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Abstract

Background: Many online interventions designed to promote health behaviors combine multiple behavior change techniques
(BCTs), adopt different modes of delivery (MoD) (eg, text messages), and range in how usable they are. Research is therefore
needed to examine the impact of these features on the effectiveness of online interventions.

Objective: This study applies Classification and Regression Trees (CART) analysis to meta-analytic data, in order to identify
synergistic effects of BCTs, MoDs, and usability factors.

Methods: We analyzed data from Webb et a. Thisreview included effect sizes from 52 online interventions targeting a variety
of health behaviors and coded the use of 40 BCTsand 11 MoDs. Our research al so developed ataxonomy for coding the usability
of interventions. Meta-CART analyses were performed using the BCTs and MoDs as predictors and using treatment success (ie,
effect size) asthe outcome.

Results. Factorsrelated to usability of the interventionsinfluenced their efficacy. Specifically, subgroup analyses indicated that
more efficient interventions (interventions that take little time to understand and use) are more likely to be effective than less
efficient interventions. Meta-CART identified one synergistic effect: Interventions that included barrier identification/ problem
solving and provided rewards for behavior change reported an average effect size that was smaller ( =0.23, 95% CI 0.08-0.44)
than interventions that used other combinations of techniques ( =0.43, 95% CI 0.27-0.59). No synergistic effects were found for
MoDs or for MoDs combined with BCTs.

Conclusions: Interventions that take little time to understand and use were more effective than those that require more time.
Few specific combinations of BCTs that contribute to the effectiveness of online interventions were found. Furthermore, no
synergistic effects between BCTs and MoDs were found, even though MoDs had strong effects when analyzed univariately in
the original study.

(J Med Internet Res 2016;18(6):€155) doi: 10.2196/jmir.4218

KEYWORDS
meta-analysis; prevention; health behavior; behavior change; online

http://www.jmir.org/2016/6/€155/ JMed Internet Res 2016 | vol. 18 | iss. 6 | €155 | p. 1
(page number not for citation purposes)


mailto:elise.dusseldorp@fsw.leidenuniv.nl
http://dx.doi.org/10.2196/jmir.4218
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Introduction

Online interventions hold great promise for the promotion of
health behavior. The Internet is used by many individuals to
find health-related information [1]. Three potential advantages
of online interventions are high reach, low costs, and
convenience for users (eg, timely delivery) [2]. Various
meta-analyses have shown that online interventions designed
to promote health behavior change can be effective, but that the
effectiveness of interventions varies considerably [3-6]. One
source of variability is differences in the behavior change
techniques (BCTs) that are used by interventions. Research
points to the importance of using standard definitions of BCTs
[7,8] and has started to identify which BCTs are effective and
which are less so. Yet relatively few studies have sought to
identify the effectiveness of BCTsin onlineinterventions. One
exception is Webb et a [3], who examined the effectiveness of
online interventions using a taxonomy of BCTs adapted from
Abraham and Michie [9]. Webb et a [3] found, based on
univariate analyses, that several BCTs were associated with
larger than average effect sizes. Specifically, stress management
and general communication skills training had the strongest
positive effects, while emotion control training and providing
information about others' approval were not effective.

In addition to deciding which BCTs to use in an intervention,
a second challenge for online interventions is how to attract
users, encourage them to engagein the intervention and explore
the website, and have them return for follow-up visits as
necessary [10-12]. This process may be more complicated than
traditional intervention methods (eg, a letter, flyer, or video),
and it is likely that the usability—or user friendliness—of the
intervention [13] has a substantial bearing on the efficacy of
that intervention. Usability refersto how easily the featuresin
the intervention are to use and how pleasant it isfor the user to
engage with the intervention [14]. However, it isunclear which
factors influence how usable an intervention is. Therefore, the
present meta-analysis aimed to identify factors that influence
the usability of interventions, as well as how these factors are
related to the effectiveness of interventions.

I nter actions Between | ntervention Factors

Webb et al also found that interventions were more effective
when more BCTswereincluded (seealso [15]), suggesting that
combining BCTs may be more effective than using one or two
BCTs in isolation. Indeed, evidence suggests that BCTs can
interact and have cumulative (or potentially synergistic) effects.
For example, the combination of fear arousal and providing
skill information has been shown to be particularly effectivein
promoting a variety of health behaviors, such as smoking or
vaccination [16,17]. Similarly, Michie et a [18] found that
interventions that combined self-monitoring with at least one
other BCT specified by control theory (eg, goal setting) tended
to have larger effects than interventions that used
self-monitoring in isolation.

Dusseldorp et al [19] developed and applied a new method for
looking at the effectiveness of combinations of moderators (eg,
BCTs), which they called meta-CART [20]. MetaCART
combines “Classification And Regression Trees’ (CART) and
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subgroup meta-analysisin such away that interactions between
moderatorsthat can account for variability in effect sizesderived
from primary studies can be discovered. Dusseldorp et a found
a number of effective combinations of BCTs for promoting
physical activity and healthy eating: (1) “Provide information
about behavior-health link” with “Prompt intention formation”
(mean effect size =0.46), and (2) “Provide information on
consequences’ and “Use of follow-up prompts’ ( =0.44) [19].
However, little is known about synergistic effects in online
interventions, which often include several BCTs. Thisresearch
focuses on BCTs that have a cumulative effect in addition to
their univariate positive effect. The second aim of thisresearch
isto identify synergistic effects of BCTs (next to their already
identified univariate effects) in online interventions aimed at
health behavior change.

A third factor that may influence effect sizes is the mode by
which the intervention is delivered. Online interventions can
differ substantially in their specific modes of delivery (MaD).
Webb et al [3] noted that content can be delivered in amore or
less interactive manner [18] and that online interventions that
employ supplementary delivery modes (notably, text messaging,
tailored feedback, access to advisor, telephone, or email) tend
to be more effective in univariate analyses [3,10]. However,
until now, research has not considered the effectiveness of
different combinations of MoDs and how MoDs might interact
with the use of particular BCTs and usability factors to
determinethe efficacy of an intervention. For example, anonline
peer forum (an MaoD) is more likely to provide quick social
support (a BCT), and not only at one weekly face-to-face
session. Therefore, the third and fourth aims of this research
are to identify the most effective combinations of MoDs and
the most effective combinations of BCTs, MoDs, and usability
factors, respectively. Providing insight into the effects of
usability factors and synergistic effects with BCTs and MoDs
will aso provide a starting point for an evidence-based
instrument that can be used to develop new interventions and
evaluate the quality and the potential of existing interventions.

Our Research

Thisreview aimsto develop ataxonomy for coding the usability
of online interventions and to identify what combinations of
BCTs, MoDs, and usahility factors influence the effectiveness
of online interventions designed to promote health-related
behavior. In order to identify these synergistic effects,
meta-CART analysis was employed.

Methods

We considered data from the 85 studies that were included in
the meta-analysis of Webb et a [3] for inclusion in this
meta-analysis. The studies were published between 1990 and
July 2008, in peer-reviewed journa sand conference proceedings
written in English. This review uses data on the effectiveness
of the interventions and the use of BCTs and MoDs. Each
intervention was coded by Webb et al for inclusion or exclusion
of each of the 40 BCTs from the CALO-RE (Coventry,
Aberdeen, and London—Refined) taxonomy of Michie et a
[21]. Webb et a aso coded 11 modes of delivery used by each
of theinterventions. Study characteristicswere coded by asingle
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author and so information is not available on the reliability of
so doing. Evidence suggests that behavior change techniques
can bereliably coded [21], but additional research is needed to
confirm the extent to which coders can reliably identify modes
of delivery and usability.

Selection of I nterventions

Webb et a included studies (1) in which the described
intervention was delivered via the Internet, (2) where
participants were randomly assigned to conditions, and (3)
where health-related behavior was measured after the
intervention. This review included interventions that used two
or more BCTs, MaDs, or usability factors (if studies included
only a single BCT, then it was not possible to study the
combined effects of such factors). Second, only effective factors
were included in the analyses, because initia meta-CART
analyses found that including all factors resulted in a tree
without any boosting (or strengthening) effects. A BCT or MoD
was considered effective when univariate analyses showed that
studiesincluding the BCT or MoD had a higher absolute effect
size than the studies not using the specific BCTs or MaoD.
Becausethe univariate effects of the usability factors still needed
to be investigated, we based our selection only on the effects
of theBCTsand MoDs.

A total of 52 studies met the criteriafor inclusion in the review.
The included studies reported on interventions targeting
health-related behavior, such as physical activity (n=13), dietary
intake (n=8), and alcohol consumption (n=6). Seven studies
addressed multiple behaviors (eg, combined physical activity
+ dietary intake). Thetarget population varied from children to
adults and from the genera population to patients at specific
risk (eg, patients with diabetes). In order to evaluate the effect
of theinterventions, al of the studies compared an experimental
condition that was exposed to the intervention with an active
or passive control condition. The included studies tested the
impact of 20 effective BCTs and 7 effective MoDs (see
Multimedia Appendix 1 for an overview of al included BCTs
and MaoDs).

Taxonomy of Factors That Influencethe Usability of
an Intervention

Given that studies generally lack a description of the usability
of the evaluated intervention, we developed a survey to obtain
thisinformation from the original authors. The survey was based
on a taxonomy, which described indicators of the usability of
online interventions. The existing literature points to various
factorsthat influence how usable an interventionislikely to be,
such as guidelines on functionality [22], accessibility [23],
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usability [24], design [25], user experiences [26], as well as
studies of persuasive technology [27] and Shneiderman’sgolden
rules [28]. Firgt, it was decided which factors were applicable
for onlineinterventionstargeting health behaviors. Thosefactors
were included in our first draft survey. Second, factors in the
draft were grouped and summarized where possible. Third, titles
and definitions were adapted to fit the human-computer
interaction. Fourth, the factors and definitions were discussed
with other interaction specialists. When necessary, factorswere
adapted or refined and new factors were added.

The result of these steps was a 27-item taxonomy, with 8
subscales: learnability (reflecting how easy it wasto accomplish
basic tasks the first time that a user encounters the design),
efficiency (the speed at which tasks can be performed once users
have learned the design), memorability (reflecting how easy it
wasto re-establish proficiency when auser returnsto the design
after aperiod of not using it), errors (likelihood and severity of
errors potentially made by users, and how easy it wasto recover
from such errors), satisfaction (pleasantness of using the
intervention), personalization (reflecting the extent to which it
was possibleto adapt to theintervention to theindividual user’s
characteristics, preferences, values and self-image), situatedness
(the ability of the system to predict and adapt to the user’'s
dynamic behavior in specifics contexts), and social interaction
(reflecting whether the intervention encouraged social
interactions). These features and the attributes that compose
them are shown in Table 1.

We contacted the 85 authors of the original papers and asked
them to rate their intervention using a questionnaire version of
our taxonomy and to send ustheir intervention (if available) so
that we could also code features influencing usability. Twelve
authors (14%) coded their intervention and six (7%) provided
access to their intervention or pictures from the intervention.
Calculations and analyses are based on these 12 studies. We
calculated scores for each study on each of the 8 scales of the
taxonomy by calculating the mean of the items in each scale.
Descriptive statistics are used to cal culate the scal e reliabilities,
means, and standard deviations. Scale reliability varied from
Cronbach alpha=.69 (efficiency) to .98 (situatedness). The
learnability scale had an alpha of only .52 (even after omitting
an item) and was therefore not included in the analyses. Scale
scores were then dichotomized based on the median (ie, low or
high on the scale). Finally, the effect sizesfor the low and high
group were calculated for each usability factor by using
subgroup analyses in Comprehensive Meta-Analysis (CMA)
software, version 2.2 [29].
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Table 1. Usability taxonomy (the intervention referred to in the taxonomy is the intervention itself as well as its embodiment, the user interface).

Ussability attributes

Measures (example)

L ear nability

1. Consistency

2. Conventions

3. Intuitiveness

4. Visibility of system status

Efficiency
5. Flexibility

6. Structure

7. Defaults

M emor ability

8. Tailoring to user group

9. Recognition rather than recall

Errors

10. Error recovery

11. Error prevention by the system

12. Error recognition and resolution by

the system

13. Help by the system

Satisfaction
14. Minimalistic

15. Aesthetic appearance
16. Fun
17. Modality integrity

18. User control

Per sonalization

19. Adaptability by the user

20. Adaptiveness to the user

21. Adaptiveness to the context

The intervention is consistent in the use of interface aspects such as layout, buttons, and language (eg, the
OK button is always on the left and the Cancel button is always on the right side, consistent use of terminol-
ogy and look-and-feel)

The intervention follows platform conventions (eg, in Windows, the cross at the upper right corner of the
screen is always used to close the window)

Theintervention characteristicsintuitively imply itsfunctionality and use (eg, abutton with an arrow pointing
to theright, implying “go to the next page”)

The intervention provides feedback about its (future) state, action, and result (eg, when loading, the system
provides aload bar showing how much time has passed and how much time remains)

The intervention caters to a variety of users, both inexperienced and experienced (eg, the system provides
both viewable icons, such as a floppy disk, and short-cuts, such as Ctrl-S)

Using the intervention, users understand the structure of the intervention and know where they are (eg, the
intervention provides breadcrumb navigation, ie, showing previous interaction steps and steps to come)

The intervention makes use of default settings (eg, fields containing defaults come up selected and the user
can replace the default contents with new information—the defaults are user-specific)

The intervention speaks the user groups' language, with words, phrases and concepts familiar to the user
group, rather than intervention-oriented terms (eg, intervention contains words and phrases fit for children,
intervention uses read-aloud function for low literates)

The intervention minimizes the user’s effort by making options visible or easily retrievable whenever appro-
priate (eg, the intervention shows context specific relevant available functionalities instead of referring to a
manual where all options are listed)

The intervention supports undo and redo (eg, the intervention offersa“Go” and a“Back” button)

The intervention prevents problems from occurring and notifies the user if a problem can potentially occur
(eg, the intervention indicates which fields are mandatory [*] and applies form validation, such as the right
format for postal code)

The intervention provides error messages expressed in plain language (no codes), which precisely indicate
the problem and constructively suggest a solution (eg, when entering a faulty password, the intervention in-
dicates: “ Your password isincorrect, please ensure your CAPS LOCK key is off”)

The intervention provides help information that is easy to search and focuses on the user’stask (eg, theinter-
vention has a help function, in the form of aquestion mark icon, for every text field that needs to be entered)

The intervention does not contain elements that are irrelevant or rarely needed (eg, theintervention interface
isnot cluttered, does not use distracting irrelevant interface elements, and does not require extensive scrolling)

The intervention is esthetically attractive (eg, includes pictures, colors)
The intervention is fun to use (eg, the intervention offers a challenge to users and arouses their curiosity)

Theintervention offersinformation in asuitable modality (eg, information is presented in text when presenting
details, information is presented in image when providing an overview)

Theuser isin control of theintervention (eg, the user initiates actions, the system justifies responsesto actions
of the user)

The user can adapt the intervention to fit to their preferences and skill level (eg, the intervention offers the
user to decrease and increase interface’ sfont size, theintervention offersthe possibility to take atour through
the intervention or change the background color)

The intervention is aware of the user’s characteristics and adapts the interface to these characteristics (eg,
the intervention is aware the user is farsighted and increases the font size)

The intervention is aware of the user’s context and adapts the interface to this context (eg, when the user is
using the intervention in a public space, sound is turned off)
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Usability attributes Measures (example)

22. Adaptiveness to the task

The intervention is aware of the task that the user aims to perform and adapts the interface to this task (eg,

the intervention detects the user is making a presentation and the intervention provides the tools generally
used, such as inserting text boxes and images)

Situatedness

23. Prediction of behavior

The intervention accurately predicts the user’s behavior (eg, the intervention detects the user isin the office

at 4 p.m. and predicts they will probably go home within the hour)

24. Adaptation to behavior

The intervention accurately adapts the interface to the predicted behavior (eg, the intervention predicts they

will go home within the hour and automatically offers aweather and traffic forecast)

Social inter action(these three questions apply to the automated system, and not to contact with a human person such as a therapist or health care

professional)

25. Embodiment

The online intervention appears humanlike (eg, the intervention has a face, eyes, and/or body that are used

for non-verbal communication. This can bein the form of arobot, avatar, or character)

26. Communication
feelings, and behaviors)

27. Following conventions
and/or reciprocity)

The intervention applies humanlike communication skills (eg, the intervention expresses social thoughts,

Theintervention followsand applies social conventions (eg, theintervention appliesturn taking, cooperation,

Outcome M easures

Following Webb et a [3], when studies reported the impact of
an intervention on multiple outcomes, effect sizeswere averaged
before inclusion in the main dataset. Where studies included
multiple points of measurement, the longest follow-up point
was included. Effect sizes were computed as the standardized
mean difference between intervention and comparison
conditions in study outcomes using Hedges  correction for
small samplesize[30]. In our study, the distribution of the effect
sizes was dichotomized using the overall effect size asthe split
point (following the strategy proposed by [19]). The effect sizes
of the 52 included interventionsranged from -0.47 to 2.25, with
anoverall pooled effect size (weighted for samplesize) of =0.25
(95% CI 0.18-0.31). The median value was =0.20, which is
considered a small effect size, according to Cohen’s criteria
[31]. We used this latter value as a criterion for success for this
type of intervention. Interventions with an effect size higher or
equal to =0.20 were classified as successful (n=26), and those
with effect sizes below 0.20 as less successful (n=25).

Statistical Analysis

Prior to the main analyses, effect sizes were inspected for
outliers. The intervention described by Hurling et a [32]
appeared to be an outlier (=2.25). Analyses performed with
and without this outlier showed that it significantly influenced
the weighted average effects and so it was omitted from
subsequent analyses.

Univariate Analyses

To analyze the effect of usability factors on the efficacy of
interventions, standard subgroup or moderator analyses, were
conducted. The mixed effects model consisted of a random
effects model within subgroups and afixed effect model across
subgroups, which is an approach recommended by Borenstein
et a [33]. The significance of the Q model statistic indicated
whether the heterogeneity could be explained by the between
groupsvariable and thusif the factor was asignificant moderator
[33]. The mixed effects analysis was performed in CMA [29].

http://www.jmir.org/2016/6/e155/

Multivariate Analyses With Meta-CART

Meta-CART consists of two phases. In thefirst phase, a CART
analysis is applied and in the second phase, subgroup
meta-analysisis applied to the results of the first phase. CART
is a machine learning technique that builds classification trees
for categorical outcome variables and regression trees for
continuous outcome variables. In the context of our review, the
CART algorithm partitions interventions into homogeneous
subsets, resulting in abinary treein which the end nodes contain
the most homogeneous groups with respect to within-group
effect size. The partitioning is based on intervention
characteristics (eg, aBCT). Moreinformation on the background
of CART analysisis provided by Dusseldorp et a [19].

A CART analysis proceedsin three steps (see Figure 1). Inthe
first step, a full classification tree is grown [20] for the
dichotomized outcome variable with different minimum
numbers of interventionsin an end node. This minimum can be
fixed at 5 (which is often used in standard CART) or can be
varied. In general, the recommended strategy is to choose this
value aslow aspossible (to be ableto grow alargetree and then
pruneit back) [20]. In this study, we varied this number between
2 (the absolute minimum) and 6 (a relatively high value). In
addition, a minimal decrease in heterogeneity (impurity) of
0.001 was set as a stopping rule. In this analysis, this resulted
in 6 full classification treesthat differed in the minimum number
of interventions in the end nodes. In the second step, the full
classification trees were pruned, using the standard procedure
of CART (with tenfold crossvalidation and the
one-standard-error rule [19]). The pruning procedure resultsin
a best size of the tree, expressed in the number of end nodes.
To increase the stability of the results, the pruning procedure
was repeated 1000 times [19]. This resulted in 1000 estimates
of the best tree size, from which the modal tree size was chosen.
If the modal tree size was 1 (meaning atree of one end node,
ie, thetotal groupisnot split) or 2 (meaning atree with two end
notes, so one split, indicating no interaction), then the analyses
were not continued. For example, in Figure 1, the pruning
procedure shows that there is no interaction effect when the
minimum number in an end note is set at 2. In the third step,
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the pruned trees were inspected for “end cut preference”
splitting: this occurs if the first split of the tree ends in a node
that has the minimum number of interventions (as defined
earlier, ranging from 2-6). If this occurs in the first branch, no
splits can be made after this one. If end-cut preference was
present, the tree was dismissed and atree with alarger minimum
number of interventions was preferred [34]. In this research,
end-cut preference occurred when the minimum number was
set at 3, 4, and 5. These three steps are shown in Figure 1. The
final tree represents the synergistic effect of the moderators (in
our case BCTs and or modes) on outcomes. The end nodes of
the tree form the subgroups. From the final tree, anew variable
was created, with its categories referring to the end nodes of
thetree. The CART analyses were performed in the R software
environment, version 2.15 [35] using the package rpart, which
is developed for classification and regression trees [36].

van Genugten et al

In the second phase of the meta-CART procedure, a standard
subgroup meta-analysisis performed to investigate whether the
new grouping variable resulting from the first phase accounts
for heterogeneity in the study effect sizes. The same procedures
were used as for the analyses of the factors that influence
usability. An advantage of the subgroup analysis was that a
weighted mean effect size () was obtained for each subgroup
(ie, end node of the treg).

In total, three meta-CART analyses were performed, varying
in the BCTs and MoDs that were included as moderators (see
Table 2). The first analysis included only the 20 BCTs. The
second analysis included only the 7 MoDs. The third analysis
included the 20 BCTsand 7 MoDstogether. Not enough studies
were available to perform a meta-CART analysis with the
usability factors as moderators.

Table2. Meta-CART Analyses conducted in this research (see Multimedia Appendix 1 for the names of the BCTs and MoD).

Research question

BCT/ MoD?

Included moderators

Effective combinations of BCTs

Analysis 1: 46 studies

20BCTs 4,5, 6, 7, 8, 10, 13, 14, 19, 20, 21, 22, 23, 24, 25, 27, 28, 34, 35, 39

Effective combinations of MoD

Analysis 2: 31 studies

7MaoDs: b, d, e f, g h,i

Effective combinations of BCTs and MoDs

Analysis 3: 43 studies

20 BCTs (see above); 7 MoDs (see above)

3BCTs/ MoDsthat are univariately associated with an effect sizethat ishigher than the effect size of the studies that do not include the specific BCT/MoD,

minus outlier Hurling et a [32].

Results

First, the scale characteristics and effect sizes from the factors
that influence usability are described. Then, the results from
thethree meta-CART analyses are described: thefirst oneusing
BCTsonly, the second one using MoDs only, and the third one
using both.

http://www.jmir.org/2016/6/e155/
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Usability and Effect Size

The first analysis examined whether the usability factors
influenced intervention effectiveness. Interventions that were
deemed to be moreefficient (ie, scored higher on the efficiency
subscale) proved to be more effective (=0.43, 95% CI
0.18-0.67) than interventions that are less efficient (=0.02,
95%CI -0.29 to 0.10; between groups Q-value=4.25, P=.04).
No relations between effect size and other usability factorswere
found (see Table 3).
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Figurel. Stepwise meta-CART analyses.
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Table3. Usability: factor reliabilities, factor median, and theimpact of these factors on effect size (low versus high, Q-model and P valuefor difference)

among 12 interventions.

Scale a Median of scale (95% CI) Between groups Q (P value)
Low (smedian of scale) High (>median of scale)
Learnability? 50 - - . .
Efficiency 69 333 0.02 (-0.29 t0 0.10) 0.43 (0.18-0.67) 4.25 (.04)
Memorability 91 500 0.32 (-0.2310 0.87) 0.22 (-0.09t0 0.53) 0.09 (.76)
Errors® 70 333 0.47 (0.31-0.63) 0.15 (-0.34 10 0.64) 1.45 (.23)
Satisfaction 73 400 0.37 (0.01-0.73) 0.15 (-0.22 t0 0.53) 0.67 (.41)
Personalization® 70 233 0.15 (-0.19 to 0.49) 0.38 (0.05-0.68) 0.82(.37)
Situatedness 98 200 0.21 (-0.08 to 0.50) 0.52 (0.23-0.81) 2.14 (.14)
Social Interaction 94 333 0.10 (-0.40 to 0.69) 0.34 (0.04-0.65) 0.68 (.41)
3 tem 4 removed from scale.

bscale not analyzed because of low reliability.
CItem 10 removed from scale.
ditem 16 removed from scale.
€ltem 21 removed from scale.

Effective Combinations of Behavior Change
Techniques

MetaeCART analyses were conducted to study effective
combinations of BCTs. The best fitting tree was found when a
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BCT was used by at least 6 interventions, that is, the minimum
amount of studiesin an end node was set at 6. Thisresulted in
a tree with four end nodes (see Figures 1 and 2). Subgroup
analysis showed that the subgroups were significantly different
from each other (between groups Q-value=11.03, P=.01). One
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synergistic effect was found: interventions that included both
barrier identification/ problem solving and provided rewards
for behavior change had an average effect size of 0.23 (95% ClI
0.08-0.38). Interventions that only provided normative
information about the behavior of others (=0.16, 95% ClI
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0.10-0.23) or included barrier identification/ problem solving
(=0.13, 95% CI 0.04-0.23) were |least effective. Interventions
that used other combinations of techniques than barrier
identification/ problem solving and provided rewards for
behavior change were most effective ( =0.43, 95% CI 0.27-0.59).

Figure2. Resultsfrom meta-CART and subgroup analyses: classification tree and effect sizes across studies that used at |east two univariately effective
BCTs (n=47) (note a: percentage of interventionsin this node that were more successful, ie, an effect size higher than 0.20).

13. Provide
rewards for
behavior

identification/
problem solving

8. Barrier

4. Provide
normative
information about
thers’ behavior

caFT 95%C1 0.04-0.23

Effective Combinations of M odes of Delivery

The meta-CART analysis including the seven MoDs showed
that the best fitting tree had only one node—the root node. In
other words, there was no combination of MoDs that was able
to explain heterogeneity in the effectiveness of Internet-based
interventions for health behavior change.

Effective Combinations of Behavior Change
Techniques and M odes of Delivery

When all BCTsand MoDswere combined inthethird analysis,
no synergistic effects were found.

Additional Analyseson Group 4

Figure 2 shows that interventions that did not prompt barrier
identification/ problem solving or provide normativeinformation
about others' behavior (Group 4) were the most effective. We

http://www.jmir.org/2016/6/e155/

RenderX
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95%C1 0.10-0.23 95%Cl1 0.27-0.59

therefore conducted additional analyses to understand the
positive effects among this group of studies. Based on previous
reviews, meta-analyses and the original study by Webb, we set
hypothesis related to study quality, intervention intensity, and
effective univariate BCTs. Our first hypothesis was that the
increased effectivenesswas dueto theinterventionsin thisgroup
being more intensive. Our second hypothesis was that the
interventions with a larger effect were evaluated in studies of
lower methodological quality than the interventions with a
smaller effect (eg, used passive control conditions or self-report
measures of outcome). In order to test these hypotheses, 2
authors coded (1) the number of contacts and length of contact
in the intervention, (2) activity in the control condition (no
treatment vs alternative intervention), and (3) measurement of
outcome (self-report or objective). They discussed the coding
results until agreement was reached.
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Next, we compared the BCTs, intervention, and characteristics
from the studies in Group 4 (n=12) to the other studiesin this
review (n=34), using chi-sguare tests and t tests. Interventions
in Group 4 had significantly more contact moments (mean=180)
than the other interventions (mean 40; P=.03). Furthermore, the
BCTs “model/demonstrate the behavior” (P=.09) and “prompt
self-talk” (P=.01) were more often used in Group 4 studies
compared to the other studies. These BCTs were not included
in the meta-CART because they were used by fewer than 6
studies. Theinterventionsin Group 4 also used an active control
intervention more often (compared to no intervention, P=.03)
and had a longer follow-up time between intervention and
measurement (P <.05) than the other studies. No differences
were found with regard to use of self-reporting or objective
measurement of outcomes. Thus, the higher effectsin thisgroup
cannot be explained by aweaker study design in these studies.

Discussion

Principal Findings

This meta-analysis re-analyzed data from a systematic review
of onlineinterventions aimed at health-related behavior change
[3] inan effort to identify synergistic effects of behavior change
techniques (BCTs), modes of delivery (MoDs), and usability
factors. First, the univariate analyses of the usability factors
indicated that one usability factor influenced effect sizes: the
efficiency of the intervention. Meta-CART was then used to
identify subgroups of interventions that were associated with
particular levels of effectiveness. One synergistic effect was
found: barrier identification/ problem solving in combination
with providing rewards for behavior change (=0.23). No
synergistic effects were found among MoDs or among MoDs
with BCTs. Below, we discuss each of these findings in more
detail.

Usability Factors

The usability questionnaire that we developed resulted in 7
reliable subscales (one subscale was not reliable). Efficiency
was positively related to intervention effect. This means that
interventions that are flexible (can cater both experienced and
inexperienced users), provide structure (that is understood by
the user and the user knows where they are in that structure),
and make use of default settings are more likely to be effective.
The score for efficiency ranged from 2.33 (for study [37]) to 5
(for study [38,39]). Participants may be more likely to use an
intervention if it is efficient in its use (eg, quick delivery of
information or support). Furthermore, these characteristicsallow
the user to use the system easily and quickly, therefore posing
low cognitive load on the user. A high cognitive load is less
likely to result in a learning experience than a low cognitive
load [40]. Based on these assumptions, increasing the content
of an onlineintervention may come at the expense of efficiency.
This makes it necessary to take into account usability and
effectiveness when making a strategic choice about what to
include in interventions.

Nevertheless, we should be careful in interpreting these results
because usability information was provided by the authors of
only 12 of the primary studies and their answers were not
cross-validated aswe did not have accessto these interventions.

http://www.jmir.org/2016/6/e155/
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However, based on thereliability of the subscales (the mgjority)
and the finding that efficiency predicted variability in the
effectiveness of the primary interventions, we believe that our
taxonomy issuitablefor usein thesekinds of settings. Of course,
more research in larger studies is needed to establish its
reliability and validity, especially if coded by different authors.
A special concern in these studies should be the improvement
of the learnability scale, as its reliability was unsatisfactory.
Better-powered studies should explore the best combinations
of items to make the scales. In addition, item 4 (visibility of
system status) was removed because it reduced the reliability
of the scale even further. The remaining three items have amean
value of 4.4-4.6 (SD 0.70-0.97). Asthe minimum is 1 and the
maximum is 5, this may indicate that these questions cannot
differentiate sufficiently. Perhaps the questions should be stated
in astronger and more precise fashion. For example, instead of
asking if the intervention follows platform conventions (item
2; scale of totally disagree to totally agree), it may be possible
to ask which or how many aspect platform conventions are
followed (eg, crossin upper right corner, disk to save changes).

Synergistic Effects

Webb et a [3] reported that the univariate effects of barrier
identification/ problem solving and providing rewards for
behavior change were =0.20 and =0.18, respectively. In this
analysis, thesetwo BCTshad acombined effect of =0.23, which
ishigher than using barrier identification/ problem solving only.
Both techniques are likely to play arole in the maintenance of
action and prevention of relapse. The interactive effect may be
due to their different approach. While barrier identification/
problem solving takes a somewhat negative approach (ie,
thinking about what can go wrong), providing rewards for
behavior change suggests a positive consequence in the future.
Also, barrier identification/ problem solving is aimed directly
at problem solving (instrumental function of skill learning),
while providing rewards for behavior change has a more
affective function in increasing motivation. The combination
may thus provide for different needs. Based on our findings,
we suggest using these techniques together.

However, the most effective interventions were those that did
not provide normative information about the behavior of others
or prompt barrier identification/ problem solving ( =0.43). Webb
et a [3] showed that interventions including more BCTs were
more effective, but this group of studiesdid not use more BCTs
than the less effective studies. However, the effective studies
had significantly more contact moments than the other studies.
In addition, these studies more often used “ model/demonstrate
the behavior” and “prompt self-talk” than the other studies.
Furthermore, it is likely that these studies (and also the other
studies) included BCTsthat were not included in the taxonomy.
Thus, they are not coded and their effects not analyzed by Webb,
nor by usin this study. Also, implementation of the BCTswas
not taken into account, afactor that may influence effectiveness
[41] by how, when, and for how long a BCT is used in an
intervention. For example, the BCT “provide rewards for
behavior” does not make explicit what the reward is, who
decides it, and how often it is given. These factors can greatly
influence its effectiveness.
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In line with previous studies, our findings suggest that online
interventions designed to promote health behavior should not
provide normative information on the behavior of others. Other
studies showed that providing information on what people
usualy do (ie, descriptive norms), independent of presenting
minority or majority information [42], islesslikely toresultin
action [39,43,44]. When presenting normative information, it
might be better to use injunctive norms (what people typically
approve or disapprove) [45]. In future reviews it will be
important to differentiate between injunctive and descriptive
norms and then analyze differential effects.

It is important to understand the context in which a BCT
operates [42-44]. MoD is part of this context. Michie et al [18]
showed that differencesin the effectiveness of theinterventions
could be explained by, among others, theoretical basis, use of
theory and MaD. In the origina review [3], the univariate
influence of additional MoD was quite strong (eg, I nternet-based
interventions that also included telephone contact were more
effective than those without). In our research, however, no
effective combinations were found among MoD. This may be
due to the fact that each MoD by itself is already an additional
mode: every modeisin additionto an onlineintervention. Based
on theresults of Webb et al’s review and our meta-analysis, we
can recommend that online interventions include one or more
additional MoDs, but we cannot advise on specific additional
modes to increase the effectiveness. In addition, when BCTs
and MoDs were combined, only combinations of BCTs were
found. These findings indicate that the effectiveness of BCTs
is not dependent on (additional) modes of delivery.

Limitations and Future Directions

Thisis one of the first studies to investigate interactive effects
of BCTsand MoDs in online interventions. However, the lack
of primary studiesthat used alarge number of BCTsand MoDs
limited our options for analysis. First, not all BCTs from the
original taxonomy of Abraham and Michie[9] were present in
the original analyses by Webb et al [3]. Furthermore, only a
selection of the BCTs from Webb et a was included in the
meta-CART analysis. In addition, other techniques that are not
part of the taxonomy (such as cognitive restructuring) may be
effective as well. A similar limitation occurred for modes of
delivery. Assuch, our findingsare limited to therelatively small
number of effective BCTs and MODs that were present in at
least 6 interventions (the number needed in each end node to
obtain astabletree) in this dataset. Stress management, general
communication skillstraining, model/demonstrate the behavior,
and facilitate socia comparison were highly effective
univariately but were used by five studies or fewer. As such,
these BCTs were not included in the final tree. Thus, the lack
of effects found for these BCTs in this meta-analysis does not
influence the conclusions about these BCTsin [3]. Furthermore,
all studies in the meta-analysis were published at least 7 years
ago. As such, no interventions using smartphones or tablets
have been included. It would be interesting to study if the same
effects are found by more recent interventions, and if the same
relation with usability exists.

In general, few synergistic effects were found, suggesting that
the BCTs that were identified by Webb et a [3] have a clear
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single effect that cannot [46] be strengthened by combining
them with other BCTs. For example, previous studies have
shown that self-monitoring of behaviora outcomes is
moderately-to-strongly related to behavior change[3,18,47-50].
In the current meta-analysis, we could not identify other BCTs
that improve the effects of self-monitoring. The lack of this
combined effect may be due to the same reason why we did not
find any combination among some of the most effective BCTs:
the low number of studies that used a certain BCT. Another
problem may be the dichotomization of the effect size (using a
classification treg). Ideally, the original, continuous outcome
would be used (in aregression tree); however, the studies could
not be weighted. In the CART procedure, the accuracy of the
study effect sizes could not be taken into account. The advantage
of the use of acontinuous outcome (compared to adichotomized
one) is that the variance in the effect sizes is maintained.
Therefore, a regression tree is less likely to be biased than a
classification tree. The next step for CART in meta-analysisis
to develop the possibility of taking study weight into account,
thus decreasing the risk of biasin trees.

This meta-analysis aimed to provide information on which
combination of techniques may enhance the effectiveness of
Internet-based interventions designed to promote health
behavior. It does not, however, explain how the techniques
should be used in practice, that is, when, where, and in which
shape they will be effective. Bartholomew et a provide such
recommendations for alimited set of techniques[51], but more
information is needed. Also, negative effectswere not explored
further in the meta-CART analyses because interactions were
found only when factorsthat have positive effects wereincluded.
Another limitation is that this meta-analysis shows the effects
on behavior and/or outcomes, but not on the potential mediators
(eg, factors such as attitudes, self-efficacy, and skills) that might
explain behavior change [46,52]. Given that behavior change
is assumed to be the result of changes via behaviora or
environmental determinants[21,53], and BCTs are expected to
have an impact on such determinants, it is important to also
understand the change mechanisms[54]. More evidenceisalso
needed with regard to implementation factors such as dose and
fidelity [13,55,56]. A higher number of intended contact
moments was associated with alarger effects sizein the Group
4 studies, but we did not take into account the intended or
delivered dose of BCTs. Adding ameasure of actual dose allows
us to study a dose-effect relation and differentiate between
efficacy and effectiveness [41] and may thus increase our
understanding of when and how to choose and use BCTSs.

Further research into usability factors may also increase our
insight in change mechanisms. Thelistsof indicators of usability
and mode of delivery that were used in this study are not
exhaustive. Future studies should take into account recent
developmentsin thisfield, such as the use of smartphones and
their connection with the intervention under study. Finally, a
broad range of outcomes was used in this meta-analysis
(physical activity, healthy eating, alcohol consumption and
more) and the relatively small number of studies did not allow
us to conduct separate analyses for each behavior. In future
studies, it would be useful to find out if combinations of BCTs
have different effects for specific behaviors.
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Conclusion We then used meta-CART analysis to investigate the effects of

Thisresearch developed anew coding framefor identifying the
factorsthat influence the usability of online interventions. One
factor—efficiency—influenced effect sizes, with more efficient
studiestending to report larger effectsthan less efficient studies.

combinations of BCTs and/or modes of delivery. We were able
to identify the synergistic effect of two BCTs: (1) prompting
barrier identification/ problem solving in combination with (2)
providing rewards for behavior change. However, no other
interactive effects of BCTs and modes of delivery were found.

Conflictsof Interest
None declared.

Multimedia Appendix 1
Univariate effect sizes of behavior change techniques and modes of delivery (n=85 studies).

[PDE File (Adobe PDF File), 51K B-Multimedia Appendix 1]

References

1.

10.

11.

12.

13.

14.

15.

16.

Fox S. Pew Research Center's Internet & American Life Project. 2011. The socid life of health information URL: http:/
Iwww.pewinternet.org/~/media/Files/Reports/2011/PIP_Social_Life of Health Info.pdf [accessed 2015-01-09] [WebCite
Cache ID 6VRoNyrOR]

Griffiths F, Lindenmeyer A, Powell J, Lowe P, Thorogood M. Why are health care interventions delivered over the internet?
A systematic review of the published literature. JMed Internet Res 2006;8(2):€10 [FREE Full text] [doi: 10.2196/jmir.8.2.€10]
[Medline: 16867965]

Webb TL, Joseph J, Yardley L, Michie S. Using the internet to promote health behavior change: a systematic review and
meta-analysis of the impact of theoretical basis, use of behavior change techniques, and mode of delivery on efficacy. J
Med Internet Res 2010;12(1):e4 [FREE Full text] [doi: 10.2196/jmir.1376] [Medline: 20164043]

Kroeze W, Werkman A, Brug J. A systematic review of randomized trials on the effectiveness of computer-tailored education
on physical activity and dietary behaviors. Ann Behav Med 2006 Jun;31(3):205-223. [doi: 10.1207/s15324796abm3103 2]
[Medline: 16700634]

Shahab L, McEwen A. Online support for smoking cessation: a systematic review of the literature. Addiction 2009
Nov;104(11):1792-1804. [doi: 10.1111/j.1360-0443.2009.02710.X] [Medline: 19832783]

Verweij LM, Coffeng J, van MW, Proper KI. Meta-analyses of workplace physical activity and dietary behaviour interventions
on weight outcomes. Obes Rev 2011 Jun;12(6):406-429. [doi: 10.1111/j.1467-789X.2010.00765.x] [Medline: 20546142]
Abraham C, Sheeran P, Johnston M. From health beliefs to self-regulation: Theoretical advancesin the psychology of
action control. Psychology & Health 1998 Jul;13(4):569-591. [doi: 10.1080/08870449808407420]

Michie S, Richardson M, Johnston M, Abraham C, Francis J, Hardeman W, et al. The behavior change technique taxonomy
(v1) of 93 hierarchically clustered techniques: building an international consensus for the reporting of behavior change
interventions. Ann Behav Med 2013 Aug;46(1):81-95. [doi: 10.1007/s12160-013-9486-6] [Medline: 23512568]

Abraham C, Michie S. A taxonomy of behavior change techniques used in interventions. Health Psychol 2008
May;27(3):379-387. [doi: 10.1037/0278-6133.27.3.379] [Medline: 18624603]

Cugelman B, Thelwall M, Dawes P. Online interventions for social marketing health behavior change campaigns. a
meta-analysis of psychological architectures and adherence factors. JMed Internet Res 2011;13(1):e17 [FREE Full text]
[doi: 10.2196/jmir.1367] [Medline: 21320854]

Peters GY, Ruiter RAC, Kok G. Threatening communication: acritical re-analysis and arevised meta-analytic test of fear
appeal theory. Health Psychol Rev 2013 May;7(Suppl 1):S8-S31 [FREE Full text] [doi: 10.1080/17437199.2012.703527]
[Medline: 23772231]

Sheeran P, Harris PR, Epton T. Does heightening risk appraisals change peopl€'sintentions and behavior? A meta-analysis
of experimental studies. Psychol Bull 2014 Mar;140(2):511-543. [doi: 10.1037/a0033065] [Medline: 23731175]

Breiman L. Classification and regression trees. New York: Chapman & Hall; 1984.

Dusseldorp E, van GL, van BS, Verheijden MW, van EP. Combinations of techniques that effectively change health
behavior: evidence from Meta-CART analysis. Health Psychol 2014 Dec;33(12):1530-1540. [doi: 10.1037/hea0000018]
[Medline: 24274802]

Brouwer W, Kroeze W, Crutzen R, de NJ, de VriesNK, Brug J, et al. Which intervention characteristics are related to more
exposure to internet-delivered healthy lifestyle promotion interventions? A systematic review. JMed Internet Res
2011;13(1):e2 [FREE Full text] [doi: 10.2196/jmir.1639] [Medline: 21212045]

Crutzen R, de Noaijer J, Brouwer W, OenemaA, Brug J, de VriesNK. Strategiesto facilitate exposure to internet-delivered
health behavior change interventions aimed at adolescents or young adults: a systematic review. Health Educ Behav 2011
Feb;38(1):49-62. [doi: 10.1177/1090198110372878] [Medline: 21189422]

http://www.jmir.org/2016/6/€155/ JMed Internet Res 2016 | vol. 18 | iss. 6 | €155 | p. 11

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v5i2e61_app1.pdf&filename=21c62c203d35d09a3e6d09f53af357d5.pdf
https://jmir.org/api/download?alt_name=jmir_v5i2e61_app1.pdf&filename=21c62c203d35d09a3e6d09f53af357d5.pdf
http://www.pewinternet.org/~/media/Files/Reports/2011/PIP_Social_Life_of_Health_Info.pdf
http://www.pewinternet.org/~/media/Files/Reports/2011/PIP_Social_Life_of_Health_Info.pdf
http://www.webcitation.org/

                                            6VRoNyr0R
http://www.webcitation.org/

                                            6VRoNyr0R
http://www.jmir.org/2006/2/e10/
http://dx.doi.org/10.2196/jmir.8.2.e10
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16867965&dopt=Abstract
http://www.jmir.org/2010/1/e4/
http://dx.doi.org/10.2196/jmir.1376
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20164043&dopt=Abstract
http://dx.doi.org/10.1207/s15324796abm3103_2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16700634&dopt=Abstract
http://dx.doi.org/10.1111/j.1360-0443.2009.02710.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19832783&dopt=Abstract
http://dx.doi.org/10.1111/j.1467-789X.2010.00765.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20546142&dopt=Abstract
http://dx.doi.org/10.1080/08870449808407420
http://dx.doi.org/10.1007/s12160-013-9486-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23512568&dopt=Abstract
http://dx.doi.org/10.1037/0278-6133.27.3.379
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18624603&dopt=Abstract
http://www.jmir.org/2011/1/e17/
http://dx.doi.org/10.2196/jmir.1367
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21320854&dopt=Abstract
http://europepmc.org/abstract/MED/23772231
http://dx.doi.org/10.1080/17437199.2012.703527
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23772231&dopt=Abstract
http://dx.doi.org/10.1037/a0033065
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23731175&dopt=Abstract
http://dx.doi.org/10.1037/hea0000018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24274802&dopt=Abstract
http://www.jmir.org/2011/1/e2/
http://dx.doi.org/10.2196/jmir.1639
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21212045&dopt=Abstract
http://dx.doi.org/10.1177/1090198110372878
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21189422&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH van Genugten et &

17. van Genugten L, van Empelen P, Boon B, Borsboom G, Visscher T, Oenema A. Results from an online computer-tailored
weight management intervention for overweight adults: randomized controlled trial. J Med Internet Res 2012;14(2):e44
[FREE Full text] [doi: 10.2196/jmir.1901] [Medline: 22417813]

18. Hurling R, Fairley BW, Dias MB. Internet-based exercise intervention systems: Are more interactive designs better?
Psychology & Health 2006 Dec;21(6):757-772. [doi: 10.1080/14768320600603257]

19. Brouwer W, Oenema A, Crutzen R, de Nooijer J, de Vries NK, Brug J. An exploration of factors related to dissemination
of and exposureto internet-delivered behavior change interventions aimed at adults: a Delphi study approach. JMed Internet
Res 2008;10(2):e10 [FREE Full text] [doi: 10.2196/jmir.956] [Medline: 18417443]

20. Nielsen J. Designing Web Usability : The Practice of Simplicity. San Francisco: New Riders Press; 2000.

21. Michie S, Ashford S, Sniehotta FF, Dombrowski SU, Bishop A, French DP. A refined taxonomy of behaviour change
techniques to help people change their physical activity and healthy eating behaviours. the CALO-RE taxonomy. Psychol
Health 2011 Nov;26(11):1479-1498. [doi: 10.1080/08870446.2010.540664] [Medline: 21678185]

22. DavisFD. User acceptance of information technology: system characteristics, user perceptions and behavioral impacts.
International Journal of Man-Machine Studies 1993 Mar;38(3):475-487. [doi: 10.1006/imms.1993.1022]

23. AllanK, FordK, Patch K, Spellman J. User agent accessibility guidelines. URL : http://www.w3.org/ TR/IUAAG20/ [accessed
2015-01-07] [WebCite Cache ID 6V P0a066Q)]

24. Nielsen J, Mack RP. Usability inspection methods. New York: Wiley; 1994.

25. RogersY, Sharp Y, Preece J. Interaction Design: Beyond Human-Computer Interaction. New Jersey: Wiley; 2011.

26. Park J, Han SH, KimHK, Oh S, Moon H. Modeling user experience: A case study on amobile device. International Journal
of Industrial Ergonomics 2013 Mar;43(2):187-196. [doi: 10.1016/j.ergon.2013.01.005]

27. Fogg B. Persuasive Technology: Using Computers to Change What We Think and Do. Burlington: Morgan Kaufmann;
2002.

28. Shneiderman S, Plaisant C, Cohen M, Jacobs S. Designing the user interface: strategies for effective human-computer
interaction. Boston: Addison-Wesley; 2010.

29. Rothstein H, Sutton A, Borenstein M. Software for publication bias. In: Publication biasin meta-analysis: prevention,
assessment and adjustments. Chichester, England: Wiley; 2005.

30. HedgesL. Statistical Aspects of Effect Size Estimation. Washington: ERIC; 1981 Presented at: Annual Meeting of the
American Educational Research Association; April 13-17, 1981; Los Angeles.

31. Hurling R, Catt M, Boni MD, Fairley BW, Hurst T, Murray P, et al. Using internet and mobile phone technology to deliver
an automated physical activity program: randomized controlled trial. JMed Internet Res 2007;9(2):e7 [EREE Full text]
[doi: 10.2196/jmir.9.2.e7] [Medline: 17478409]

32. Borenstein M, Hedges L, Rothstein H. Introduction to meta-analysis. Oxford: Wiley; 2009.

33. Bradford J, Broadley C. The effect of instance-space partition on significance. Machine Learning 2001;42(3):269-286.
[doi: 10.1023/A:1007613918580]

34. R Development Core Team. R: A language and environment for statistical computing. Vienna: R Foundation for Statistical
Computing; 2012. URL: http://www.gbif.org/resource/81287 [accessed 2016-03-10] [WebCite Cache ID 6ful maGrK]

35. Therneau T, Atkinson B, Ripley B. R package version. 2012. Rpart: recursive partitioning URL : https://cran.r-project.org/
web/packages/rpart/index.html [accessed 2016-03-10] [WebCite Cache ID 6ful vrwbN]

36. Schrader C, Bastiaens T. The influence of virtual presence: Effects on experienced cognitive load and learning outcomes
in educational computer games. Computersin Human Behavior 2012 Mar;28(2):648-658. [doi: 10.1016/j.chb.2011.11.011]

37. Stok FM, de Ridder DTD, de Vet E, de Wit JBF. Minority talks: the influence of descriptive social norms on fruit intake.
Psychol Health 2012;27(8):956-970. [doi: 10.1080/08870446.2011.635303] [Medline: 22149532]

38. Burger M, Shelton M. Changing everyday health behaviors through descriptive norm manipulations. Socia Influence
2011 Apr;6(2):69-77. [doi: 10.1080/15534510.2010.542305]

39. Jacobson RP, Mortensen CR, Cialdini RB. Bodies obliged and unbound: differentiated response tendencies for injunctive
and descriptive social norms. J Pers Soc Psychol 2011 Mar;100(3):433-448. [doi: 10.1037/a0021470] [Medline: 21171790]

40. Reid AE, Aiken LS. Correcting injunctive norm misperceptions motivates behavior change: a randomized controlled sun
protection intervention. Health Psychol 2013 May;32(5):551-560. [doi: 10.1037/a0028140] [Medline: 23646838]

41. Cialdini RB. Crafting normative messages to protect the environment. Current Directions in Psychol Sci 2003
Aug;12(4):105-109. [doi: 10.1111/1467-8721.01242]

42. Rothman AJ, Baldwin AS, Hertel AW. Self-regulation behavior change: Disentangling behavioral initiationbehavioral
maintenance. In: Baumeister RF, Vohs KD, editors. Handbook of Self-Regulation, Second Edition: Research, Theory, and
Applications. New York: The Guilford Press; 2004.

43. Kok G, SchaalmaH, Ruiter RAC, van Empelen P, Brug J. Intervention mapping: protocol for applying health psychology
theory to prevention programmes. J Health Psychol 2004 Jan;9(1):85-98. [doi: 10.1177/1359105304038379] [Medline:
14683571]

44. Bartholomew L, Parcel GS, Kok G, Gottlieb NH, Fernandez ME. Planning Health Promotion Programs: An Intervention
Mapping Approach. 3rd edition. San Francisco: Jossey-Bass; 2011.

http://www.jmir.org/2016/6/€155/ JMed Internet Res 2016 | vol. 18 | iss. 6 | €155 | p. 12

(page number not for citation purposes)


http://www.jmir.org/2012/2/e44/
http://dx.doi.org/10.2196/jmir.1901
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22417813&dopt=Abstract
http://dx.doi.org/10.1080/14768320600603257
http://www.jmir.org/2008/2/e10/
http://dx.doi.org/10.2196/jmir.956
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18417443&dopt=Abstract
http://dx.doi.org/10.1080/08870446.2010.540664
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21678185&dopt=Abstract
http://dx.doi.org/10.1006/imms.1993.1022
http://www.w3.org/TR/UAAG20/
http://www.webcitation.org/

                                            6VP0ao66Q
http://dx.doi.org/10.1016/j.ergon.2013.01.005
http://www.jmir.org/2007/2/e7/
http://dx.doi.org/10.2196/jmir.9.2.e7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17478409&dopt=Abstract
http://dx.doi.org/10.1023/A:1007613918580
http://www.gbif.org/resource/81287
http://www.webcitation.org/

                                            6fuLmaGrK
https://cran.r-project.org/web/packages/rpart/index.html
https://cran.r-project.org/web/packages/rpart/index.html
http://www.webcitation.org/

                                            6fuLvrwbN
http://dx.doi.org/10.1016/j.chb.2011.11.011
http://dx.doi.org/10.1080/08870446.2011.635303
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22149532&dopt=Abstract
http://dx.doi.org/10.1080/15534510.2010.542305
http://dx.doi.org/10.1037/a0021470
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21171790&dopt=Abstract
http://dx.doi.org/10.1037/a0028140
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23646838&dopt=Abstract
http://dx.doi.org/10.1111/1467-8721.01242
http://dx.doi.org/10.1177/1359105304038379
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=14683571&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH van Genugten et &

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

Michie S, Abraham C, Whittington C, McAteer J, Gupta S. Effective techniques in healthy eating and physical activity
interventions: ameta-regression. Health Psychol 2009 Nov;28(6):690-701. [doi: 10.1037/a0016136] [Medline: 19916637]
Bravata DM, Smith-Spangler C, Sundaram V, Gienger AL, Lin N, LewisR, et a. Using pedometers to increase physical
activity and improve health: asystematic review. JAMA 2007 Nov 21;298(19):2296-2304. [doi: 10.1001/jama.298.19.2296]
[Medline: 18029834]

Dombrowski SU, Sniehotta FF, Avenell A, Johnston M, MacLennan G, Araljo-Soares V. |dentifying active ingredients
in complex behavioural interventions for obese adults with obesity-related co-morbidities or additional risk factors for
co-morbidities: asystematic review. Health Psychology Review 2012 Mar;6(1):7-32. [doi: 10.1080/17437199.2010.513298]
Greaves CJ, Sheppard KE, Abraham C, Hardeman W, Roden M, EvansPH, et al. Systematic review of reviews of intervention
components associated with increased effectivenessin dietary and physical activity interventions. BMC Public Health
2011;11:119 [FREE Full text] [doi: 10.1186/1471-2458-11-119] [Medline: 21333011]

deBM, Sheeran P, Kok G, HiemstraA, Prins M, HospersHJ, et a. Self-regulatory processes mediate the intention-behavior
relation for adherence and exercise behaviors. Health Psychol 2012 Nov;31(6):695-703. [doi: 10.1037/a0027425] [Medline:
22390738]

Albarracin D, Gillette JC, Earl AN, Glasman LR, Durantini MR, Ho M. A test of major assumptions about behavior change:
acomprehensivelook at the effects of passive and active HIV-prevention interventions since the beginning of the epidemic.
Psychol Bull 2005 Nov;131(6):856-897 [FREE Full text] [doi: 10.1037/0033-2909.131.6.856] [Medline: 16351327]
Webb TL, Sheeran P. Does changing behavioral intentions engender behavior change? A meta-analysis of the experimental
evidence. Psychol Bull 2006 Mar;132(2):249-268. [doi: 10.1037/0033-2909.132.2.249] [Medline: 16536643]

Kremers SPJ, de Bruijn G, Visscher TLS, van Mechelen W, de Vries NK, Brug J. Environmental influences on energy
balance-related behaviors: a dual-process view. Int J Behav Nutr Phys Act 2006;3:9 [EREE Full text] [doi:
10.1186/1479-5868-3-9] [Medline: 16700907]

Olander EK, Fletcher H, Williams S, Atkinson L, Turner A, French DP. What are the most effective techniquesin changing
obese individuals' physical activity self-efficacy and behaviour: a systematic review and meta-analysis. Int J Behav Nutr
Phys Act 2013;10:29 [FREE Full text] [doi: 10.1186/1479-5868-10-29] [Medline: 23452345]

Eysenbach G. Medicine 2.0: socia networking, collaboration, participation, apomediation, and openness. J Med Internet
Res 2008;10(3):e22 [FREE Full text] [doi: 10.2196/jmir.1030] [Medline: 18725354]

Durlak JA, DuPre EP. Implementation matters: areview of research on theinfluence of implementation on program outcomes
and the factors affecting implementation. Am J Community Psychol 2008 Jun;41(3-4):327-350. [doi:
10.1007/s10464-008-9165-0] [Medline: 18322790]

de BM, Crutzen R, Peters GY. Everything should be as simple as possible, but thiswill still be complex: areply to various
commentarieson | PEBA. Health Psychol Rev 2015;9(1):38-41. [doi: 10.1080/17437199.2014.981833] [Medline: 25559162]

Abbreviations

BCT: behavior change technique

CALO-RE: Coventry, Aberdeen, and London—Refined taxonomy
CART: classification and regression trees

CMA: comprehensive meta-analysis

MoD: mode of delivery

Edited by G Eysenbach; submitted 09.01.15; peer-reviewed by SDombrowski, SMichie; commentsto author 19.02.15; revised version
received 27.04.15; accepted 24.05.15; published 07.06.16

Please cite as:

van Genugten L, Dusseldorp E, Webb TL, van Empelen P

Which Combinations of Techniques and Modes of Delivery in Internet-Based I nterventions Effectively Change Health Behavior? A
Meta-Analysis

J Med Internet Res 2016; 18(6): €155

URL: http://www.jmir.org/2016/6/e155/

doi: 10.2196/jmir.4218
PMID: 27268104

©L enneke van Genugten, Elise Dusseldorp, Thomas Llewelyn Webb, Pepijn van Empelen. Originally published in the Journal
of Medical Internet Research (http://www.jmir.org), 07.06.2016. Thisis an open-access article distributed under the terms of the
Creative Commons Attribution License (http://creativecommons.org/licenses/by/2.0/), which permits unrestricted use, distribution,
and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research, is

http://www.jmir.org/2016/6/e155/ JMed Internet Res 2016 | vol. 18 |iss. 6| €155 | p. 13

(page number not for citation purposes)


http://dx.doi.org/10.1037/a0016136
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19916637&dopt=Abstract
http://dx.doi.org/10.1001/jama.298.19.2296
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18029834&dopt=Abstract
http://dx.doi.org/10.1080/17437199.2010.513298
http://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-11-119
http://dx.doi.org/10.1186/1471-2458-11-119
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21333011&dopt=Abstract
http://dx.doi.org/10.1037/a0027425
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22390738&dopt=Abstract
http://europepmc.org/abstract/MED/16351327
http://dx.doi.org/10.1037/0033-2909.131.6.856
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16351327&dopt=Abstract
http://dx.doi.org/10.1037/0033-2909.132.2.249
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16536643&dopt=Abstract
http://ijbnpa.biomedcentral.com/articles/10.1186/1479-5868-3-9
http://dx.doi.org/10.1186/1479-5868-3-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16700907&dopt=Abstract
http://ijbnpa.biomedcentral.com/articles/10.1186/1479-5868-10-29
http://dx.doi.org/10.1186/1479-5868-10-29
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23452345&dopt=Abstract
http://www.jmir.org/2008/3/e22/
http://dx.doi.org/10.2196/jmir.1030
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18725354&dopt=Abstract
http://dx.doi.org/10.1007/s10464-008-9165-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18322790&dopt=Abstract
http://dx.doi.org/10.1080/17437199.2014.981833
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25559162&dopt=Abstract
http://www.jmir.org/2016/6/e155/
http://dx.doi.org/10.2196/jmir.4218
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27268104&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH van Genugten et &

properly cited. The complete bibliographic information, alink to the original publication on http://www.jmir.org/, as well asthis
copyright and license information must be included.

http://www.jmir.org/2016/6/€155/ JMed Internet Res 2016 | vol. 18 | iss. 6 | €155 | p. 14
(page number not for citation purposes)

RenderX


http://www.w3.org/Style/XSL
http://www.renderx.com/

