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Thisissue of the Journal of Medical Internet Research (IMIR)
brings together nine papers selected from presentations at the

5" International Conference of the International Society for
Research on Internet Interventions (ISRIl) held in Sydney,
Australiain 2011. The papers highlight the depth and diversity
of our field and reflect some of the current major research
themes, including issues of stigma, new modes of intervention
delivery, tailoring, the role of support, mechanisms of change,
target audience considerations, new theoretical approaches, and
further grounding in models and frameworks. The field is
pushing beyond efficacy trialsto better understand when, how,
and why Internet interventions work. As was true of many of
the presentationsat ISRI1, this set of papers makes asubstantive
contribution to our field's understanding of how to reduce
mental and behavioral health problems (for example, depression,
anxiety, smoking), improve mental health literacy and
knowledge, and encourage help-seeking. In the remaining
paragraphs, we summarize several key pointson how each paper
contributes to the broader research picture in these areas,
suggesting future paths of research.

Stigmatizing attitudes and beliefs towards mental health
disordersisasignificant problem in the community, with mental
health stigma associated with poor help-seeking behavior and
treatment adherence. A number of effective programs have been
developed to address mental health stigma in the community.
These haveincluded programs aimed at challenging stereotypes
and increasing knowledge through education and/or personal
contact with a person with a mental health problem [1, 2]. The
paper by Gulliver et al. [3] presents the efficacy of two brief

http://www.jmir.org/2012/3/e92/

online interventions to promote help-seeking behavior in elite
athletes, with the study suggesting that an online mental health
literacy intervention can reduce depression and anxiety stigma.
Onlineinterventions such asthis one have the potential to reach
a broad audience and may be a cost-effective way of reducing
stigma in the community. The paper by Farrer and colleagues
[4] further supports the effectiveness of online interventionsin
reducing depression stigma, finding significantly lower levels
of stigmaamongst participants completing an online cognitive
behavior therapy (CBT) program for depression.

Kauer et a. [5] continued the field’s investigation of using
technology to treat depression, but examined the use of mobile
phone self-monitoring in a group of adolescents with mild
depressive symptoms. The authors found that self-monitoring
increased emotional self-awareness which in turn mediated
decreases in depressive symptoms. Monitoring symptoms and
activities by means of mobile phone technology is likely to
become even more common in research given increased use of
smart phonesin daily life. Smart phones are also extending the
reach of these interventions to patient groups with historically
limited Internet access.

Tailored Internet interventions are also being more readily
developed and studied. Rather than offering the same
intervention to all users, harnessing the full capabilities of the
technology allows these interventions to be tailored to specific
user characteristics (for example, symptom level, age).
Silfvernagel et al. [6] report datafrom acontrolled trial inwhich
individually tailored, guided cognitive-behavior therapy was
tested for persons with panic symptoms. Findings suggest that
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tailoring the Internet intervention to this patient population was
feasible and efficacious, adding to the previous promising
findings with large effect sizes[7, 8].

Therole of support in Internet interventions has been discussed
over the years, with considerable debate about whether support
is necessary to achieve optimal outcomes, and, if so, at what
cost [7, 9-14]. Support can be provided via multiple formats
(for example, personalized emails, texts, phone calls) and can
occur at various pointsin the intervention. Three papersin this
special edition addresstheissue of support by exploring whether
clinician delivered, clinician guided, guided or self-guided
interventions are equally effective, as well as for whom and
when (see [4, 6, 15]). The trial by Farrer et al. was conducted
in a national helpline setting and compared outcomes among
participants who received: 1) web-based CBT for depression,;
2) web-based CBT plustelephonetracking; 3) weekly telephone
tracking only; or 3) neither web CBT nor telephone tracking.
In this study, telephone support during the actual treatment did
not affect outcome, indicating that the tempora aspects of
support and contact need to be further investigated [4]. In the
Silfvernagel et al. paper [6] mentioned above, the tailored
intervention for panic used online therapist guidance to support
users. Overall, the role of support and better definitions of
precisely what support entails, warrants further evaluation.

Anderson and colleagues [15] examined a therapist guided
Internet intervention in which adolescents and children with
anxiety disorders, as well as their parents, were included.
Borrowing a concept from traditional face-to-face
psychotherapy, the authors investigated the role of working
alliance, aterm to describe the collaboration between a patient
and a therapist. In line with previous studies on adult patients
[16, 17], high ratings of working alliance were found, even
equivalent to what was observed in clinic-based treatment.
Alliance also predicted adherence and outcome for the
adolescents but not for the younger children. The findings from
this study highlight the importance of investigating differences
and similarities between traditional and Internet interventions,
aswell asthe importance of examining mechanisms of change
within Internet interventions.

The use of Internet interventions as a means of addressing
problematic behaviors, including substance use, is now well
established. A review by Riper and colleagues [18] found that
even asingle session achieves effects of asimilar magnitude to
that found for in-person brief alcohol interventions [19] with
multi-session interventions producing significantly larger effects.
However, much of the research in this field has utilized
university samples that can be expected to have higher levels
of computer literacy than the general community [20], leaving
the effectiveness of Internet interventionsin larger populations
open to question. The paper by Mufioz et al. addressesthisissue,
at least in the context of the cessation of smoking [21]. Having
demonstrated the efficacy of the combined Spanish / English
language San Francisco Stop Smoking Internet site, the resource
was opened to the genera public (aged 18 or over). With
participants from more than 150 counties, the observed quit rate
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at 12 months (45%) was higher than the baseline trial and
incurred minimal costs. High rates of substance use frequently
co-occur with other mental health problems [22]. Although,
there have been interventions devel oped specifically addressing
those with comorbid alcohol and depression [23], the paper by
Farrer et a. [4] shows significant short-term reductions in
hazardous alcohol use as a secondary effect of an intervention
for depression.

An alternative approach to smoking cessation is through the
use of online social networks. Popular components of
Web-Assisted Tobacco Interventions (WATIs) are social support
networks or discussion boards [24]. The paper by van Mierlo
and colleagues [24] provides an analysis of the categories of
users who post to discussion boards on WATIs. Similar
typographies of users were found from a publicly funded
resource (SmokersHelpline Online) and from asocial enterprise
site (SopSmokingCenter.net). Of particular interest was the
finding that a sub-group (termed “ superusers’) who represented
less than 1% of registrants accounted for 35-45% of all posts.
An earlier review noted the paucity of evidence for the
effectiveness of Internet Support Groups [25]. The findings by
the van Mierlo team highlight a particular group for specific
research attention in the future, given their likely impact on the
tone and outcomes of discussion boards.

Another theme within Internet intervention research is
consideration of the target audience; in this special issue, some
papers eval uate treatment interventionstargeted at symptomatic
individuals (see [5, 6, 15]) and others examine the value of
public health interventions (see[21, 26]), including in the novel
area of online social networks (see [24]). Within
Internet-delivered interventions, the major approach remains
cognitive behavioral therapy (see[5, 6, 15]), but researchisalso
being conducted with different theoretical approaches, including
positive psychology (see [26]). The field is also examining its
grounding within varioustheoretical frameworks, and the paper
written by Hilgart and colleagues proposes using a proven
methodology (instructional design models) to guide the
planning, development, and implementation of Internet
interventions [27].

In conclusion, this theme issue demonstrates the breadth of
research being conducted within the International Society for
Research on Internet Interventions. It shows how rapidly the
field is moving forward, pushing beyond initial feasibility and
efficacy trialsto more nuanced questions, such asthe testing of
different levels of support, various technologies, potential
mechanisms of change, and implementation on a public health
scale. The field is well grounded in theoretical models of
behavior change, but is calling for more theory-based
intervention planning, design, and development. Therich array
of research questions and investigations in this special edition
shows the field is advancing to not only raising questions for
specific populations or specific intervention types, but instead
raising research questions for the field as a whole. The papers
clearly suggest new lines of research for the future and show
the promise of this emerging field.
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Abstract

Background: Information technology can help individuals to change their health behaviors. This is due to its potential for
dynamic and unbiased information processing enabling users to monitor their own progress and be informed about risks and
opportunities specific to evolving contexts and motivations. However, in many behavior change interventions, information
technology is underused by treating it as a passive medium focused on efficient transmission of information and a positive user
experience.

Objective: To conduct aninterdisciplinary literature review to determine the extent to which the active technological capabilities
of dynamic and adaptive information processing are being applied in behavior change interventions and to identify their rolein
these interventions.

Methods: We defined key categories of active technology such as semantic information processing, pattern recognition, and
adaptation. We conducted the literature search using keywords derived from the categories and included studies that indicated a
significant role for an active technology in health-related behavior change. In the data extraction, we looked specifically for the
following technology roles: (1) dynamic adaptive tailoring of messages depending on context, (2) interactive education, (3)
support for client self-monitoring of behavior change progress, and (4) novel waysin which interventions are grounded in behavior
change theories using active technol ogy.

Results: The search returned 228 potentially relevant articles, of which 41 setisfied theinclusion criteria. We found that significant
research wasfocused on dialog systems, embodied conversational agents, and activity recognition. The most covered health topic
was physical activity. The mgjority of the studies were early-stage research. Only 6 were randomized controlled trias, of which
4 were positive for behavior change and 5 were positive for acceptability. Empathy and relational behavior were significant
research themesin dialog systemsfor behavior change, with many pilot studies showing a preference for those features. We found
few studies that focused on interactive education (3 studies) and self-monitoring (2 studies). Some recent research is emerging
in dynamic tailoring (15 studies) and theoretically grounded ontologies for automated semantic processing (4 studies).

Conclusions: The potential capabilities and risks of active assistance technologies are not being fully explored in most current

behavior change research. Designers of health behavior interventions need to consider the relevant informatics methods and
algorithmsmorefully. Thereisalso aneed to analyze the possibilitiesthat can result from interaction between different technology
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components. Thisrequires deep interdisciplinary collaboration, for example, between health psychol ogy, computer science, health

informatics, cognitive science, and educational methodol ogy.

(J Med Internet Res 2012;14(3):e80) doi:10.2196/jmir.1893

KEYWORDS

Behavior change; consumer health informatics; health communication; health promotion; personalization

Introduction

Prevention, early intervention, and self-care are priorities for
most health care systems around the world. Policy makers
cannot, however, address these priorities solely through
conventional clinical means. Thisisbecause citizens must make
sustained health behavior changes, which are largely beyond
the reach of the clinic [1].

Information technology has the potential to support behavior
change [2]. However, in many behavior change interventions,
technology is used as only a passive medium, where the main
purpose is efficiency, communication, or a positive user
experience. For example, an interactive website might provide
different types of multimedia or a discussion forum, but the
health information may be static. Even if the health content is
tailored to a particular audience, the tailoring is determined a
priori. Users navigate the website in the same way asthey would
navigate tailored print material, albeit often with greater ease.
Processing of health content is not automated.

Furthermore, many interventional studiesdo not identify which
aspects of technology contributed to the observed outcomes;
thetechnologies are simply named in ageneral way (eg, mobile
phones [3]). Recent reviews on technology-supported
interventions[4-7] also did not explore the semantic processing
potential of the technology. For example, Enwald and Huotari
[5] defined “second generation” as “interactive media’ and
“third generation” as the use of “mobile and remote devices”

In this paper we aim to review research on the active aspects of
technologies to assist health behavior change. Our objectives
were (1) to define key technological capabilitiesinvolving active
information processing, (2) to determine through a literature
review where these technologies are used in behavior change
interventions or where they are clearly recognized asimportant
for interventions, (3) to identify emerging themes involving
novel uses of active technology that are cross-disciplinary, and
(4) to identify any gaps in the research and propose future
directions.

Definition: Active Assistance

We define active assistance technology as any technology
involving automated processing of health or behavior change
information that is ongoing as the user interacts with the
technol ogy. In other words, the technology continuesto process
the health-related information during interactive use and may
adapt its responses. This contrasts with passive information
technology such as storage devices, videos, and website design.
It also contrasts with interactive systems that do not process
information related to health or behavior change. For example,
an interactive system can process user choices on presentation
format (eg, video or text) and adapt to these choices during a

http://www.jmir.org/2012/3/e80/

session. However, this is not active assistance because the
responses are not related to the semantic content of the health
messages, only to their formatting.

In this way, the concept of active assistance draws attention to
the distinction between semantic and nonsemantic information
processing during an interactive session. This is important,
because semantic processing entails a degree of delegation of
health decision making to an automated system, which can free
up human speciaists. It also has more serious consequences if
incorrect.

Furthermore, active assistance takes place in an environment
inwhich citizens and experts participate actively in the behavior
changeintervention (combining push and pull). In other words,
the role of the technology is not merely to deliver a fully
expert-led intervention where users follow instructions with
minimal understanding. Instead, the technology helps users to
reflect and learn about the obstacles to successful behavior
change. A desirable feature is that users should feel they have
ownership or control of the intervention [8].

A concept related to active assistance is persuasive technology,
which is “designed to change attitudes or behaviors of users
through persuasion and social influence” [9]. Although many
aspects of persuasion are relevant to active assistance, persuasive
technology is not necessarily active in the way that we are
defining it; passive techniques such as visualization and website
design may suffice. However, some aspects of persuasion would
benefit from active technology. In particular, the potential of
the technology for unbiased information processing can help
with self-monitoring and correction of inaccurate health beliefs,
both of which are required in the persuasion model [10,11].
Similarly, many behavior change theories such as the
transtheoretical model [12], social cognitivetheory[13-15], and
theory of planned behavior [16] imply the need for health
education, accurate beliefs, and self-monitoring to effect
behavior change and sustain it over thelong term. Independently
of persuasion and self-monitoring, automated information
processing can also overcome some of the problems of
self-report in measuring behavior change such as adherence

[17].

In the context of these requirements, the following are key
examples of active assistance technology that can support
behavior change. The technologies may be used together or
independently.

Automated Reasoning Using an Explicit Knowledge
Representation
An example of this is that an interactive system might use

knowledge-based reasoning about the user's heath and
circumstancesto determine how its responses should betailored
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further to the particular individual . Since this processisdynamic,
thereismore potential for delivery of messagesthat aretailored
to the user’s current environment and state of motivation than
would bethe casefor static tailoring. Similarly, health education
can involve answering specific health-related questions, on
demand, using inference about what-if scenarios that the user
wants to know about (nor necessarily personalized). Examples
might include mobile or Web interfaces with dynamic
personalization, intelligent reminding, natural-language dial og,
or health-related games with an automated player.

Automated Data Collection With Pattern Recognition
(Smart Sensing)

Automated sensing can overcome the limits of self-reported
online diaries, which depend on memory. Recognition of
patterns in online interactions, physical activities, or
physiological states can provide useful self-monitoring
information for users who are attempting to change their
behavior, provided that it is displayed in a user-friendly way.
Thisgoes beyond the capability of automated reasoning because
the system can acquire data and recogni ze events automatically
without manual datainput.

Automated Adaptation Over Time

Adaptation occursin response to emerging patternsand contexts.
This goes beyond automated reasoning and automated data
collection because the system adapts its methods and decisions
according to patterns that it has recognized. For example, an
interactive system might learn to predict a user's state of
motivation based on his or her responses to prompts (without
any additional sensing).

In each case, the agorithms need to be informed by
health-related knowledge, either explicitly as a formal
representation or implicitly in the form of assumptions built
into their design.

Background: Related Reviews

Some previous literature reviews have addressed topics related
to active assistance.

Webb et al [2] conducted a systematic review and meta-analysis
of the effectiveness of Internet-based interventions. The review
found that interventions grounded in behavior change theories
are associated with increased effectiveness, with the theory of
planned behavior having the largest positive effect. The review
used ataxonomy of behavior change techniques and found that
using a combination of these techniques tended to be more
effective than using only one. Effectiveness was also increased
by communication methods such asinstant messaging. Although
the review did not consider the role of active semantic
processing, the findings that a combination of techniques is
more effective suggest an increased necessity for such automated
processing due to the added complexity of interventions that
combine more than one technique.

Fry and Neff [18] reviewed the effectiveness of interventions
using automated prompts and reminders, finding that more than
half of those (11 out of 19 reviewed) showed positive results.
Thefindings suggest that tailoring of promptsand making them
more interactive can make them more effective. However, the
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review did not specify therole of thetechnology in determining
the timing and content of prompts: whether these are manually
designed in advance, or whether they can be adapted using
automated methods.

Lustriaet a [4] defined second-generation interventions asthose
that are tailored to individuals. The definition did not specify
whether thetail oring is an ongoing automated adaptation process
that happens during continued user interaction. However, the
review has some interesting findings. Many tailored
interventions have components for developing self-regulatory
skillsand self-monitoring. For example, the user can often keep
onlinediaries and send them to an expert for analysis, who then
providesfeedback. Automation of some of the semantic analysis
steps in this process would reduce the need for human expert
involvement, thereby reducing costs. Similarly, Revere and
Dunbar [19] conducted an earlier review (1996-1999), finding
that tailored interventions tended to be effective but not enough
evidence that tailoring was superior to generic interventions.
The review mentioned the possibility of dynamic tailoring but
did not focus on the distinction between dynamic and offline
computer tailoring.

Bickmore and Giorgino [20] reviewed the technologiesused in
dialog systems and presented some examples that have been
evaluated as effective. Similarly, Corkrey and Parkinson [21]
reviewed interactive voi ce response systems from 1989 to 2000,
finding a growing research area but few applications at that
time.

For the purpose of building personalized health models,
Fernandez-Luque et al [22] reviewed the research on extracting
content from social networking sites (eg, blogs, forums, or
search patterns). These techniques have relevance in behavior
change interventions but are still at an early stage and present
many ethical and technical challenges.

There have been no comprehensive reviews of active assistance
technologies in health-related behavior change.

Methods

We conducted the literature review in accordance with the
guidelines of the PRISMA statement [23] that are relevant to
our objectives.

Keyword Search and Databases

We used thefollowing strategy: <technology-related keywords>
AND <health psychology-rel ated keywords> AND health AND
“behavior change”.

Technology- and psychology-related keywords were
combinations of the following: [automated OR technology OR
Internet OR “mobile phone” OR intelligent OR computer-based
OR interactive OR agent-based OR adaptive OR
“context-aware” OR “machine learning” OR “pattern
recognition” OR robotic OR “virtual reality” OR semantic OR
“knowledge-based” OR “decision support” OR ontology OR
dialog OR “natural language’] AND [assistance OR intervention
OR persondization OR persuasion OR adherence OR
compliance OR motivation OR affective OR emotion OR
reminder OR prompt].
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We conducted some preliminary searches on a wide range of
databases including CINAHL, EMBASE, Inspec, 1SI Web of
Science, PsycINFO, and ScienceDirect. However, we found
that Google Scholar had awide enough coverageto allow it be
used instead of these databases. This is consistent with recent
empirical studies such as those of Howland et a [24] and
Walters[25]. Therefore, we decided to use only Google Scholar
and PubMed. The date range was January 2005 to January 2012.
Only articles written in English were included.

Inclusion and Exclusion Criteria

We used the definition of active assistance above. The studies
should have included at least one of the three active assistance
technologies listed and have been intended for interactive use
by clients or patients attempting to change their behavior.
Studies may have described a new technology or design to be
used in behavior change interventions, or they may have
reported an evaluation of an actua intervention using the
technology. Qualitative studies are necessary to evaluate
usability and acceptability of active technology. Similarly,
prototypes and works in progress help to provide an overview
of the current research concepts and their maturity.

We excluded the following kinds of study: (1) interventions
merely delivered using the Internet, CD-ROM, or other medium,
wherethetechnology only facilitates transmission of information
from expert to user, (2) feedback, in which thereis no automated
processing of personal health-related information—for example,
receiving emails from a human counselor would be excluded,
(3) tailored-offline interventions, in which the computer
processing is used by heath professionals to tailor the
intervention before or after the user interacts with the
technology—this is the case where the semantic content
processing is not part of the interactivity with the client
(although a hedlth professional may have interactive access),
(4) simple data collection or preprogrammed reminding without
any pattern recognition or inference (eg, pedometers);
interventions where the semantic content of reminder messages
were configured by the client were also excluded for this
reason—for example, the planning tool of Soureti et al [26] is
a passive technology and therefore excluded, (5) fixed games
or simulations, in which there is no automated player with
semantic processing capability, and (6) general guidelines or
research roadmaps in which different options are discussed.

Data Extraction

Wedivided studiesinto thefollowing categories: (1) quantitative
and qualitative evaluations of interventions using active
technology, (2) pilot studies of new technology, and (3)
prototypes or designs that are being developed or tested.

For each study, we asked the following questions. What kind
of active technology was used? Was it effective? What was the
role of the technology in the intervention? Was it theoretically
grounded?

Active Technology Types

We looked for one or more of the following types of automated
content processing, based on capabilities of the active assistance
technol ogies outlined above: (1) automated data collection with
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pattern recognition, (2) context-sensitive alerts, reminders, and
recommendations, (3) knowledge-based reasoning or inference
(semantic representation, ontology, decision support, decision
algorithm, and automated planning), (4) dialog systems with
natural-language processing, (5) simulation or game with an
intelligent agent, and (6) online adaptation to build user models
and personalization (adaptive websites or interfaces, and user
profiling).

In addition to our predefined categories, we identified new
technology themes and author keywords describing the
technology.

Effectiveness Evaluations

For those studies with evaluations of effectiveness, we asked
the following questions. First, what was being evaluated? This
could be acceptability or usability (self-reported positive or
negative attitude); treatment adherence or technology
engagement (observed); self-reported behavior change; or
objectively measured behavior change (eg, step counts). Second,
what method of eval uation was used (eg, randomized controlled
trial [RCT] or qualitative study)? Third, were findings
summarized, to give an indication of the maturity of the
technology, and any advantages or new problems that it
introduces?

Role of Active Technology in Interventions

It isimportant to understand the role of the active technology
in the intervention.

We used the following three functions (defined above): (1)
dynamic tailoring, (2) interactive education to support
participations in their own care and disease prevention, and (3)
support for self-monitoring in a way that overcomes biases of
self-report.

In particular, we looked for an association of an active
technology type with a purpose. For example, pattern
recognition and context awareness may be used to support
dynamic tailoring. Similarly, for unbiased self-monitoring, the
technology needs to provide automated data collection, pattern
recognition, and representation of the resultsin avisual format
that can be easily understood.

Theoretical Grounding

We included here any behavior change theories mentioned by
theauthorsashaving arolein thetechnology design. In addition,
we asked whether the study proposed any novel ways of
connecting active technology with behavior change theories,
and whether the active technology allows new possibilities that
would not be available with static technol ogy.

Results

Following areview of title and abstracts, the search identified
228 potentidly relevant articles. Of these, 41 satisfied the
inclusion criteria after a full-text review. Table 1 lists the data
extraction contents for intervention and active technology
themes[27-67], along with any effectiveness evaluations. Table
2 [27-67] shows the extent to which our previously defined
technology roles appeared in the studies (dynamic tailoring,
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interactive education, and self-monitoring support). Also
included are any behavior change theories informing the
technology design or usage.

In Table 1, we used the following notation to give an
approximate summary of evidencefor studieswith effectiveness
evauations: <weight of study>: <effect>. Weight of study was
scored as 5 (RCT with at least one objective measure,
long-term), 4 (RCT with at least one objective measure,
short-term), 3 (RCT with self-report only, long-term), 2 (RCT
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with self-report only, short-term), or 1 (qualitative or pilot
study). Effect was scored as + (positive), (negative), or +/—
(mixed or insignificant).

For example, a study with objective measures over the long
term, but not showing a significant effect, would be summarized
as 5. +/-. We used the same summarized notation if some
measures were positive and others negative or insignificant.
Details are in the findings column.
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Table 1. Technology themes, study types, and main findings.
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Reference and Health topic / Technology themes Type of study Main findings Evidence
project or study population summary
intervention name (if applicable)?
Ananthanarayan& Obesity / children Wearable computing, “6th Design of prototypeto sup-  Not an empirical study. Not applicable
Siek 2010 [27] sense;” actionable feed- port children’s motivation for
(HealthSense) back. exerciseand for self-monitor-
ing.
Arteagaet al 2009 Obesity / Motivational agent (mobile Design of prototype to moti-  Not an empirical study. Not applicable
[28] teenagers phone games). vate exercise based on person-
dity type.
Bickmore& Picard  Physica activity  gcab: relational agent. RCTC (n = 101; 30 days). Positive acceptance; in- 4: +/—
2005 [29] (Fit- / healthy adults Measures: acceptability (self- Creased PA duringinterven-
Track) 1 + PAY (pedomet tion but reduced PA after
report) ] . (pedometer). follow-up. Relational agent
Groups: relational agent, non- . . -
oational t and control more liked. Dialog repeti-
relational agent and control. tiveness annoying.
Bickmore et a PA / older adults ECA: relational agent. RCT (n=21; 2months),to  Positive acceptance and 4: +/—
2005 [30] (Fit- test acceptability (usagehisto-  significant increasein PA
Track) ry) + PA (pedometer) + lone-  during intervention. No
liness (self-report). Groups:  significant decreasein
relational vs control (usual loneliness.
care).
Bickmore& Sidner General behavior Making dialogmorerobust Prototype. Not an empirical study. Not applicable
2006 [31] change/ adults by linking with ontologies
for behavior change theo-
ries (TTM®, M1).
Bickmore et a Physical activity =~ Context awareness of mo-  Pilot study (n = 8): test Some positive acceptance  1: +/—
2009 [32] /adults(malestu- bile PA monitor + ECA whether agent context aware-  but less actual walking in
dents) (relational agent). ness promotes socia bonding  context-aware condition.
(acceptance). Effectiveness:
doesit promote walking?
Bickmore et al Compliance/low ECA: virtual nurse with Self-report usability tests: 2 Both tests: relational pre-  1: +
2009 [33] health-literacy relational behaviorsand  tests: nonpatients (n=30) +  ferred. Overall ECA accep-
patients (hospital  empathy. patients (n = 19) with 47% tance. ECA allows more
discharge) low literacy. Both groups time and sense of control
tested with relational vsnon-  than human face-to-face
relational agent. communication.
Bickmore et al Medicationadher- ECA: simple concrete Pilot evaluation (n=20; 31  Postiveacceptance. Adher- 1. +
2010 [34] ence, PA / communication. Authors  days) to test acceptability ence + PA high. ECA pro-
schizophreniapa-  counter ethical criticismof  (self-report) + adherence + vides simplified conversa-
tients ECA for mental health. PA (no control). tion, less confusing than
human face-to-face.
Bickmore et a 2domains: exer- Semantic ontology for be- Qualitative study (n=8) on  Positive acceptance, but 1+
2011 [35] ciseand diet / haviors and theories acceptability of ECA health  limited evaluation.
adults (TTM, MI); semantic counselor based on reusable
models of user, data, and  ontology.
intervention.
Bickmore et al Physical activity ECA: promotinglong-term 2 RCTs: 1. Variability (n = 1. Variability: moresystem  4: +/—
2010 [36] / adults use; avoid repetitivedia- 24, 100 days); variable vs usage, but less exercise. 2.
log. Introduce variability — nonvariable; 2. Story(n =26, Story: first person had
+ storytelling. 30days): first-person story vs - more usage than third per-
third-person story. Measures.  son, but less exercise. Self-
usage + step count + self-re-  reported satisfaction high
ported satisfaction. for test conditions.
Bieber et al 2009  Physical activity Mobile phoneassensor for Prototype. Not an empirical study. Not applicable
[37] (DiaTrace) [ adults activities and calorie esti-

mate.
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Reference and Health topic/ Technology themes Type of study Main findings Evidence
project or study population summary
intervention name (if applicable)®
Buttuss & Chittaro Physical activity ECA; context-aware sens-  Prototype. Initial qualitative evdlua-  1: +
2008 [38] [ adults ing; user model. tion positive (n = 12).
(MOPET)
Consolvo et a Physical activity ~Graphicdisplay with“gar- RCT: 3-month field experi-  Systemwithdisplay ledto 4: +
2008 [39] (UbiFit) /adults den” metaphor; mobile ment (n = 28): full system more exercise than without
sensing device with infer-  (10) vsno mobilesensingde-  display. User experience
ence; interactive app (edit  vice (9) vsno display (9). positive: more self-aware-
or add to journal). Measures: (1) sensed activi-  ness, which motivated ex-
ties + self-report; (2) qualita- ercise.
tive analysis on user experi-
ence.
DeRosisetad 2006 Diet/ adults ECA: recognize user’'s Prototype: raterslabel emo-  Labeling of emotionsby ~ Not an interven-
[40Q] emotional state, socidl atti- tional states, TTM stages, and  ratersused to guidedesign  tion evaluation
tude, and TTM stagedur-  social attitudesintest dialogs of dialog system.
ing dialog; dynamically  (w0z9and corpus).
update user model during
diaog.
Farzanfar et a Treatment adher- Telephone agent: monitor-  Preliminary qualitativetrial  Dialog was helpful for ad-  1: +/—
2007 [41] ence, suicidepre- ing + self-care manage- (n=15), 4 weeks. Modifica-  herence, but sounded artifi-
vention / de- ment. tions made in response. cia and insensitive, partic-
pressed adults ularly insuiciderisk. Users
prefer more human-like
agent with empathy and
understanding of serious
issues. (For suicide, hotline
preferred). Authors' conclu-
sion: anthropomorphismis
not valid (people do not
attribute human qualities
to machines—only in
metaphor).
Hakulinen et a PA / adults Mobile companion; seman-  Prototype. Not an empirical study. Not applicable
2008 [42] (COM- tic ontology of user envi-
PANIONS project) ronment for PA planning.
Hartmann et a Improve patient  Educational website to Pilot study: (n=37) record  Positive self-report: (1) 1+
2007 [43] guestions to suggest questions, encour-  usage experiences. improved relations, (2)
physician/ adults age patient involvement in more active involvement.
with asthma care, prevent more serious
illness.
Hayeseta 2009  Medicationadher-  Instrumented pillbox, Pilot study (n= 10): effective- Initial evaluation: positive 1. +
[44] ence/ older home sensors. ness of context awarenesson for context-aware phase.
adults adherence. Test phases (same
group): no-prompt, time-
based, context-aware prompt.
Jin 2010 [45] Stressmanage-  Education-entertainment /  RCT: (n = 60). Effectiveness  Positive self-report onen-  2: +
ment / college health belief, self-efficacy; of virtual agent on student’s  joyment and educational
students educational interactivetest intent/mood. Interactivetest  value for agent condition.

(game) for responses to
stress scenarios. Agent
gives educational mes-

sages.

with agent (test) vs no agent
(control) vs no test (true con-

tral).

Interactive test improves
stress management self-ef-
ficacy (over true control,
without test).
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Reference and Health topic/ Technology themes Type of study Main findings Evidence
project or study population summary
intervention name (if applicable)®
Kaipainen et al General hedlth Health Personal Guidance Prototype. Not an empirical study. Not applicable
2011 [46] (Hedth- decisions/adults System: guideuser through
PGS) day-to-day choicesin
ecosystem. Virtual individ-
ual: maintains user profile
and context; HealthGuide:
planning, context-aware
messages. Personal Guid-
ance System Mall: services
al in one place.
Kleineta 2011 Adherence/ dia=  Automated reasoning Prototype: computational Not an empirical study. Not applicable
[47] (eMate) betic patients based on COMBI"model  Model of behavior change
(combines different theo- ~ (Mobile + website).
ries) ensures dynamic tai-
lored messages depending
on user’s context and state
of mind.
Konovalov et a Mental health Blog anaysis to under- Design and pilot study for Precison of dgorithm: 0.9, Not an interven-
2010 [48] (GATE) promotion/ mili- stand moodsand emotions technology: compare algo- recall: 0.75; F score: 0.82. tion evaluation.
tary service per-  (combat experience): rithm with expert opinion.
sonnel GATE agorithm + ontolo-
ay.
Leecetal 2010[49] Hedthpromotion Telehedlth: action-based  Design: overcomelimitsof ~ Not an empirical study. Not applicable
/ older adults behavior model (1) in- sensing only; need high-level
crease user'sawareness of  assessment information with
health, (2) set godls, (3) models of persuasion to deter-
educate user in how to mine whether behavior
achieve godl, (4) remind, changed.
(5) reward + assess.
Levin & Levin Painmanagement  Ecological momentary as- Feasibility study: evaluatein- Accuracy of voicerecogni- 1: +
2006 [50] [ adults sessment, detect unexpect-  teractive voice response sys-  tion: 98%. Didog efficien-
ed errorsin dialog. tem dialog for health and be- ¢y increased with user ex-
havior monitoring. Feasibility perience.
study for pain monitoring
voicediary (n=24). 171 dia
log sessions.
Lisetti & Wagner  Mental health ECA companions. Design: ECA companionto  Not an empirical study. Not applicable
2008 [51] (ABLE) promotion/ ado- act as M| counselor.
lescent
Looijeeta 2010  Adherence/older ECA (robot cat), MI, per-  Pilot study (n = 24): physical 90% acceptance. Social 1+
[52] (SuperAssist) adults suasion. ECA (n=12) vsvirtua (n= ECA preferred over
12). Each group experienced nonsocial ECA; half pre-
text, social ECA, and nonso-  ferred text interface over
cial ECA. social ECA (“conscien-
tious’ personality type).
Virtual ECA more “em-
pathic” than physical.
Maieretal 2010  Work-relateddiss Semantic Web portal; se-  Prototype. Not an empirical study. Not applicable
[53] (SEMPER) ordersand alco-  mantic search.
hol / adults
Mazzotta et al Healthy eating/  Persuasion agent: tailoring Prototype of dialog design,  Corpusanaysisfoundthat Not an interven-
2007 [54] (POR-  adults of messagesbased onin-  based on corpus analysisof ~ persuasion ismost often  tion evaluation
TIA) ferred personality traits persuasive dialogs produced  based on nonrational argu-

and likely motivations of

by participantsin role-playing

ments and positive fram-

user. scenarios. ing.
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Reference and Health topic/ Technology themes Type of study Main findings Evidence
project or study population summary
intervention name (if applicable)®
Munguia Tapia Obesity / adults  Sensorsand agorithmsfor  Prototype. Activity recognitionmost  Not an interven-
2008 [55] activity recognition and accurate if smpleexam-  tion evaluation
energy expenditure esti- ples are given; high vari-
mate. ability isdifficult (eg,
housework). Energy esti-
mate more accurate for
simple activities and with
multiple body sensors.
Nguyen & Mas- General behavior Persuasive dialog, MI. Acceptability test (n=41): is Sef-report postive: persua= 1. +
thoff 2008 [56] change/ adults MI dialog more persuasive  siveness, likeability scores
than argumentation? Question-  higher for M| than for 2
naire + qualitative analysisin  types of argumentation.
comments.
Oddssoneta 2009 Adherence/ Robotic assistanceforintel- Design. Not an empirical study. Not applicable
[57] (SKOTEE) adults ligent reminding and com-
panionship.
OpdenAkkeretal PA /adults Software agent for smart ~ Prototype. Not an empirical study. Not applicable
2011 [58] phone: use machine learn-
ing to develop user model.
Tailor messages to user
history and current con-
text.
Rojas-Barahona& General behavior Framework for health dia-=  Design. Not an empirical study. Not applicable
Giorgino2009[59] change/adults  log.
(AdaRTE)
Smith et al 2008 Healthy lifestyle ECA; collaborative plan-  Prototype with technical Approach isfeasible, al-  Not applicable
[60] [ adults ning, update planned activ-  evaluation. though dialog error rate is
ities through ongoing dia- still high.
log.
Sorbi et al 2007 Migrai ne attack  ppAl + coachi ng. Re- Pilot study (n = 5): feasibility Positive acceptance bL_Jt too 1:+/-
[61] prevention / sponse behaviorsto precur- and user acceptance. many _calls are annoying.
adults sors of migraine. Ecologi- Technical problems: data
cal momentary interven- loss due to buildings.
tion experience sampling:
randomized calls over-
come memory hias. Tai-
|ored messages depending
on current experience.
Spring et al 2010  Obesity / adults ~ PDA: find optimal advice Study design. Design of atrial only. Not applicable
[62] (Make Better for exercise; goal ther-
Choices-MBC) mometers; “in the mo-
ment” decision sup-
port/multiple theories, in-
cluding self-regula-
tion.Study design.
Tiwari et al 2011  Adherence/older Robotic assistance, dialog.  Prototype development using  Emerging themes: usabili- Not applicable
[63] adults grounded theory participatory  ty, empowerment, collabo-
design. ration, and safety: used as
requirements for dialog
design.
Turuneneta 2011 Health and fit- Home and mobile health  Pilot study (n=20): feasibili- System behavesrobustly 1+
[64] (COMPAN-  ness/ adults and fitness companion. ty of complex dialoguesin in realistic experimental
IONS project) home and mobile scenarios.  scenarios, but word error
rates are still high.
Uribeetal 2011  Adherencegener- Reminders based onin- Prototype. Not an empirical study. Not applicable
[65] a ferred mental state; user

modeling using ontologies.
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Reference and Health topic/ Technology themes Type of study Main findings Evidence
project or study population summary
intervention name (if applicable)®
vander Puttenetal PA /older adults  Social robot; health advi-  Pilot study(n = 6). Video 3iterations, variableinter-  1: +/—
2011 [66] (SERA Sor. recording of interactionsin  actions, and satisfaction
projet—Socia En- homes. Iteratively modify reports. Positive for moti-
gagement with setup based on results of pre-  vation but somefrustration
Robots and Vious session. over lack of control of dia-
Agents) log and too much time

taken up.
Watson et al 2012 PA / overweight  ECA: virtual coach RCT (n=70; 12 weeks); pri- Average step count for in-  4: +/—

[67] adults

mary measure: step count;
secondary: weight + self-re-
ported satisfaction, self-effica
cy, PA recall, and PA stage of
change. Groups: virtual coach
vs control (no coach: website
+ pedometer only).

tervention group remained
constant over 12 weeks
while control group
dropped. Repeated mea-
sures analysis of variance
showed significant differ-
ence in step count change
between intervention and
control. No significant dif-
ferencein secondary mea-
sures; acceptance mixed.

a<weight of study>: <effect>: weight of study was scored as 5 (randomized controlled trial [RCT] with at least one objective measure, long-term), 4
(RCT with at least one objective measure, short-term), 3 (RCT with self-report only, long-term), 2 (RCT with self-report only, short-term), or 1 (qualitative
or pilot study). Effect was scored as + (positive), (negative), or +/— (mixed or insignificant).

b Embodied conversational agent.
¢ Randomized controlled trial.

d Physical activity.

€ Transtheoretical model.

f Motivational interviewing.

9Wizard of Oz study, where humans pretend to be dialog agents to understand the likely responses to an automated agent.

h Computerized behavior intervention.
! Personal digital assistant.
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Table 2. Active technology role and theoretical grounding.

Kennedy et al

Reference and
project or
intervention name

Active technology type Dynamic tailoring

Interactive education

Self-monitoring

Theoretical grounding

Ananthanarayan & Siek
2010 [27] (Health-
Sense)

Arteaga et a 2009 [28]

Bickmore & Picard
2005 [29] (FitTrack)

Bickmore et a 2005
[30] (FitTrack)

Bickmore & Sidner
2006 [31]

Bickmore et al 2009
[32]

Bickmore et al 2009
[33]

Bickmore et al 2010
[34]

Bickmore et al 2011
[35]

Bickmore et al 2010
[36]

Bieber et a 2009 [37]
(DiaTrace)

Buttussi & Chittaro
2008 [38] (MOPET)

Consolvo et a 2008
[39] (UbiFit)

De Rosis et al 2006
[40]

Farzanfar et al 2007
[41]

Hakulinen et al 2008
[42] (COMPANIONS
project)

Hartmann et a 2007
[43]

Hayes et al 2009 [44]

Jin 2010 [45]

Inference; pattern
recognition

Dialog; pattern recogni-
tion

Dialog

Dialog

Inference; dialog

Pattern recognition

Dialog

Dialog

Inference; dialog; user

models

Dialog

Physical activity recog-

nition, mobile phones

Pattern recognition;
adaptation; user model

Activity recognition;

inference

Dialog; user modeling,

adaptation

Dialog; pillbox sensors
+ adherence dataanaly-

sis—linked to dialog

system

Dialog; automated
planning; knowledge-
based inference

Inference: evidence-
based decision rules

Context-aware re-

minders; activity recog-
nition; rule-based infer-

ence

Virtual agent in game

Not specified

Not specified. Static
tailoring only

Not specified

Not specified

Not specified, but possi-
ble

Not specified in detall

Not specified in detail,
only mentioned as a
property of dialog sys-
temsin genera

Not specified in detall

Not specified; fixed tai-
loring only mentioned

Not specified

Not specified

Yes, due to context
awareness

Not specified

Yes, due to adaptation

Not specified, although
possible

Not specified, although
possible

Not specified in detail,
but possible

Yes, decision to prompt

based on recognized
activity pattern

Not specified

Yes, but details not giv-
en

No

No; passive educational
content only

No; passive educational
content only

No

No

Yes, support low
health-literacy patients

No

No, but mentioned in a
generic way

No

No

No

No

No

Yes, telephone instruc-
tionsbut limited interac-
tivity

No

Yes, but limited

No

Yes, education-enter-
tainment

Yes; provide awareness
of physica activity

Not specified

Very basic, pedometer
steps only
Progress charts only

Progress charts only

No

No

Not considered usable
by schizophrenia pa-
tients

No

Charts only

No

Not mentioned, but
possible

Yes; visual display

No

No

No

No

Not mentioned, but

possible to include

No

General awareness on-
ly; no specific theory
mentioned

Big 5 personality theo-
ry; technology accep-
tance model; theory of
planned behavior, theo-
ry of meaning behavior
Relational agents

Relational agents

TTM2 MIP: link with
agent reasoning and on-
tology

Relational agents

Relational agents

Relational agents

TTM, MI encoded in
ontology for agent rea-
soning and user model
Relational agents

Not mentioned

Not mentioned

No

TT™

Self-efficacy theory, Ml

Not mentioned

No

Not mentioned

Health belief model,
self-efficacy
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Reference and
project or
intervention name

Active technology type Dynamic tailoring

Interactive education

Self-monitoring

Theoretical grounding

Kaipainen et al 2011
[46]

Klein et al 2011 [47]
(eMate)

Konovalov et a 2010
[48]

Leeet al 2010 [49]

Levin & Levin 2006
[50]

Lisetti & Wagner 2008
[51] (ABLE)

Looije et a 2010 [52]
(SuperAssist)

Maier et al 2010 [53]
(SEMPER)

Mazzotta et al 2007
[54] (PORTIA)

Munguia Tapia 2008
[55]

Nguyen & Masthoff
2008 [56]

Oddsson et al 2009 [57]
(SKQOTEE)

Op den Akker et a
2011 [58]

Rojas-Barahona &
Giorgino 2009 [59]
(AdaRTE)

Smith et al 2008 [60]
(COMPANIONS)

Context awareness, pat-
tern recognition, infer-
ence, planning, user
modeling

Knowledge-based rea-
soning; user models

Pattern recognition; in-
ference

Pattern recognition; us-
er modeling (profiling),
including mental states

\oice recognition; se-
mantic representation;
dialog

Dialog system consid-
ered

Dialog

Text mining; ontolo-
gies, machinelearning;
semantic search

Dialog, user model

Activity recognition;
energy estimate

Dialog

Intelligent reminding

Pattern recognition,
machine learning, con-
text awareness, user
modeling

Dialog; adaptation

Dialog control; infer-
ence; automated plan-
ning

Yes, messages tailored
to changing context of
user

Yes, automated reason-

ing based on COMBI®
model ensures dynamic
tailored messages de-
pending on user’s con-
text and state of mind

No, but could be used
in an intervention with
dynamic tailoring

Not specified in detail,
but planned

Not specified, but per-
sonalization of dialog
possible

Not specified, but possi-
ble

Not specified, but possi-
ble

Yes, personalized
search results based on
user profile built auto-
matically

Yes, tailoring of persua-
sion messages based on
inferred personality
traitsand likely motiva-
tions of user

No, but possiblein an
intervention

Not specified

Yes, part of robotic
companion

Yes, messages are tai-
lored based on user
model and context

Yes, dialog can be
adapted according to
patient answers

Yes, update planned
activitiesthrough ongo-
ing dialog

Not amain focus

No

No

Not specified, but
planned

No

No

No

Yes, information portal

No

No

No

No

No

No

Not mentioned, but
possible to include

No

No

Not specified, but
planned

No

No

No

No

No, but possiblein an
intervention

No
Not mentioned, but
possible to include

Not mentioned

No

No

Hybrid approachinclud-
ing self-efficacy and
social influence

COMBI mode! includes
aspects of TTM, health
belief model, social
cognitive theory, self-
regulation theories, atti-
tude formation theory,
and relapse prevention
model; interaction
based on M|

No

Action-based behavior
model: (1) increase us-
er's awareness of
health; (2) set godls; (3)
educate user in how to
achieve godl; (4) re-
mind; (5) reward + as-
sess

No

Ml

Ml

Ml

Persuasion theories, ar-
gumentation

No

MI-based dialog design

No

No

No

No
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Reference and
project or
intervention name

Active technology type Dynamic tailoring

Interactive education  Self-monitoring Theoretical grounding

Sorbi et al 2007 [61] Adaptation, automated

personalized feedback

Yes, tailored messages
depending on current

experience
Spring et al 2010 (Make Decision support; Not specified, but possi-
Better Choices-MBC)  coaching algorithms. ble
[62] (PDAY)
Tiwari et al 2011 [63] Robot, didog Not specified in detail,

but dynamic adaptation
isarequired featurein

the design
Turuneneta 2011[64] Didog; inference; auto- Yes, adaptive dialog,
(COMPANIONS mated panning collaborative planning
project)

Uribe et al 2011 [65] Knowledge-basedinfer-  Yes, reminders based

ence oninferred mental state
van der Putten et a Robot, dialog Not mentioned
2011 [66] (SERA
project—Socia Engage-
ment with Robots and
Agents)
Watson et al 2012 [67] Diaog Yes, dialog utterances

tailored according to
user progress with sys-
tem

No No No

No Yes, PDA dlowsthis  No, although somethe-
but not describedinde-  ories mentioned
tail

No No No

No No, but possibletoin-  No
clude

No Yes, impliedinthede- TTM incorporated in
sign but not described  ontology
in detail

No No Not mentioned

Not specified in detail ~ Not specifiedin detall ~ Relational agents

aTranstheoretical model.

b Motivational interviewi ng.

€ Computerized behavior intervention.
9 personal digital assistant.

Emerging Technology Themes

From Table 1, it is clear that dialog systems were used widely
in interventions using active technology (19 studies). Of these,
embodied conversational agents (ECA) were components of 8
studies. ECAsarevisua (embodied) charactersthat can conduct
conversation with auser. They are agentsin the sense that they
can sense and respond to their environment [68]. The agent’s
environment might include avirtual game environment, the text
inputs of a user, physical behavior data, or all three of these.
Similarly, its responses might include conversational output,
actions within the virtual environment, or effects on the real
environment in the case of arobotic system [52,57,66]. Within
the ECA context, motivation and empathy were central themes
in 6 studies.

Ecological momentary assessment [69]) isaprocessof capturing
the momentary experiences of participants—for example, using
online diaries for the purposes of research. Not only are the
participants environmental and behavioral circumstances
recorded but so are their mental states. These can include, for
example, their current goas, beliefs, mood, and emotions.
Ecological momentary interventions [70]) are based on
ecological momentary assessment. Levin and Levin [50]
conducted a feasibility study on pain monitoring and
recommended management using interactive voice response.

http://www.jmir.org/2012/3/e80/

Sorbi et a [61], in their pilot study, obtained a positive result
for migraine attack prevention based on experience sampling
using random mobile calls. Randomization overcomes memory
bias. Another study that has relevance for the automation of
ecological momentary assessment is the semantic analysis of
blogs describing combat experience [48].

Effectiveness Evaluations

Most studies (18) were prototypes or design concepts. A total
of 17 were feasibility or usability studies. Only 6 were RCTs
measuring effectiveness for behavior change
[29,30,36,39,45,67]. All of those also included a qualitative
self-report of user experience. Bickmore and Picard [29]
reported mixed results for an agent-based dialog system
(FitTrack), with short-term improvement in physical activity
during the intervention but reduced activity after follow-up.
Interacting with an agent led initially to more physical activity
than the control (nonagent) for sedentary participants (45 out
of 101). Usersenjoyed interacting with the relational agent more
than with the nonrelational agent, but there was no significant
differencein physical activity between the two agent conditions
(both increased during the intervention). Additionally, users
found the agent’s repetitiveness to be annoying. The authors
suggested that long-term interaction with the agent might
prevent the drop in physical activity. Bickmore et al [30]
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reported positive acceptance and increased physical activity for
FitTrack with older adults (n = 21) over 2 months, but there
was no significant decrease in loneliness.

The study of Bickmore et a [36] involved mechanisms for
reducing the repetitiveness of a dialog system and enabling it
to tell stories. The effect on long-term user engagement was
positive, but the effect on actual behavior was negative. The
authors proposed several explanations, such as increased
enjoyment during interaction inhibiting activity. Their most
recent research [67] reported a positive effect (n = 70) for
sustained step count over 12 weeks, but there were mixed effects
for satisfaction and motivation.

The study of Consolvo et al [39] involved a personalized display
of the results of an activity recognition system and reported a
positive effect on actual behavior and user experience (detailed
below).

Jin [45] reported a positive effect of a virtual agent on stress
management self-efficacy and enjoyment (n = 60).

Qualitative Studies

In qualitative pilot studies (17 studies), agents with empathy
and social behavior tended to be preferred over nonsocia agents.
In particular, Farzanfar et a [41] found that depressed adults
needed more empathy and that they found the system to be
insensitive in a suicide-risk situation. There were some results
that were not predicted in advance. Bickmore et al [34] studied
a system to support medication adherence for mental health
patients. Participants found communication with the agent to
be simpler than human face-to-face communication because
they could slow down the interaction and give a greater sense
of control. Bickmore et a [33] reported similar effects for low
health-literacy patients.

Role of Active Technology

Dynamic Tailoring and User Modeling

A total of 15 studies emphasized dynamic tailoring. Of these,
10 were prototypes, 1 was an RCT [67] (detailed above), and
4 were pilot studies. The studies of Buttussi and Chittaro [38],
Hayes et a [44], and Turunen et al [64] were positive but had
limited evaluations. Sorbi et a [61] studied migraine prevention
using ecological momentary interventions with positive
acceptance, although too many calls could be annoying.
Dynamic tailoring is particularly associated with user models
that are generated or refined automatically. Common themes
are context-aware activity recognition and intelligent reminding.
Although al active assistance technology (as defined above)
potentially has the capability for dynamic tailoring, we did not
find this to be a major topic in most studies.

I nteractive Education

Three studies [43,45,54] were directly concerned with health
education. Hartmann et al [43] conducted a pilot study of a
system to help people with asthma to participate in their own
care by suggesting questions for them to ask their physicians
using evidence-based decision rules. Jin’s[45] RCT tested the
effect of an agent within an educational game environment on

http://www.jmir.org/2012/3/e80/
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student stress management. The result was positive for
self-reported stress management (n = 60).

Maier et a [53] developed a prototype for patient
self-management for work-related disorders and alcohol
reduction. One component was an information portal for training
and hedlth literacy, which was integrated with the Semantic
Web.

Self-monitoring

Two studies on physical activity were concerned with accurate
self-monitoring and visualization. Consolvo et a [39] conducted
an RCT with positive results for a physical activity-awareness
system for adults. The intervention (UbiFit) combined activity
recognition with avisualization of the types of exercisethat the
system recognized. The visualization used a garden metaphor,
where aparticular type of flower represented aphysical activity
category (such as walking, cardiovascular, or strength). The
user was awarded a flower when a physical activity was
observed, eventually producing avaried garden (with abutterfly
for completing the goal). Users had the opportunity to challenge
and edit the system’s inferences about their activities. Using
the system made a positive difference to actual exercise
behavior, with the visual display having alarger positive effect.
The RCT involved 28 participants, with 10 assigned to the full
system, 9 assigned to activity recognition only, and 9 assigned
to amanua diary with display only.

Ananthanarayan and Siek [27] reported a design concept
(HealthSense) to promote teenage physical activity, based on
the principles of Consolvo et a [39] but aimed specifically at
young people.

Theoretical Grounding

Behavior change modelswere used in 14 studies. Motivational
interviewing [71] wasthe most widely used (8 studies). Of these,
5 were dialog systems, in which motivational interviewing was
used asageneral philosophy for dialog design [35,41,47,51,52].
Other behavior change theories that guided the designs were
the transtheoreticall model [31,35,40,47,65], self-efficacy
[41,45], theory of planned behavior [28], and the health belief
model [45].

Theoretically Grounded Ontologies

An important novel development in theoretically grounded
active assistanceistheincorporation of behavior change theories
into the ontologies used in knowledge-based reasoning and
dialog design (5 studies). The prototype in Bickmore and
Sidner’s study [31] and their follow-up pilot study [35] used
ontologies for automated reasoning about the behavior change
process. One of these ontol ogiesistheory-neutral, while another
isbased on the transtheoretical model, enabling reasoning about
the different stages. Similarly, De Rosis et a [40], Klein et a
[47], and Uribe et a [65] incorporated aspects of the
transtheoretical model and other theories into an ontology for
dynamic tailoring of messages, depending on theinferred mental
state of the user.
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Discussion

The results show that significant research has been focused on
dialog systems, ECAs, and activity recognition. Therewas also
somework on ecological momentary intervention and intelligent
context-aware prompting. The most covered health topic is
physical activity. Most studieswerestill at an early stage, either
prototype work in progress or pilot studies. Only 6 were RCTS,
of which 4 were positive for behavior change and 5 were
positive for acceptability.

The studies on dialog and ECA systems showed that empathy
and relational behavior are significant research themes in
behavior change, with many pilot studies showing preference
for those features. The effect on actual behavior also tended to
be positive. Too much interaction, however, might interrupt
and inhibit positive health behaviors. So there is a need for
careful consideration of the frequency and duration of interactive
Sessions in context.

Ecological momentary intervention is an opportunity for
generating model s from captured user experiencesin the user’s
own language (eg, from socia networking sites) and for
integrating these models with expert knowledge. Such models
can include the mental states and emotions of the user,
particularly if they are used in conjunction with theoretically
grounded ontologies[35]. Outside the behavior change domain,
recent developments in mental health management have used
models of this sort [72-74].

We found relatively few studies explicitly focusing on the
functions of active technology that we selected above: dynamic
tailoring, interactive education, and self-monitoring. Although
someinterventions may haveincluded these functionsimplicitly,
it seems that many studies did not recognize the role of a
particular technology in enabling or improving these aspects.

Implicationsfor Future Research

Linkswith Cognitive Science and Computer Science

Behavior change research needs to be informed by a deep
understanding of algorithms and techniques that can support
interventions. For this purpose, interdisciplinary collaboration
with computer science and cognitive science is needed. In
particular, behavior change technology has some parallelswith
educational technology. In educational systems, an intelligent
tutor builds a model of the learner based on his or her
performance and responsesto questions (eg, what concepts does
this person find difficult?) [75]. This model is then opened up
for inspection so that the user can see how the system has
represented his or her progress and misconceptions [76-80].
The open model supports the user’s self-awareness, which is
also an essential component of many behavior change theories.
In behavior change research, we found only 1 study [45] that
was aware of educational technology research.

Making users aware of the models can draw their attention to
emotions and environmental circumstances (ecology) that are
associ ated with negative behavior outcomes. Similarly, opening
up models and giving users more control may enable users to
spot any serious misunderstanding by an agent or dialog system,
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thus avoiding the problem of users blindly following incorrect
instructions. In some educational systems [81], users can
persuade the automated tutor to change the model, because users
are expertsin their own experience (although not in the factual
topics they are learning). This genera principle of patient (or
nonexpert) participation in health information and management
isacurrent research topic in heath informatics [82-86].

Alternatives to Dialog and ECA

Most studies on active assistance technologies in behavior
change are based on natural-language dialog and ECA. We did
not find many alternatives to these approaches that could be
used if natural language or the ECA format is not suitable or
preferable. For example, users might interact with adaptive
interfaces where the users’ actions areinterpreted semantically
asif they were dialog responses. Many of the core principles,
such as model-based reasoning, activity recognition, and
context-aware reminders, can be effective with different forms
of interface.

Need for Dependable Systems

Studies on ECA and dialog systems are mostly focused on
relational behavior and enjoyment of usage. If ECA systems
areto be deployed in areas such asmental health and low health
literacy [33,34] they will need to be validated as safe, effective,
efficient, and acceptable to patients or clients. Such validation,
for example in the European Union, may have to meet criteria
usually applied to medical devices. This parsimonious approach
makes it difficult to reflect realistic complexity—for example,
the detection of emerging health problems based on subtle
content of a conversation that a human expert would be able to
detect. Sometimes, important decisions might be supported by
ECA systems that fall outside of their validated uses. For
example, errors might happen due to unexpected behavior of
an algorithm. Thereisaneed for research on making the systems
robust in unplanned scenarios.

Need for Integrated Semantic Systems

Most studies in behavior change were focused on one or two
technologies (eg, dialog and activity recognition) without
specifying how the components can interact to infer further
information. For example, coordination between activity
recognition and content analysis of online diary entries might
determine the circumstances in which relapses tend to occur,
and tailor messages accordingly. Similarly, reliable automated
decision making requires an interactive system to be connected
with diverse specialist knowledge sources that can be requested
on demand. More research is needed on how the components
of an active assi stance system are coordinated together and how
they may be connected with the Semantic Web and other health
informatics resources (eg, risk modeling).

Limitsof ThisReview

Articles not indexed in Google Scholar or PubMed would have
been missed—most scholarly publications, however, are
captured by Google Scholar. The review required the mention
of “health” and “behavior change” in the articles. We did not
include gray literature such as white papers and unpublished
reports. We selected the date range (2005-2012) to focus on
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recent devel opments, but this may al so have excluded innovative
earlier work.

The review required specific mention of akey technology. There
may be someinterventions that use active technologies, but the
studies did not mention this. Similarly, some studies mentioning
only general intelligent technology were excluded from the
full-text review because they could not be categorized. This
may be a limitation because included studies need to involve
significant interdisciplinary communication between technology
specialists and health specialists. On the other hand, it may be
a dtrength, as such communication is important for
understanding a particular technology in context.

Since we limited the search to behavior change, it is aso
possiblethat many of the technologies are being applied in other
areas of health informatics. For example, we found some
prototypes early in the date range (2006—2007) but found no
subsequent study relating to behavior change. In these cases,
citation searching sometimes revealed further development of
the techniques and algorithms, but no application in the health
domain.

Conclusion

The potential of active technologies for dynamic and unbiased
information processing is not being fully exploited in current
health behavior change research. Most research has focused on
specialist areas, such asdialog and ECA systems, and has been

Kennedy et al

largely restricted to the study of persuasive dialog in respect of
relational behavior and motivation of behavior change.

In addition to the potential benefits of active technologies, there
is a need for a thorough understanding of the potential risks.
Expected benefits such as that of dynamic tailoring of the
content and presentation of information can be measured using
established evaluation methods (eg, [87,88]). Risks such as
misinformation due to the unexpected behavior of an algorithm
may be more difficult to uncover. It is important to study
realistically complex scenarios of the uses of active assistance
systems. Such studies need to reveal how the system components
interact to produce information, and how these components
might in turn interact with wider systems such as the Semantic
Web, clinical records, and personal health records. Wider still,
we note that many health behaviors are socialy mediated;
therefore, active assistance research needs to bridge cognitive
and sociotechnical aspectsin order to deliver maximum public
health benefit.

To exploit the full potential of active assistance technology,
health behavior change researchers need a deep understanding
of how the different components of information systems might
change the intervention—its safety, effectiveness, efficiency,
and acceptability. This requires more collaboration between
disciplines such as health psychology, computer science,
cognitive science, health informatics, medical sociology, and
public health and health promotion.
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Abstract

Background: Distributing amultiple computer-tailored smoking cessation intervention through the Internet has several advantages
for both provider and receiver. Most important, a large audience of smokers can be reached while a highly individualized and
personal form of feedback can be maintained. However, such asmoking cessation program hasyet to be devel oped and implemented
in the Netherlands.

Objective:  To investigate the effects of a Web-based multiple computer-tailored smoking cessation program on smoking
cessation outcomes in a sample of Dutch adult smokers.

Methods: Smokers were recruited from December 2009 to June 2010 by advertising our study in the mass media and on the
Internet. Those interested and motivated to quit smoking within 6 months (N = 1123) were randomly assigned to either the
experimental (n=552) or control group (n =571). Respondentsin the experimental group received the fully automated Web-based
smoking cessation program, while respondents in the control group received no intervention. After 6 weeks and after 6 months,
we assessed the effect of the intervention on self-reported 24-hour point prevalence abstinence, 7-day point prevalence abstinence,
and prolonged abstinence using logistic regression analyses.

Results: Of the 1123 respondents, 449 (40.0%) completed the 6-week follow-up questionnaire and 291 (25.9%) completed the
6-month follow-up questionnaire. We used a negative scenario to replace missing values. That is, we considered respondents | ost
to follow-up to still be smoking. The computer-tailored program appeared to have significantly increased 24-hour point prevalence
abstinence (odds ratio [OR] 1.85, 95% confidence interval [Cl] 1.30-2.65), 7-day point prevalence abstinence (OR 2.17, 95%
Cl 1.44-3.27), and prolonged abstinence (OR 1.99, 95% CI 1.28-3.09) rates reported after 6 weeks. After 6 months, however,
no intervention effects could be identified. Results from complete-case analyses were similar.

Conclusions: The results presented suggest that the Web-based computer-tailored smoking cessation program had a significant
effect on abstinence reported after a6-week period. At the 6-month follow-up, however, no intervention effects could beidentified.
This might be explained by the replacement of missing values on the primary outcome measures due to attrition using a negative
scenario. While results were similar when using a less conservative scenario (ie, complete-case analyses), the results should still
be interpreted with caution. Further research should aim at identifying strategies that will prevent high attrition in the first place
and, subsequently, to identify the best strategies for dealing with missing data when studies have high attrition rates.

Trial Registration: Dutch Trial Register NTR1351; http://www.triaregister.nl/trialreg/admin/rctview.asp?TC=1351 (Archived
by WebCite at http://www.webcitation.org/67egSTWrz)

(J Med I nternet Res 2012;14(3):€82) doi:10.2196/jmir.1812
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Introduction

Worldwide, the smoking of tobacco is the most preventable
cause of illness and premature death [1]. Therefore, many
interventions have been developed aimed at helping smokers
to quit. One strategy that has shown both short- and long-term
efficacy in changing smoking behavior is computer tailoring
[2-7]. The content of acomputer-tailored intervention is adapted
to the specific characteristics of a particular individual. This
has been shown to attract and keep an individual’s attention
[8,9], resulting in more thorough processing of information [10].
A single tailored feedback message has already proven to be
effective in promoting abstinence from smoking [11], but when
tailored information is provided on multiple occasions the
impact of the intervention can be increased even more [2,12].
In addition, a recent meta-analysis found that dynamically
tailored interventions (ie, iterative assessments and feedback)
resulted in greater changes in health behavior than statically
tailored interventions [13]. Asthiseffect could not be explained
solely by theincreased number of overall contactsthat dynamic
tailoring necessitates [ 13], a computer-tailoring approach may
be warranted that consists not only of multiple feedback
moments but also of feedback messages that are iterative: the
feedback that respondents receive later on during the
intervention should not only concern the respondent’s present
state, but also refer to the changes respondents have made since
their enrollment in the program.

The Internet has been discovered to be a popular gateway for
delivering health behavior change interventionsin general [14]
and computer-tailored and smoking cessation interventions in
particular [15,16]. Using the Internet to provide such programs
may have several advantages for both provider and receiver: it
ishighly accessible[17,18], it hasthe potential to reach alarge
audience at minimal cost, and participants can take part at any
time that is most convenient to them. Furthermore, the
behavioral feedback given in computer-tailoring programs can
still be highly individualized and personal [19]. Moreover,
smokers might not succeed the first time they try to quit [20],
and seeking help online relatively anonymously may prevent
them from feelings of failure and embarrassment, negative
feelings that have been shown to be related to a higher
temptation to smoke [21] and poorer abstinence outcomes[22].

Although a key element of computer tailoring is that the
intervention materials are adapted to specific respondent
characteristics, some smokers might benefit more than others
from particular smoking cessation interventions. For example,
thelevel of nicotine dependence has previously been suggested
to moderate the effectiveness of smoking cessation interventions
[23]. Moreover, a study among nicotine patch users identified
several participant characteristics moderating the effectiveness
of a Web-based computer-tailored intervention [24]. It has
therefore been recommended, especially with computer-tailored
i nterventions using new mediatechnologies such asthe Internet,
to investigate which participant characteristics are associated
with effectiveness [4].

http://www.jmir.org/2012/3/e82/

As Web-based multiple tailored smoking cessation feedback
has not yet been offered to the Dutch genera public outside
scientific studies, our research group developed a Web-based
multiple computer-tailored smoking cessation program and
offered Dutch adult smokers the opportunity to participate in
this program. The present study investigated the effectiveness
of this program on smoking cessation outcomes reported after
6 weeks and 6 months. To imitate a natural situation in which
smokerswho do not participate in asmoking cessation program
do not receive theintervention, the control group did not receive
any of the intervention’s components. Nevertheless, both the
intervention and control group were free to use other smoking
cessation aids during the study period. In addition, we
investigated whether the effect of the intervention was different
for specific subgroups of smokers and whether we could detect
a dose—response relationship between the number of feedback
messages received and abstinence at the last follow-up.

Methods

Intervention

The Web-based multiple computer-tailored smoking cessation
program was based on a previously developed effective single
computer-tailored intervention [6], while the I-Change model
served as the theoretical framework [25]. While filling out the
online baseline questionnaire, all respondents were asked to set
a quit date within the next 4 weeks. Respondents in both
intervention arms were prompted by email to fill in an online
follow-up questionnaire 2 days after their set quit date, and after
6 weeks and 6 months. By clicking on a link provided in this
email, respondents could start filling out their next follow-up
guestionnaire immediately, by logging into the system. One
email reminder was sent each time that, 1 week after receiving
the first invitation, a respondent had still not filled out the
particular questionnaire he or shewasinvited to complete. While
respondents in the control group filled out only the questions,
for those in the intervention group questions were directly
succeeded by relevant online feedback in order to maintain the
respondent’s attention and to improve retention rates. Iterative
and item-based feedback messages were tailored to several
respondent characteristics [25]: gender, cognitive variables
(attitude, socia influence, and self-efficacy), intention to quit
smoking, goal and relapse prevention strategies (action and
coping plans), and smoking behavior. When the questionnaire
was completed, feedback messages were combined into one
personalized feedback letter. In addition to being able to read
the feedback letters on the computer screen, respondents were
also sent the feedback letters by email, which allowed for the
letters to be printed. The 4- to 5-page feedback letters
respondents received at baseline and after 6 weeks consisted of
seven components: (1) introduction, including specific feedback
on the respondent’s smoking behavior and on hisor her intention
to quit smoking or to maintain nonsmoking, (2) feedback on
the respondent’s attitude (perceived advantages [pros] and
disadvantages [cons]) toward smoking and quitting smoking,
(3) feedback on perceived social influence (not) to smoke, (4)
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feedback on the respondent’s reported self-efficacy to refrain
from smoking in specific situations, including suggestions on
how to cope with these situations, (5) feedback on the extent to
which respondents were planning to undertake specific actions
(action plans) while preparing their quit attempt, (6) feedback
on how to cope with certain difficult situations (coping plans),
including the formulation of personal plans in the shape of
if-then statements [26], and (7) ending. As we wanted to
minimize the burden of filling out a questionnaire by smokers
who had recently quit, the feedback letter that respondents
received 2 days after the set quit date consisted of only 1 page,

Figure 1. Screenshot of items regarding the pros of smoking cessation.

Uw persoonlijke mening

Smit et al

giving feedback on smoking (cessation) behavior and relapse
prevention strategies. Figure 1 shows an example of exemplary
items regarding the pros of smoking cessation. Figure 2 shows
an example of atailored feedback message.

All respondents in the experimental condition received at least
one tailored feedback letter (ie, at baseling). At the 6-week
follow-up, respondents could have received at most two tailored
feedback letters (ie, at baseline and 2 days after their set quit
date), and at the 6-month follow-up, they could have received
amaximum of three tailored feedback letters (ie, at baseline, 2
days after their set quit date, and at the 6-week follow-up).

Op deze pagina vragen wij naar uw mening over roken en stoppen met raken. Er zijn opnieuw geen goede of foute antwoorden; het gaat om uw

persoonlijke mening.

Door niet te roken, verbetert mijn conditie.

O Ja, verbetert veel

@ Ja, verbetert

) Ja, verbetert een beetje
) Nee, verbetert niet

O weet ik niet

Door niet te roken, voel ik me aantrekkelijker.

) Ja, veel aantrekkelijker
O Ja, aantrekkelijker

() Ja, een beetje aantrekkelijker
@ Nee, nigt aantrekkelijker

) Weet ik niet
Door niet te roken, verbetert mijn gezandheid,

) Ja, verbetert veel
@ Ja, verbetert
() Ja, verbetert een beetje

) Nee, verbetert niet
O weet ik niet

Figure 2. Screenshot of personal advice regarding the pros of smoking cessation.

Stap 1. De voordelen en nadelen wan roken en stoppen met roken

u beter kunnen ruiken en proeven.

Recruitment and Procedure

This study was approved by the Medical Ethics Committee of
Maastricht University and the University Hospital Maastricht
(MEC 08-3-037; NL22692.068.08), and is registered with the
Dutch Trial Register (NTR1351). A full description of the study
protocol is provided elsewhere [27].

We recruited adult smokers from December 2009 to June 2010
by advertising our study in the mass mediaand on the Internet.
We sent severa press releases to regiona newspapers in the
Netherlands. M ost of these newspapers subsequently mentioned
our study on their website, included an item about the project
in the print version of their newspaper, or mentioned our study

http://www.jmir.org/2012/3/e82/

Door niet te roken verbeteren uw gezondheid en conditie, zegt u. Inderdaad! Wist u dat uw kans op een hartaanval zelfs al na
een jaar veel kleiner is? En ook uw kans op griep of longontsteking wordt al snel kleiner, Cok uw conditie gaat vooruit door niet te
roken. Dat merkt u al snel wanneer u gaat fietsen, traplopen, hardlopen of zwemmen, Maar weet u ook dat als u niet meer rookt uw
huid er beter en gezonder uit gaat zien en dat u zelfs minder rimpels krijgt? Bovendien worden uw vingers en tanden minder geel en zult

on their local radio station or television channel, or both. We
also used a Dutch online socia network website (Hyves) and
several online smoking cessation forums to disseminate our
recruitment text. In addition, we advertised our study in afree
national newspaper obtainable at all Dutch train stations and
several other public places throughout the Netherlands.

After 12 months, we expected a 10% point prevalence
abstinence rate in the control condition. Based on results from
previous projects, we expected the multiple tailoring program
to lead to a 20% point prevalence abstinence rate. To be able
to detect thisdifference significantly (alpha= 5%, beta= 10%),
according to a 2-tailed Fisher exact test, 281 respondents per
arm were required at the end of the trial (562 respondents in
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total) [28]. Allowing for 50% attrition over thetrial period, 1124
respondents needed to be included at baseline.

Interested smokers could sign up for the study on the study
website (http://www.persoonlijkstopadvies.nl) and weredligible
to participate if they were 18 years of age or older, were
motivated to quit smoking within 6 months, and had access to
the Internet. On the study website, participants were informed
that the study was financed by the Dutch Cancer Society and
conducted by researchers from Maastricht University in
cooperation with the Dutch Expert Center on Tobacco Control
(STIVORO). Additionally, the website included information
about the objectives of the study, the randomization procedure
and the incentive provided when respondents completed all
guestionnaires (ie, a €10 voucher). Respondents could choose
their own username and password and were informed that no
one but the research team was able to retrieve these passwords.
As respondents had to report their email address when signing
up for the study, we could easily flag respondents with multiple
identities and remove them from further analyses. After
providing onlineinformed consent, participantswere randomly
assigned to the intervention group or the control group by a
computer software randomization device, alocating
approximately 50% of all respondents to each group. Blinding
of respondents was not possible, as they had to take notice of
whether they were receiving tailored feedback.

M easur ements

All questionnaires used in the present study were previously
used and tested among Dutch smoking adults and were
self-administered online [6,28,29].

Baseline Measurement

We measured six demographic variables: age, gender (1 =male,
2 = female), educationa level (1 = low: primary school/basic
vocational school, 2 = medium: secondary vocationa
school/high school degree, 3 = high: higher vocational
school/college degree/university degree), nationality (1 = Dutch,
2 = non-Dutch), and the occurrence of cardiovascular and
respiratory diseases (1 = no, 2 = yes).

Exclusion criteriawere based on current smoking behavior and
motivation to quit smoking: current smoking behavior was
measured by 1 item asking whether the respondent had smoked
during the past 7 days (1 = no, 2 = yes). Mativation to quit
smoking was measured by an adapted version of the Stage of
Change algorithm [30]. We asked respondents to state within
what time span they intended to quit smoking (1 = not within
6 months, 2 = within 6 months, 3 = within 1 month, 4 = have
quit, but no longer than 6 months, 5 = | have quit for longer
than 6 months). Respondents who indicated that they had not
smoked during the past 7 days, who were not willing to quit
within 6 months, or who had quit already were excluded from
further participation.

We measured overal tobacco consumption using five
open-ended questions regarding the number of cigarettes,
hand-rolled cigarettes, cigars, cigarillos, and pipes smoked per
day. Subsequently, the answers on these five questions were
converted into an overall score for tobacco consumption
(expressed as number of cigarettes), whereby 1 hand-rolled
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cigarette or cigarillo equaled 1 cigarette and 1 cigar equaled 4
cigarettes [31]. As no concrete guidelines were available for
the number of cigarettes that would equal 1 pipe, we
conservatively considered 1 pipeto equal 1 cigarette.

We measured addiction level by the abbreviated Fagerstrom
Test for Nicotine Dependence (0 = not addicted, 10 = highly
addicted) [32].

We assessed the number of past quit attemptswith 1 item, asking
the respondents how often they had tried to quit smoking in the
past.

Follow-up Measurement

At the 6-week and 6-month follow-ups, we assessed prolonged
abstinence by 1 item asking whether the respondent had
refrained from smoking since the previous measurement (1 =
no, 2 = yes). At the 6-week follow-up, prolonged abstinence
referred to abstinence since the questionnaire that respondents
received 2 days after their set quit date (ie, at least 2 weeks of
abstinence). At the 6-month follow-up, this measure referred
to abstinence since the 6-week follow-up (ie, 4.5 months of
abstinence). In addition, at both foll ow-ups we assessed 24-hour
and 7-day point prevalence abstinence, each by 1 item asking
whether the respondent had refrained from smoking during the
past 24 hours or 7 days (1 = no, 2 = yes).

Statistical Analyses

First, we conducted descriptive analyses to determine the
sample's characteristics. To check for differences between the
intervention and control groups, we conducted 2-sided t tests
and chi-sguare tests. Additionaly, to determine whether
selective dropout had occurred, we compared those remaining
in the study versus those lost to follow-up after 6 weeks and 6
months using 2-sided t tests and chi-square tests.

Second, we conducted | ogistic regression analysesto determine
whether theintervention had an effect on the outcome measures
assessed after follow-up periods of 6 weeks and 6 months. A
negative scenario was used to replace missing values. That is,
respondents lost to follow-up were considered to still be
smoking. To test the robustness of the results, these analyses
were also conducted with compl ete cases only.

Third, to determine whether the effect of the intervention was
different for specific subgroups of smokers, we investigated
whether we could identify interaction effects between the study
condition and baseline demographic or behavioral measures
using logistic regression analyses.

Datawere analyzed using SPSS 17.0 (IBM Corporation, Somers,
NY, USA). The significance level used was P < .05.

Results

Sample Characteristics

Figure 3 shows the flow of respondents from enrollment in the
study to allocation to the experimental and control conditions,
retention, and whether they were included in the analysis. Of
the 1257 respondents assessed for eligibility, 33 (3%) declined
to participate, 32 (3%) were nonsmokers at baseline, and 69
(6%) were not motivated to quit within 6 months. Ultimately,
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1123 (89.34%) respondents were randomly assigned to either
the experimental (n = 552) or control (n = 571) group and
completed the baseline questionnaire. Of the 1123 respondents
included, 449 (40.0%) completed the 6-week follow-up
guestionnaire and 291 (25.9%) completed the questionnaire at
the 6-month follow-up.

Respondents included in the analyses had a mean age of 49.5
years; 535 (47.6%) were male; and 513 (45.7%) had amedium

Smit et al

level of education. Respondents in the experimental group
significantly differed from thosein the control condition in their
level of education (x?,= 6.11, P = .047). Therefore, educational
level was included in subsequent analyses as a potential
confounder. As no data concerning level of education were
missing for any of the respondents, we included al 1123 in
further analyses. Table 1 shows the baseline characteristics of
the overall sample and of the experimental and control groups
separately.

Table 1. Baseline sample characteristics of Dutch smoking adults (N = 1123) recruited from December 2009 to June 2010.

Characteristic Overall sample Experimental group Control group
(N = 1123) (n=552) (n=571)

Age (years), mean (SD) 495 (32.5) 48.4(12.2) 48.8(12.3)
Male, % (n) 47.6% (535) 45.8% (253) 49.4% (282)
Educational level, % (n)

High 21.2% (238) 19.6% (108) 22.8% (130)

Medium 45.7% (513) 43.8% (242) 47.5% (271)

Low 33.1% (372) 36.6% (202) 29.8% (170)
Dutch, % (n) 97.7% (1097) 97.8% (540) 97.5% (557)
With cardiovascular diseases, % (n) 9.4% (106) 11.1% (61) 7.9% (45)
With respiratory diseases, % (n) 14.3% (161) 12.5% (69) 16.1% (92)
Number of cigarettes smoked/day, mean (SD) 20.6 (12.4) 20.8 (13.7) 20.4 (11.0)
FTND?score (range 1-10), mean (SD) 5.1(25) 5.0(2.5) 5.2(24)
Number of previous quit attempts, mean (SD) 5.4 (17.5) 5.1(10.1) 5.7 (22.4)

8Fagerstrom Test for Nicotine Dependence.

As Table 2 shows, no differences were found with regard to
baseline characteristics between respondents followed up and
respondents lost to follow-up after a 6-week period. After 6
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months, however, respondents lost to follow-up were
significantly younger (P = .02) and significantly more addicted
(P =.01) than those who remained in the study.
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Table 2. Comparison between respondents followed up and respondents |ost to follow-up after 6 weeks and 6 months.

Smit et al

Characteristic 6-week follow-up 6-month follow-up
Followed up Lost to follow-up Followed up Lost to follow-up
(n = 449) (n=674) (n=291) (n=1832)
Age (years), mean (SD) 50.1 (12.2) 49.4 (12.6) 50.0 (12.2)* 48.1 (12.3)*
Male, % (n) 44.5% (200) 49.7% (335) 45.5% (133) 48.4% (402)
In experimental condition, % (n) 49.9% (224) 48.7% (328) 49.3% (144) 49.1% (408)
Educational level, % (n)
High 19% (85) 22.7% (153) 19% (54) 22.1% (184)
Medium 45.9% (206) 45.5% (307) 45.2% (132) 45.8% (381)
Low 35.2% (158) 31.8% (214) 36.3% (106) 32.0% (266)
Dutch, % (n) 98.2% (441) 97.3% (656) 97.3% (284) 97.8% (813)
With cardiovascular diseases, % (n) 12% (52) 8% (54) 11% (31) 9% (75)
With respiratory diseases, % (n) 15% (68) 14% (93) 17% (49) 13.5% (112)
Number of cigarettes smoked/day, mean (SD) 19.8 (12.1) 17.8(6.1) 19.5(11.4) 21.0(12.7)
FTND?score (range 1-10), mean (SD) 48(2.3) 46 (2.3) 47 (2.3 5.2 (2.5)*
Number of previous quit attempts, mean (SD) 5.0 (10.6) 55(5.9) 5.1(10.0) 5.6 (19.5)

8Fagerstrom Test for Nicotine Dependence.
*P < .05.

Figure 3. Flow of respondents from enrollment in the study to allocation to the experimental and control conditions, retention, and whether they were

included in the analysis.
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Effect of the I ntervention on Abstinence

Of the 552 respondents in the intervention group, 91 (17%)
reported that they had refrained from smoking during the past
24 hours, 74 (13%) reported that they had not smoked during
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Analysed (n=571)
o Excluded from analysis (na)

the past 7 days, and 60 (11%) reported that they had not smoked
since the previous measurement 2 days after their quit date. In
the control group (n = 571) these numbers were 55 (10%), 38
(7%), and 33 (6%), respectively. The intervention had a
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significant effect on al outcome measures, even when
controlling for the baseline difference between the intervention
and control groupswith regard to their level of education (Table
3). Significantly more respondents in the intervention group
than in the control group reported having been abstinent for the
past 24 hours, the past 7 days, or since the previous
measurement. Resultsfrom complete-case analysesweresimilar
(Multimedia Appendix 1).

After 6 months, a total of 51 (9%) respondents in the
intervention group reported having refrained from smoking
during the past 24 hours, 45 (8%) reported not having smoked
during the past 7 days, and 23 (4%) reported not having smoked

Smit et al

since the previous measurement. In the control group these
numbers were 36 (6%), 34 (6%), and 19 (3%), respectively.
Table 4 showsthat no significant intervention effectswere found
with regard to all outcome measures reported at the 6-month
follow-up. The complete-case analyses yielded similar results,
though they were dlightly more positive regarding 24-hour point
preval ence abstinence (Multimedia Appendix 1).

We investigated interaction effects between condition and
baseline demographic or behavioral measures, although none
of these turned out to have a significant influence on any of the
abstinence measures reported after 6 weeks or 6 months (data
not reported).

Table 3. Effects of the Web-based smoking cessation intervention on several behavioral outcomes at 6-week follow-up among Dutch adult smokers

(N =1123) recruited from December 2009 to June 2010.

Model 24-hour ppa® 7-day ppa Prolonged abstinence
orR 950 CIC Pvlue OR  95%Cl Pvlue  OR  95%Cl P value
Intervention® 1.85 1.30-2.65 .001* 217 1.44-3.27 <.001* 1.99 1.28-3.09 .002*
I ntervention @ 181 1.26-2.59 .001* 2.16 1.43-3.25 <.001* 1.96 1.26-3.05 .003*
Medium education® 0.81 0.51-1.32 42 0.75 0.45-1.36 .28 0.75 0.41-1.32 31
High education® 1.29 0.81-2.08 .29 0.97 0.58-1.64 91 1.08 0.61-1.90 .80

@point prevalence abstinence.

b Odds ratio.

¢ Confidence interval.

d Control group is the reference category.

€L ow education is the reference category.
*P < .05.

Table 4. Effects of the Web-based smoking cessation intervention on several behaviora outcomes at 6-month follow-up among Dutch adult smokers

(N = 1123) recruited from December 2009 to June 2010.

Model 24-hour ppa® 7-day ppa Prolonged abstinence
ORP 95% CI°¢ P value OR 95% Cl P value OR 95% Cl P value
Intervention® 151 097235 .07 140 088222 .16 126 068234 .46
Intervention @ 147 0.94-2.30 .09 1.38 0.87-2.20 A7 1.29 0.69-2.41 42
Medium education® 0.88 0.48-1.62 .69 0.86 0.47-1.58 .62 0.59 0.28-1.24 .16
High education® 1.38 0.76-2.52 .29 1.10 0.59-2.05 .76 0.56 0.25-1.26 .16

aPoint prevalence abstinence.

b Odds ratio.

€ Confidence interval.

d control group is the reference category.
€ Low education is the reference category.

Discussion

Main Findings

In the present study we investigated the effects of a multiple
computer-tailored smoking cessation program delivered through

http://www.jmir.org/2012/3/e82/
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the Internet. The results presented suggest significant effects of
the intervention on short-term abstinence: at the 6-week
follow-up, respondentswho received theintervention were more
likely to report being abstinent for the past 24 hours, for the
past 7 days, and since the previous measurement (ie, 2 days
after their quit date) than those who did not receive the
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intervention. Despiteincorporating goal and relapse prevention
strategies (action and coping plans), however, we found no
effect of the intervention on abstinence measures assessed after
6 months.

A potential explanation for not finding any suggestion of
intervention effects on long-term abstinence might be that more
than 70% of the values on the primary outcome measures had
to bereplaced, as our study had relatively high levelsof attrition,
as have many previously developed Web-based interventions
[16,33-37]. In line with the Russell standard [37], we chose a
negative scenario to replace missing values (ie, we considered
respondents lost to follow-up to still be smoking). Although
this is a recommended analysis when having to deal with
dropout [37], replacing more than 70% of the values on the
primary outcome measures might increase the chances of
making a type Il error [34,38]. This may have resulted in an
underestimation of the intervention’s effectiveness for those
who continued to use it [34]. On the other hand, analyses with
complete cases only arelikely to increase the chances of atype
| error, which would have resulted in unjustified conclusions
in favor of the intervention studied. Although in our study the
results from both types of analyses were congruent with each
other, the possibilities of errors should be kept in mind when
interpreting the results presented. To prevent these problems
from occurring in the first place, it is of utmost importance to
identify strategies that will ensure the sustained use of
Web-based interventions. Previoudly, several suggestions have
been made to prevent attrition, such as ensuring high levels of
motivation to quit, providing prompts or reminders, preventing
self-control depletion, for example, by having respondentsform
implementation intentions [36] and providing incentives of at
least €10 [39]. In addition, a recent review showed that
interventions that combined several of these strategies were
most effective at facilitating exposure to Web-based
interventions[40]. Whilewetook all of the strategies mentioned
into account, attrition rates in this study remained high.
Evidently, more research is needed to identify strategies that
will prevent smokersfrom dropping out of Web-based behavior
change interventions. Qualitative research among respondents
lost to follow-up might further illuminate the main reasonswhy
these respondents discontinued a Web-based intervention. In a
recent study conducted among problem drinkers, the most
common reasons for not completing a Web-based intervention
were personal reasons unrel ated to the Web-based intervention,
followed by dissatisfaction with theintervention and satisfaction
with the improvement in their condition [41]. Based on the
identification of the reasonsfor discontinuation, novel strategies
to prevent attrition need to be devel oped and tested. In addition,
more research is needed to identify strategies for dealing with
missing data due to high attrition rates. A recent study
comparing six different approaches to missing data concluded
that multipleimputation might yield the most valid results[33].
However, as the assumption that respondents who drop out
should be considered to still be smoking iswell established and
a dtill-recommended strategy in smoking cessation research
[37], in the present study we opted for this strategy.

Another possible explanation for thelack of intervention effects
on long-term abstinence may be that Web-based smoking
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cessation programs are not sufficiently tailored and adapted to
the long-term wishes of recent ex-smokers to prevent relapse
to smoking. Respondents received feedback only at fixed points
in time; it was not possible to obtain additional personal
feedback or support at times when smokers might have needed
it most. The integration of ecological momentary assessment,
by collecting real-time data through, for example, palmtops,
personal digital assistants, or electronic diaries, might be
promising. Studies using palmtop computers showed that a
decrease in self-efficacy, an increase in positive smoking
outcome expectancies, and an increase in negative affect
predicted the occurrence of alapse to smoking on the next day
[42,43]. Integrating ecological momentary assessment into a
Web-based intervention might enable usto monitor fluctuations
in factors such as self-efficacy and negative affect and, as a
consequence, enable us to adapt intervention materials to the
needs of recent ex-smokers and, ultimately, to prevent lapses
and relapse. In addition, the finding that those lost to follow-up
were significantly more addicted to nicotine than those who
remained in the study supportstheideathat insufficient attention
was paid to dealing with withdrawal symptoms. Although, in
line with current guidelines [44], we advised smokers who
reported smoking more than 10 cigarettes per day to use
smoking cessation medication, we did not assess whether these
smokers did in fact use such medication during their quit
attempt. Even though the Web-based intervention provided
information on physical withdrawal symptomsand how to deal
with these symptoms, all feedback messagestargeted cognitions.
As a consequence, solely reading these messages might not
have decreased physical withdrawal symptoms. As addiction
has been shown to be the most important predictor of a quit
attempt’s success [45,46], it may be possible to obtain higher
success rates when Web-based smoking cessation interventions
are combined with smoking cessation medication aimed at
reducing physical withdrawal symptoms. Varenicline, for
instance, has been shown to attenuate physical withdrawal
symptoms and to prevent relapse to smoking [47,48].

We found no support for different intervention effects for
specific subgroups of smokers. Based on the results, it could
thus be argued that the intervention was equally effective for
all smokers who participated in the program. However,
respondents who dropped out of the study wererelatively more
addicted and rel atively younger than those who remained in the
study, which is in line with previous research [49,50]. A
potential explanation might be that younger people have not
yet experienced any smoking-related health effects and are,
compared with older people who are more often confronted
with chronic diseases, less internally motivated to invest time
in health behavior change interventions [51].

Study Strengths and Limitations

Major strengths of the present study were the large sample of
smokers who initiated participation in the smoking cessation
program and the relatively long follow-up period. However, as
mentioned previously, the study had relatively high dropout
rates. In the present study, we applied severa strategies
previously suggested to prevent attrition [36,39]: using
motivation to quit as an inclusion criterion, sending two
reminder emailsfor each follow-up questionnaire, encouraging
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respondents to formulate coping plans in the form of
implementation intentions, and providing respondents with a
€10 voucher for completing all follow-up questionnaires.
Despite the actions taken, however, attrition rates remained
high. A second limitation is that we could conduct no
appropriate dose—+response analysis. Insufficient data were
availablefor participantswho received one, two, or threeletters
and who also provided 6-month follow-up data. Of the
respondents in the intervention group who provided 6-month
follow-up data (n = 144), ailmost 80% (n = 115) received the
highest dose of three feedback letters, which resulted in
insufficient variation in the doses received to conduct this
analysis. As previously stated, we found a significant
dose-response relationship between the number of feedback
moments and smoking abstinence [13]. We therefore
recommend that future studies conduct adose-response analysis
to determine whether this effect can be replicated. Finally, we
were unable to use continued abstinence as an outcome measure,
as all respondents were asked to set a quit date within 4 weeks
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fromfilling out the baseline questionnaire and were not obliged
to quit immediately. According to the Russell standard, however,
continued abstinence may classify too many successesasfailures
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Conclusions

This Web-based computer-tailored smoking cessation program
had a significant effect on abstinence measured after a 6-week
follow-up period. However, this effect had entirely disappeared
after 6 months. To prevent relapse, future studies should focus
on the possibility of applying an ecological momentary
assessment or combining the present Web-based intervention
with the use of smoking cessation medication. Moreover, further
research should aim at identifying strategiesto prevent smokers
from dropping out of Web-based smoking cessation
interventions. As complete-case analyses and the replacement
of missing values using a negative scenario both have their
limitations, dternative strategies should beidentified and tested.
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Abstract

Background: Regular walking is arecommended but underused self-management strategy for individuals with type 2 diabetes
mellitus (T2DM).

Objective: To test the impact of a simulation-based intervention on the beliefs, intentions, knowledge, and walking behavior
of individuals with T2DM. We compared two versions of a brief narrated simulation. The experimental manipulation included
two components: the presentation of the expected effect of walking on the glucose curve; and the completion of an action plan
for walking over the next week. Primary hypotheses were (1) intervention participants walking (minutes/week) would increase
more than control participants’ walking, and (2) change in outcome expectancies (beliefs) would be afunction of the discrepancy
between prior beliefs and those presented in the simulation. Secondary hypotheses were that, overall, behavioral intentions to
walk in the coming week and diabetes-related knowledge would increase in both groups.

Methods: Individuals were randomly assigned to condition. Preintervention measures included self-reported physical activity
(International Physical Activity Questionnaire[IPAQ] 7-day), theory of planned behavior-related beliefs, and knowledge (Diabetes
Knowledge Test). During the narrated simulation we measured individuals' outcome expectancies regarding the effect of exercise
on glucose with a novel drawing task. Postsimulation measures included theory of planned behavior beliefs, knowledge, and
qualitative impressions of the narrated simulation. The |PAQ 7-day was readministered by phone 1 week later. We used a linear
model that accounted for baseline walking to test the main hypothesis regarding walking. Discrepancy scores were calculated
between the presented outcome and individuals' prior expectations (measured by the drawing task). A linear model with an
interaction between intervention status and the discrepancy score was used to test the hypothesis regarding change in outcome
expectancy. Pre—post changes in intention and knowledge were tested using paired t tests.

Results:  Of 65 participants, 33 were in the intervention group and 32 in the control group. We excluded 2 participants from
analysis dueto being extreme outliersin baseline walking. After adjustment for baseline difference in age and intentions between
groups, intervention participants increased walking by 61.0 minutes/week (SE 30.5, tsg - 19 P = .05) more than controls. The

proposed interaction between the presented outcome and theindividual’s prior beliefswas supported: after adjustment for baseline
differences in age and intentions between groups, the coefficient for the interaction was —.25, (SE 0.07, t5; - 3, P <.01). On

average participants in both groups improved significantly from baseline in intentions (mean difference 0.66, ts, - 45 P < .001)
and knowledge (mean difference 0.38, t5, - 54 P = .02).
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Conclusions:  This study suggests that a brief, Internet-ready, simulation-based intervention can improve knowledge, beliefs,

intentions, and short-term behavior in individuals with T2DM.

(J Med Internet Res 2012;14(3):e71) doi:10.2196/jmir.1965

KEYWORDS

Computer simulation; type 2 diabetes mellitus; physical activity; blood glucose

Introduction

Type 2 diabetes mellitus (T2DM) affects approximately 24
million people in the United States, and is associated with
significant morbidity and early mortality [1]. Regular physical
activity has been shown to improve glycemic control [2,3],
reduce blood pressure [4], reduce lipids [4], and improve
cardiorespiratory fitness in individuals with T2DM [5]. These
intermediate outcomes have been associated with
diabetes-related morbidity and mortality [6]. Although physical
activity is considered one of the three pillars of diabetes
self-management [7], most people with T2DM do not perform
sufficient amounts [8].

There are many reasons why individuals with T2DM may not
perform an appropriate self-management behavior such asbeing
active. In this study we used a brief, narrated simulation to
address two factors that we believe are amenable to an
informaticsintervention: inaccurate mental models of the effects
of behavior on the disease [9-11] and difficultiesin trandating
good intentions into action [12].

Glucose Curves

The intervention in this study was based on simulated glucose
curves. Glucose curves represent an individual’s variation in
plasma glucose through aday. Prior work suggeststhat glucose
curves may be useful as an interface for educational and
motivational interventions. Small trials of participantswith type
1 diabetes have shown that classroom education using simulated
glucose curves positively affectsknowledge [13], the frequency
of hypoglycemic events [14], and hemoglobin Alc [14]. In
T2DM, interviews with individuals before and after viewing
their own glucose curves suggest that viewing the curves appears
to provideindividuals with agreater understanding of the daily
variation in glucose (particularly postprandial peaks) and may
result in greater intention to perform self-care activities,
including to be more physically active[15]. We believe glucose
curves offer value because they provide contextual information
that individual self-monitored glucose values do not provide.

Theory of Planned Behavior

According to the theory of planned behavior, an individua’s
intention to perform abehavior is afunction of their beliefs. In
this study we focused on a particular type of belief: outcome
expectancies. Outcome expectancies are an individual’s belief
regarding the likely outcome of a given behavior. The
intervention version of our simulation demonstrates the expected
changein the glucose curve with both asingle walk and regul ar
walking over time.

Prior work has shown that outcome expectancies are related to
self-care behaviorsin individuals with T2DM [16-19] and that

http://www.jmir.org/2012/3/e71/

individuals with T2DM generaly have low outcome
expectancies regarding the effect of exercise on blood glucose
[19]. We are not aware of studiesthat have attempted to change
outcome expectancies in this population. In genera,
interventions targeted at outcome expectancies related to
physical activity have shown limited efficacy in most
populations [20].

Implementation I ntentions

While the beliefs included in the theory of planned behavior
have been shown to predict the intentions of individuals with
T2DM to be physically active [16], changes in behavioral
intention are only moderately predictive of actual changesin
behavior [21]. Implementation intentions are if-then plans
linking specific cues in the environment to a desired behavior.
Implementation intentions have been found to be strongly
effective in trandating intentions into action [12,22]. Recent
evidence suggests that individuals who mentally simulate the
behavior as they create the implementation intention are even
more successful in acting on their intentions [23,24].

The intervention version of our simulation guided participants
through writing an action plan for walking while concurrently
mentally simulating the planned behavior. In this plan
participants indicated where, when, with whom, and for how
long they would walk for each day in the next week.

Our hypotheses in this trial were that (1) individuals viewing
theintervention version of the narrated simulation would report
more walking in the subsequent week than control participants
would, and (2) changesin outcome expectanciesfor intervention
participantswould vary asafunction of the discrepancy between
the effect presented in the simulation and the individual’s prior
beliefs. Finally, we hypothesized that, overal, both groups
would increase their behaviora intentions to walk in the
subsequent week and their diabetes-related knowledge.

Methods

Participants

Werecruited participants between March 2010 and August 2011
at the George E. Whalen Department of Veterans Affairs
Medical Center (Salt Lake City, UT, USA) in primary care
clinics, diabetes education and weight management classes, a
biweekly diabetes exercise group at the University of Utah, a
community diabetes health fair, and via an email to a
diabetes-related listserv.

Our inclusion criteriawere that participants be between 30 and
70yearsof age, have adiagnosisof T2DM, and be ableto speak
English fluently. Participants with a diagnosis of dementia or
severe mental disease, using insulin, or having microvascular
or macrovascular complications of diabeteswere excluded. The
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rationale for these last two criteriawas 2-fold: first, the content
of the narrated simulation is geared toward individuals taking
oral medications, and second, we wanted to minimize the risk
of walking-induced hypoglycemia, foot ulceration, or acardiac
event. Initial recruitment efforts were exclusively among
veterans at the Salt Lake City Veterans Administration
Healthcare System, aged 4060 years; however, due to slow
recruitment, in June 2010 we expanded recruitment to the larger
community and awider age range.

Settings

The study was conducted in a location convenient to the
participant. These locations included the Salt Lake City VA
library, a room adjacent to the exercise room at the diabetes
exercise group, atable at a diabetes health fair, ameeting room
at a public library, and a private office. All meetings were

Table 1. Conceptsincluded in the narrated simulation and their timing.

Gibson et al

between the principa
participants.

investigator (BG) and individual

Description of the Simulation

The narrated simulation is based on simulated glucose curves
[25]. Conceptsare presented using the curves without numbers,
supplemented by simple icons. A voiceover and music
soundtrack accompany the narrated simulation (see Multimedia
Appendix 1 and Multimedia Appendix 2 for the intervention
and control simulations). Table 1 lists the concepts addressed
in the narrated simulation and the time used to explain each
concept.

Participants were shown one of two versions of the simulation.
The intervention version and the control version were identical
through the first 8 minutes and 30 seconds (Figure 1).

Concept Timing (minutes
and seconds)
What is the glucose curve? 1:40
When is blood sugar highest and when isit lowest? 0:20
How do meals affect the glucose curve? 0:30
What is the dawn phenomenon? 0:30
What is the safe range of blood sugar? 0:40
What is hemoglobin Alc? 0:15
How does the blood sugar curve change (over years) as Alc increases? 1:40
Why is high blood sugar bad for you? (Includes photographs of individuals with microvascular complications) 1:40
How are changesin Alc associated with complications? 0:20
What can you do today to control your blood sugar? 0:35
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