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Abstract

Background: Type 2 diabetes can be prevented through lifestyle changes, but sustainable and scalable lifestyle interventions
are still lacking. Habit-based approaches offer an opportunity to induce long-term behavior changes.

Objective: The purposes of this study were to describe an internet-based lifestyle intervention for people at risk for type 2
diabetes targeted to support formation of healthy habits and explore its user engagement during the first 6 months of a randomized
controlled trial (RCT).

Methods: The app provides an online store that offers more than 400 simple and contextualized habit-forming behavioral
suggestions triggered by daily life activities. Users can browse, inspect, and select them; report their performances; and reflect
on their own activities. Users can also get reminders, information on other users’ activities, and information on the prevention of
type 2 diabetes. An unblended parallel RCT was carried out to evaluate the effectiveness of the app in comparison with routine
care. User engagement is reported for the first 6 months of the trial based on the use log data of the participants, who were 18-
to 70-year-old community-dwelling adults at an increased risk of type 2 diabetes.

Results: Of 3271 participants recruited online, 2909 were eligible to participate in the RCT. Participants were randomized using
a computerized randomization system to the control group (n=971), internet-based intervention (digital, n=967), and internet-based
intervention with face-to-face group coaching (F2F+digital, n=971). Mean age of control group participants was 55.0 years,
digital group 55.2 years, and F2F+digital 55.2 years. The majority of participants were female, 81.1% (787/971) in the control
group, 78.3% (757/967) in the digital group, and 80.7% (784/971) in the F2F+digital group. Of the participants allocated to the
digital and F2F+digital groups, 99.53% (1929/1938) logged in to the app at least once, 98.55% (1901/1938) selected at least one
habit, and 95.13% (1835/1938) reported at least one habit performance. The app was mostly used on a weekly basis. During the
first 6 months, the number of active users on a weekly level varied from 93.05% (1795/1929) on week 1 to 51.79% (999/1929)
on week 26. The daily use activity was not as high. The digital and F2F+digital groups used the app on a median of 23.0 and 24.5
days and for 79.4 and 85.1 minutes total duration, respectively. A total of 1,089,555 habit performances were reported during the
first 6 months. There were no significant differences in the use metrics between the groups with regard to cumulative use metrics.

Conclusions: Results demonstrate that internet-based lifestyle interventions can be delivered to large groups including
community-dwelling middle-aged and older adults, many with limited experience in digital app use, without additional user
training. This intermediate analysis of use behavior showed relatively good engagement, with the percentage of active weekly
users remaining over 50% at 6 months. However, we do not yet know if the weekly engagement was enough to change the
lifestyles of the participants.
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Introduction

Background
The prevalence of diabetes is rapidly increasing globally and is
now almost 10% among adults aged 25 years and older [1], with
type 2 accounting over 90% of the cases [2]. According to the
International Diabetes Federation, the cause of type 2 diabetes
is not completely understood, but it is largely connected to
excess body weight, increasing age, ethnicity, and family history
[3]. Type 2 diabetes can be prevented or delayed by influencing
modifiable risk factors through healthy lifestyles [3].

The key challenges in type 2 diabetes prevention are scaling up
interventions, selecting the most appropriate intervention,
tailoring interventions to different populations and settings, and
ensuring clinically meaningful, cost-effective outcomes [4].
There are increasing efforts to provide readily accessible,
cost-effective type 2 diabetes interventions to the general public
[5]. Interventions using digital technology are of special interest
because they may be easier to disseminate and maintain
compared with diabetes prevention programs delivered by health
care professionals or peers [5].

Systematic reviews have shown that digital interventions can
be effective, and effectiveness is mediated by factors related to
health behavior change and intervention characteristics related
to user engagement in the intervention [6]. Development of
digital behavior change interventions should be driven by direct
and indirect evidence and behavior change theory [7]. While
many different theories, approaches, and techniques have been
used in behavior change research, most digital behavior change
interventions fail to take habitual behavior into account [8].
Habits are central in changing health behaviors because an
estimated 50% to 95% of daily life behaviors are habits,
performed relatively automatically with little thought or regard
to current goals or intentions [9,10].

Habit-formation approaches promote the repetition of behavior
until it becomes habitual, provide context cues to trigger the
behavior, and give rewards that help strengthen the association
between the context cues and the behavior [11]. Promoting the
repetition of behaviors is about creating opportunities for and
encouraging frequent repetition of specific responses (eg,
through visual advertisements of providing possibilities to
rehearse the new habit) [11]. According to Wood and Neal [11],
the provided context cues should be stable and can include times
of day, locations, prior actions in a sequence, or presence of
other people. People can be encouraged to create plans (ie,
implementation intentions) to perform a behavior in a given
context. Interventions can also tie a new healthy behavior to an
existing habit, which is called piggybacking. Provision of
rewards may help in habit forming especially at the early stages

of habit formation [11]. A recent review on digital behavior
change interventions shows that only 3 interventions out of 85
targeted formation of new healthy habits [12].

Another important factor for sustained engagement in behavior
change is the quality of motivation [13]. Self-determination
theory (SDT) [14] defines a continuum from controlled to
autonomous motivation, where controlled motivation is driven
by external factors such as sanctions, rewards, social pressure,
etc, and autonomous motivation by internal factors such as
individual values and enjoyment, thereby fulfilling the
individual’s basic psychological needs: perceptions of autonomy,
control or self-efficacy, and relatedness [14]. Interventions to
prevent type 2 diabetes are based on evidence from a limited
set of lifestyle objectives describing what [15,16] people should
achieve, but programs could provide individuals freedom of
choice on how to reach these objectives. If individuals could
select in which order to start and from whom to receive the
necessary support, it would increase their autonomy in the
selection of the changes they pursue, their sense of self-efficacy
resulting from achievement, and their feelings of relatedness
with peers or significant others, resulting in improved fit with
their daily lives and higher odds for maintenance.

Using habit-based approaches and SDT as the behavior change
theories to guide digital intervention development holds great
promise to induce long-term behavior changes and bring lasting
public health benefits.

Objectives
The purpose of this study was to describe an internet-based
intervention targeted for people at risk for type 2 diabetes to
support formation of healthy habits and explore use behavior
during the first 6 months of a randomized controlled trial (RCT).

Methods

Design and Randomization
The internet-based intervention, called the BitHabit app, was
developed in a national research project studying the real-world
implementation of evidence-based type 2 diabetes prevention
programs. The study was a 1-year unblinded parallel RCT
[NCT03156478] conducted across 3 regions in Finland
(Northern Savo, Päijät-Häme, and Southern Carelia). The
detailed protocol and design for the study were reported
elsewhere [17].

Participants in the trial were randomized using a computerized
randomization system, and they were allocated to one of 3
groups: (1) control group, (2) internet-based intervention
(digital), or (3) internet-based intervention with face-to-face
group coaching (F2F+digital). Allocation to the intervention
groups was made 1:1:1 using a computerized randomization
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system. This is an intermediate analysis focusing on the use
behavior of the participants allocated to the intervention groups.

Participants were recruited online between March 2017 and
February 2018 through a digital risk-screening tool that was
provided through the project’s website. Participants were
attracted to the website by varied means including social media,
newspapers, radio, television, websites, health care and social
service units, and community pharmacies in collaboration with
municipal services, employers, patients associations, and other
nongovernmental organizations [17]. Individuals identified to
be eligible and willing to participate in the study were given
instructions on how to contact a nurse in a local health care
center for examination visits.

The study was approved by Research Ethics Committee of the
Hospital District of Northern Savo (statement number:
467/2016). Written informed consent to participate in the study
and for the use of data from national health care registers was
obtained from all participants. The informed consent procedure
is described in detail in the trial protocol article [17]. The study
is conducted according to the Responsible Conduct of Research
by the Finnish Advisory Board on Research Integrity and the
Declaration of Helsinki.

Participants
The inclusion criteria were (1) aged between 18 and 70 years;
(2) increased risk of type 2 diabetes based on a Finnish Diabetes
Risk Score ≥12 points [18] or a history of gestational diabetes
or repeated impaired fasting glucose (fasting plasma glucose
6.1 to 6.9 mmol/L) or impaired glucose tolerance (2-hour plasma
glucose 7.8 to 11.0 mmol/L in 2-hour oral glucose tolerance
test); (3) living in the province of Northern Savo, Päijät-Häme,
or Southern Carelia; (4) access to a computer, smartphone, or
tablet with internet connection; (5) having a phone number of
their own; and (6) having adequate Finnish language skills. The
exclusion criteria were (1) type 1 or type 2 diabetes; (2)
pregnancy or breastfeeding; and (3) active cancer or less than
6 months from cancer treatment.

Requirements for the Internet-Based Intervention
The overall development of the internet-based intervention was
guided by the Medical Research Council Guidelines on
Development of Complex Health Interventions [19]. Identifying
the evidence base from the literature proceeded in parallel with
ideation, benchmarking, and prototyping. After feasibility
testing, changes were made in both content and functionality.

The two lines of behavior change theory that formed the basis
of app development were habit formation approaches and SDT.
These approaches were considered to be suitable to support
maintenance of behavior change, which is a challenge in lifestyle
interventions [13]. SDT and especially autonomy support have
been associated with higher effectiveness in the long-term, and
habit-based approaches also show promise in this respect [13].

In the habit formation approach, it is important to offer tiny
behaviors that can be easily repeated and expanded from
one-time or occasional behaviors to repeated sequences of
behaviors and finally to permanent behaviors [20]. Furthermore,
the frequent repetition of these behaviors needs to be sufficiently

supported in a stable context in order for the users to be able to
form a cognitive association between context cues and responses
and provide some kind of reward to strengthen the association
[11]. Thus, the app was designed to promote selection of tiny
behaviors that were linked to a specific trigger and boost
execution of the behaviors until they become automatic habits.

SDT as the evidence base also provided some key requirements
for the app. In order to promote autonomy, a broad selection of
behaviors was required to foster freedom of choice. To enhance
self-efficacy, the behaviors needed to be feasible for the users,
and they also had to be behaviors that users were already
familiar with. Finally, enhancing relatedness and sense of
community was a challenge. Traditionally, it has been perceived
as the sense of being respected, understood, and cared for by
health care professionals, forming experiences of connection
and trust [21]. We decided to enhance relatedness and sense of
community through other participants of the study by providing
a possibility for the users to learn about other users’ activities
in the app.

Other requirements were derived from benchmarking, feasibility
testing with a group of end users representing people at risk for
type 2 diabetes, and the research consortium that had real-time
access to the app during its development. There was a need to
design a scalable app that could be automatically taken into use
after randomization by community-dwelling middle-aged and
older adults—many with limited experiences in digital app
use—without any additional support. It was found that
smartphone use is much less common among people aged over
45 years, especially among women [22]. Thus, it was necessary
to implement a web-based app suitable for all smart devices
without requiring installment of a native app. The feasibility
study showed that participants did not always know how to use
their smartphones and had difficulties with wireless networks,
passwords, and touch screens. In addition, they were used to
using search engines for accessing websites and not the address
bar. Thus, there was a need to develop an easy way to access
the app.

Internet-Based Intervention
We decided to provide an experience similar to online shopping,
which most adults are familiar with [22]. Rather than traditional
health apps, we took the online store as our model, with the idea
of offering health behaviors as the products organized in
different departments or categories. The BitHabit app provides
an extensive habit library we called a store of habits that was
developed by translating lifestyle guidelines and
recommendations into simple habit-forming behavioral
suggestions, which we named BitHabits.

Users could log in to the app via a personalized link that they
received via email and text message. When they clicked the
link, the app opened up in a web browser. When users logged
in for the first time, a brief health behavior questionnaire was
launched. After that, they entered the app, which has 3 main
views: (1) select view for browsing, inspecting, and selecting
habits; (2) monitor view for reporting performances; and (3)
summary view for reflecting on activities (Figure 1).
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Figure 1. Three main views of the BitHabit app.

At their first visit, users landed in the select view where they
could browse, inspect, and select BitHabits. Each BitHabit has
a brief title, a more detailed description, and a health fact derived
from the existing knowledge. Selected BitHabits appeared in
the monitor view, a shopping basket. To promote execution and
automation, BitHabits were presented per physical contexts
common in the users’everyday lives; home, work, grocery store,
and so on.

After users made at least one selection, they landed in the
monitor view. Users were expected to report the performance
of BitHabits on a daily basis, but they could also add
performances afterward through the calendar view (Figure 2).
Intended dose was not recommended for them. An additional
feature included in the calendar view was a choice to stop
monitoring a BitHabit.

The summary view presented an overview of user selections
and performances per lifestyle category in a horizontal bar
graph. The left side of the bar showed the number of selections
per category. As soon as users made at least one selection, the
bar color changes and seems full. The right side of the bar
showed the number of performances. The maximum number
for performances was 100, but users could collect more if they

liked. Users were able to go directly from this view to browsing,
inspecting, and selecting new BitHabits.

Use instructions with privacy notice were available through the
green question mark icon. In addition, pop-up functionality sent
use instructions during the first use sessions and provided simple
feedback. Feedback consisted of anonymous information on
other users’ selections during the habit selection (eg, 160 users
have selected this BitHabit), and automatic feedback related to
a certain habit (eg, you have been performing this BitHabit for
30 days) or number of performances in different lifestyle
categories (eg, you have already performed over 35 BitHabits
from the meal frequency category).

Reminders were sent when (1) user received a link to the
intervention app but was not logged in, (2) user was logged in
but had not made any selections, (3) user made selections but
had not reported them, and (4) user had logged in at least once
but had not used the app for a week. Reminders 2 and 3 were
added shortly after the app was launched.

The order of the categories in the user interface was determined
by the brief health behavior questionnaire presented in the
beginning. The categories where the improvement potential was
highest were presented first. A system-level description of the
BitHabit app is available in Multimedia Appendix 1.
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Figure 2. Calendar-functionality enables reporting performances.

The store contained 489 BitHabits divided into 13 categories:
meal frequency (43 habits), vegetables (53 habits), dietary fat
(38 habits), grain products (24 habits), sugar (20 habits), alcohol
and other drinks (19 habits), everyday physical activity (64
habits), conditioning physical activity (68 habits), sedentary
behavior (36 habits), sleep (42 habits), positive mood (37
habits), stress management (23 habits), and nonsmoking (22
habits). Sleep, stress management, and positive mood were

incorporated into the design with the more traditional type 2
diabetes risk factors because of increasing evidence of their
relevance to cardiometabolic diseases and increasing prevalence
of comorbidity between type 2 diabetes and common mental
disorders [23,24]. We also wanted to promote the use of the
app among those who were not comfortable in making changes
related to diet or physical activity. The sample of a
content-related logic model is presented in Figure 3.
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Figure 3. Simplified content-related logic model.

Internet-Based Intervention With Face-to-Face Group
Coaching
Both groups got access to the BitHabit app in the same way,
through the personalized link they received via email and text
message. In addition, the participants allocated to the
face-to-face coaching plus digital intervention (F2F+digital)
group were invited to participate in group coaching consisting
of 6 meetings organized in local health care centers. Topics of
these meetings were type 2 diabetes, rhythm of daily life, healthy
diet, physical activity, automating activity to everyday life, and
self-evaluation of program outcomes [17]. Internet-based
intervention and group coaching share the same overarching
behavior change theory, SDT [14], and they share the same
lifestyle goals [17].

The groups were facilitated by nurses or other health care
professionals. The BitHabit app was introduced to them during
their training program, and they also got access to the app. Later
they had an opportunity to participate in a professional
development day where app use as part of the group coaching
was discussed. However, group facilitators were not expected
to give advice related to app use. In the participant workbook,
app use was mentioned very briefly using app-related tasks such
as searching a habit related to the topic at hand.

Measurements and Data Analysis
For this intermediate analysis, use data from the BitHabit app
during the first 6 months of the study were available. The
BitHabit app automatically collected log files of user
interactions, selected habits, and habit performances in the app.
The user interactions log contained a time stamped log of each
page view in the app. The log of selected habits contained all
habit selections during the course of the app use. The habit
performance log collected all habit performances as marked by
the user in the monitor and calendar views along with dates
when the user claims to have performed the habit. In addition,
a limited set of baseline data was available to describe the
demographics of the intervention groups. The other
measurements of the study are described elsewhere [17].

Relevant variables included use sessions, use days, duration of
use, percentage of users accessing the app on a daily and weekly
level, number of visits to each view of the app, start times of
the identified use sessions, and selected and performed habits
per categories. The research questions for engagement in this
intermediate analysis are focused on describing the overall use
activity and use behavior:

• How well were participants able to access the app and try
out its basic functionalities?

• How actively was the app used over the course of the first
6 months?

• In which ways was the app used and how did the use evolve
during the first 6 months?

• How were the app use times distributed during the day?
• How were the selections and performances of habits

distributed among the different categories?
• Were there any differences between the intervention groups?

The analysis covers the first 6 months, or more accurately 26
weeks, of the intervention, starting from the date the participants
received the invitation to the app. As the distributions of the
use metrics are very skewed, medians and interquartile ranges
(IQR) of the use metrics are reported. Comparison of the use
metrics between groups was done with Mann-Whitney U tests.
The analyses were conducted with Matlab R2017a (The
Mathworks Inc) and SPSS Statistics version 26 (IBM Corp).
Statistical significance was set at P<.05.

Results

Participant Recruitment
A total of 3271 individuals were recruited to participate in the
study. Of these, 362 participants were excluded, 201 due to
being diagnosed with type 2 diabetes in the baseline
measurements and 161 for other reasons. Finally, 2909
participants were randomized, of which 971 were allocated to
the control group, 967 to the internet-based intervention, and
971 to the internet-based intervention with face-to-face group
coaching. The flow diagram of the Stop Diabetes intervention
study is presented in Figure 4.
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Figure 4. Flow diagram of the Stop Diabetes intervention study [17].

Participant Characteristics
Baseline participant characteristics are reported in Table 1. The
mean age of the control group was 55.0 (SD 9.9) years, digital
group 55.2 (SD 9.9) years, and F2F+digital 55.2 (SD 10.1)

years; 81.1% (787/971) of the control group, 78.3% (757/967)
of the digital group, and 80.7% (784/971) of the F2F+digital
group participants were women. More than half of the
participants were working (1693/2909, 58.20%), and almost
one-third (803/2909, 27.60%) were retired.
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Table 1. Participant characteristics (n=2909).

Face-to-face coaching and digital
intervention (n=971)

Digital intervention
(n=967)

Control group
(n=971)

Characteristics

55.2 (10.1)55.2 (9.9)55.0 (9.9)Age in years, mean (SD)

Gender, n (%)

784 (80.7)757 (78.3)787 (81.1)Women

187 (19.3)210 (21.7)184 (18.9)Men

85.7 (17.0)86.5 (17.4)87.1 (16.9)Weight (kg), mean (SD)

30.9 (5.4)31.0 (5.4)31.3 (5.4)Body mass index (kg/m2), mean (SD)

101.1 (13.0)101.5 (13.3)102 (13.2)Waist circumference (cm), mean (SD)

Education, n (%)

50 (5.2)45 (4.7)45 (4.6)Elementary school

35 (3.6)18 (1.9)24 (2.5)Middle school

214 (22.0)239 (24.7)223 (23.0)Vocational school

39 (4.0)37 (3.8)44 (4.5)High school

270 (27.8)270 (27.9)287 (29.6)Institute degree

221 (22.8)195 (20.2)195 (20.1)Bachelor’s degree

142 (14.6)163 (16.9)153 (15.8)Higher academic degree

Work status, n (%)

489 (50.4)504 (52.1)522 (53.8)Wage earner

63 (6.5)60 (6.2)55 (5.7)Entrepreneur

54 (5.6)50 (5.2)56 (5.8)Unemployed

23 (2.4)25 (2.6)21 (2.2)Student

274 (28.2)275 (28.4)254 (26.2)Pensioner

68 (7.0)53 (5.5)63 (6.2)Other

Marital status, n (%)

582 (59.9)608 (62.9)616 (63.4)Married

124 (12.8)120 (12.4)106 (10.9)Cohabitation

1 (0.1)0 (0)1 (0.1)Registered relationship

83 (8.6)76 (7.9)64 (6.6)Unmarried

143 (14.7)140 (14.5)154 (15.9)Divorced

38 (3.9)23 (2.4)30 (3.1)Widowed

Access to BitHabit App and Trying Out the Basic
Functionality
Almost all participants were able to access the app with their
own smart device and try out the basic functionality of selecting
habits and reporting them. Of the participants allocated to the
digital and F2F+digital groups, 99.53% (1929/1938) logged in
to the app at least once; they will be henceforth called app users.
Of the app users, 98.55% (1901/1929) selected at least one habit.
At least one habit performance was reported by 95.13%
(1835/1929) of app users.

Use Activity During the First Six Months
During the first 6 months, the number of active users on a
weekly level varied from 93.05% (1795/1929) in week 1 to
51.79% (999/1929) in week 26. The daily use activity was not
as high; on any given day during the first 6 months, a median
of 17.21% (332/1929; IQR 15.3%-20.3%) of users accessed the
app. Figure 5 presents the percentage of active users by group
per intervention week.

Cumulative use metrics for the two groups are summarized in
Table 2. The digital and F2F+digital groups used the app on a
median of 23.0 and 24.5 days and for 79.4 and 85.1 minutes
total duration, respectively.
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Figure 5. Percentage of active users per intervention week.

Table 2. Cumulative use metrics for the first 6 months.

F2F+Digitala, median (IQR)Digital, median (IQR)Use metric

28.0 (13.8-50.0)26.0 (13.0-48.0)Use sessions

24.5 (12.0-42.0)23.0 (12.0-42.0)Use days

18.0 (10.0-23.0)18.0 (8.00-23.0)Use weeks

3.25 (1.95-5.12)3.05 (1.79-5.14)Session duration, average (minutes)

85.1 (37.3-188.4)79.4 (37.0-167.0)Total duration (minutes)

24.0 (12.0-45.0)24.0 (13.0-44.0)Selected habits

277.0 (66.0-747.5)263.0 (59.8-703.3)Reported performances

52.0 (17.0-131.0)45.0 (14.0-131.0)Days with performances

9.0 (5.0-12.0)9.0 (6.0-12.0)Categories of reported habits

aF2F+digital: face-to-face coaching plus digital intervention.

Ways of Use
Most page views were related to the use of the monitor view
(ie, monitoring and reporting of performed habits). Only during
the first month was the use of the select view to browse, inspect,
and select habits more popular. The summary view was not
used very frequently compared with the other views.

The use of the monitor view increased over time as more use
focused on reporting performances and also because the view

became the landing page as soon selections were made. The use
of the calendar view under the monitor view increased over
time, probably indicating that users started marking more
performances through the calendar view and thus, marking
several days’ performances at a time instead of marking them
daily. The use of the select view (ie, browsing, inspecting and
selecting new habits) decreased over time. Table 3 shows the
distribution of views visited over the 6 months.
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Table 3. Distribution of views visited and changes over months.

Month 6Month 5Month 4Month 3Month 2Month 1View

6.807.527.899.2311.7719.97Browse

8.069.3410.2211.9915.7430.85Browse/Inspect

57.2555.9254.1951.7247.1534.47Monitor

22.4421.6021.6221.1519.229.74Monitor/Calendar

5.465.616.085.916.124.97Reflect

App Use Times During the Day
The use of the BitHabit app was quite well spread over the
assumed waking hours of the users. The most active hours were

from 8:00 pm to 10:00 pm, when 18.5% of the sessions were
started. Table 4 presents a summary of use with respect to the
time of day in the intervention groups.

Table 4. Use of the BitHabit app according to the time of day.

Percentage of sessionsTime of day

0.8400:00-00:59

0.3301:00-01:59

0.1402:00-02:59

0.1603:00-03:59

0.2904:00-04:59

0.6605:00-05:59

1.8406:00-06:59

2.8807:00-07:59

4.3408:00-08:59

4.3709:00-09:59

5.3910:00-10:59

5.6111:00-11:59

5.1712:00-12:59

4.6713:00-13:59

4.5414:00-14:59

4.8215:00-15:59

5.2216:00-16:59

5.3917:00-17:59

6.1418:00-18:59

7.3319:00-19:59

9.0420:00-20:59

9.4821:00-21:59

7.5322:00-22:59

3.8423:00-23:59

Selections and Performances in Different Habit
Categories
Most habits were selected from the stress management, positive
mood, and vegetables categories. In addition, meal frequency,
everyday physical activity, and alcohol and other drinks were
selected by over 700 users in both groups. A total of 1,089,555
habit performances were reported during the first 6 months of
the study. Table 5 presents a detailed summary of habit

selections and performances. For each habit category, the
number of selections and number of users who selected habits
from the category, number of habit performances, and number
of users who performed habits from each category are presented
for both groups.

Differences Between the Intervention Groups
There were no significant differences in use metrics between
the groups with regard to cumulative use metrics (Table 2), and
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selected habit categories were very similar in both groups. In
the digital group, most performances were reported in the meal
frequency, positive mood, and stress management categories.
In the F2F+digital group, most performances were reported in

the vegetables, stress management, and meal frequency
categories (Table 5). In both groups, the most popular categories
achieved over 60,000 reported habit performances.

Table 5. The number of selections and users and the number of habit performances and users per group.

Performances, F2F+digitalPerformances, digitalSelections, F2F+digitalaSelections, digitalHabit category

UsersTotalUsersTotalUsersTotalUsersTotal

64360,24865664,24470925587082652Meal frequency

68165,31967257,50973931257323148Vegetables

56436,67755937,49763118256221843Grain products

61746,62859646,58367027215652809Dietary fat

52817,11353216,49160719056141938Sugar

63130,95461029,93069525756882653Conditioning physical activity

61532,52862529,19769627967082854Everyday physical activity

53421,52452919,62562919516201931Sedentary behavior

68952,20067856,81573723757222460Alcohol and other drinks

14241551725781176286211417Nonsmoking

58454,31358459,83064123276472400Sleep

75563,89073761,66481543408074402Stress management

62055,62864663,21268832547183407Positive mood

aF2F+digital: face-to-face coaching plus digital intervention.

Discussion

Achievement of Objectives
The purpose of this study was to describe an internet-based
lifestyle intervention targeted to support healthy habits and to
explore use behavior during the first 6 months. We developed
the idea of an app providing an online store offering
habit-forming behavioral suggestions that could be easily
adopted in everyday life. We were able to recruit over 3000
participants, of whom 1938 were allocated in the active
intervention groups using the BitHabit app. Participants were
mainly middle-aged and older adults, and the majority of them
were women. They were a relatively typical participant group
for a type 2 diabetes prevention program [25]. Our research
questions for engagement in this intermediate analysis were
focused on describing the overall use activity and use behavior.

Principal Findings
Among our participants, almost all (1929/1938) opened the app
at least once, and almost all who logged in selected at least one
habit and reported at least one performance. Based on this, it
can be concluded that the app was accessible by our target
group.

On a weekly level, the percentage of active users varied from
93.1% to 51.8%. This use activity compares favorably with
previous studies of similar technologies. For example, the shape
of the graph of active users resembles the one for mobile apps
in Mattila et al [26], but their percentage of active users was
only about 30% at 6 months. The difference in favor of the

BitHabit app may partly be explained by the reminder feature.
In Kaipainen et al [27], where a publicly available online healthy
eating and weight loss program was studied, 25% of the
participants who started the program returned for a follow-up.
In Helander et al [28], where a free mobile app for dietary
self-monitoring was studied, 2.58% used the app actively. On
a daily level, use activity of the BitHabit app was lower than
expected, with a median of 17.2% of users accessing the app
on any given day during the first 6 months. This implies that
we failed to create a daily pattern of use of the app but supported
weekly use instead. However, we cannot yet say whether daily
use of the app is actually required. The relationship between
use and health-related outcomes may be complex, and sufficient
engagement with the intervention to achieve intended outcomes
(ie, effective engagement) needs to be determined empirically,
keeping in mind that it can also be dependent on individual
users’ characteristics and context of use [29,30]. Decreasing
use may not always imply disengagement from the intervention;
it may be due to achievement of desired health outcomes or
behavior changes [31]. An early study on mobile self-monitoring
found that after a period of frequent self-monitoring, participants
felt they learned to self-monitor without the app, which
decreased the frequency of monitoring, especially for
food-related events [32].

The analysis of ways of use showed that the app was mostly
used for monitoring and reporting the performed BitHabits.
Only during the first month were browsing, inspecting, and
selecting habits more popular than monitoring and reporting.
This was expected because the monitor view was the landing
page (ie, first page that opened for the users every time they
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entered the app), and users were supposed to report their habits
on a daily or weekly basis. The least visited view was the view
presenting a summary of the all performances in different
categories. Our original objective was to provide feedback of
performances in a simple visual way with elements of
gamification—such as a colored bar that could be filled by
performances—that would also serve as a booster for selecting
and reporting more BitHabits. However, our findings suggest
that the view with its functions was not able to fulfill the
objectives and hence requires further development.

The analysis of use times showed that use of the BitHabit app
was quite well spread over the assumed waking hours of the
users, and the most active hours were in the evening. Context
recognition and timely reminders would encourage use
throughout the day, but we were not able to provide such
features because wide accessibility through a web-based app
was deemed more important. Also, the evidence related to
reminders is not indisputable. Based on the literature, time cues
might even prevent habit formation. According to Lally et al
[33], prospective memory research indicates that situations
permit external cueing of an intended action whereas time cues
require monitoring to identify the time to act [34].

The most actively selected habit categories were stress
management, positive mood, and vegetables and fruits in both
groups, and it was a bit surprising that stress management and
positive mood were among the top 3 categories. Originally these
not-so-obvious type 2 diabetes risk factors were incorporated
into the design because there was increasing evidence of their
relevance to cardiometabolic diseases, and we also wanted to
promote the use of the app among those who are not comfortable
in making changes related to diet or physical activity. On the
other hand, the prevalence of stress and other mental health
issues is rapidly increasing. Mental and behavioral disorders
was the largest disease group causing disability leading to
disability pension in Finland in 2018, causing 43% of all
disability pensions [35]. In the United Kingdom, stress,
depression, or anxiety accounted for 44% of all work-related
ill health cases in 2018 [36].

Interestingly, both intervention groups used the app in a similar
way. Torbjørnsen et al [37] reported similar results where the
use of the app was not particularly different between the
intervention groups. There is evidence from previous research
that support from peers or counselors is usually an effective
way to increase intervention engagement and effectiveness
[38-40], but this was not observed in our study. There were
some differences between the groups, however, with the reported
habit performances. The habit categories with the most
performances were meal frequency, positive mood, and stress
management in the digital group and vegetables, stress
management, and meal frequency in the F2F+digital group.
This can be partly explained by the content of the face-to-face
group coaching where nurses promoted the use of vegetables
as part of a healthy diet.

Implications
This study has some implications for research and practice.
First, results demonstrate that internet-based lifestyle
interventions can be delivered to large groups including

community-dwelling middle-aged and older adults, many with
limited experience in digital app use, without additional user
training. Interventions can be used independently or in addition
to face-to-face group coaching. Second, user engagement is
critical, and possibilities to disengagement should be identified
in advance and tackled with appropriate solutions such as
reminders. Our results indicate that use sessions of the BitHabit
app were short and relatively frequent, which was the intended
way of using the app to boost habit formation by repetition of
tiny behaviors. Third, the popularity of habits related to stress
management and positive mood indicates that there is a huge
need for solutions addressing mental health issues. Following
Stein et al [41], there should be an integrated response to mental
disorders and other chronic diseases in health systems because
mental disorders share common features with other chronic
communicable and noncommunicable diseases.

Limitations
This study has some limitations. We cannot yet know if the
weekly engagement was enough to change lifestyles of the
participants because the effective engagement is not yet known
and needs to be determined empirically when the outcomes are
available [30]. According to Miller et al [42], engagement to
digital interventions is a multidimensional concept, including
both the extent to which an intervention is used and the
subjective experience of the user. Unfortunately we did not have
qualitative data from the first 6 months of the study available
for analysis, but it would have been valuable to inform
explanations for the patterns observed. One possible user
experience problem is that the app offered a broad selection of
BitHabits with tailoring affecting the order of categories but
not the content. Although it was expected that the abundance
of suggestions ensured that there was enough variety for each
user and quick browsing would ensure users could easily find
what was relevant for them, some users might have expected
more personalization.

Recommendations for Further Research
There are many possibilities to further research. Following the
logic of habit theories that suggest complex tasks may be less
prone to become automatic than simple tasks [9] and adapting
the tiny habit concept by Fogg [20], the BitHabits presented by
the app were designed to be simple enough and contextualized
to be carried out in the participants’ daily lives. It will be
important to study whether participants were able to form spans
and paths as expected and how these link with habit automaticity
measures [43] included in our study questionnaire. Furthermore,
in order to understand habit formation better, we will need to
analyze our use and questionnaire data more carefully to identify
determinants for use trajectories. Our rich data will provide
unique opportunities to analyze behavior change processes.

Conclusion
Our aim was to develop a scalable solution as a tool for lifestyle
modification for type 2 diabetes prevention that could be adopted
easily by community-dwelling middle-aged and older adults,
many with limited experiences in digital app use, without
additional user training to promote users’ autonomy and help
them change their habits. We found that our solution was
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accessible by the participants with their own smart devices and
almost all tried out the basic functionality of selecting habits
and reporting them. This intermediate analysis of use behavior
showed relatively good engagement, with the percentage of
active weekly users remaining over 50% at 6 months. However,
we cannot yet know if the weekly engagement was enough to
change the lifestyles of participants. Sufficient engagement with

the intervention to achieve intended outcomes (ie, effective
engagement) still needs to be determined empirically when
outcomes are available [30]. A total of 1,089,555 habit
performances were reported during the first 6 months. Categories
related to the nontraditional type 2 diabetes risk factors stress
management and positive mood were among the most popular
ones in both groups.

Acknowledgments
We would like to thank the Strategic Research Council at the Academy of Finland for funding our “Stop Diabetes—from knowledge
to solutions” project in 2016-2019 (303537). We would also like to acknowledge the valuable contribution of the research
consortium, our national and international collaborators, primary health care providers involved in the study, citizens who
participated in the feasibility testing, and citizens who enrolled in the study. The Strategic Research Council at the Academy of
Finland had no role in designing the study or collecting, managing, or analyzing the data; interpreting the results; writing the
manuscript; or deciding to submit the manuscript for publication.

Conflicts of Interest
None declared.

Multimedia Appendix 1
System description.
[PDF File (Adobe PDF File), 62 KB-Multimedia Appendix 1]

Multimedia Appendix 2
CONSORT-eHEALTH checklist (V 1.6.1).
[PDF File (Adobe PDF File), 2377 KB-Multimedia Appendix 2]

References

1. Danaei G, Finucane MM, Lu Y, Singh GM, Cowan MJ, Paciorek CJ, et al. National, regional, and global trends in fasting
plasma glucose and diabetes prevalence since 1980: systematic analysis of health examination surveys and epidemiological
studies with 370 country-years and 2.7 million participants. Lancet 2011 Jul 2;378(9785):31-40. [doi:
10.1016/S0140-6736(11)60679-X] [Medline: 21705069]

2. Bullard KM, Cowie CC, Lessem SE, Saydah SH, Menke A, Geiss LS, et al. Prevalence of diagnosed diabetes in adults by
diabetes type—United States, 2016. MMWR Morb Mortal Wkly Rep 2018 Mar 30;67(12):359-361 [FREE Full text] [doi:
10.15585/mmwr.mm6712a2] [Medline: 29596402]

3. International Diabetes Federation. IDF Diabetes Atlas URL: https://diabetesatlas.org/ [accessed 2019-06-16]
4. Cefalu WT, Buse JB, Tuomilehto J, Fleming GA, Ferrannini E, Gerstein HC, et al. Update and next steps for real-world

translation of interventions for type 2 diabetes prevention: reflections from a diabetes care editors' expert forum. Diabetes
Care 2016 Jul;39(7):1186-1201 [FREE Full text] [doi: 10.2337/dc16-0873] [Medline: 27631469]

5. Grock S, Ku J, Kim J, Moin T. A review of technology-assisted interventions for diabetes prevention. Curr Diab Rep 2017
Sep 23;17(11):107. [doi: 10.1007/s11892-017-0948-2] [Medline: 28942537]

6. Short C, Rebar A, Plotnikoff R, Vandelanotte C. Designing engaging online behaviour change interventions: a proposed
model of user engagement. Eur Heal Psychol 2013;17(1):32-38.

7. West R, Michie S. A Guide to Development and Evaluation of Digital Behaviour Interventions in Healthcare Title, Vol 1.
Surrey: Silverback Publishing; 2015.

8. Pinder C, Vermeulen J, Cowan BR, Beale R. Digital behaviour change interventions to break and form habits. ACM Trans
Comput Hum Interact 2018 Jun 28;25(3):1-66 [FREE Full text] [doi: 10.1145/3196830]

9. Wood W, Quinn JM, Kashy DA. Habits in everyday life: thought, emotion, and action. J Pers Soc Psychol 2002
Dec;83(6):1281-1297. [Medline: 12500811]

10. Bargh JA, Chartrand TL. The unbearable automaticity of being. Am Psychol 1999;54(7):462-479 [FREE Full text] [doi:
10.1037/0003-066X.54.7.462]

11. Wood W, Neal DT. Healthy through habit: interventions for initiating and maintaining health behavior change. Behav Sci
Policy 2016;2(1):71-83. [doi: 10.1353/bsp.2016.0008]

12. Orji R, Moffatt K. Persuasive technology for health and wellness: state-of-the-art and emerging trends. Health Informatics
J 2018 Mar;24(1):66-91. [doi: 10.1177/1460458216650979] [Medline: 27245673]

JMIR Diabetes 2020 | vol. 5 | iss. 3 | e15219 | p. 13https://diabetes.jmir.org/2020/3/e15219
(page number not for citation purposes)

Harjumaa et alJMIR DIABETES

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=diabetes_v5i3e15219_app1.pdf&filename=7ed2a8e8134ce53e15dd72e7e5d389a0.pdf
https://jmir.org/api/download?alt_name=diabetes_v5i3e15219_app1.pdf&filename=7ed2a8e8134ce53e15dd72e7e5d389a0.pdf
https://jmir.org/api/download?alt_name=diabetes_v5i3e15219_app2.pdf&filename=b7bd62e05e5bdde2145d7e24878726a0.pdf
https://jmir.org/api/download?alt_name=diabetes_v5i3e15219_app2.pdf&filename=b7bd62e05e5bdde2145d7e24878726a0.pdf
http://dx.doi.org/10.1016/S0140-6736(11)60679-X
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21705069&dopt=Abstract
https://dx.doi.org/10.15585/mmwr.mm6712a2
http://dx.doi.org/10.15585/mmwr.mm6712a2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29596402&dopt=Abstract
https://diabetesatlas.org/
http://care.diabetesjournals.org/content/39/7/1186.abstract
http://dx.doi.org/10.2337/dc16-0873
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27631469&dopt=Abstract
http://dx.doi.org/10.1007/s11892-017-0948-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28942537&dopt=Abstract
https://dl.acm.org/citation.cfm?id=3196830
http://dx.doi.org/10.1145/3196830
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12500811&dopt=Abstract
https://psycnet.apa.org/journals/amp/54/7/462/
http://dx.doi.org/10.1037/0003-066X.54.7.462
http://dx.doi.org/10.1353/bsp.2016.0008
http://dx.doi.org/10.1177/1460458216650979
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27245673&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


13. Kwasnicka D, Dombrowski SU, White M, Sniehotta F. Theoretical explanations for maintenance of behaviour change: a
systematic review of behaviour theories. Health Psychol Rev 2016 Sep;10(3):277-296 [FREE Full text] [doi:
10.1080/17437199.2016.1151372] [Medline: 26854092]

14. Ryan R, Deci E. Self-Determination Theory: Basic Psychological Needs in Motivation, Development, and Wellness. New
York: Guilford Press; 2017.

15. Tuomilehto J, Lindström J, Eriksson JG, Valle TT, Hämäläinen H, Ilanne-Parikka P, Finnish Diabetes Prevention Study
Group. Prevention of type 2 diabetes mellitus by changes in lifestyle among subjects with impaired glucose tolerance. N
Engl J Med 2001 May 03;344(18):1343-1350. [doi: 10.1056/NEJM200105033441801] [Medline: 11333990]

16. Lindström J, Peltonen M, Eriksson JG, Louheranta A, Fogelholm M, Uusitupa M, et al. High-fibre, low-fat diet predicts
long-term weight loss and decreased type 2 diabetes risk: the Finnish Diabetes Prevention Study. Diabetologia 2006
May;49(5):912-920. [doi: 10.1007/s00125-006-0198-3] [Medline: 16541277]

17. Pihlajamäki J, Männikkö R, Tilles-Tirkkonen T, Karhunen L, Kolehmainen M, Schwab U, et al. Digitally supported program
for type 2 diabetes risk identification and risk reduction in real-world setting: protocol for the StopDia model and randomized
controlled trial. BMC Public Health 2019 Mar 1;19(1):255. [doi: 10.1186/s12889-019-6574-y]

18. Lindstrom J, Tuomilehto J. The Diabetes Risk Score: a practical tool to predict type 2 diabetes risk. Diabetes Care 2003
Mar 01;26(3):725-731. [doi: 10.2337/diacare.26.3.725]

19. Craig P, Dieppe P, Macintyre S, Michie S, Nazareth I, Petticrew M. Developing and evaluating complex interventions: the
new Medical Research Council guidance. BMJ 2008;337:a1655 [FREE Full text] [Medline: 18824488]

20. Fogg B, Hreha J. Behavior wizard: a method for matching target behaviors with solutions. In: Lecture Notes in Computer
Science (Including Subseries Lecture Notes in Artificial Intelligence and Lecture Notes in Bioinformatics). Berlin: Springer;
2010.

21. Ryan R, Patrick H, Deci E, Williams G. Facilitating health behaviour change and its maintenance: interventions based on
self-determination theory. Eur Psychol 2008;10(1):2-5. [doi: 10.4135/9781412956253.n481]

22. Statistics Finland. Use of information and communications technology by individuals URL: http://www.stat.fi/til/sutivi/
index_en.html [accessed 2019-06-16]

23. Watson NF, Badr MS, Belenky G, Bliwise DL, Buxton OM, Buysse D, et al. Joint consensus statement of the American
Academy of Sleep Medicine and Sleep Research Society on the recommended amount of sleep for a healthy adult:
methodology and discussion. J Clin Sleep Med 2015;11(8):931-952. [doi: 10.5664/jcsm.4950]

24. Fisher EB, Chan JCN, Nan H, Sartorius N, Oldenburg B. Co-occurrence of diabetes and depression: conceptual considerations
for an emerging global health challenge. J Affect Disord 2012 Oct;142 Suppl:S56-S66. [doi: 10.1016/S0165-0327(12)70009-5]
[Medline: 23062858]

25. Aziz Z, Absetz P, Oldroyd J, Pronk NP, Oldenburg B. A systematic review of real-world diabetes prevention programs:
learnings from the last 15 years. Implement Sci 2015 Dec 15;10:172 [FREE Full text] [doi: 10.1186/s13012-015-0354-6]
[Medline: 26670418]

26. Mattila E, Orsama A, Ahtinen A, Hopsu L, Leino T, Korhonen I. Personal health technologies in employee health promotion:
usage activity, usefulness, and health-related outcomes in a 1-year randomized controlled trial. JMIR Mhealth Uhealth
2013;1(2):e16 [FREE Full text] [doi: 10.2196/mhealth.2557] [Medline: 25098385]

27. Kaipainen K, Payne CR, Wansink B. Mindless eating challenge: retention, weight outcomes, and barriers for changes in a
public web-based healthy eating and weight loss program. J Med Internet Res 2012 Dec 17;14(6):e168 [FREE Full text]
[doi: 10.2196/jmir.2218] [Medline: 23246736]

28. Helander E, Kaipainen K, Korhonen I, Wansink B. Factors related to sustained use of a free mobile app for dietary
self-monitoring with photography and peer feedback: retrospective cohort study. J Med Internet Res 2014;16(4):e109
[FREE Full text] [doi: 10.2196/jmir.3084] [Medline: 24735567]

29. Yardley L, Spring BJ, Riper H, Morrison LG, Crane DH, Curtis K, et al. Understanding and promoting effective engagement
with digital behavior change interventions. Am J Prev Med 2016 Nov;51(5):833-842. [doi: 10.1016/j.amepre.2016.06.015]
[Medline: 27745683]

30. Morrison LG, Geraghty AWA, Lloyd S, Goodman N, Michaelides DT, Hargood C, et al. Comparing usage of a web and
app stress management intervention: an observational study. Internet Interv 2018 Jun;12:74-82 [FREE Full text] [doi:
10.1016/j.invent.2018.03.006] [Medline: 30135771]

31. Ainsworth B, Steele M, Stuart B, Joseph J, Miller S, Morrison L, et al. Using an analysis of behavior change to inform
effective digital intervention design: how did the PRIMIT website change hand hygiene behavior across 8993 users? Ann
Behav Med 2017 Jun;51(3):423-431 [FREE Full text] [doi: 10.1007/s12160-016-9866-9] [Medline: 27909944]

32. Mattila E, Pärkkä J, Hermersdorf M, Kaasinen J, Vainio J, Samposalo K, et al. Mobile diary for wellness management:
results on usage and usability in two user studies. IEEE Trans Inf Technol Biomed 2008 Jul;12(4):501-512. [doi:
10.1109/TITB.2007.908237] [Medline: 18632330]

33. Lally P, van Jaarsveld CHM, Potts HWW, Wardle J. How are habits formed: modelling habit formation in the real world.
Eur J Soc Psychol 2009 Jul 16;40(6):998-1009. [doi: 10.1002/ejsp.674]

34. McDaniel MA, Einstein GO. Strategic and automatic processes in prospective memory retrieval: a multiprocess framework.
Appl Cognit Psychol 2001;14(7):S127-S144. [doi: 10.1002/acp.775]

JMIR Diabetes 2020 | vol. 5 | iss. 3 | e15219 | p. 14https://diabetes.jmir.org/2020/3/e15219
(page number not for citation purposes)

Harjumaa et alJMIR DIABETES

XSL•FO
RenderX

http://europepmc.org/abstract/MED/26854092
http://dx.doi.org/10.1080/17437199.2016.1151372
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26854092&dopt=Abstract
http://dx.doi.org/10.1056/NEJM200105033441801
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11333990&dopt=Abstract
http://dx.doi.org/10.1007/s00125-006-0198-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16541277&dopt=Abstract
http://dx.doi.org/10.1186/s12889-019-6574-y
http://dx.doi.org/10.2337/diacare.26.3.725
http://europepmc.org/abstract/MED/18824488
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18824488&dopt=Abstract
http://dx.doi.org/10.4135/9781412956253.n481
http://www.stat.fi/til/sutivi/index_en.html
http://www.stat.fi/til/sutivi/index_en.html
http://dx.doi.org/10.5664/jcsm.4950
http://dx.doi.org/10.1016/S0165-0327(12)70009-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23062858&dopt=Abstract
https://implementationscience.biomedcentral.com/articles/10.1186/s13012-015-0354-6
http://dx.doi.org/10.1186/s13012-015-0354-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26670418&dopt=Abstract
http://mhealth.jmir.org/2013/2/e16/
http://dx.doi.org/10.2196/mhealth.2557
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25098385&dopt=Abstract
https://www.jmir.org/2012/6/e168/
http://dx.doi.org/10.2196/jmir.2218
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23246736&dopt=Abstract
http://www.jmir.org/2014/4/e109/
http://dx.doi.org/10.2196/jmir.3084
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24735567&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2016.06.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27745683&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S2214-7829(18)30006-X
http://dx.doi.org/10.1016/j.invent.2018.03.006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30135771&dopt=Abstract
http://europepmc.org/abstract/MED/27909944
http://dx.doi.org/10.1007/s12160-016-9866-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27909944&dopt=Abstract
http://dx.doi.org/10.1109/TITB.2007.908237
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18632330&dopt=Abstract
http://dx.doi.org/10.1002/ejsp.674
http://dx.doi.org/10.1002/acp.775
http://www.w3.org/Style/XSL
http://www.renderx.com/


35. Recipients of earnings-related pension of disability pension 1996-2018 by disease category. 2019. URL: https://findikaattori.
fi/en/76 [accessed 2019-11-26]

36. Work-Related Stress, Anxiety or Depression Statistics in Great Britain, 2019. URL: http://www.hse.gov.uk/statistics/causdis/
stress.pdf [accessed 2020-03-14]

37. Torbjørnsen A, Jenum AK, Småstuen MC, Arsand E, Holmen H, Wahl AK, et al. A low-intensity mobile health intervention
with and without health counseling for persons with type 2 diabetes, part 1: baseline and short-term results from a randomized
controlled trial in the Norwegian part of RENEWING HEALTH. JMIR Mhealth Uhealth 2014;2(4):e52 [FREE Full text]
[doi: 10.2196/mhealth.3535] [Medline: 25499592]

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

39. Andersson G, Cuijpers P. Internet-based and other computerized psychological treatments for adult depression: a
meta-analysis. Cogn Behav Ther 2009;38(4):196-205. [doi: 10.1080/16506070903318960] [Medline: 20183695]

40. Nelson LA, Coston TD, Cherrington AL, Osborn CY. Patterns of user engagement with mobile- and web-delivered self-care
interventions for adults with T2DM: a review of the literature. Curr Diab Rep 2016 Dec;16(7):66 [FREE Full text] [doi:
10.1007/s11892-016-0755-1] [Medline: 27255269]

41. Stein DJ, Benjet C, Gureje O, Lund C, Scott KM, Poznyak V, et al. Integrating mental health with other non-communicable
diseases. BMJ 2019 Jan 28;364:l295 [FREE Full text] [doi: 10.1136/bmj.l295] [Medline: 30692081]

42. Miller S, Ainsworth B, Yardley L, Milton A, Weal M, Smith P, et al. A framework for analyzing and measuring usage and
engagement data (AMUsED) in digital interventions: viewpoint. J Med Internet Res 2019 Feb 15;21(2):e10966 [FREE
Full text] [doi: 10.2196/10966] [Medline: 30767905]

43. Gardner B, Abraham C, Lally P, de Bruijn G. Towards parsimony in habit measurement: testing the convergent and predictive
validity of an automaticity subscale of the Self-Report Habit Index. Int J Behav Nutr Phys Act 2012;9(1):102. [doi:
10.1186/1479-5868-9-102] [Medline: 22935297]

Abbreviations
F2F+digital: face-to-face coaching plus digital intervention
IQR: interquartile range
RCT: randomized controlled trial
SDT: self-determination theory

Edited by G Eysenbach; submitted 27.06.19; peer-reviewed by BT Tulbure, L Morrison; comments to author 14.09.19; revised version
received 29.11.19; accepted 29.02.20; published 11.08.20

Please cite as:
Harjumaa M, Absetz P, Ermes M, Mattila E, Männikkö R, Tilles-Tirkkonen T, Lintu N, Schwab U, Umer A, Leppänen J, Pihlajamäki
J
Internet-Based Lifestyle Intervention to Prevent Type 2 Diabetes Through Healthy Habits: Design and 6-Month Usage Results of
Randomized Controlled Trial
JMIR Diabetes 2020;5(3):e15219
URL: https://diabetes.jmir.org/2020/3/e15219
doi: 10.2196/15219
PMID:

©Marja Harjumaa, Pilvikki Absetz, Miikka Ermes, Elina Mattila, Reija Männikkö, Tanja Tilles-Tirkkonen, Niina Lintu, Ursula
Schwab, Adil Umer, Juha Leppänen, Jussi Pihlajamäki. Originally published in JMIR Diabetes (http://diabetes.jmir.org), 11.08.2020.
This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in JMIR Diabetes, is properly cited. The complete bibliographic information, a link
to the original publication on http://diabetes.jmir.org/, as well as this copyright and license information must be included.

JMIR Diabetes 2020 | vol. 5 | iss. 3 | e15219 | p. 15https://diabetes.jmir.org/2020/3/e15219
(page number not for citation purposes)

Harjumaa et alJMIR DIABETES

XSL•FO
RenderX

https://findikaattori.fi/en/76
https://findikaattori.fi/en/76
http://www.hse.gov.uk/statistics/causdis/stress.pdf
http://www.hse.gov.uk/statistics/causdis/stress.pdf
http://mhealth.jmir.org/2014/4/e52/
http://dx.doi.org/10.2196/mhealth.3535
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25499592&dopt=Abstract
http://www.jmir.org/2011/1/e2/
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/10.1080/16506070903318960
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20183695&dopt=Abstract
http://europepmc.org/abstract/MED/27255269
http://dx.doi.org/10.1007/s11892-016-0755-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27255269&dopt=Abstract
http://www.bmj.com/cgi/pmidlookup?view=long&pmid=30692081
http://dx.doi.org/10.1136/bmj.l295
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30692081&dopt=Abstract
https://www.jmir.org/2019/2/e10966/
https://www.jmir.org/2019/2/e10966/
http://dx.doi.org/10.2196/10966
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30767905&dopt=Abstract
http://dx.doi.org/10.1186/1479-5868-9-102
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22935297&dopt=Abstract
https://diabetes.jmir.org/2020/3/e15219
http://dx.doi.org/10.2196/15219
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

