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Chapter 6

ABSTRACT

eHealth lifestyle interventions without human support (self-help interventions)
are generally less effective, as they suffer from lower adherence levels. To solve
this, we investigated whether (1) using a text-based conversational agent (TCA)
and applying human cues contribute to a working alliance with the TCA, and
whether (2) adding human cues and establishing a positive working alliance
increase intervention adherence. Participants (N=121) followed a TCA-support-
ed app-based physical activity intervention. We manipulated two types of
human cues: visual (i.e., message appearance) and relational (i.e., message
content). We employed a 2 (visual cues: yes, no) x 2 (relational cues: yes, no)
between-subjects design, resulting in four experimental groups: (1) visual and
relational cues, (2) visual cues only, (3) relational cues only, or (4) no human
cues. We measured the working alliance with the Working Alliance Inventory
Short Revised form and intervention adherence as the number of days partici-
pants responded to the TCA's messages. Contrary to expectations, the working
alliance was unaffected by using human cues. Working alliance was positively
related to adherence (t(78)=3.606, p=.001). Furthermore, groups who received
visual cues showed lower adherence levels compared to those who received
relational cues only or no cues (U=1140.5, z=-3.520, p<.001). We replicated the
finding that establishing a working alliance contributes to intervention adher-
ence, independently of the use of human cues in a TCA. However, we were unable
to show that adding human cues impacted the working alliance and increased
adherence. The results indicate that adding visual cues to a TCA may even neg-
atively affect adherence, possibly because it may create confusion concerning
the true nature of the coach, which may prompt unrealistic expectations..

Keywords: eHealth; digital health; lifestyle change; physical activity; interven-
tion; conversational agent; chatbot; adherence; working alliance.

146



Human cues in eHealth to promote lifestyle change

INTRODUCTION

A healthy lifestyle has a positive effect on the number of disease-free years in
an adult’s life (Nyberg et al., 2020). A multicohort study showed that meeting
the recommended physical activity levels, BMI, smoking behavior, and alcohol
consumption would lead to an increase of 9.9 disease-free years for men and
9.4 of disease-free years for women (Nyberg et al.,, 2020). Lifestyle interventions
are therefore widely recommended to improve health outcomes such as blood
pressure or cholesterol levels (Piepoli et al., 2016). Long-term maintenance of
recommended lifestyle behaviors is difficult for most people, yet the uptake
and maintenance of lifestyle behaviors can be facilitated by the use of eHealth,
which can be defined as the use of new information and communication tech-
nology, especially internet technology, to support or enhance health and health
care (Barak et al., 2009). An increasing amount of eHealth lifestyle interventions
are being developed (Thomas & Bond, 2014), which are shown to be effective in
improving lifestyle behaviors (e.g., physical activity) and consequently reduce
risk factors that are associated with lifestyle-related diseases (e.g., high blood
pressure, high cholesterol) (Beishuizen et al., 2016; Lunde et al., 2018). Within
eHealth interventions, support can either be provided by a human professional
(human-supported interventions), or automatically through computer technol-
ogy, meaning that there is no human guidance or human professional involved.
Interventions in which there is no support offered through human contact, but
only automated support by computer technology, are defined as self-help inter-
ventions (Barak et al., 2009). For this reason, self-help interventions are generally
easier and cheaper to widely implement to a larger and more varied audience
as they require no involvement from healthcare professionals, who may lack
time or insufficient experience to additionally offer lifestyle support (Brotons et
al.,, 2005; Jallinoja et al,, 2007; Jansink et al., 2010).

There is however a downside to self-help interventions. Adherence, or the
extent to which a person uses the eHealth intervention as intended, is often
problematic (Kelders et al, 2012; Kelders et al., 2011; Murray et al., 2013; Wangerg
et al., 2008). This means that people use self-help interventions less frequently
or stop using it earlier than necessary for the intervention to be optimally ef-
fective. However, this does not imply that support of a healthcare professional
is always necessary for optimal results. Meta-analyses revealed that human
contact with a nonprofessional is enough to both ensure intervention effective-
ness and prevent individuals from dropping out of the intervention (Etzelmueller
et al,, 2020; Kayotaki et al., 2018; Richards & Richardson, 2012; Smith et al., 2012). It
seems that the mere involvement of another human being, or something that
is perceived as having human traits (Haslam et al.,, 2008), rather than profes-
sional guidance is the key ingredient within human-supported interventions.
The underlying reason for the found effects of human contact within interven-
tions, could be the participants’ need for a personal relationship with a care
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provider (Brandt et al., 2018). In clinical practice this relationship is called the
working alliance, which is defined as the degree to which a healthcare profes-
sional and patient are involved in a useful and collaborative working relationship
(Hatcher & Barends, 2006). Although the concept of working alliance originated
within psychotherapy (Bordin, 1979), it has more recently been applied to the
domain of lifestyle interventions (Goldberg et al,, 2013; Hauser-Ulrich et al., 2020;
Kowatsch et al., 2021b). The quality of the working alliance depends on several
factors such as the level of agreement on treatment goals, on tasks that must
be performed to reach treatment goals, and on the quality of the relationship
between healthcare professional and patient (Bordin, 1979; Horvath & Greenber,
1989). The establishment of a good working alliance promotes intervention ad-
herence and effectiveness, both in face-to-face interventions (Goldberg et al.,
2013; Martin et al., 2000) as well as in eHealth interventions with human contact
(Fluckiger et al, 2018; Sucala et al.,, 2012). In addition, individuals are also able
to form a working alliance with computers (Nass & Moon, 2000; Reeves & Nass,
2000). Individuals can interact with computers as they would do with human
beings and apply similar social rules and heuristics. For example, people tend to
communicate with their smartphone (e.g., Apple’s Siri) in a similar way as they
would do with another human being. The establishment of a working alliance
in eHealth interventions can also lead to more positive treatment outcomes
(Bickmore et al., 2010; Clarke et al.,, 2016; Hauser-Ulrich et al., 2020; Kowatsch et
al., 2021a; Kowatsch et al., 2021b).

So, how can we establish a working alliance in self-help interventions without
human contact? For this, so-called conversational agent (CA) can be employed.
CAs can be defined as computer-based agents which can mimic human-like
conversational behavior such as responding to input, generate output, apply
turn-taking) (Cassell et al., 1999). With these characteristics, they can provide
automated support in eHealth interventions (e.g., home exercising; Kowatsch
et al, 2021b) to promote adherence to lifestyle behaviors. An embodied con-
versational agent (ECA) is visually present on screen and can provide non-ver-
bal cues (e.g., hand gestures), while a text-based conversational agent (TCA)
is able to communicate with text only (Kowatsch et al., 2020). A TCA has the
advantage of being easier to develop, being easier to apply in a mobile app,
and is therefore more suitable for widespread implementation (Kowatsch et al,,
2020). Studies demonstrate that people show more relational behaviors such
as facial expressions, and are more positive about the interaction when they
believe that their interaction partner is a human being rather than a computer
technology (Aharoni & Fridlund, 2007; Appel et al., 2012). To enhance these per-
ceptions while interacting with CAs, human cues could be applied, such as an
avatar of a human being, a human tone-of-voice (sah & Peng, 2015), or lower
speed of feedback (Kelders et al., 2015). Furthermore, human cues in textual
communication could be mimicked by adding emoticons (Walther & D’Addario,
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2001). Besides the appearance of the messages, human cues could also be
applied to the content of its messages. Conversation rules which are often used
by humans to established a relationship, such as humor, empathy and small
talk could also be incorporated as human cues in CA (Bickmore et al., 2005;
Schulman & Bickmore, 2009). Studies with CAs show that applying such human
cues to the interaction increases the working alliance users experience with the
CA (Bickmore et al., 2005) and their intention to use the CA (Lisetti et al., 2013).
To conclude, self-help intervention studies with TCAs have been conducted
before to examine their effect on psychological outcomes, only a small number
of them focused on improving lifestyle behaviors (Tudor et al., 2020). Furthermore,
the effects of human cues are predominantly tested with ECAs (e.g. Bickmore
et al., 2005; Lisetti et al., 2013). Therefore, little is known about how human cues
affect the working alliance when applied in TCAs, or how the working alliance
affects adherence to TCA-supported interventions. Furthermore, the majority
of studies tested the effects of either using human cues or not (e.g. Bickmore
et al, 2005; Kelders et al,, 2015; Lisetti et al., 2013; Sah & Peng, 2015; Schulman &
Bickmore, 2009), while it is more interesting to test the effect of different types
of human cues and possible interaction effects when combining human cues.

The Present Study

In this study, we will examine the impact of human cues in TCA on establishing a
working alliance in a self-help lifestyle intervention. In addition, we will examine
the impact of human cues and the working alliance on participant’s intervention
adherence. With regard to human cues, we will focus on both visual cues (i.e.,
appearance of the message and TCA) and relational cues (i.e., content of the
message). We will test the following hypotheses. First, human cues willimprove
the working alliance people experience with TCA. Second, an established work-
ing alliance and application of human cues will promote participants’ adher-
ence to the lifestyle intervention. Finally, the working alliance will mediate the
effect of human cues on adherence. To test our hypotheses, we developed a
self-help intervention mobile application with which the participant could in-
teract with a TCA and in which we manipulated both visual and relational cues.
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MATERIAL AND METHODS

Study Design and Procedure

The three-week field experiment was conducted in March and April 2020. To test
our hypotheses, we employed a 2 (visual cues: yes, no) x 2 (relational cues: yes,
no) between-subjects design, resulting in four experimental groups: (1) visual
and relational cues, (2) visual cues only, (3) relational cues only, or (4) no human
cues. Power calculations (G*Power) (Faul et al., 2007) identified that we needed a
minimum sample size of 128 to detect a medium between-group effect (f = .25)
of cue-type with an alpha of .05 (ANOVA with 4 groups). Given the high attrition
rates in similar studies (e.g., Hauser-Ulrich et al.,, 2020; Kramer et al., 2019), we
aimed to recruit about double the required number of participants (i.e., 256).

We recruited healthy participants using voluntary response sampling with
flyers on the university campus and via social media (e.g., personal social media
channels of thesis students involved in the project, public student social media
groups). Inclusion criteria were that participants should be aged between 18
and 30 years old, were able to work on their level of physical activity (i.e., based
on a negative response to all questions of the Physical Activity Readiness Ques-
tionnaire (PAR-Q) (Thomas et al., 1992), willing to work on their level of physical
activity, have access to a smartphone running iOS or Android, and would have
sufficient proficiency in English. Participants were promised that after comple-
tion of the experiment, they would enroll in a lottery with the chance of winning
one of three Fitbit devices, or one of 100 webshop vouchers worth €10,-. In ad-
dition, first-year students could receive credits required to complete their first
bachelor year for their participation.

After recruitment, participants joined a waitlist until the start of the screening
and onboarding on Monday March 16t 2020. A 3-week intervention duration was
chosen as this would be enough time to establish a working alliance with the
TCA (given that a relationship can be established after a single interaction, e.g.
Bickmore et al., 2010; Schulman & Bickmore, 2009), and to be able to measure
changes in adherence to the intervention. Participants had to wait a maximum
of three weeks before the start of the experiment. A week before the start of the
experiment, participants were asked to provide digital informed consent and
fillin the screening survey assessing the inclusion and exclusion criteria. Imme-
diately after providing their consent and being screened as eligible to partic-
ipate, participants received a link to the iOS or Android app store to download
the Benefit StepCoach app. Once the app was downloaded, participants were
asked to go through the onboarding procedure to correctly configure the app
(e.g., allowing push messages and access to step count data via Apple Health
or Google Fit), and to complete the baseline survey. Participants were reminded
through emails and text messages to complete the onboarding and baseline
survey (measuring demographics and baseline characteristics) after 3, 4 and
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5 days. Participants were excluded if they did not finish onboarding before the
start of the experiment. An automated mechanism within the app allocated
participants to one of the four conditions. All participants would start simul-
taneously in the three-week (21 days) experiment on Monday March 23 2020.
Each day, the TCA would send the participants one or several short exercises
to complete that day (e.g., quiz or worksheet, see Appendix 1 for an overview of
daily exercises) via a push notification. After completing the final survey on day
22 (measuring working alliance), participants would receive the debriefing. The
study was approved by the Psychology Research Ethics Committee of Leiden
University (2020-02-06-T. Reijnders-V2-2056), and the analyses were prereg-
istered via the Center for Open Science (Cohen Rodrigues & Reijnders, 2020).

Participants

In total, 269 participants were recruited during the wait list period, and were in-
vited to the screening survey. Of these, 43 participants did not meet the inclusion
criteria. Of the remaining 226 eligible participants, 127 participants downloaded
the app, after which 121 participants completed the baseline measurement (at-
trition rate of 45%). We were unable identify reasons for dropping out between
the recruitment and baseline measurement.

Benefit StepCoach Intervention

The aim of the intervention was to enhance participants’ physical activity levels
by increasing daily step counts. The intervention was based on a combination
of important behavior change techniques (BCTs) (Michie et al., 2013), such as
providing participants with information on health consequences, setting and
reviewing of health behavior goals, and providing social rewards such as ap-
praisal of the participant’s efforts. These are intervention components designed
to regulate behavior (such as physical activity) by reinforcing factors that fa-
cilitate behavior change, and mitigating factors that hinder behavior change
(Michie et al., 2013). Participants would receive daily exercises based on BCTs,
which would take about 5 to 10 minutes each day to complete (see Appendix 1 for
an overview of all daily exercises). The Transtheoretical Model of health behavior
change (Prochaska & Velicer, 1997) was used to develop specific exercises that
match each phase of the model, as research shows that choosing exercises
that fit within the pre-contemplation, contemplation, preparation, action, and
maintenance stage stimulates user adherence and effective behavior change.
Furthermore, the model would be applicable to our intervention as it has been
previously used to target a wide range of health behaviors, including physical
activity (Prochaska et al., 1994). For example, in the pre-contemplation phase
we let participants formulate why they would like to improve their physical ac-
tivity, and in the contemplation phase we let participants formulate pros and
cons of behavior change. Later, in the preparation phase, we asked participants

151




Chapter 6

to formulate a concrete step goal. In the action phase, participants received
action-planning and problem-solving exercises to help them reach their goal.
Finally, in the maintenance phase, participants reviewed their previous suc-
cesses to help them maintain the new behavior in the future. For an overview
of all the exercises (i.e., active ingredients of the intervention) per phase of the
Transtheoretical model, see Appendix 1. The mobile application for our self-help
intervention was developed with use of the open-source software of Mobile-
Coach (www.mobile-coach.eu) (Filler et al., 2015; Kowatsch et al., 2017), which has
been previously used for smartphone-based and chatbot-delivered behavioral
interventions (e.g. Stieger et al., 2021; Tinschert et al., 2019). See Appendix 2 for
more information about the technical implication. As we developed our own in-
tervention, it was important to test whether it was actually effective in improving
participants’ physical activity levels. Therefore, we conducted some additional
analyses, which showed us that the intervention significantly increased partic-
ipants’ step count independently of the experimental condition (see Appendix
3 for more details).

Text-based Conversational Agent

Participants interacted daily with a TCA, the virtual coach who delivered the
intervention and offered various conversational turns. Via the chat feature, the
TCA delivered daily exercises (see Appendix 1) and would respond to messag-
es of the participants via conversational turns (see Figure 1). All conversational
turns were scripted. Each day would consist of two to four conversational turns.
The first message would be sent in the morning at 9:00 am, and the following
messages after a reply of the participant. If the participant would not reply on
time, the TCA would send a reminder in the afternoon at 3:00 pm.

Across the experimental groups, the exercises and feedback were identical,
but the conversational turns differed in cue type the TCA used. We manipulated
two types of human cues: (1) visual cues, which were related to the appearance
of the message and the TCA (human avatar, use of emoticons, human tone-of-
voice, and response delay), and (2) relational cues, which were related to the
content of the messages, and to what extent these followed social scripts and
human conversation rules (e.g., showing empathy, self-disclosure, humor, small
talk, and meta-relational communication) (see Figure 2).
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Figure 1. Screenshots of Benefit StepCoach app.

— Chat with Tina — Chat with Tina

You haven't completed your exercise for

Toincrease your step count, | will help today yet. Please do so before the end of
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and Time-bound. o e
9:00 AM JUNE 10, 2020

| would advise you to reach the 3 Hi Asenal! | have your third exercise ready

recommended 10.000 steps a day. Would for you &

that seem like an achievable goal for you? Tinili

9:00 AM
To make a change, such as increasing

You haven't completed your exercise for

physical activity, | think it is important to

today yet. Please do so before the end of

think through to think through its pros and

the day! cons. | think a decisional balance scheme
301 PM is a great way to do so!
9:00 AM
Yes, | would like to set that as a goal
Lo n‘mmwuwa — Changing Bohavior
‘ﬁl' Great! Now you have a measurable and
: achievable goal. P
315PM
To make the goal specific and time-bound T T e
too, | would suggest you will aim to walk A SO Ll
10000 steps a day for 1 week.
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Would you like to try this goal for the
coming week? &=
315PM 9:00 AM

| think this can help to hang on to your plan
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Yes, | think | can do that! 2:00 AM

So first of all, could you name a pro and
a con of not increasing your physical
activity?

No, | think this would be too much.

9:00 AM

Figure 2. Example of conversational turns per condition.

Relational cues No cues

) ‘ Hi [name]!

Visual & relational cues Visual cues

(Hi [name]! I really h Hi [name]! ®
appreciate all the work
you're doing, so keep it up

CR

Hi [name]! All the work
you're doing is impressive,
so keep it up.

(I canimagine that it is
quite hard to work on your
goal alone. We've already
discussed many ways to
achieve your step goal
yourself, but in my
experience social support
can be very helpful as well

©
S

Do you have a friend or
family member that would
be willing to help you?
Could you tell me his or
her name?

We've already discussed
many ways to achieve
your step goal yourself, but

I think social support can
be very helpful as well @

It can be quite hard to
work on your goal alone.
You've already worked out
many ways to achieve
your step goal yourself, but
social support can be very
helpful as well.

N

You've already worked out
many ways to achieve
your step goal yourself, but

social support can be very
helpful as well.

Do you have a friend or
family member that would
be willing to help you?
Could you tell me his or
her name?

Go you have a friend or

name?
(.

family member that would
be willing to help you?
Could share his or her

Do you have a friend or
family member that would
be willing to help you?
Could share his or her
name?
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Measures

Baseline Measures

During the onboarding week before the start of the intervention, participants
were asked to fill in several demographic questions on gender, age, nationality,
and educational background. Furthermore, baseline level of physical activity
was measured with the International Physical Activity Questionnaire Short Form
(IPAQ-SF) (Lee et al., 2011). The questionnaire consists of seven items asking the
participants about their time spent on vigorous and moderate physical activi-
ties, walking, and sitting during the previous week. The output is a MET (metabolic
equivalent of task) score, representing the amount of energy used to carry out
the reported physical activities. A higher score indicates a higher level of physi-
cal activity. The IPAQ-SF has been shown to have a high test-retest reliability, but
minimal concurrent validity (Lee et al,, 2011; Craig et al., 2003). Therefore, base-
line objective step count data was additionally retrieved from the participant’s
smartphone during the onboarding week.

Working Alliance

Participants’ working alliance with the TCA was measured with a revised ver-
sion of the Working Alliance Inventory Short Revised form (WAI-SR) (Hatcher
& Gillaspy, 2006). The WAI-SR consists of 12 items to measure the experienced
quality of the working relationship between patient and professional. All items
were measured on a 5-point Likert-scale ranging from 1 (seldom) to 5 (always),
subdivided in 3 subscales: agreement on tasks, agreement on goals, and bond.
Questions were revised to fit the context of the study by using the words “coach”,
“lifestyle” and “intervention” (e.g., “The coach and | collaborate on setting life-
style goals.”). A higher score indicates a better working alliance with the TCA.
The WAI-SR has been shown to have sufficient test-retest reliability and criterion
validity (Hatcher & Gillaspy, 2006), and our revised version showed to have a
high internal consistency (Cronbach’s a = .95).

Adherence

Participants were marked as “adherent” for a particular day if they had replied
to the final message of the TCA before the end of the day (12:00 pm at midnight).
The final adherence measure was based on the number of days participants
finished each daily session of conversational turns with the TCA. Given the 21
day duration of the intervention, the level of adherence over the whole study
could range between 1 and 21 days, with higher number of days indicating a
higher level of adherence.
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Data Analysis

All statistical analyses were conducted with SPSS (version 26; IBM Corp). We used
pairwise exclusion to deal with missing data and a standard P-value of .05 was
chosen to determine statistical significance. For the first hypothesis (human cues
will improve the working alliance people experience with TCA), we performed
a Kruskal-Wallis test, with working alliance as our outcome measure and cue
condition as independent variable. We chose to conduct non-parametric tests
given the small sample size of some groups (N < 25) and a non-normal distri-
bution of our data. For the next hypothesis (working alliance and human cues
will promote adherence to the intervention), we ran a regression analysis with
working alliance as independent variable and adherence as outcome measure
and performed a Kruskal-Wallis test with cue condition as independent variable
and adherence as outcome measure. This was followed up by the analyses
of specific post-hoc analyses to compare different cue groups in the form of
Mann-Whitney U tests. For the final hypothesis (working alliance will mediate the
effect of human cues on adherence) we planned to conduct a mediation anal-
ysis. However, the lack of significant differences in working alliances between
groups made this analysis obsolete.

In our preregistration (Cohen Rodrigues & Reijnders, 2020) we also proposed
to test intervention effectiveness. Our power calculations identified a minimum
sample size of 128 to detect the expected effects of experimental groups on
effectiveness. However, as we needed both a valid baseline step count and a
minimum of 5 days of step count registered in the final week to calculate in-
tervention effectiveness, we did not have enough power to run these analyses
and detect this effect due to insufficient respondents. We therefore decided to
report the analyses concerning intervention effectiveness only in Appendix 3.

RESULTS

Demographics

A total of 121 participants completed the baseline measurement. These par-
ticipants were on average 22.7 years (SD = 2.8) old, 84/121 (69%) were female,
73/121 (60%) were of Dutch nationality, and of 91/121 (75%) their current or high-
est education level was bachelor’'s degree or higher. Comparative analyses of
the demographic characteristics at baseline showed no significant differences
between groups (see Table 1).
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Table 1. Baseline demographic characteristics (N = 121)

Variable Visual & Visual Relational Nocues Pvalue
relational cues cues (n=37)
cues (n=24) (n=29)
(n=31)

Age in years
Median (IQR?) 22 (4) 23 (3) 22 (3) 23 (4) .968¢
Mean (SD®) 22.65 2271 22.76 2254

(2.84) (2.79) (2.70) (3.01)

Gender, female, n (%) 26 (84) 12 (50) 21 (75) 25 (68) .065¢

Nationality, n (%) 743
Dutch 19 (61) 15 (63) 14 (48) 25 (67.5)
German 3 (10) 3(13) 6 (21) 5 (13.5)

Other 9 (29) 6 (25) 9 (31) 7 (19)

Education level, n (%) .306¢
High school 4(13) 6 (25) 6 (21) 11 (30)
Vocational school 1(3) 1(4) 0 (0) 1(3)

Bachelor's degree 17 (55) 14 (58) 21(72) 18 (49)
Master’s degree or higher 9 (29) 3(13) 2(7) 7 (19)

Physical activity level

METe score (per week)

Median (IQR®) 2552 1506 2268 2477 1344
(4150) (2986) (4730) (4331)

Mean (SDb) 4556 2928 3800 3854
(5324) (5370) (3373) (3804)

Average steps per day

Median (IQR9) 2453 1531 3224 2382 .357¢
(2840) (2685) (3222) (2382)

Mean (SD®) 3282 1912 (1557) 3266 3361
(2289) (1801) (2616)

9IQR = interquartile range; °SD = standard deviation; °MET = metabolic equivalent of task;
dKruskal-Wallis test; eFisher’s Exact test

Working Alliance

We found no significant difference in working alliance between the cue condi-
tions, H(3) = 4.194, p = .24 (see Table 2 for median and IQR per group). However,
we did find a positive relationship between working alliance and adherence,
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6 =.378, t(78) = 3.606, p = .001, 95% CI [0.108; 0.374]. These outcomes indicate
that that adding human cues did not lead to a difference in working alliance
with the TCA, but that participants who reported a better working alliance were
more adherent to the intervention.

Table 2. Median and IQRe per group of working alliance (measured after the final day of
the intervention with the Working Alliance Inventory Short Revised form) and adherence
(number of days participants finished the session of conversational turns).

Variable Visual & Visual Relational Nocues Pvalue
relational cues cues cues

Working alliance®

Median (IQR®) 34 (18) 45 (18) 42 (8) 34 (13) .24¢
Adherence
Median (IQR®) 6 (12) 7 (14) 16 (14) 14 (15) .004¢

aThe N for working alliance (due to missing data): visual & relational cues: n=19; visual
cues: n=14; relational cues: n=22; no cues: n=25
PIQR = interquartile range; °Kruskal-Wallis test

Adherence

We found a significant difference in adherence between the cue conditions,
H(3) =13.125, p = .004 (see Table 2 for median and IQR per group). By visually
inspecting the medians, we saw that the differences between groups were not
as expected (see Figure 3). The contrast analyses showed that in the relational
cues- and no cues-conditions there was a significantly higher adherence than
in the other two conditions, U = 1140.5, z = -3.520, p < .001. However, adherence in
the relational cues condition was not higher than in the no human cues condi-
tion U = 478.0, z = -.760, p = .45. So contrary to what was expected, participants
were less adherent to the intervention in the groups in which the TCA used visual
cues compared to the groups without visual cues. Furthermore, when the TCA
used relational cues, participants were not more adherent than when the TCA
used no human cues at all.
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Figure 3. Boxplots of adherence (number of days participants finished the session of
conversational turns) for the four experimental conditions.
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DISCUSSION

We investigated the impact of human cues in TCA on establishing a working
alliance and in turn that impact on improving the adherence in a self-help
lifestyle intervention. We found no differences in the effect of no, visual and/or
relational human cues on establishing a higher quality working alliance with
the TCA. Also, using visual or relational human cues did not lead to higher ad-
herence. On the contrary, we found that the use of visual cues could even lead
to lower adherence. However, we did find that a higher quality working alliance
was related to a better adherence to the lifestyle intervention.

Our results did not show an effect of human cues on the reported working
alliance with the CA. What is important to note is that many studies that did
find this relationship concern ECAs (Bickmore et al., 2005; Bickmore et al., 2010),
while we used a TCA. ECAs generally outperform text-based ones (Lisetti et al.,
2013; Zalake et al., 2019), which can be explained by the additional range of
design characteristics an ECA can make use of (Loveys et al.,, 2020). In one study
though, there was no difference found between a TCA and an ECA, which the
authors argued was due to the lack of incorporating non-verbal communication
in the latter one (Friederichs et al., 2014). The inability of our (or any) TCA to use
non-verbal communication, may be a reason that we did not find the effect of
our TCA with human cues on working alliance as studies with ECAs did. Similar
patterns occur in computer-mediated communication between humans, where
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people are limited in their use of non-verbal communication (Daft & Lengel,
1986). Text-based communication would not be rich enough to transfer ambig-
uous communication, such as communication aimed at relationship building
(Daft & Lengel, 1986), and relationship building requires more time in text-based
environments to reach the same quality as in face-to-face situations (Walther,
1992). This might also explain why we did not find an effect of using relational
cues on adherence, a finding that contradicts previously mentioned studies with
ECAs (Bickmore et al., 2005; Schulman & Bickmore, 2009). Moreover, in studies
that did find an improved working alliance with a CA, either the interactions with
the agent or in the intervention itself were longer compared to our study (Haus-
er-Ulrich et al,, 2020; Bickmore et al., 2010). In other studies in which a high work-
ing alliance was reported within shorter periods of time, the interactions with the
CA followed after introduction by a human healthcare professional (Bickmore et
al. 2010; Kowatsch et al., 2021b). Therefore it seems likely that a TCA is less able
to build a relationship with the user due to lack of non-verbal communication,
however it could be that it requires either a longer time period or an introduc-
tion in a face-to-face setting to do so. So even though our findings do support
that working alliance is an important mechanism within eHealth interventions,
it remains unclear if and how it would be possible to foster a relationship with a
TCA. Even though the development of an ECA requires more time and financial
resources than a TCA, based on both our results and those of previous studies,
we hypothesize that self-help eHealth interventions in practice would benefit
more from incorporating an ECA. The difference between TCAs and ECAs and
their applicability in successful eHealth interventions would be an important
topic for future research.

We did find that people who reported a better working alliance with the CA
were more adherent to the lifestyle intervention. This result is in line with studies
about regular face-to-face interventions (Goldberg et al., 2013; Martin et al.,
2000), digital therapy or treatment (Fltickiger et al., 2018; Sucala et al., 2012), and
self-help eHealth interventions (Bickmore et al.,, 2010; Clarke et al., 2016; Haus-
er-Ulrich et al., 2020; Kowatsch et al.,, 2021a; Kowatsch et al., 2021b). However,
our results did not show the positive effects of visual elements that have been
reported in previous studies (Bickmore et al., 2005; Bickmore et al., 2010; Sah &
Peng, 2015; Schulman & Bickmore, 2009). Instead, we found that using visual
cues led to a lower adherence to the intervention. We did not tell participants
whether they would be coached by a human being or a computer. This lack of
transparency, in combination with a human visual appearance, may have led
to unrealistic high expectations that could not be met by the TCA and therefore
frustration among users (Luger & Sellen, 2016). Although many studies show
that not disclosing the nature of an automated chatbot has a positive effect
on user perceptions (e.g., perceived humanness of, or affinity with the chatbot)
and user behavior (e.g., being persuaded by the chatbot) (Hendriks et al., 2020;
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Shi et al., 2020; Skjuve et al., 2019), Mozafari and colleagues (2020) show that the
effects of disclosure depend on whether there are errors in the conversation with
a chatbot. In their study with a customer-service bot, they found that when the
chatbot was not able to solve a customer’s issue, the customer’s potential neg-
ative responses to these errors could be prevented by disclosing the chatbots
true nature beforehand. Although our study concerned a lifestyle intervention
rather than customer-service, similar mechanisms could be at play here. As
visual cues might have caused participants to wrongly expect they were com-
municating with a human being and our CA was not always able to respond
correctly to participant’s messages (as the messages were preprogrammed),
informing participants about the nature of the agent could have prevented
unrealistic expectations and frustration. In addition, the type of avatar we used
in the visual cues conditions might have played a role. We intentionally chose
a younger- and healthy-looking female agent both because it resembles the
psychology student population, and a young female peer agent is generally
preferred in health coaching tasks (Ter Stal et al,, 2020; Zhou et al., 2014). How-
ever, some literature suggests that male agents are preferred as athletic trainer,
which might have influenced the results if our participants perceived the TCA
to be an athletic coach rather than a health coach (Ter Stal et al., 2020). Fur-
thermore, another study shows that non-ideal overweight agents are seen as
more trustworthy and related to higher use intentions (Van Vugt et al., 2009),
which suggests our TCA might have been too slender and healthy looking for its
task. Allin all, future designers of eHealth interventions with TCAs could consider
being transparent about the true nature of the CA, as it would make users more
forgiving about possible imperfections of the automated feedback it provides.
Furthermore, given the important influence of the type of visual cues, it would
possibly be beneficial for future eHealth interventions to better match the visual
cues of the TCA with the wishes of the user. For example, one could allow users
themselves to choose the looks of the TCA that will support them. Future research
could investigate whether such changes would improve adherence to self-help
eHealth interventions.

Practical implications

Further knowledge about the development of CAs is not only relevant for re-
searchers working in eHealth or human-computer science, but also for those
involved in healthcare practice. eHealth is becoming increasingly relevant,
which became especially evident during the COVID-19 pandemic (Bokolo, 2021).
Therefore, it is necessary to develop eHealth tools that are efficient, and thus
do not put further pressure on the workload of healthcare professionals, but at
the same time fulfill the needs and wishes of patients. CAs would be suitable
for developing self-help eHealth lifestyle interventions that do pay attention
to the relationship with the user. Furthermore, our findings would not only be
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practically relevant for developing physical activity interventions, but eHealth
lifestyle interventions in general. Therefore the findings of our study would be
useful for developers that work on self-help eHealth lifestyle interventions, and
indirectly for healthcare professionals who could help their patients in providing
lifestyle support more easily.

Limitations and Suggestions for Future Work

Besides the strengths of our study such as using a field experiment (with par-
ticipants using an app-based intervention in real life), measuring objective be-
havioral data, and testing two different types of human cues, our study also had
some limitations. In our preregistration, we proposed to also test intervention
effectiveness, yet we did not have sufficient participants and thus power to do
so. For reasons of transparency, we do report the analyses on intervention ef-
fectiveness in Appendix 3. It is also important to note that our sample size was
generally on the small side and that we had problems with non-normality in
our data. Although we used nonparametric tests to analyze our data, the re-
sults should be interpreted with caution. Even though we already recruited more
participants than needed to account for possible dropouts, future studies may
aim to recruit more than double the needed participants.

Furthermore, we did not inform our participants beforehand whether they were
interacting with a computer or a human being. Therefore the expectations of
people might have varied, which could have affected our results. Future studies
could keep these expectations constant by being transparent about the true
nature of the automated agent. Another option would be to manipulate the de-
scription of the CA to more closely represent a human being or a computer, and
ask participants about their expectations towards support by a human being or
computer, to additionally test expectation effects within self-help interventions.

Finally, to mimic human behavior, we intentionally chose to apply subtle
human cues to our CA (e.g., interweaving signs of empathy or small jokes into
the feedback). However, participants might not have processed the messages
of the agent elaboratively enough to notice these subtle cues, resulting in alack
of effects. Furthermore, because of this subtility, the different types of human
cues might have differed too little between each other. We suggest that future
studies investigate the differences in applying human cues in TCAs and ECAs.
It would be interesting to know whether stronger cues are needed in TCAs to
produce similar effects in ECAs, or whether longer interactions do lead to an
improved working alliance, and thus adherence. Additionally, given our results,
it would be interesting to investigate whether using non-verbal communication
is indeed key to establishing a working alliance with a CA, and how to overcome
the lack of non-verbal communication within TCAs.
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CONCLUSIONS

In this study, we aimed to improve adherence to self-help eHealth lifestyle in-
terventions by applying a TCA which uses (visual and relational) human cues.
We replicated that creating a good working alliance with your coach improves
adherence to lifestyle interventions. However, more future studies are needed
to investigate whether and how factors that work for ECAs, in this case human
cues, could also be applied to TCAs to further improve the working alliance and
thereby adherence. Future studies could also investigate whether being trans-
parent about the computer-based nature of a CA and thereby setting the right
expectations would be important for success. Until future research provides us
more insight, our findings suggest that self-help eHealth interventions in prac-
tice could possibly better invest in developing an ECA and be transparent about
the true nature of the CA that is used. The knowledge gained from our and future
studies could help us design better self-help interventions in the future creating
higher levels of adherence, and in turn a healthier lifestyle for us all.

162



Human cues in eHealth to promote lifestyle change

REFERENCES CHAPTER 6

Aharoni, E., & Fridlund, A. J. (2007). Social reactions toward people vs. computers: How
mere labels shape interactions. Computers in Human Behavior, 23(5), 2175-2189.
https://doi.org/10.1016/j.chb.2006.02.019

Appel, J., von der Ptten, A, Krémer, N. C., & Gratch, J. (2012). Does humanity matter? Ana-
lyzing the importance of social cues and perceived agency of a computer system for
the emergence of social reactions during human-computer interaction. Advances
in Human-Computer Interaction, 2012. https:/[doi.org/10.1155/2012/324694

Barak, A, Klein, B., & Proudfoot, J. G. (2009). Defining internet-supported therapeutic in-
terventions. Annals of Behavioral Medicine, 38(1), 4-17. https://doi.org/10.1007/s12160-
009-9130-7

Beishuizen, C. R, Stephan, B. C., van Gool, W. A,, et al. (2016). Web-based interventions
targeting cardiovascular risk factors in middle-aged and older people: A systematic
review and meta-analysis. Journal of Medical Internet Research, 18(3), e55. https://
doi.org/10.2196/jmir.5021

Bickmore, T. W., Mitchell, S. E.,, Jack, B. W., Paasche-Orlow, M. K., Pfeifer, L. M., & Odonnell, J.
(2010). Response to a relational agent by hospital patients with depressive symptoms.
Interacting with Computers, 22(4), 289-298. https://doi.org/10.1016/].intcom.2010.03.001

Bickmore, T., Gruber, A., & Picard, R. (2005). Establishing the computer-patient working
alliance in automated health behavior change interventions. Patient Education and
Counseling, 59(1), 21-30.

Bokolo, A. J. (2021). Application of telemedicine and eHealth technology for clinical ser-
vices in response to the COVID-19 pandemic. Health Technology, 11(2), 359-366.
https://10.1007/s12553-020-00516-4

Bordin, E. S. (1979). The generalizability of the psychoanalytic concept of the working
alliance. Psychotherapy: Theory, Research & Practice, 16(3), 252-260. https://doi.
org/10.1037/h0085885

Brandt, C. J, Clemensen, J,, Nielsen, J. B., & Sendergaard, J. (2018). Drivers for successful
long-term lifestyle change, the role of e-health: A qualitative interview study. BMJ
Open, 8(3), e017466. https://doi.org/10.1136/bmjopen-2017-017466

Brotons, C., Bjérkelund, C., Bulc, M., et al. (2005). EUROPREV network. Prevention and health
promotion in clinical practice: The views of general practitioners in Europe. Preventive
Medicine, 40(5), 595-601. https://doi.org/10.1016/j.ypmed.2004.07.009

Cassell, J., Bickmore, T, Billinghurst, M., et al. (1999). Embodiment in conversational inter-
faces. In Conference Proceedings of the SIGCHI conference on Human Factors in
Computing Systems (pp. 520-527). https://doi.org/10.1145/302979.303150

Clarke, J., Proudfoot, J., Whitton, A, et al. (2016). Therapeutic alliance with a fully automated
mobile phone and web-based intervention: Secondary analysis of a randomized
controlled trial. JMIR Mental Health, 3(1), el0. https://doi.org/10.2196/mental.4757

Cohen Rodrigues, T. R, & Reijnders, T. (2020). Virtual coaches in eHealth lifestyle interven-
tions. Open Science Framework. https://osf.io/mgw2s

Craig, C. L, Marshall, A. L, Sjéstrém, M., et al. (2003). International Physical Activity Ques-
tionnaire: 12-country reliability and validity. Medicine & Science in Sports & Exercise,
35(8), 1381-1395. https://doi.org/10.1249/01.MS$S.0000078924.61453.FB

163




Chapter 6

Daft, R. L, & Lengel, R. H. (1986). Organizational information requirements, media richness
and structural design. Management Science, 32(5), 554-571. https://doi.org/10.1287/
mnsc.32.5.554

Etzelmueller, A, Vis, C., Karyotaki, E., et al. (2020). Effects of internet-based cognitive be-
havioral therapy in routine care for adults in treatment for depression and anxiety:
Systematic review and meta-analysis. Journal of Medical Internet Research, 22(8),
el8100. https://doi.org/10.2196/18100

Faul, F, Erdfelder, E, Lang, A. G., & Buchner, A. (2007). G*Power 3: A flexible statistical power
analysis program for the social, behavioral, and biomedical sciences. Behavior Re-
search Methods, 39(2), 175-191. https://doi.org/10.3758/BF03193146

Filler, A, Kowatsch, T, Haug, S., Wahle, F, Staake, T, & Fleisch, E. (2015). MobileCoach: A novel
open-source platform for the design of evidence-based, scalable, and low-cost
behavioral health interventions: Overview and preliminary evaluation in the public
health context. Conference Proceedings of the IEEE 2015 Wireless Telecommunica-
tions Symposium, 1-6. https://doi.org/10.1109/WTS.2015.7117255

Fliickiger, C., Del Re, A. C., Wampold, B. E., & Horvath, A. O. (2018). The alliance in adult
psychotherapy: A meta-analytic synthesis. Psychotherapy, 55(4), 316-340. https://
doi.org/10.1037/pst0000172

Friederichs, S, Bolman, C., Oenema, A., Guyaux, J., & Lechner, L. (2014). Motivational in-
terviewing in a Web-based physical activity intervention with an avatar: Random-
ized controlled trial. Journal of Medical Internet Research, 16(2), e48. https://doi.
org/10.2196/jmir.2815

Goldberg, S. B, Davis, J. M., & Hoyt, W. T. (2013). The role of therapeutic alliance in mindful-
ness interventions: Therapeutic alliance in mindfulness training for smokers. Journal
of Clinical Psychology, 69(9), 936-950. https://doi.org/10.1002/jclp.22012

Haslam, N., Loughnan, S., Kashima, Y., & Bain, P. (2008). Attributing and denying hu-
manness to others. European Review of Social Psychology, 19(1), 55-85. https://doi.
org/10.1080/10463280801981645

Hatcher, R. L, & Barends, A. W. (2006). How a return to theory could help alliance research.
Psychological Psychotherapy: Theory, Research and Practice, 43(3), 292. https://doi.
org/10.1348/147608305X52634

Hatcher, R. L, & Gillaspy, J. A. (2006). Development and validation of a revised short version
of the Working Alliance Inventory. Psychotherapy Research, 16(1), 12-25. https://doi.
org/10.1080/10503300500352500

Hauser-Ulrich, S., Kunzli, H., Meier-Peterhans, D., & Kowatsch, T. (2020). A smart-
phone-based health care chatbot to promote self-management of chronic pain
(SELMA): Pilot randomized controlled trial. JMIR mHealth and uHealth, 8(4), e15806.
https://doi.org/10.2196/15806

Hendriks, F., Ou, C. X., Amiri, A. K., & Bockting, S. (2020). The power of computer-mediated
communication theories in explaining the effect of chatbot introduction on user
experience. Interaction, 12,15. https://doi.org/10.24251/HICSS.2020.034

Horvath, A. O., & Greenberg, L. (1989). Development and validation of the Working Al-
liance Inventory. Journal of Counseling Psychology, 36(2), 223-233. https://doi.
org/10.1037/0022-0167.36.2.223

164



Human cues in eHealth to promote lifestyle change

Jallinoja, P, Absetz, P, Kuronen, R, et al. (2007). The dilemma of patient responsi-
bility for lifestyle change: Perceptions among primary care physicians and
nurses. Scandinavian Journal of Primary Health Care, 25(4), 244-249. https://doi.
org/10.1080/02813430701706510

Jansink, R, Braspenning, J., van der Weijden, T., Elwyn, G., & Grol, R. (2010). Primary care
nurses struggle with lifestyle counseling in diabetes care: A qualitative analysis. BMC
Family Practice, 11, 41. https://doi.org/10.1186/1471-2296-11-41

Karyotaki, E., Ebert, D. D., Donkin, L., et al. (2018). Do guided internet-based interventions
result in clinically relevant changes for patients with depression? An individual
participant data meta-analysis. Clinical Psychology Review, 63, 80-92. https://doi.
org/10.1016/j.cpr.2018.06.007

Kelders, S. M., Bohimeijer, E. T., Pots, W. T, & van Gemert-Pijnen, J. E. (2015). Comparing
human and automated support for depression: Fractional factorial randomized con-
trolled trial. Behaviour Research and Therapy, 72, 72-80. PMID: 26196078

Kelders, S. M., Kok, R. N., Ossebaard, H. C., & Van Gemert-Pijnen, J. E. (2012). Persuasive system
design does matter: A systematic review of adherence to web-based interventions.
Journal of Medical Internet Research, 14(6), e152. https://doi.org/10.2196/jmir.2104

Kelders, S. M., Van Gemert-Pijnen, J. E,, Werkman, A, Nijland, N., & Seydel, E. R. (2011). Effec-
tiveness of a web-based intervention aimed at healthy dietary and physical activity
behavior: A randomized controlled trial about users and usage. Journal of Medical
Internet Research, 13(2), e32. https:/[doi.org/10.2196/jmir.1639

Kowatsch, T, Lohse, K. M., Erb, V., et al. (2021a). Hybrid ubiquitous coaching with a novel
combination of mobile and holographic conversational agents targeting adherence
to home exercises: Four design and evaluation studies. Journal of Medical Internet
Research, 23(2), €23612. https://doi.org/10.2196/23612

Kowatsch, T, Nien, M., Riegger, D., et al. (2018). The impact of interpersonal closeness
cues in text-based healthcare chatbots on attachment bond and the desire to con-
tinue interacting: An experimental design. In Conference Proceedings of the 26th
European Conference on Information Systems.

Kowatsch, T, Schachner, T, Harperink, S., et al. (2021b). Conversational agents as mediat-
ing social actors in chronic disease management involving health care profession-
als, patients, and family members: Multisite single-arm feasibility study. Journal of
Medical Internet Research, 23(2), e25060. https://doi.org/10.2196/25060

Kowatsch, T., Volland, D., Shih, I., et al. (2017). Design and evaluation of a mobile chat
app for the open source behavioral health intervention platform Mobilecoach. In
A.Maedche, J. vom Brocke, & A. Hevner (Eds.), Designing the Digital Transformation.
DESRIST 2017. Lecture Notes in Computer Science, Vol 10243 (pp. 485-489). Springer.
https://doi.org/10.1007/978-3-319-59144-5_36

Kramer, J., Kunzler, F., Mishraq, V., Presset, B., Kotz, D., Smith, S., Scholz, U., & Kowatsch, T.
(2019). Investigating intervention components and exploring states of receptivity for
a smartphone app to promote physical activity: Protocol of a microrandomized trial.
JMIR Research Protocols, 8(1), el1540. https://doi.org/10.2196/11540

Lee, P. H., Macfarlane, D. J., Lam, T. H., & Stewart, S. M. (2011). Validity of the Internation-
al Physical Activity Questionnaire Short Form (IPAQ-SF): A systematic review. In-
ternational Journal of Behavioral Nutrition and Physical Activity, 8, 115. https://doi.
org/10.1186/1479-5868-8-115

165




Chapter 6

Lisetti, C., Amini, R, Yasavur, U., & Rishe, N. (2013). | can help you change! An empathic
virtual agent delivers behavior change health interventions. ACM Transactions on
Management Information Systems, 4(4), 1-28. https://doi.org/10.1145/2544103

Loveys, K., Sebaratnam, G., Sagar, M., & Broadbent, E. (2020). The effect of design features
on relationship quality with embodied conversational agents: A systematic review.
International Journal of Social Robotics, 12(6), 1635-1654. https://doi.org/10.1007/
s12369-020-00680-7

Luger, E., & Sellen, A. (2018). “Like having a really bad pa” the gulf between user expec-
tation and experience of conversational agents. In Proceedings of the 2016 CHI
Conference on Human Factors in Computing Systems (pp. 5286-5297). https://doi.
org/10.1145/2858036.2858288

Lunde, P, Nilsson, B. B, Bergland, A,, Kvcerner, K. J., & Bye, A. (2018). The effectiveness of
smartphone apps for lifestyle improvement in noncommunicable diseases: System-
atic review and meta-analyses. Journal of Medical Internet Research, 20(5), e162.
https://doi.org/10.2196/jmir.9578

Martin, D. J., Garske, J. P, & Davis, M. K. (2000). Relation of the therapeutic alliance with
outcome and other variables: A meta-analytic review. Journal of Consulting and
Clinical Psychology, 68(3), 438-450. https://doi.org/10.1037/0022-0067.68.3.438

Michie, S., Richardson, M., Johnston, M., et al. (2013). The behavior change technique
taxonomy (V1) of 93 hierarchically clustered techniques: Building an international
consensus for the reporting of behavior change interventions. Annals of Behavioral
Medicine, 46(1), 81-95. https://doi.org/10.1007/s12160-013-9486-6

Mozafari, N., Weiger, W. H., & Hammerschmidt, M. (2020). The chatbot disclosure dilemma:
Desirable and undesirable effects of disclosing the non-human identity of chat-
bots. In Proceedings of the 4list International Conference on Information Systems.

Murray, E., White, I. R., Varagunam, M., Godfrey, C., Khadjesari, Z., & McCambridge, J. (2013).
Attrition revisited: Adherence and retention in a web-based alcohol trial. Journal of
Medical internet Research, 15(8), e162. https://doi.org/10.2196/jmir.2469

Nass, C. 1., & Moon, Y. (2000). Machines and mindlessness: Social responses to computers.
Journal of Social Issues, 56(1), 81-103. https://doi.org/10.1111/0022-4537.00153

Nyberg, S. T, Singh-Manoux, A,, Pentti, J., et al. (2020). Association of Healthy Lifestyle With
Years Lived Without Major Chronic Diseases. JAMA Internal Medicine, 180(5), 760-768.
https://doi.org/10.1001/jamainternmed.2020.0618

Piepoli, M. F, Hoes, A. W, Agewall, S,, et al. (2016). 2016 European Guidelines on cardiovascu-
lar disease prevention in clinical practice: The Sixth Joint Task Force of the European
Society of Cardiology and Other Societies on Cardiovascular Disease Prevention
in Clinical Practice (constituted by representatives of 10 societies and by invited
experts) Developed with the special contribution of the European Association for
Cardiovascular Prevention & Rehabilitation (EACPR). European Heart Journal, 37(29),
2315-238I. https://doi.org/10.1093/eurheartj/ehw106

Prochaska, J. O, & Velicer, W. F. (1997). The transtheoretical model of health behav-
jor change. American Journal of Health Promotion, 12(1), 38-48. https://doi.
org/10.4278/0890-1171-12.1.38

Prochaska, J. O., Velicer, W. F, Rossi, J. S., et al. (1994). Stages of change and decision-
al balance for 12 problem behaviors. Health Psychology, 13(1), 39-46. https://doi.
org/10.1037/0278-6133.13.1.39

166



Human cues in eHealth to promote lifestyle change

Reeves, B, & Nass, C. I. (1996). The media equation: How people treat computers, televi-
sion, and new media like real people and places. Cambridge University Press. ISBN:
978-1575860534

Richards, D., & Richardson, T. (2012). Computer-based psychological treatments for de-
pression: A systematic review and meta-analysis. Clinical Psychology Review, 32(4),
329-342. https://doi.org/10.1016/j.cpr.2012.02.004

Sah, Y. J,, & Peng, W. (2015). Effects of visual and linguistic anthropomorphic cues on
social perception, self-awareness, and information disclosure in a health website.
Computers in Human Behavior, 45, 392-401. https://doi.org/10.1016/j.chb.2014.12.055

Schulman, D., & Bickmore, T. (2009). Persuading users through counseling dialogue with a
conversational agent. In Conference Proceedings of the 4th International Conference
on Persuasive Technology (pp. 1-8). https://doi.org/10.1145/1541948.154

shi, W, Wang, X., Oh, Y. J., Zhang, J., Sahay, S., & Yu, Z. (2020). Effects of persuasive di-
alogues: Testing bot identities and inquiry strategies. In Proceedings of the 2020
CHI Conference on Human Factors in Computing Systems (pp. 1-13). https://doi.
org/10.1145/3313831.3376843

Skjuve, M., Haugstveit, I. M,, Falstad, A., & Brandtzaeg, P. B. (2019). Help! Is my chatbot falling
into the uncanny valley? An empirical study of user experience in human-chatbot
interaction. Human Technology, 15(1). https://doi.org/10.17011/ht/urn.201902201607

Smith, P. N, Gamble, S. A, Cort, N. A, Ward, E. A., He, H., & Talbot, N. L. (2012). Attachment
and alliance in the treatment of depressed, sexually abused women. Depression
and Anxiety, 29(2), 123-130. https://doi.org/10.1002/da.20921

stieger, M., Fllickiger, C., RUegger, D., Kowatsch, T., Roberts, B. W., & Allemand, M. (2021).
Changing personality traits with the help of a digital personality change intervention.
Proceedings of the National Academy of Sciences of the United States of America,
118(8), €2017548118. https://doi.org/10.1073/pnas.2017548118

Sucala, M., Schnur, J. B, Constantino, M. J., Miller, S. J., Brackman, E. H., & Montgomery, G. H.
(2012). The therapeutic relationship in e-therapy for mental health: A systematic review.
Journal of Medical Internet Research, 14(4), ell0. https://doi.org/10.2196/jmir.2084

ter Stal, S, Kramer, L. L, Tabak, M., op den Akker, H., & Hermens, H. (2020). Design features of
embodied conversational agents in eHealth: A literature review. International Journal
of Human-Computer Studies, 138,102409. https://doi.org/10.1016/j.ijhcs.2020.102409

ter Stal, S, Tabak, M., op den Akker, H., Beinema, T., & Hermens, H. (2020). Who do you
prefer? The effect of age, gender, and role on users' first impressions of embodied
conversational agents in eHealth. International Journal of Human-Computer Inter-
action, 36(9), 881-892. https:/[doi.org/10.1080/10447318.2019.1699744

Thomas, J. G, & Bond, D. S. (2014). Review of innovations in digital health technology to
promote weight control. Current Diabetes Reports, 14(5), 485. https://doi.org/10.1007/
s11892-014-0485-6

Thomas, S, Reading, J., & Shephard, R. J. (1992). Revision of the Physical Activity Readiness
Questionnaire (PAR-Q). Canadian Journal of Sport Sciences, 17(4), 338-345. https://
doi.org/10.123/cjsa.17.4.338

167




Chapter 6

Tinschert, P, Rassouli, F, Barata, F, et al. (2019). Prevalence of nocturnal cough in asthma
and its potential as a marker for asthma control (MAC) in combination with sleep
quality: Protocol of a smartphone-based, multicentre, longitudinal observation-
al study with two stages. BMJ Open, 9(1), e026323. https://doi.org/10.136/bmjop-
en-2018-026323

Tudor Car, L, Dhinagaran, D. A., Kyaw, B. M., et al. (2020). Conversational agents in health
care: Scoping review and conceptual analysis. Journal of Medical Internet Research,
22(8), e17158. https:/[doi.org/10.2196/17158

van Vugt, H. C., Konijn, E. A,, Hoorn, J. F, & Veldhuis, J. (2009). When too heavy is just fine:
Creating trustworthy e-health advisors. International Journal of Human-Computer
Studies, 67(7), 571-583. https://doi.org/10.1016/j.ijhcs.2009.02.005

Walther, J. B. (1992). Interpersonal effects in computer-mediated interaction: A re-
lational perspective. Communication Research, 19(1), 52-90. https://doi.
org/10.1177/009365092019001003

Walther, J. B, & D’Addario, K. P. (2001). The impacts of emoticons on message interpreta-
tion in computer-mediated communication. Social Science Computer Review, 19(3),
324-347. https://doi.org/10.1177/089443930101900307

Wangberg, S. C.,Bergmo, T. S., & Johnsen, J. A. (2008). Adherence in internet-based inter-
ventions. Patient Preference and Adherence, 2, 57-65. https://doi.org/10.2147/PPA.$3223

Zalake, M., Tavassoli, F, Griffin, L., Krieger, J., & Lok, B. (2019). Internet-based tailored virtual
human health intervention to promote colorectal cancer screening: Design guide-
lines from two user studies. In Proceedings of the 19th ACM International Conference
on Intelligent Virtual Agents (pp. 73-80). https://doi.org/10.1145/3308532.3329471

Zhou, S., Bickmore, T., Paasche-Orlow, M., & Jack, B. (2014). Agent-user concordance and
satisfaction with a virtual hospital discharge nurse. In Proceedings of the Internation-
al Conference on Intelligent Virtual Agents (pp. 528-541). https://doi.org/10.1007/978-
3-319-09767-1_63

168



Human cues in eHealth to promote lifestyle change

CHAPTER 6 | APPENDIX 1

Overview of the 3-week physical activity intervention based on Behavior Change
Techniques (BCTs) and Transtheoretical Model of health behavior change (TTM)

Day TTM stage

BCTs

Exercise

1

Pre-contemplation Goal setting

Information
about health
consequences

Contemplation Pros and cons

Preparation Goal setting

Valued self-
identity

Prompts/Cues;
Action planning

Formulate general goal

Participants are asked to describe
what general health improvement
they would like to achieve through
increasing physical activity levels, and
why this would be important to them
in order to prepare their mindset for
future behavior change.

Quiz about behavior and health
consequences

By doing the quiz, participants receive
more knowledge about how (a lack
of) physical activity would affect their
health to help improve their attitude
towards increasing their physical
activity levels.

Decisional balance worksheet
Participants are asked to critically think
about the pros and cons of changing
and not changing their physical
activity behavior to help them create
recognition about advantages and
disadvantages of engaging in higher
levels of physical activity.

Formulate SMART goal

Participants are asked to create a
specific, measurable, achievable,
relevant and time-bound goal to help
them start increasing their step count.

Self-affirmation exercise

Participants are asked to think about
values that are important to them and
how physical activity fits with these
values to help stick with the goal they
have set.

Formulate ‘If-then plan’

Participants are asked to set a
physical activity-related plan when a
specific situation occurs to increase
the chances of reaching their goal.
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Continued

Day TTMstage BCTs Exercise

7 Problem solving Identify barriers and coping strategies
Participants are asked to think about
potential barriers that might hinder
reaching their physical activity goal
and about solutions to overcome
these to help them prepare for these
situations.

8 Self-monitoring  Implement short bursts of activities,
and compare step-count to
yesterday'’s
Participants are asked to think of a
small activity for today that would
increase their physical activity level,
and to compare their results with
yesterday to see how such small
steps can help achieve their goal,
and motivate them in applying these
during the rest of the process.

9 Action planning; Plan physical activity challenge with
Social support;  other person; identify barriers and
Barrier coping solutions
identification Participants are asked to involve a
peer by asking them to join physical
activity challenge to create social
support in reaching their goal.

10 Action Instructions on  Quiz about performing physical activity
how to perform By doing the quiz, participants
health behavior receive more knowledge about types
of physical activity and how these
increase their step count level to give
them with new ideas to turn their
intentions into action.

n Review Reflect on goals (day 4) and make

behavioral adjustments (SMART)

goal(s) Participants are asked to look back
at their goal of day 4, and if needed,
create a new specific, measurable,
achievable, relevant and time-bound
goal to help them increase their step
count.
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Continued

Day TTMstage BCTs Exercise

12 Identification Identify own role model, and for whom

of self as role you are a role model

model Participants are asked to imagine
themselves as a role model for another
person, and how their physical activity
behavior could motivate that person
to be physically active too, which helps
acknowledge the positive impact of
their actions.

13 Demonstration  Watch video of Usain Bolt interview
of the behavior;  Participants are asked to watch a
Social video about an interview with Usain
comparison; Bolt to give them a positive example of
Credible source someone to has an active lifestyle, and
incorporate his advice into their own
physical activity behavior.

14 Review outcome Reflect on PA challenge (day 9)
goal(s) Participants are asked about the

challenge they would set with a peer
and how this resulted in higher levels
of physical activity, either to motivate
them to use their social support
system more often or to think about
ways to overcome barriers in involving
social support.

15 Review Reflect on goals (day 11) and make

behavioral adjustments (SMART)

goal(s) Participants are asked to look back
at their goal of day 11, and if needed,
create a new specific, measurable,
achievable, relevant and time-bound
goal to help them increase their step
count.

16 Focus on past Reflect on rewarding experience of
success previous physical activities
Participants are asked to think about
physical activity they have performed
before and its positive consequences
to motivate them in engaging in
physical activity to reach their goal.
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Continued
Day TTMstage BCTs Exercise
17 Reduce Stress management and emotional
negative coping
emotions; Participants are asked to watch a
Monitoring video with a breathing exercise that
of emotional would help them in the management
consequences  of stress and negative emotions, and
to think how physical activity would
help them in this management to
motivate them in increasing physical
activity levels.
18 Self-talk Positive labelling of upsetting
experiences
Participants are asked to think about
a negative experience during the
intervention and their feelings, after
which they are asked to relabel this
situation to help them in overcoming
similar situations in during future
physical activity.
19 Maintenance Review outcome Reflect on barriers and coping
goal(s) strategies (day 7)
Participants are asked to think about
the potential barrier they mentioned
on day 7, and if their solution helped
them in overcoming this barrier, to
help them with coping strategies that
might hinder reaching their physical
activity goals in the future.
20 Incompatible Imagine future self and set goals to
beliefs; work towards that
Discrepancy Participants are asked to think about
between current themselves in the future, and to set
behavior and physical activity goals for the current
goal version of themselves to make
themselves satisfied in the future.
21 Monitoring Meta-reflection of intervention (what

of emotional did I learn, what did | like the most, how

consequences; did | change?)

Review outcome Participants are asked to reflect on the

goal(s) intervention and their physical activity
process and to identify lessons learned
that help them in engaging in physical
activity in the future.
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Continued
Day TTMstage BCTs Exercise
1-21  All stages Social reward; Praise for effort and progress; inform
Feedback on participant about daily step counts
behavior On a daily basis, participants were

informed about their step count
and goal progress, and positively
encouraged to keep up with their
physical activity or increase their
physical activity levels.

CHAPTER 6 | APPENDIX 2

Technical Implementation of the Benefit StepCoach app

We developed the Benefit StepCoach app as a tool to test our hypotheses. The
app was developed with use of MobileCoach software (www.mobile-coach.eu)
(Filler et al., 2015; Kowatsch et al.,, 2017), an open-source software platform for
smartphone-based and chatbot-delivered behavioral interventions (eg, Stieger
etal, 2021) and ecological momentary assessments (eg, Tinschert et al., 2019).
The Mobile Coach platform provided the researchers with a web-based graph-
ical user interface and allowed us to implement the needed intervention logic
and content. MobileCoach uses a web server to execute the needed intervention
logic and to deliver the content to the MobileCoach-based mobile applications
for Apple’s iOS and Android platforms. The mobile app was customized to fit
the needs of this study and published in the iOS and Android app stores with
the name Benefit StepCoach. One of the important features of this app was to
automatically and objectively retrieve step counts of the participants. Google
Fit (www.google.com/fit/) for the Android app and Apple’s Health Kit (developer.
apple.com/documentation/healthkit) for the iOS app were used for this purpose.
Appropriate interactions were implemented, i.e. asking participants for their
permission, to allow the app to access step data. Moreover, each experimental
group was assigned a dedicated TCA.
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Analyses with effectiveness as outcome variable

Effectiveness was measured through objective step count data retrieved from
Apple Health or Google Fit (depending on the smartphone of the participant).
We calculated the mean difference between the average baseline step count
(measured in the week before the intervention) and the average step count in
the final week of the intervention. Participants were included in the analyses if
both a valid baseline step count and a minimum of 5 days step count in the
final week were registered.

To test whether the intervention was effective in urging participants to increas-
ing participants’ step count (independently of the experimental condition), a
(one-tailed) paired samples t test was conducted. Our analyses showed a sig-
nificant increase in the average step count from the baseline week (M=3412.37,
SD=2363.17) to the final week (M=4556.77, SD=2545.65), t(42)=-3.975, p < .001, 95%
Cl [-1725, -563].

In addition, due to small sample size, we conducted a nonparametric Krus-
kal-Wallis test to compare intervention effectiveness between the four different
cue conditions. There was no significant difference in effectiveness between the
conditions, H(3) = 2.536, p = .47 (see Table 3 for median and IQR per group). Also
the post-hoc Mann-Whitney U tests comparing the three human cues condi-
tions with the no human cues condition (U = 170.5, z = -1.007, p = .32), and the
test comparing the condition with both visual and relational cues with the visual
cues only and relational cues only groups (U = 91.0, z = -.118, p = .92) showed no
significant differences.

Table 3. Medians and interquartile range (IQR) per group of effectiveness (mean
difference between average baseline step count and average step count in final week
of intervention).

Variable Effectiveness

N Median (IQR?)
Visual & relational cues n 1395 (1868)
Visual cues 6 1703 (1831)
Relational cues n 785 (2460)
No cues 15 438 (4149)

?IQR = interquartile range
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