
Original Paper

Engagement and Nonusage Attrition With a Free Physical Activity
Promotion Program: The Case of 10,000 Steps Australia

Diana Guertler1,2,3, Dipl-Psych; Corneel Vandelanotte2, PhD; Morwenna Kirwan4, PhD; Mitch J Duncan2,5, PhD
1Institute of Social Medicine and Prevention, University Medicine, Greifswald, Germany
2School of Human Health and Social Sciences, Physical Activity Research Group, Rockhampton, Australia
3DZHK (German Centre for Cardiovascular Research), Greifswald partner site, Greifswald, Germany
4School of Science and Health, University of Western Sydney, Sydney, Australia
5School of Medicine & Public Health, Priority Research Centre for Physical Activity and Nutrition, Faculty of Health and Medicine, The University
of Newcastle, Newcastle, Australia

Corresponding Author:
Diana Guertler, Dipl-Psych
Institute of Social Medicine and Prevention
University Medicine
Walther-Rathenau-Strasse 48
Greifswald, 17475
Germany
Phone: 49 3834867716
Fax: 49 3834867701
Email: diana.guertler@uni-greifswald.de

Abstract

Background: Data from controlled trials indicate that Web-based interventions generally suffer from low engagement and high
attrition. This is important because the level of exposure to intervention content is linked to intervention effectiveness. However,
data from real-life Web-based behavior change interventions are scarce, especially when looking at physical activity promotion.

Objective: The aims of this study were to (1) examine the engagement with the freely available physical activity promotion
program 10,000 Steps, (2) examine how the use of a smartphone app may be helpful in increasing engagement with the intervention
and in decreasing nonusage attrition, and (3) identify sociodemographic- and engagement-related determinants of nonusage
attrition.

Methods: Users (N=16,948) were grouped based on which platform (website, app) they logged their physical activity: Web
only, app only, or Web and app. Groups were compared on sociodemographics and engagement parameters (duration of usage,
number of individual and workplace challenges started, and number of physical activity log days) using ANOVA and chi-square
tests. For a subsample of users that had been members for at least 3 months (n=11,651), Kaplan-Meier survival curves were
estimated to plot attrition over the first 3 months after registration. A Cox regression model was used to determine predictors of
nonusage attrition.

Results: In the overall sample, user groups differed significantly in all sociodemographics and engagement parameters.
Engagement with the program was highest for Web-and-app users. In the subsample, 50.00% (5826/11,651) of users stopped
logging physical activity through the program after 30 days. Cox regression showed that user group predicted nonusage attrition:
Web-and-app users (hazard ratio=0.86, 95% CI 0.81-0.93, P<.001) and app-only users (hazard ratio=0.63, 95% CI 0.58-0.68,
P<.001) showed a reduced attrition risk compared to Web-only users. Further, having a higher number of individual challenges
(hazard ratio=0.62, 95% CI 0.59-0.66, P<.001), workplace challenges (hazard ratio=0.94, 95% CI 0.90-0.97, P<.001), physical
activity logging days (hazard ratio=0.921, 95% CI 0.919-0.922, P<.001), and steps logged per day (hazard ratio=0.99999, 95%
CI 0.99998-0.99999, P<.001) were associated with reduced nonusage attrition risk as well as older age (hazard ratio=0.992, 95%
CI 0.991-0.994, P<.001), being male (hazard ratio=0.85, 95% CI 0.82-0.89, P<.001), and being non-Australian (hazard ratio=0.87,
95% CI 0.82-0.91, P<.001).

Conclusions: Compared to other freely accessible Web-based health behavior interventions, the 10,000 Steps program showed
high engagement. The use of an app alone or in addition to the website can enhance program engagement and reduce risk of
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attrition. Better understanding of participant reasons for reducing engagement can assist in clarifying how to best address this
issue to maximize behavior change.

(J Med Internet Res 2015;17(7):e176) doi: 10.2196/jmir.4339
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Introduction

Insufficient physical activity has been identified as the
fourth-leading risk factor for global mortality [1]. Previous
research has shown that Web-based behavior change
interventions can be effective in increasing physical activity
[2,3]. The Internet is a promising tool to deliver complex,
individualized, and tailored interventions while reaching a large
part of the population at lower cost than face-to-face
interventions [4]. However, maintaining interest of the
participants in the intervention over time has been reported as
a main challenge of Internet-delivered interventions [5].
Web-based intervention studies typically suffer from high
nonusage attrition (ie, not all participants use or keep using the
intervention as intended by the developers) [6]. Most often,
website log-ins, a frequently used indicator of engagement and
intervention exposure, decrease rapidly over time [7,8]. This
makes it difficult to measure intervention effects because
participants receive different doses of the intervention content
[5]. For example, in a Web-based weight loss study [9], only
64% of the intervention group actually used the intervention at
least once. This is important because the level of exposure to
intervention content has been linked to intervention effectiveness
[10,11]. In addition to nonusage attrition, Web-based
interventions studies suffer also from high dropout attrition (ie,
participants are lost to follow-up). For Web-based physical
activity interventions, reported dropout attrition rates vary
between 0% and 62% [2,12].

Eysenbach [5] calls for a science of attrition to systematically
examine attrition rates, engagement measures, and associated
variables. Thus far, research on attrition has been done primarily
in the context of controlled trials [6,13]. However, to evaluate
the real public health impact of an intervention there is a need
to examine effectiveness and reach of the target population after
implementation to real-life settings [14]. Findings of nonusage
rates from controlled settings may not translate to real-life
settings. In efficacy trials, participants usually have gone through
a rigorous screening process to determine eligibility and
therefore include a selected group of participants that is likely
more motivated to use the intervention compared to those not
undergoing this screening. Further, people could be more
committed to the study because of the formal structure of the
trial or active recruitment, which leads to lower attrition [5,6].
This is supported by studies that find a higher percentage of
intervention completers and higher website usage for trial users
compared to “real-life” users of the same website [15,16].
Although dropout and nonusage attrition have been described
in relation to commercially available websites [17,18], few
studies describe similar patterns in freely accessible
interventions, especially in regard to physical activity [15].

Several intervention characteristics have shown to enhance
engagement and/or decrease attrition of interventions including
the provision of personally tailored content, interactive
components, social networking, and reminders [19-22]. Besides
characteristics of the intervention itself, personal characteristics
of the users and the degree of engagement with the intervention
may affect nonusage attrition [15,20,23]. Attempts to promote
physical activity via smartphone technology appear to be
promising because it increases the convenience of accessing
the intervention and engaging in self-monitoring [24]. Within
controlled trials, there is some evidence that using smartphone
apps can enhance engagement, decrease attrition, and increase
efficacy of Web-based interventions [25-27]. However, thus far
there is no knowledge about how smartphone apps can enhance
engagement with Web-based interventions in real-life settings.

The aim of this study is to examine engagement with a
Web-based physical activity intervention in real life because
findings from controlled settings may not translate into real-life
settings. Therefore, this study examines engagement and
nonusage attrition in the freely available 10,000 Steps Australia
program [20,28], which aims to promote physical activity
through the use of pedometers and a website. A second aim is
to examine whether use of a smartphone app is associated with
reduced nonusage attrition and increased engagement with the
intervention. Third, we aim to identify sociodemographic- and
engagement-related determinants of nonusage attrition.

Methods

Intervention Program
The 10,000 Steps program is a freely available physical activity
promotion program that encourages users to record and monitor
their physical activity using pedometers. It was initially
developed as a whole-community multilevel program based on
the socioecological framework. Further information on the
development of the program has been reported elsewhere
[20,28]. A main feature of the program is an online step log that
allows users to enter and monitor their daily physical activity
levels based on pedometer steps or time spent in physical
activity. This feature is available to users both on the website
and as a smartphone app. Further, users are able to join
individual challenges where they choose from a monthly updated
selection of goals and receive graph- and text-based feedback
of their progress (individual challenge). When users are recruited
via their workplace, they may participate in team-based
workplace challenges. These usually last longer than 1 month
and the workplace is responsible to set the team challenges
(workplace challenge). Further, users are able to use a discussion
forum and virtual walking buddies with whom they can share
progress.
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Smartphone App
In addition to the opportunity to use the program via the 10,000
Steps website, there is also a smartphone app available on the
iOS mobile platform [27]. Initially designed to allow users to
enter their daily physical activity, users are now also able to
join and view progress of challenges. Data from the smartphone
app are synchronized with their activities recorded on the
website. Data from a case-matched control trial [27] indicated
that use of the 10,000 Steps app increased the number of days
physical activity was logged and the likelihood to log more than
10,000 steps per day in a sample of 10,000 Steps users.
Excluding participants from the controlled trial, the app had a
total of 35,761 downloads as of April 30, 2014. One-third
(33.12%, 11,845/35,761) of those that downloaded the app also
used it to log physical activity.

Data Collection and Extraction
Data were extracted from the database of the 10,000 Steps
program for users aged at least 18 years, who registered between
July 8, 2013 and April 30, 2014, and who logged physical
activity for at least 1 day in this period either through the website
or the smartphone app (N=17,590). Although the website and
app were available before July 8, 2013, this date was chosen as
the start date for data extraction because prior to this date the
available version of the app had reduced functionality;
specifically, it did not allow users to join or view progress of
challenges. No major changes in app functionality have occurred
since this date, only minor updates have happened. Therefore,
this study was delimited to users who registered during this
297-day period between July 8, 2013 and April 30, 2014
excluding those users who registered before this time. Thus,
the maximum membership length in this study was 297 days.
Website and app usage data were automatically recorded while
using the 10,000 Steps program. When registering with the
10,000 Steps program, participants provided informed consent
for usage of their data for research purposes.

Measures

Sociodemographics, “Where Did You Hear About Us?,”
and Length of Membership
Date of birth, gender, and country of residence were assessed
when participants registered to the 10,000 Steps program. Users
were also asked how they heard about the 10,000 Steps program
(21 response options were provided, including different types
of media, friends, workplace, health professionals, and specific
initiatives the program was advertised in). Length of
membership was calculated as the number of days between the
date of registration for the program and April 30, 2014.

Engagement Parameters
Engagement was defined as the duration and frequency of
involvement with the program. Four measures of engagement
were used: (1) the duration of program use calculated as the
number of calendar days from the first to the last time the
physical activity log was used, (2) the number of individual
challenges initiated, (3) the number of workplace challenges
initiated, and (4) the total number of days physical activity was
recorded in the step log (both website and app). The number of

individual and workplace challenges participated in was
determined from the 10,000 Steps database, which encompassed
website and app usage information.

The total number of days of physical activity recorded in the
step log and duration of program usage differed. For example,
a user may have used the program for 50 days (time from first
to last step log), but only logged steps on 30 occasions during
this time.

Nonusage Attrition
Duration of program usage was also applied as an indicator of
nonusage attrition. Participants were coded as “nonusage
attrition was observed” when they did not log physical activity
for at least 14 days [29] (ie, there were ≥14 days between their
last physical activity log and the end of the observation period).
All other users were coded as “nonusage attrition was not
observed.” For example, when a participant first logged steps
on the 10,000 Steps platform on October 1, 2013 and the last
time on December 1, 2013, then nonusage attrition was deemed
to have occurred after 62 days of use.

Physical Activity
Users’mean steps per day were determined by dividing the total
number of steps logged by the number of days steps were logged
for. If users’ mean of logged steps per occasion was more than
20,000, this was truncated to 20,000 steps [30,31]. Truncation
was performed for 928 participants.

Data Analysis

Overview
The program allows participants to retrospectively log steps in
case they started to use a pedometer before registering with the
program. Users were excluded from data analysis when they
logged physical activity for more than 7 days prior to their start
of their membership (n=617) and when inconsistencies in data
were detected; that is, users logged on average less than 100
steps per day (n=16) or logged physical activity on more days
than it would be possible based on their duration of program
use (n=9). The final number of users included in the analysis
of user characteristics and engagement was N=16,948 and is
referred to as the overall sample. Attrition analysis was based
on a subsample of users as described subsequently. Based on
the platform used to log steps, 3 groups were defined: Web-only
users who logged steps solely via the 10,000 Steps website
(83.87%, 14,215/16,948), app-only users who logged steps
solely via the 10,000 Steps smartphone app (8.56%,
1451/16,948), and Web-and-app users who logged steps via the
10,000 Steps website and the smartphone app (7.56%,
1282/16,948).

User Characteristics and Intervention Engagement
First, means and standard deviations for sociodemographics,
engagement parameters, and logged physical activity were
calculated to describe the overall sample and the 3 user groups.

To assess which personal characteristics of 10,000 Steps users
may facilitate choosing the app over the website, differences
between the user groups regarding sociodemographics were
analyzed. Further, user groups were compared regarding
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engagement parameters and logged physical activity. Group
comparisons were performed using 1-way ANOVAs with
Bonferroni-corrected post hoc comparisons (for continuous
variables) and chi-square tests (for categorical variables).

Because engagement parameters are likely to depend on
sociodemographics, length of membership, and physical activity
level, we also examined the effect of user group on the
engagement parameters using linear regression adjusting for
those variables. Four regression analyses were fitted, each using
an engagement parameter (duration of usage, individual
challenges, workplace challenges, physical activity log days)
as the dependent variable. User group was used as the
independent variable along with age, gender, country of
residency, length of membership, and physical activity as
covariates. Standardized regression coefficients were calculated.

Effect sizes (η2) were calculated for linear regression because
even small differences tend to reach significance with high
numbers of participants such as in our study. According to
Cohen [32], the minimum criterion for at least a small effect

was η2>.01. Therefore, in this study, differences were considered
meaningful when effect sizes reached these thresholds. Further,
duration of usage, number of individual and workplace
challenges started, and number of days physical activity was
logged for were presented for different membership lengths.

Nonusage Attrition
Survival analysis was used to examine differences in nonusage
attrition between groups. Nonusage attrition was examined over
the first 3 months after registration to the program and was
limited to a subsample of users (n=11,651) who were a 10,000
Steps member for at least 3 months (90 days) at the time of data
extraction (April 30, 2014). This was done to ensure that all
participants had the same chance to use the program and to
enable comparability with other published attrition curves
[5,15,33]. This means that users were included even if they only
logged steps for a single day, but had been a member for 3
months. The duration of program use was used as the time
variable. The event variable was coded as specified in the
Measures section with 1=nonusage attrition observed and
0=nonusage attrition not observed. Kaplan-Meier survival curves
showing the proportion of users surviving over time and

quartiles of survival time were estimated by user group. The
equality of the survivor functions was tested with a log-rank
test. Predictors of nonusage attrition (user group,
sociodemographics, engagement parameters, and steps per day)
were examined within univariate Cox proportional hazard
regression. Predictors that had a univariate P value of <.25 [34]
were selected for inclusion in a multivariate model. Hazard
ratios, which represent relative risks for attrition, were
calculated. Statistical analysis was performed with Stata version
12 (StataCorp LP, College Station, TX, USA).

Results

Overview
Of 16,040 users who answered the “Where did you hear about
us?” question, most users (73.99%, 11,868/16,040) indicated
that they heard about the program through their workplace.
Further, 12.42% (1992/16,040) heard about 10,000 Steps from
a friend; 4.3% (692/16,040) from a webpage; 2.9% (461/16,040)
from a health professional; 0.9% (140/16,040) from Facebook;
0.41% (65/16,040) from other media including TV, newspaper,
and radio; and 5.1% (822/16,040) indicated other sources.

User Characteristics
Descriptions of the overall sample and the subsample regarding
sociodemographics, engagement data, and logged physical
activity are shown in Table 1 and Multimedia Appendix 1,
respectively. The majority of participants in the overall sample
were female (69.87%, 11,841/16,948) and Australian (77.54%,
13,142/16,948). Membership length ranged between 1 and 297
days (mean 190, SD 78.6 days). Gender and country of residence
were significantly different between user groups, with highest
percentage of females (73.5%, 942/1282) and Australians
(84.7%, 1086/1282) for the Web-and-app group. App-only users
and Web-and-app users were significantly younger than
Web-only users (P<.001) with app-only users being also younger
than Web-and-app users (P<.04). Web-only users (P=.004) and
Web-and-app users (P<.001) had longer durations of
membership in the 10,000 Steps program compared to the
app-only users, with no difference between Web-only and
Web-and-app users (P=.28).
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Table 1. Sociodemographics, engagement, and physical activity by user group in the overall sample (N=16,948).

Pχ2
2

F 2,2Web and app

n=1282

App only

n=1451

Web only

n=14,215

Overall

N=16,948

Variables

Sociodemographics

<.001abc102.639.5 (11.5)38.3 (11.1)42.4 (12.2)41.8 (12.1)Age, mean (SD)

<.00114.8942 (73.48)1051 (72.43)9848 (69.28)11,841 (69.87)Females, n (%)

<.00141.01086 (84.71)1120 (77.19)10,936 (76.93)13,142 (77.54)Australians, n (%)

<.001ac7.0194.6 (72.7)183.9 (79.6)190.7 (78.9)190.4 (78.6)Membership days, mean (SD)

Engagement

<.001abc203.650.2 (40.4)37.7 (37.2)32.8 (28.2)34.5 (30.5)Duration of usage (days), mean (SD)

<.001abc174.40.3 (0.9)0.2 (0.7)0.1 (0.4)0.1 (0.5)Individual challenges, mean (SD)

<.001ac52.20.9 (0.6)0.8 (0.7)0.9 (0.5)0.9 (0.5)Workplace challenges, mean (SD)

<.001abc188.743.3 (31.5)32.9 (29.8)29.5 (23.6)30.8 (25.1)Number of days physical activity was
logged for, mean (SD)

Physical activity

<.001abc13.611,082.6
(3758.1)

10,253.0
(3951.1)

10,701.7
(4251.6)

10,692.1
(4194.4)

Steps per day, mean (SD)

a Web only is different from app only.
b Web only is different from Web and app.
c App only is different from Web and app.

Engagement With the Intervention
In the overall sample, users utilized the program between 1 and
296 days (mean 34.5, SD 30.5 days) with 6.51% (1103/16,948)
and 81.89% (13,879/16,948) participating at least in 1 individual
challenge (range 0-8) and 1 workplace challenge (range 0-8),
respectively. Users logged on average 30.8 days of physical
activity (range 1-290 days) with 97.77% (16,400/16,948) of
users logging physical activity more than once. With increasing
length of membership, the average duration of usage, the number
of individual and workplace challenges, as well as the number
of days physical activity was logged per week decreased (Table
2). For example, users who were members between 1 and 2
months (30-60 days) used the program a mean 4.1 (SD 2.4)
days per week, whereas users with a membership of at least 9

months (278-297 days) used the program a mean 1.1 (SD 0.9)
days per week.

All engagement parameters differed significantly across user
groups (P<.001). App-only users showed a longer duration of
usage (P<.001), a higher number of individual challenges
(P<.001), a lower number of workplace challenges (P<.001),
and a higher number of days they logged physical activity
(P<.001) compared to Web-only users (Table 1). Compared to
app-only and Web-only users, Web-and-app users had a longer
duration of usage (P<.001), higher number of individual (P=.02
and P<.001, respectively) challenges, as well as a higher number
of days they logged physical activity (P<.001). Regarding
workplace challenges, Web-and-app users had higher numbers
compared to app-only users (P<.001), but were not significantly
different from Web-only users (P=.07).
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Table 2. Mean engagement parameters for different membership lengths in the overall sample (N=16,948).

Days physical activity loggedWorkplace challengesIndividual challengesDuration of platform usage
(days)

nMembership
length

Mean/weeka(SD)Mean (SD)Mean/weeka(SD)Mean (SD)Mean/weeka(SD)Mean (SD)Mean/weeka(SD)Mean (SD)

9.9b

(10.6)

3.5 (2.6)0.59 (1.46)0.24 (0.43)0.00 (0.00)0.00 (0.00)10.1b(10.7)3.6 (2.7)54≤1 week (1-
7 days)

5.4 (3.2)8.7 (5.3)0.37 (0.33)0.60 (0.49)0.07 (0.24)0.10 (0.35)5.5 (3.4)9.0 (5.5)601-2 weeks
(8-14 days)

4.9 (2.3)12.5 (5.9)0.34 (0.18)0.87 (0.46)0.00 (0.04)0.09 (0.09)5.1 (2.4)13.0 (6.1)2342-3 weeks
(15-21 days)

4.1 (2.3)14.0 (8.0)0.25 (0.15)0.85 (0.48)0.01 (0.06)0.04 (0.22)4.6 (2.3)15.7 (7.7)4133-4 weeks
(22-29 days)

3.8 (2.4)22.5 (14.1)0.11 (0.09)0.63 (0.49)0.01 (0.06)0.09 (0.35)4.1 (2.4)23.8 (14.4)8741-2 months
(30-60 days)

3.0 (1.7)31.7 (17.8)0.08 (0.04)0.89 (0.50)0.01 (0.04)0.11 (0.41)3.2 (1.8)34.1 (18.7)15922-3 months
(61-91 days)

2.2 (1.8)32.8 (26.9)0.04 (0.04)0.66 (0.59)0.02 (0.05)0.26 (0.73)2.4 (1.9)36.2 (28.9)6043-4 months
(92-122
days)

1.7 (1.4)33.5 (28.6)0.04 (0.03)0.71 (0.65)0.01 (0.03)0.19 (0.67)1.9 (1.6)38.7 (32.5)3704-5 months
(123-153
days)

1.2 (1.0)29.2 (24.5)0.03 (0.02)0.87 (0.53)0.01 (0.02)0.12 (0.56)1.4 (1.4)35.0 (34.0)13355-6 months
(154-184
days)

1.0 (0.8)28.2 (22.7)0.03 (0.01)0.92 (0.37)0.00 (0.02)0.10 (0.47)1.1 (1.0)31.6 (27.9)32186-7 months
(185-215
days)

1.0 (0.8)32.7 (27.5)0.03 (0.02)0.93 (0.65)0.00 (0.02)0.12 (0.61)1.1 (1.0)36.7 (34.1)40167-8 months
(216-246
days)

0.9 (0.7)33.4 (26.0)0.02 (0.01)0.91 (0.46)0.00 (0.01)0.09 (0.49)1.0 (0.8)36.8 (30.5)24628-9 months
(247-277
days)

0.9 (0.7)38.9 (30.4)0.02 (0.01)1.0 (0.58)0.00 (0.01)0.08 (0.42)1.1 (0.9)45.1 (37.4)17169-10 months
(278-297
days)

a Calculated by (number of days respectively challenges / individual membership days)*7.
b Numbers exceed 7 days (maximum membership length in this group) due to the opportunity to retrospectively log steps before registration.

Recorded Physical Activity
More than half of participants (53.30%, 9033/16,948) logged
at least 10,000 steps on average per day. However, app-only
users had significantly lower numbers of steps per day compared
to Web-only and Web-and-app users (P<.001) with lower
numbers of steps per day for Web-only users compared to
Web-and-app users (P=.01). Web-and-app users logged a mean
of 67.4% (SD 29.94) of their total steps through the app.

Prediction of Engagement Parameters by Group
Table 3 shows results of 4 linear regression analyses regarding
the prediction of engagement parameters by user group when
controlling for sociodemographics, length of membership, and

logged physical activity. Results align with data from Table 1:
comparisons of the number of workplace challenges within user
groups did not reach the threshold for a meaningful effect when

using Web-only as reference category (B=–0.07, η2=.005 and

B=0.01, η2=.000). Web-and-app users showed a longer duration

of usage (B=0.16, η2=.026), more individual challenges
(B=0.12, η =.014), and more days of physical activity logged

(B=0.15, η2=.024) compared to Web-only users; however,
comparisons between app-only and Web-only users regarding
duration of usage, number of individual challenges, and physical
activity log days did not reach the threshold for a meaningful

effect (η2=.004, η2=.009, η2=.003, respectively).
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Table 3. Linear regression analyses showing associations between engagement parameters and app-only and Web-and-app groups in comparison to
Web only in the overall sample (N=16,948).

Web and appaApp onlyaDependent variables

η2PB (SE)η2PB (SE)

.026<.0010.16 (0.86).004<.0010.06 (0.82)Duration of usage

.014<.0010.12 (0.02).009<.0010.10 (0.01)Individual challenges

.000.140.01 (0.02).005<.001–0.07 (0.02)Workplace challenges

.024<.0010.15 (0.71).003<.0010.06 (0.67)Physical activity log days

a Web only was used as reference category; analyses controlled for age, gender, country, length of membership, and physical activity logged.

Nonusage Attrition
The following results are based on a subsample only including
users that had been a 10,000 Steps member for at least 3 months
(n=11,651). Figure 1 presents Kaplan-Meier survival curves for
the different user groups based on the duration of usage. The
log-rank test showed that the survivor functions were

significantly different across groups (χ2
2=161.3, P<.001).

Estimated median lifetime usage (time after which 50% stopped
logging physical activity) was 30 days for all groups combined
(Table 4). For all groups combined, 25.00% (2913/11,651) were
still logging steps after 42 days. This was similar to the
Web-only and app-only groups, with 41 and 43 days.
respectively; however, in the Web-and-app group, 25.0%
(220/878) of the sample were still logging steps after 56 days.

Table 4. Survival time by group in the subsample of users who were 10,000 Steps members for at least 3 months (n=11,651).

Percentage of group still used platformaUser group

25%50%75%

41 days29 days21 daysWeb only

43 days31 days22 daysApp only

56 days36 days28 daysWeb and app

42 days30 days21 daysAll users

aTable indicates at what point in time (days) 75%, 50%, and 25% of users were still using the platform for the different groups.

Figure 1. Nonusage attrition curves for user groups in the subsample of users who were 10,000 Steps members for at least 3 months (n=11,651).
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Predictors of Nonusage Attrition
User groups, sociodemographics, engagement, and physical
activity as potential predictors of nonusage attrition in the
subsample are presented in Table 5. In the univariate analysis,
app-only and Web-and-app users showed reduced attrition risk
compared to Web-only users (hazard ratio=0.86, 95% CI
0.58-0.68, P<.001 and hazard ratio=0.63, 95% CI 0.81-0.93,
P<.001, respectively). Being a resident of a country other than
Australia (hazard ratio=0.87, 95% CI 0.82-0.91, P<.001), being
male (hazard ratio=0.85, 95% CI 0.82-0.89, P<.001), and being
of higher age (hazard ratio=0.992, 95% CI 0.991-0.994, P<.001)
also reduced the risk of attrition. Regarding the engagement
parameters, the risk of attrition decreased when the number of

individual challenges (hazard ratio=0.62, 95% CI 0.59-0.66,
P<.001), workplace challenges (hazard ratio=0.94, 95% CI
0.90-0.97, P<.001), and number of days physical activity was
logged for (hazard ratio=0.921, 95% CI 0.919-0.922, P<.001)
increased. Furthermore, the more steps logged per day lowered
the risk for attrition (hazard ratio=0.99999, 95% CI
0.99998-0.99999, P<.001). All variables that had a P<.25 in
the univariate analysis were included in the multivariate analysis.
Results from the multivariate analysis showed a similar pattern
(Table 5) except that app-only users did not differ from
Web-only users (hazard ratio=0.98, 95% CI 0.91-1.05, P=.59)
and there was no effect of workplace challenges on attrition risk
(hazard ratio=0.98, 95% CI 0.94-1.01, P=.19) when controlling
for other variables in the analysis.

Table 5. Univariate and multivariate Cox regression: association of nonusage attrition risk with user groups, sociodemographics, engagement, and
physical activity in the subsample of users who were 10,000 Steps members for at least 3 months (n=11,651).

MultivariateUnivariateDependent variables

PHazard ratio (SE), 95% CIPHazard ratio (SE), 95% CI

Group

referencereferenceWeb only

.590.98 (0.04), 0.91-1.05<.0010.86 (0.03), 0.58-0.68App only

<.0010.69 (0.03), 0.64-0.75<.0010.63 (0.03), 0.81-0.93Web and app

Country

referencereferenceAustralia

<.0010.55 (0.02), 0.52-0.58<.0010.87 (0.02), 0.82-0.91Other

Gender

referencereferenceFemale

.020.95 (0.02), 0.91-0.99<.0010.85 (0.02), 0.82-0.89Male

<.0010.999 (0.00), 0.997-1.000<.0010.992 (0.001), 0.991-0.994Age

<.0010.83 (0.03), 0.77-0.89<.0010.62 (0.02), 0.59-0.66Individual challenges

.190.98 (0.02), 0.94-1.01<.0010.94 (0.02), 0.90-0.97Workplace challenges

<.0010.917 (0.001), 0.915-0.918<.0010.921 (0.001), 0.919-0.922Number of days physical activity was
logged for

<.0010.999980 (0.000002), 0.999976-
0.999985

<.0010.99999 (0.00000), 0.99998-0.99999Steps per day

Discussion

Principal Findings
The aim of the present study was to examine program
engagement with a freely accessible Internet-delivered physical
activity intervention (10,000 Steps Australia) and test for a
possible positive effect of using a smartphone app on
engagement parameters and attrition. Results indicate a high
program engagement and that the use of the app alone or in
addition to the website can enhance program engagement and
lower attrition. Further, this study extends previous research on
individual challenges [20] by showing that workplace challenges
were also associated with a prolonged usage of the program
(reduced attrition risk).

Program Engagement in Real World Compared to
Controlled Settings
The present study reported high levels of program engagement.
Nearly all (97%) users logged physical activity at least twice.
Whereas most users engaged in at least 1 workplace challenge
(81%), only 7% used individual challenges.

Although some studies conducted within controlled settings
reported higher program engagement and lower attrition than
the 10,000 Steps program [15,35], studies frequently report
lower program engagement and higher attrition [36-40]. For
example, Funk et al [35] reported a median of 124 exercise logs
over 28 months (4.43 logs per months) within their weight loss
maintenance program, whereas users from our study with a
membership length of at least 9 months (278-297 days) had a
median number of physical activity logs of 32 (3.33 logs per
months). A study by Steele et al [39] reported 0.98 log-ins per
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week over 3 months, whereas our study recorded 3.0 physical
activity logs per week for users with a membership length
between 2 and 3 months. This is unexpected because all these
studies were conducted in controlled settings, whereas our study
was not. Studies from controlled trials are generally expected
to have better outcomes regarding program usage because
participants are likely to be more motivated and committed to
the study because of the formal structure and selection process
they went through compared to participants from noncontrolled
settings [5,6]. Within controlled studies, it may be that the
environment where the intervention was delivered plays an
important role. Funk et al [35] provided their intervention within
primary care clinics; this may have led to a higher commitment
to the intervention. In contrast, the other studies recruited
participants via local media advertising or email invitations;
this provides a less structured environment that may make
attrition easier [36-40].

Program Engagement of 10,000 Steps Compared to
Other Freely Accessible Programs
There has been some research examining engagement with
Web-based interventions in real-life settings including
interventions on depression, panic disorder, weight loss, physical
activity, drinking behavior, and smoking [15-17,41-46]. Results
of this study indicate a high program engagement compared to
other freely accessible Web-based interventions. Whereas 97%
of users in our study logged physical activity at least 2 times,
other freely accessible studies reported between 10% and 62%
visiting the intervention at least twice [15,42,43,45,46]. In a
previous study on 10,000 Steps, a mean of physical activity logs
per week of 1.6 was reported for a study period of 24 months
[20]. This is higher than the mean in our study (0.9 logs/week
over 9-10 months). This difference is likely caused by the
selected sample in that study [20] because participants were
users who already used the program for at least 1 month before
recruitment and responded to an email invitation. Thus,
participants were likely to be more motivated than in our study
in which no such selection bias was present. Regarding nonusage
attrition, our study showed longer usage of the program
compared to other freely accessible interventions. Wanner et al
[15] reported a median lifetime usage of 0 days for their physical
activity website and after 1 month, only 7% of the registered
users were still using the program. Also, Farvolden et al [44]
reported only approximately 1% completed their 12-week
open-access panic prevention program and Linke et al [41]
reported only 24% of users remained in the intervention after
4 weeks for their sensible drinking program. Nevertheless, a
commercial Web-based weight loss program [17] showed lower
attrition for 12-week subscribers (median lifetime usage of 9
weeks) compared to our data. However, because users had to
pay a subscription fee upfront, this have may led to a higher
commitment to the intervention compared with studies that are
free of any charge [5].

Influence of Smartphone App on Engagement and
Nonusage Attrition
The second aim of this study was to examine the effect of a
smartphone app on program engagement. In general, app users
were younger and more likely to be female compared to

Web-only users, which aligns with research showing that the
percentage of smartphone owners decreased with age and that
young adults are more likely to use health apps [47]. Our results
indicate that a smartphone app may assist in prolonging user
engagement because using the 10,000 Steps app in addition to
the website was associated with a longer duration of usage,
higher participation in individual challenges, and higher number
of days logging physical activity compared to users who only
used the website. Further, nonusage attrition significantly
differed across groups; the risk of nonusage attrition was reduced
by using the app compared to only using the website to log
steps. This effect was more pronounced for Web-and-app users
with a 37% smaller attrition hazard compared to app-only users
with a 14% smaller attrition hazard when using Web-only users
as a reference category. These results are in-line with data from
the case-matched control trial of the 10,000 Steps app showing
positive effects of the app on the number of steps logged and
days physical activity was logged for [27]. Previous research
on the influence of smartphone apps on engagement and attrition
are scarce. However, for their weight loss promotion app, Carter
et al [25] found higher engagement and retention compared to
the website diary. In accordance to our study, app users more
often logged dietary records compared to the website group (92
days vs 35 days over 6 months). Overall, using smartphones
for assistance in health promotion seems appealing because the
percentage of people accessing health information via mobile
devices is increasing. The Pew mobile health survey [47] found
that approximately 52% of smartphone owners reported using
their phone to look for health information and 19% have
downloaded an app specifically to track or manage health.

Although our results are promising, it should be noted that the
majority of users still were Web-only users (83.87%,
14,215/16,948) with only 16.13% (2733/16,948) using the app
alone or in addition to the website. These uneven group sizes
may be because the app is only available on the iOS mobile
platform. Even though rates are increasing, in 2011 the
proportion of US adults reporting to own either a smartphone
or tablet was 50%, with 38% of smartphone owners and 52%
of tablet owners saying their device used the iOS platform [48].
Thus, a substantial number of individuals had to use the website
when interested in using the 10,000 Steps program because they
either did not have a smartphone or had a mobile device running
Android, Blackberry, or Windows. However, we cannot preclude
that at least some users chose to use the website over the app
intentionally (eg, because of a preference for browser-based
surfing or reduced functionality of the app compared to the
website).

Sociodemographics, Engagement, and Physical Activity
as Determinants of Nonusage Attrition
Personal factors associated with reduced nonusage attrition risk
were being male, non-Australian, and older age. Differences in
nonusage attrition by country of residency may be seen as an
effect of weather because poor and extreme weather has been
identified as barriers of physical activity [49] and, in Australia,
it is hot and humid for most of the year. Even though evidence
shows that females are more likely to be interested in
health-related topics (eg, they are more likely to seek online for
health information) [50], are more likely to participate in
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Web-based physical activity interventions [2,51], and use health
apps on their phones more than men [47], in the univariate Cox
regression males had a 15% smaller attrition hazard compared
to females. However, some research suggests that men are more
likely to participate in accelerometer-based studies [52]. Thus,
men could be more attracted by technical devices as support for
physical activity management (eg, pedometers used in the
10,000 Steps intervention) because they have a more positive
attitude toward new technology [53] and, therefore, more interest
in maintaining engagement with such an intervention. Effects
of age on nonusage attrition are in-line with previous research
showing that older age is associated with engagement with the
intervention (eg, [45,46]) and as engagement increases, the risk
of nonusage attrition decreases. As previous research on the
10,000 Steps project demonstrated [20], the number of
individual challenges users participate in is associated with
lower attrition risk. Further, this study adds evidence that
workplace challenges reduce nonusage attrition risk. This aligns
with previous research showing that interactive website
components may promote engagement with the intervention
[54].

Implications for Future Research
Even though Web-based interventions are capable of reaching
large parts of the population, a notable percentage never starts
to use or accesses only a small part of the intervention [9].
Because content cannot be helpful if it is not viewed, techniques
to enhance engagement with the intervention are needed.
Previous research has identified factors that influence exposure
and attrition in Internet-delivered interventions [19-22,54].
However, more research is needed to examine effects of such
factors in real-life settings. For example, results from Wanner
et al [15] suggested that reminder emails are only effective for
trial participants, but not for registered open-access users.
Previous research has identified peer support as a main facilitator
of program engagement [21,54]. This is important because in
our study the majority of users heard about the 10,000 Steps
program either from their workplace or through a friend. Given
the importance of social support as a mediator of behavior
change, workplaces especially seem to be a valuable setting for
physical activity promotion because its internal structure easily
reaches large groups and provides a natural social network
[55,56]. The majority of Web-based interventions we compared
our results to also used interactive components including
discussion boards or goal-setting features [35-38,44], such as
the 10,000 Steps program does; however engagement was still
higher in our study. This may be due to social support gained
through doing workplace challenges within the 10,000 Steps
program. This study provided evidence that within real-life
settings the use of a smartphone app can enhance engagement
with the intervention over time. Most studies report that overall
engagement decreases over time (eg, [38]) and high attrition is
widely seen as a challenge of Web-based interventions.
However, some authors [17,57] argue that this is not necessarily
a result of lost interest in the intervention, but of achieving a
satisfactory level of behavior change or self-management skills
[58]. Future research needs to target reasons for attrition and
examine variables in experimental conditions that could
distinguish people who decrease and increase engagement over

time to design interventions that are likely to be used in long
term.

Limitations
A strength of this study is that we obtained a large sample from
a freely available physical activity intervention and examined
usability efficacy as recommended by previous literature [5].
However, there are some limitations that need to be considered
when interpreting the results of this study. First, we only
included users with at least 1 physical activity log within the
period. Thus, engagement is likely to be higher compared with
studies including users with 1 website log-in (people can log in
to a website without using any features, such as the 10,000 Steps
step log). On the other hand, usage duration was measured as
days between first and last physical activity log. This may have
underestimated engagement because users could have been
active using the discussion board or competing in challenges
while not logging steps. However, logging physical activity is
the main feature of the 10,000 Steps program and represents a
more credible measure than log-ins. Second, our sample
included users with varying membership lengths and, therefore,
different timeframes of actually being able to use the program.
Because usage is likely to decline over time, study length has
to be considered when comparing studies. Thus, we reported
attrition only for users who were members for at least 3 months.
However, we also reported results on engagement data for
different membership lengths, which enables comparisons to
previous research. Third, in this study we did not report on usage
of the discussion forum and virtual walking buddies. This was
because app-only users were not able to use these features in
the same way as Web-only or Web-and-app users. The
discussion forum is not accessible via the app at all; for the
virtual walking buddies, users are not able to add buddies via
the app. However, previous research has shown that the use of
virtual walking buddies was positively associated with the
average number of days physical activity was logged for [20].
Lastly, we did not measure physical activity in another form
other than steps logged via the program. This is not an objective
assessment of participants’ activity because logged steps do not
necessarily encompass the overall physical activity level of the
users. This study did not include an objective measure of
physical activity assessing change from preregistration in the
program. Although large accelerometer-based studies are
emerging (eg, [59]), implementing such measures in the context
of this study is challenging due to the timing of assessments.
Withstanding their limitations, self-reported data for the period
immediately before registering/commencing the program may
provide a measure of physical activity that can be used to infer
program efficacy in future studies.

Conclusions
Our study provides insight into the engagement with a freely
available physical activity intervention. Results indicate that
smartphone apps may be powerful tools in enhancing program
engagement and lower attrition. Future research should
experimentally examine reasons of low engagement and attrition
to enable development of interventions that ensure long-term
engagement with the intervention. Further, our data elucidate
that rating the success of online interventions by engagement
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parameters is highly dependent on the time window measured;
therefore, study length has to be considered when comparing

studies in regard to engagement parameters.
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