could limit the validity of our findings.
5.6 Conclusion
Translating an intervention that works in an in-person setting to a virtual one is not always
straightforward. In a text-based virtual coaching setting, an automated chatbot was able to
cultivate an equivalently coach-like experience, and was advantaged by sticking to the script to
offer choices, and persistently checking in. Human coaches offered empathy and were able to
engage in deeper discussion, but encountered frustrations and barriers establishing common
ground and coordinating engagement with clients over text messaging. Future virtual coaching
interventions can incorporate more data driven personalization and consider novel ways to
combine automated and human expertise.
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A SUPPLEMENTARY SCRIPTED DIALOGS FROM T2.COACH
Supplementary Table A. An example exchange with t2.coach for goal setting based
on Brief Action Planning (BAP)
User
t2.coach

client
t2.coach

client
t2.coach

client
t2.coach

client
t2.coach

client
t2.coach

Message
Hi! I have an update for you. Are you ready to talk about your goals?
Y. Yes, right now
N. No, remind me in 24 hours
y
You met your goal to “Make ½ my meal non-starchy vegetables” 75%
of the time last week. Great job!

BAP Step/Skill
Follow-up

Celebrate success

Are you ready to start working on a new goal? (Y/N)
Y
What goal would you like to work on for the next week?

Behavioral Menu

A. Do 30 minutes of your favorite aerobic exercise per day
B. Choose whole fruits
C. Choose low fat foods
M. See more
C
Here are a few ideas to help you meet that goal, which would you
like to try?

SMART behavioral
plan

A. Choose fish instead of meat
B. Avoid meats high in fat like spareribs, cow or pig feet, and ox tail
C. Choose whole beans instead of refried
M. See more
B
Would you like me to remind you to “Avoid meats high in fat like
spareribs, cow or pig feet, and ox tail” at 8:00 AM?

Establish
accountability

Y. Yes
N. No
Y
Okay, let me summarize:
Your goal is to “Choose low fat foods”

Elicit a commitment
statement

Your plan is to “Avoid meats high in fat like spareribs, cow or pig
feet, and ox tail”
I will not send you a reminder.
Do you agree?

client
t2.coach

Y. Yes
N. No
Y
Ok, I’ll check in with you tomorrow. Keep a positive attitude and stay
strong. You are already on the road to learning more about your
body. Goodbye!

Establish
accountability
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Supplementary Table B. An example daily check-in dialog, based on Brief Action Planning (BAP)
User
t2.coach

client
t2.coach

client
t2.coach

Message
Hello Tom! Did you meet your goal to “Choose
low fat foods” today/yesterday?

BAP Step/Skill
Follow-up

Y. Yes
N. No
Yes!
Great job!
Do you want to “Avoid meats high in fat like
spareribs, cow or pig feet, and ox tail” again
today/tomorrow, or try something new?

Recognize success

Y. Yes, repeat this plan tomorrow
N. No, try something new
Y
Okay, I will remind you again at the same time.
Every day is a new opportunity to learn about
how your body works and how to control blood
sugar values. Goodbye!

Establish accountability

Supplementary Figure A. A screenshot of the WordBoard application [105], configured to allow human
coaches to quickly type and send messages from the t2.coach script.
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B POST-STUDY MEASURES
Supplementary Table C. Selection of items from the Subjective Assessment of Speech Systems Interfaces
(SASSI; [41]). Each item was answered on a Likert scale from 1 (Strongly Disagree) to 5 (Strongly Agree).

Subcomponent
1
1
2
2
3
3
4
4
5
5

Question
The system (t2.coach) is accurate
The system did not always do what I wanted
The system is useful
The system is friendly
It is clear how to send messages to the system
I felt confident using the system
I felt tense using the system
The interaction with the system is repetitive
The interaction with the system is boring
I always know what to say to the system

Supplementary Table D. Selection of 7 items adapted from the Shared Decision-Making Questionnaire
(SDM-9 [53]). Underlined section are rephrased from the original measure to adapt the context to health
goals instead of treatment decisions. Each item was answered on a Likert scale from 1 (Strongly Disagree)
to 5 (Strongly Agree).

Question
t2.coach wanted to know exactly how I wanted to be involved in choosing a health goal
t2.coach told me that there are different options for choosing a health goal
t2.coach precisely explained the advantages and disadvantages of the health goal choices
t2.coach helped me understand all the information.
t2.coach asked me which health goal I prefer.
t2.coach and I thoroughly weighed the different health goal choices.
t2.coach and I selected a health goal together.
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Appendix C. Supplementary Qualitative Results
Supplementary Table E. Prevalence of themes across participants in both groups. Gray cells indicate the
presence of the theme for a given participant.
Chatbot

Human Coaching

Theme 1: Participants in
both groups felt like they
were working with a
health coach
Theme 2: Human coaching
has advantages
Theme 2a: Participants
received expressions of
empathy from the coach
Theme 2b: Expanded scope
of support
Theme 3: The consistency
and predictability of the
chatbot
Theme 3a: Perseverance in
pursuing goals
Theme 3b: Choice and
autonomy
Theme 4: Expectations for
personalized and
continuous support
Supplementary Table F. Prevalence of themes from interviews with human coaches. Gray cells indicate
the presence of the theme for a given participant.

Coach #1

Coach #2

Coach #3

Coach #4

Theme 2: Human coaching has
advantages, but encounters barriers
with text messaging
Theme 2b: Text messaging created
barriers to effective communication
Theme 2c: Coaching without nuance
and context
Theme 2d: Attempts for deeper
engagement sometimes backfired
Theme 2d: Coaches want a rewarding
experience, too, but rarely received it
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Supplementary Table G. Illustrative quotes from each group of participants for each sub-theme related to
the experience of working with a health coach
Sub-Theme

Human Coaching

“Yeah the goals were – the goals weren’t
Setting actionable hard to meet or anything. They were
goals
basically suggestions pointing me in the
right direction.” P13 (HC)

Chatbot
“I did find a friend. She does walk with me…
I do walk with a friend and we did from
here to [], walking.” P8 (Chatbot)

Increased
Motivation

“I like it better than you know, you try to
work on the key issue like motivate it for
me. It gives me motivation and teach me”
P15 (HC)

“Yeah, but it gave me motivation to doing
more, like, you know, days I just didn’t feel
like doing, you know. So, this one gave me
motivation.” P8 (Chatbot)

Learning and
knowledge

“The coaching was very informative for
you, you know, okay, let’s try this and
let’s try that, okay you know what you
are supposed to eat, what’s vegetables,
what’s fruits… you know, my eating
habits and stuff like that.” P14 (HC)

“Like a teacher… You know a teacher
teaches… Okay and that’s what a coach does
too but a coach is more open because they
work in many areas at one time.” P9
(Chatbot)

It Felt
Conversational

“You know, you text somebody and they
take your – you know, it’s like you’re
talking to somebody.” P15 (HC)

“The communication helps a lot – being able
to communicate with someone my plan and
then the feedback from the Coach.” P11
(Chatbot)

Building a
relationship

“Well, you know, once the coach was
done, I missed it. I know that because I
knew once I got started with the coach, I
started to looking forward to chat with
the coach…” P17 (HC)

“Yes, it was nice to talk to somebody, you
know, about diabetes because I don’t even
want to talk to stuff like that this with my
girl.” P6 (Chatbot)

Increased
Mindfulness

“This program helped me to be a little
more conscious of the time and hence I
guess helped me to focus my attention on
eating at a set time” P17 (HC)

Accountability

“The person is making sure you’re doing
what you said you are going to with your
goals and that was good, that is why I like
that” P14 (HC)

“I get a message every morning, it was like
telling for me to select the goal for the day,
so it was like ‘okay, today I’m gonna eat
more fruits,’ in my breakfast oatmeal or put
more vegetables in my dinner.” P10
(Chatbot)
“It just gave me a note of, a sign of
accountability… once you put it in writing
you can’t erase it… Somebody else has a
copy of what you have done. So you got to”
P9 (Chatbot)
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