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SUMMARY
Background: Cardiovascular disease (CVD) remains the major cause of mortality and
morbidity worldwide and produces large productivity loss. The majority of CVD mortality
could be prevented with changes in modifiable risk factors including tobacco use, physical
inactivity, unhealthy diet and harmful use of alcohol. Successful behavioral prevention of
CVD requires the identification of relevant target behaviors and reach of populations at risk.
Presenteeism i.e. attending work while ill is discussed as a work-related risk factor for CVD.
However, little is known about the interplay of presenteeism with established health risk
behaviors. The first aim of this dissertation was to examine the association of presenteeism
with health behaviors (study 1). The second aim was to examine factors that can enhance the
public health impact of CVD prevention efforts. Therefore, the effect of recruitment strategy
used on reach (study 2) and of communication channel used on intervention usage (study 3)
was examined.

Methods: Study 1 comprised data from 710 Australian employees aged 18 years and older
who completed an online-survey. Linear regression analysis was used to examine the
association of health behaviors (physical activity, work and non-work-related sitting time,
sleep duration and sleep quality) with presenteeism. For study 2 individuals aged 40-65 years
were invited to a two-stage cardio-preventive program including an on-site health screening
and a cardiovascular examination program (CEP) using face-to-face recruitment in general
practices (n = 671) and job centers (n = 1,049), and mail invitations from a health insurance
company (n = 894). Recruitment strategies were compared regarding three aspects of reach:
(1) participation rate, (2) participants’ characteristics i.e. socio-demographics, self-reported
health and CVD risk factors, and (3) predictors of program participation. Study 3
compromised 16,948 users (aged 18 years and older) of the feely available physical activity
promotion program 10,000 Steps. Users 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 socio-demographics, engagement parameters and logged physical activity. Nonusage attrition i.e. discontinued program usage over the first three months was examined
using Kaplan-Meier survival curves. A Cox regression model was used to determine
predictors of non-usage attrition.
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Results: Analyses from study 1 revealed that presenteeism was associated with poor sleep
quality and suboptimal sleep duration after controlling for socio-demographics, work and
health-related variables. Engaging in three health risk behaviors was associated with higher
presenteeism compared with engaging in none or one. Study 2 showed screening participation
rates of 56.0%, 32.8%, 23.5% for general practices, job centers and the health insurance
company, respectively. Participation rate for the CEP among eligible individuals was 80.3%,
65.5%, and 96.1%, respectively. Job center clients showed the lowest socio-economic status
and the most adverse CVD risk pattern. Whereas being female predicted screening
participation across all strategies, higher age predicted screening participation only within
individuals recruited via the health insurance company. Within general practices and job
centers CEP participants were less likely to be smokers than non-participants. Study 3
revealed that engagement with the program was highest for Web-and-app users. Cox
regression showed that user group predicted non-usage attrition: Web-and-app users (hazard
ratio = 0.86; P < .001) and App-only users (hazard ratio = 0.63; P < .001) showed a reduced
attrition risk compared to Web-only users. Further, older age, being male, being nonAustralian, higher program engagement and higher number of steps logged were associated
with reduced non-usage attrition risk.

Conclusion: The results of this dissertation have three implications for designing CVD
behavioral interventions with a high public health impact. First, employees suffering from
presenteeism may require interventions addressing health risk behaviors including suboptimal
sleep behaviors. Second, implementing prevention efforts in job centers may be especially
useful to reduce health inequalities induced by social gradient. Third, the population impact of
web-based interventions may be increased when using mobile delivery channels.
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ZUSAMMENFASSUNG
Hintergrund: Kardiovaskuläre Erkrankungen sind eine der Hauptursachen für Mortalität und
Morbidität weltweit und verursachen hohe Produktivitätsverluste. Der Großteil der
kardiovaskulären Mortalität könnte durch Veränderungen von Risikofaktoren wie Rauchen,
Körperliche Inaktivität, ungesunde Ernährung und riskantem Alkoholkonsum verhindert
werden. Die erfolgreiche Verhaltensprävention von kardiovaskulären Erkrankungen erfordert
(1) die Identifikation von relevanten Zielverhaltensweisen, und (2) die Erreichung von
Risikopopulationen. Präsentismus, das Aufsuchen des Arbeitsplatzes trotz Krankheit, wird als
arbeitsbezogener Risikofaktor für kardiovaskuläre Erkrankungen diskutiert. Bisher existiert
aber wenig Wissen über das Zusammenspiel von Präsentismus mit bereits bekannten
gesundheitsriskanten Verhaltensweisen. Die vorliegende Dissertation hatte das Ziel den
Zusammenhang von Gesundheitsverhaltensweisen und Präsentismus zu untersuchen (Studie
1). Weiterhin sollten Faktoren untersucht werden, die den Public-Health-Impact von
kardiovaskulären Präventionsangeboten erhöhen können. Hierfür wurde der Einfluss der
Rekrutierungsstrategie auf die Erreichung (Studie 2) sowie des Kommunikationskanals auf
die Interventionsnutzung untersucht (Studie 3).

Methode: Studie 1 beinhalteten 710 australische Arbeitnehmer im Alter von mindestens 18
Jahren, welche an einer internet-basierten Befragung teilnahmen. Mittels linearer Regression
wurde der Zusammenhang zwischen Gesundheitsverhaltensweisen (Bewegung, arbeits- und
nichtarbeitsbezogene Sitzzeit, Schlafdauer und Schlafqualität) und Präsentismus untersucht.
Für Studie 2 wurden Individuen zwischen 40 und 65 Jahren zu einem zweistufigen kardiopräventiven Untersuchungsprogram eingeladen, welches eine Gesundheitsbefragung vor Ort
und ein kardiovaskuläres Untersuchungsprogram (CEP) beinhaltete. Die Rekrutierung erfolge
durch persönliche Ansprache der Individuen in Allgemeinarztpraxen (n = 671) und Job
Centern (n = 1049), und durch Briefe einer Krankenversicherung an ihre Versicherten (n =
894). Die Rekrutierungsstrategien wurden hinsichtlich (1) Teilnahmerate, (2) Eigenschaften
der Teilnehmer d.h. Soziodemographie, subjektiver Gesundheitszustand und kardiovaskuläre
Risikofaktoren, und (3) Prädiktoren der Programteilnahme verglichen. Studie 3 beinhaltete
16948 Nutzer (18 Jahre und älter) des frei verfügbaren Programms 10,000 Steps zur
Förderung von Bewegung. Die Nutzer wurden anhand der Plattform (10,000 Steps
Internetseite = Web, 10,000 Steps iOS App = App) gruppiert, welche Sie zum einloggen Ihrer
körperlichen Aktivität nutzten: Nur-Web, Nur-App, oder Web-und-App. Die Gruppen wurden
hinsichtlich Soziodemographie, Nutzungsparameter und geloggter körperlicher Aktivität
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verglichen. Attrition, das Einstellen der Programnutzung, über die ersten drei Monate wurde
mittels Kaplan-Meier-Überlebenskurven analysiert. Ein Cox-Regressionsmodell wurde
genutzt um Prädiktoren von Attrition zu bestimmen.

Ergebnisse: Analysen aus Studie 1 ergaben signifikante Assoziationen von Präsentismus mit
geringer Schlafqualität und suboptimaler Schlafdauer nach Kontrolle für soziodemografische,
arbeitsbezogene

und

gesundheitsbezogene

Variablen.

Das

Ausüben

von

drei

gesundheitsriskanten Verhaltensweisen war, verglichen mit dem Ausüben von keinem oder
einem gesundheitsriskanten Verhalten, mit erhöhtem Präsentismus assoziiert. In Studie 2
betrugen die Teilnahmeraten für Arztpraxen, Job Center und Krankenversicherung jeweils
56,0%, 32,8% und 23,5%. Jeweils 80,3%, 65,5%, und 96,1% der Eligiblen nahmen am CEP
teil. Klienten des Job Centers wiesen den geringsten sozio-ökonomischen Status und das
höchste kardiovaskuläre Risiko auf. Während Frauen über alle Rekrutierungsstrategien
häufiger am Screening teilnahmen als Männer, war höheres Alter nur innerhalb der
Krankenversicherungsstichprobe ein Prädiktor für die Screeningteilnahme. Nichtraucher
nahmen innerhalb der Arztpraxen und Job Center häufiger am CEP teil als Raucher. Studie 3
ergab die höchste Nutzung des Programms für die Web-und-App-Gruppe. Die CoxRegression ergab, dass die Nutzergruppe Attrition vorhersagt: Web-und-App-Nutzer (hazard
ratio = 0.86; P < .001) und Nur-App-Nutzer (hazard ratio = 0.63; P < .001) hatten ein
reduziertes Attritionrisiko verglichen mit Nur-Web-Nutzern. Darüber hinaus wiesen Ältere,
Männer, Nicht-Australier, Individuen mit einer höheren Nutzung und einer höheren Anzahl an
geloggten Schritten ein reduziertes Attritionrisiko auf.

Schlussfolgerung: Die Ergebnisse der vorliegenden Dissertation haben drei Implikationen für
die Entwicklung von kardiopräventiven Verhaltensinterventionen mit hohem Public-HealthImpact.

(1)

Interventionen

für

Arbeitnehmer

mit

Präsentismus

sollten

Gesundheitsverhaltensweisen einschließlich Schlaf adressieren. (2) Die Implementierung von
Präventionsangeboten in Job Centern erscheint besonders nützlich zur Reduktion von
Gesundheitsunterschieden, welche durch den sozialen Gradienten induziert werden. (3) Der
Public-Health-Impact von internet-basierten Interventionen könnte durch den Einsatz von
mobilen Kommunikationskanälen verbessert werden.
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1

INTRODUCTION

1.1

Cardiovascular disease and modifiable risk factors

Burden of disease
Cardiovascular disease (CVD) remains the major cause of morbidity and mortality
worldwide. In 2010, CVD explained 11.8% of disability-adjusted life-years (DALYs) with
coronary heart disease being the leading cause of DALYs worldwide [1].
Although CVD mortality declined in many European countries, still 46% of all deaths in
Europe were attributable to CVD which corresponds to over 4 million deaths per year with
coronary heart disease alone causing 20% of all deaths in Europe [2]. It is estimated that CVD
cost the European Union 169€ billion annually. Health care costs (primary care, hospital care,
medication and emergency) account for 62% of total costs, and costs for informal care for
17%. Additionally, CVD is not only a burden in terms of health care costs. 21% of total EU
costs were produced by productivity losses with 268.5 million working-days lost because of
CVD morbidity and 2.18 million working-years lost [3].

Modifiable cardiovascular risk factors
Cardiovascular disease can be largely attributed to modifiable risk factors [4]. It is estimated
that over 75% of global mortality attributed to coronary heart disease and over 65% attributed
to stroke may be prevented with changes in modifiable risk factors [5]. Evidence has
implicated a number of behavioral risk factors for CVD including tobacco use, physical
inactivity, unhealthy diet and harmful use of alcohol. Long-term exposure to these behavioral
risk factors may result in metabolic changes including high blood pressure, hyperglycemia,
hyperlipidemia and overweight that in turn cause damage to coronary and cerebral blood
vessels due to atherosclerosis. Recently, there has been cumulating evidence on two novel
behavioral risk factors. First, Wilmot et al. [6] showed that sedentary time (sitting or lying
down) impacts CVD independently of other factors such as physical activity or diet. Research
indicated that a daily sitting time of 7 hours or more significantly increases mortality risk [7].
Second, there has been growing evidence that poor sleep behaviors such as short and long
sleep are associated with adverse health outcomes including higher risk for cardiovascular
disease [8].
Despite the known health benefits a huge amount of the population fails to reach
recommendations regarding the mentioned health behaviors. For example, about 38.5% of
adults in Europe are not physically active enough to benefit their health according to the
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WHO guidelines [9]. Analogues, within the German population of 40-79 years olds 19.8%
were smokers, 66.1% and 90.4% consume less than 2 fruit and vegetables per day, 69.9% are
overweight, 20.6% have hypertension and 68.8% have elevated cholesterol levels [10].

1.2

Association of health behaviors with presenteeism

A growing number of employees is showing up for work despite illness for several reasons
including fear of job loss or not feeling ill enough [11]. This so called presenteeism is
estimated to produce much more economic cost due to lost productivity than absenteeism
[12,13]. Attending work while ill may lead to an exacerbation of illness because of lack of
recovery period and constitutes a risk factor for CVD [14] and future sickness absence [15].
Given the relevance of presenteeism for both employers and employees and its associations
with CVD, prevention efforts in the workplace may benefit from clarification of which
employee behaviors contribute to presenteeism. The association of physical activity, sitting
behaviour and sleep with presenteeism is of particular importance. Non-occupational sitting
time is increasing [16,17], and changes to work environments and job requirements are
influencing workers’ sleep behaviours [18] and have resulted in reduced levels of
occupational physical activity while increasing the proportion of occupational sitting.
However, the extent to which these behaviours impact presenteeism is still relatively unclear
for several reasons. First, for the association of physical activity with presenteeism
inconsistent findings were reported [19,20]. Second, previous studies examining sleep
behaviours and presenteeism [e.g. 21] have predominantly focused on sleep disorders and
rarely considered less severe sleep issues (such as too little or not enough sleep and difficulty
falling asleep) that are more prevalent [22-24]. Third, it may be that health behaviours have a
greater effect on presenteeism than what is shown in the current literature focusing on single
behaviours as engaging in several unhealthy behaviours increases the risk of poor health,
chronic disease and mortality [25-28]. Lastly, when examining the effect of health behaviours
on presenteeism, it is important to take into account other factors that may influence this
association. Particularly subjectively perceived health status should be considered given the
strong inter-relationships between health behaviours, health status and health outcomes [2931].
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1.3

Maximizing reach of individuals for CVD prevention efforts

Interventions with a high reach of the target population are crucial as even highly effective
interventions do not have any population impact if nobody participates in the intervention
[32]. One main strategy to reach large parts of the target population is proactive recruitment
[33] i.e. individuals are directly contacted to offer intervention participation e.g. by mail,
phone or face-to-face. Proactive recruitment strategies are known to produce higher
participation rates and more representative samples than reactive strategies, where the
intervention provider announces the availability of the intervention and individuals need to
seek contact if interested in participation [33-35]. A further advantage of proactive strategies
is that they tend to reach more individuals with no or low intention to change the targeted
behavior compared to reactive strategies [e.g. 35]. This is of high public health relevance as a
huge proportion of individuals are not yet motivated to change the targeted behavior e.g. 4070% of smokers did not intend to change smoking behaviors [33].
Proactivity level of recruitment strategies may differ in terms of efforts or costs. Higher effort
approaches such as face-to-face strategies are known to produce higher participation rates
than lower effort approaches via telephone, email or mail [36-40]. However, little is known
about the effect of proactivity level on characteristics of individuals reached. To the author’s
knowledge only one study has been conducted that compared CVD risk profiles of individuals
reached by different proactive recruitment strategies [36].
A second strategy to increase reach is setting based recruitment. Recruitment within primary
care settings is widely used in health-related research as they cover a broad part of the
population. Further, setting based recruitment offers access to special subpopulations e.g.
those with low socio-economic status (SES). Studies have shown that individuals with low
SES have an increased CVD mortality risk [41] and are more likely to engage in risky health
behaviors than high SES populations [42,43]. Although they have a high need for intervention
efforts, individuals with low SES tend to show lower participation and retention rates [44,45].
Given that socio-economic health inequalities have increased over the last years [46] settings
with a high percentage of individuals with low SES such as job centers may be especially
efficient for recruiting individuals with CVD risk factors [47] and for conducting behavior
change interventions [48]. So far there is no evidence from studies directly comparing
different setting based recruitment strategies with respect to CVD risk profiles of participants
reached.
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1.4

Maximizing engagement and reducing attrition in web-based interventions

The internet is a promising tool to deliver complex, individualized and tailored behavioral
interventions while reaching a large part of the population at lower cost than face-to-face
interventions [49]. In low and middle income countries where healthcare is mainly self-paid
or of low quality electronic and mobile health interventions offer a valuable chance for remote
CVD management and risk reduction [50]. Although it was shown that web-based
interventions can be effective, effect-sizes have been rather small and long-term maintenance
of behavior change has been elusive [51]. In part this may be attributable to poor user
engagement. Web-based intervention studies typically suffer from high non-usage attrition
[52,53], i.e. not all participants use or keep using the intervention as intended by the
developers and as a result participants may not receive the needed dose of the intervention
content to enable behavior change. This substantially limits the public health impact of these
interventions.
Previous research on engagement and attrition has focused mainly on controlled trials [53,54].
However, findings from controlled settings may not translate to real-life settings as
individuals could be more committed to the study because of the formal structure of the trial
or active recruitment, which leads to lower attrition [52,53] . This is supported by studies that
found a higher percentage of intervention completers and higher website usage for trial users
compared to ‘real life’ users of the same website [55,56]. Although attrition has been
described in relation to commercially available websites [57,58] there is a lack of studies
describing these in freely accessible interventions.
Several intervention characteristics have been shown to enhance engagement and/or decrease
attrition of interventions including the provision of personally tailored content, a strong
theoretical foundation, interactive components, social networking, and reminders [59-63].
Beside characteristics of the intervention itself personal characteristics of the users (e.g. older
age, female sex, higher self-efficacy) and the degree of engagement with the intervention may
affect non-usage attrition [55,60,64,65]. Attempts to promote health behaviors via smartphone
technology appear to be promising as it increases the convenience of accessing the
intervention and engaging in self-monitoring regardless of time and location [66]. Within
controlled trials there is some evidence that using smartphone apps can enhance engagement,
decrease attrition and increase efficacy of web-based interventions [67-69]. However, thus far
there is no knowledge about how smartphone apps can enhance engagement with web-based
interventions in real-life settings.
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1.5

Aims

Based on the background presented above three research questions were derived for this
dissertation. For each aim one study was conducted.

Aim 1: To analyze the relationship of health behaviors and presenteeism when controlling for
socio-demographics, work- and health-related variables. In detail, research questions of study
1 were: (a) Among Australian employees aged 18 years and older, are those with low physical
activity, high sitting time, suboptimal sleep duration and/or low sleep quality reporting higher
presenteeism? (b) What impact has engaging in multiple health risk behaviors on
presenteeism? These questions were answered in the following scientific paper:

Guertler D, Vandelanotte C, Short C, Alley S, Schoeppe S, Duncan MJ. The association
between physical activity, sitting time, sleep duration, and sleep quality as correlates of
presenteeism. Journal of Occupational and Environmental Medicine 2015; 57(3), 321-328.

Aim 2: To compare three proactive recruitment strategies regarding their reach of individuals
with cardiovascular risk factors. Research questions were: Among individuals aged 40-65
years recruited via face-to-face contact in general practices or job centers or via mail
invitations from a health insurance company (a) Which recruitment strategy results in the
highest participation rate for a two-stage cardio-preventive screening and examination
program? (b) Do the recruited samples differ with respect to socio-demographics, selfreported health and CVD risk factors? (c) Do the recruitment strategies differ in the
determinants of program participation (i.e. differences between participants and nonparticipants)? These questions were answered in the following scientific paper:
Guertler D, Meyer C, Dörr M, Braatz J, Weymar F, John U, Freyer-Adam J, Ubricht S. Reach
of individuals at risk for cardiovascular disease by proactive recruitment strategies in general
practices, job centers and health insurance. International Journal of Behavioral Medicine in
press.

Aim 3: To examine engagement and non-usage attrition with a web-based behavior change
intervention in real-life settings. Three research questions emerged: Among users of the freely
available physical activity promotion program 10,000 Steps aged 18 years and older (a) What
pattern of engagement and non-usage attrition is shown? (b) Is a smartphone app helpful in
increasing engagement with the intervention and in decreasing non-usage attrition?
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(c) Are socio-demographics and engagement associated with non-usage attrition risk? These
questions were answered in the following scientific paper:

Guertler D, Vandelanotte C, Kirwan M, Duncan MJ. Engagement and nonusage attrition with
a free physical activity promotion program: the case of 10,000 Steps Australia. Journal of
Medical Internet Research 2015; 17(7):e176.
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2

METHODS

Results presented in this dissertation are based on three different datasets. The following
section is summarizing the methods used; a more detailed description is given in the related
scientific papers. Data analyses of study 1 [70] and 3 [71] were enabled through a research
stay at Central Queensland University Australia funded by the Alfried Krupp von Bohlen und
Halbach Foundation. Study 2 [72] was founded by the German Centre for Cardiovascular
Research (DZHK). The author’s contribution to the scientific papers is summarized in Table 4
(Appendix).

Statistical data analysis was performed using STATA 12 and Stata 13 (StataCorp, College
Station, Texas, USA), respectively.

2.1

Study 1

Sample
Australian employees were recruited among members of the Australian Health and Social
Science Panel study founded by the Institute for Health and Social Science Research (IHSSR)
at the Central Queensland University, Australia. Panel members were randomly selected
adults (aged 18 years and older) contactable via telephone across all states and territories of
Australia and were recruited between 2009 and 2012 using computer-assisted telephone
interviewing. In 2012, panel members (n = 3,932) were invited to a web-based survey about
health and sitting behaviors via e-mail. A total of n = 1,843 (46.9%) respondents completed
the survey and n = 1,073 of them were employed in any type of paid work. Those with a body
mass index (BMI) exceeding 50 (n = 10), those reporting any health condition that prevented
them from increasing physical activity or decreasing sitting time (n = 41), or those with
missing data for any variables (n = 312) were excluded from data analysis. The final sample
size for data analysis was n = 710.

Measures
Data were collected online via self-report. Socio-demographics (sex, age, marital status,
education level, and household income), health-related (self-rated health, height and weight,
chronic and mental health conditions) and work-related variables (employment status,
occupation, and primary working hours) were assessed. Presenteeism was quantified as
reduced performance while at work during the past 4 weeks using a question of the World
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Health Organization’s validated Health and Work Performance Questionnaire (HPQ) [73].
Participants were asked to rate their overall job performance on working days during the last 4
weeks from 0 (worst job performance) to 10 (performance of a top worker). Response options
were inversely coded and expressed as percentage resulting in a score ranging from 0 (no
presenteeism) to 100 (maximal presenteeism). Further, four health behaviors were assessed:
(a) total minutes of physical activity during the last week according to the Active Australia
Survey (AAQ) [74] (b) work and non-work-related sitting time per day according to the
Workforce Sitting Questionnaire (WSQ) [75]. (c) Sleep duration assessed by the question
“During the past month, how many hours of sleep did you usually get each night? This may
be quite different to the number of hours you spent in bed.” (d) Sleep quality during the past
month assessed with a four-point rating scale ranging from 1 = very good to 4 = very bad.
Items for (c) and (d) were adopted from the Pittsburgh Sleep Quality Index [76].

Data analysis
Linear regression analyses were used to examine whether physical activity, work and nonwork sitting time, sleep quality, and sleep duration predict presenteeism. First, one model was
produced for each health behavior (model 1a-1e) while adjusting for socio-demographic,
work- and health-related variables that were significantly associated with presenteeism (sex,
marital status, employment status, occupation, self-rated health, and mental health). Second, a
linear regression analysis including all health behaviors in a single model with adjustment for
socio-demographic, work- and health-related confounders was performed (model 2).We tested
for a nonlinear association between sleep duration and presenteeism as research suggested
that both shorter and longer sleep duration may have adverse effects on health [77]. For
models 1e and 2 we included a squared term in addition to the linear term of sleep duration as
this resulted in improved model fit. To examine the association of multiple health behaviors
and presenteeism linear regression analysis with the number of health risk behaviors
participants engage in as predictor and socio-demographic, work- and health-related variables
as covariates was performed.
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2.2

Study 2

Sample
Individuals aged 40 to 75 years were recruited by three proactive strategies in Germany
between June 2012 and December 2013: (1) Face-to-face recruitment in general practices:
Seventeen general practices were randomly selected and eleven gave permission for
recruitment in their practice during opening hours. (2) Face-to-face recruitment in job centers:
Individuals in two job centers (the majority being long-term unemployed and employed
individuals below the minimal income) were approached in the waiting area and when leaving
the agency. (3) Mail based invitations from statutory health insurance: Among members of
one health insurance company, 1,250 individuals were randomly selected and letters were
mailed batch wise from the insurance provider to their members offering participation in the
study.
Across all recruitment strategies individuals were asked to participate in a two-stage cardiopreventive health examination program. Stage 1 included an on-site self-administered
computerized screening on cardiovascular risk factors followed by blood pressure
measurement and blood sample taking. Stage 2 included a 2.5 hours cardiovascular
examination program (CEP) conducted at the university hospital. Screening participants were
eligible for the CEP if they were resident in the study area (predefined zip-code area), had a
self-reported BMI <= 35kg/m², had no history of cardiovascular events (myocardial
infarction, stroke) or diabetes mellitus, had no previous vascular interventions and no
previous Methicillin-resistant Staphylococcus aureus infection.

Measures
All measures reported in the following were based on stage 1 of the program. Self-reported
data was collected using tablet computers. Socio-demographics (age, sex, school education,
relationship status and employment status), general health status (“In general, would you say
your health is …” answered on a five-point scale), perceived pressure to improve health [78]
and cardiovascular risk factors were assessed. Self-reported risk factors included smoking
(yes/no question), physical activity level, fruit and vegetables consumption, and BMI
(calculated by self-reported height and weight). Engagement in physical activity and regular
physical activity was assessed with two questions (yes/no answer format) from the Physical
Activity Stages of Change Questionnaire “I am currently physically active” and “I currently
engage in regular physical activity” [79]. Fruit and vegetable consumption were assessed by
four questions [80], separately determining intake: “In a typical week, on how many days do
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you eat fruit [or vegetables respectively]?”, “How many servings of fruit [or vegetables,
respectively] do you eat on one of those days?”.
Measured risk factors included blood pressure, high-density lipoprotein, triglycerides, and
glycated hemoglobin (HbA1c). Systolic and diastolic blood pressures were measured onetime
using a digital blood pressure monitor. High-density lipoprotein, plasma triglycerides and
HbA1c were determined from non-fasting blood samples. Blood pressure was considered
elevated if either systolic pressure was >= 140 mmHg, diastolic pressure was >= 90 mmHg
[81], or participants reported a antihypertensive medication within the last 12 months.
Reduced high-density lipoprotein was assumed at < 50mg/dl for females and < 40mg/dl for
males [82]. Values were considered elevated with HbA1c > 6.5% [83] and triglycerides >=
200mg/dl [84]. Further, number of CVD risk factors was calculated considering the following
factors: smoking, no regular physical activity, < 2 portions of fruit or < 3 portions of
vegetables per day [85], BMI >= 25, elevated blood pressure and/or antihypertensive
medication, reduced high-density lipoprotein, elevated triglycerides, elevated HbA1c.

Data analysis
All statistics were reported separately for screening and CEP participants and stratified by
recruitment strategy. First, participation rates were calculated and descriptive statistics (mean,
standard deviation, percentages) were used to describe participants’ socio-demographics, selfreported health and proportions of cardiovascular risk factors. Analysis of variance and Chi²
tests were used to explore differences between recruitment strategies. Multinomial logistic
regression analyses were used to explore the association of each of the health and
cardiovascular risk factors with recruitment strategy while controlling for sociodemographics. Second, to identify predictors of program participation we compared those
who participated and those who did not participate using logistic regression analyses.
Screening participation was examined based on age and sex, CEP participation was examined
based on socio-demographics, self-reported health and cardiovascular risk factors. Although
individuals aged 40 to 75 years were eligible for study participation the recruited job center
clients were between 40 and 65 years old as the maximum age to register at a job center is 65.
For comparability reasons only participants at age 40-65 years were included in study 2.
Participant numbers and flows for the three recruitment strategies are presented in detail in
study 2 [72]. The analyzed sample of 40 to 65 years olds included n = 671, n = 1,049 and n =
894 eligibles for the screening within individuals recruited via general practices, job centers
and health insurance company, respectively.
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2.3

Study 3

Sample
Usage data was collected from users of the physical activity program 10,000 Steps which
development was founded by Queensland Health, Australia. This freely available program
encourages users to record and monitor their physical activity using pedometers
(www.10000steps.org.au). Features of the program include an online step log, individual and
workplace challenges, a discussion forum and virtual walking buddies. With individual
challenges users are able to choose from a monthly updated selection of goals and receive
graph- and text-based feedback of their progress. Workplace challenges usually last longer
than one month and the workplace is responsible to set team challenges. 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.
Data were extracted for users aged at least 18 years old, who have registered from the 8th of
July 2013 to the 30th of April 2014, and who logged physical activity for at least one day (n =
17,590). Excluding those with inconsistent data (n = 642) the final number of users was n =
16,948. Based on the platform used to log steps three groups were defined: Web-only users
who logged steps solely via the 10,000 Steps website (83.87%, n = 14,215), App-only users
who logged steps solely via the 10,000 Steps smartphone app (8.56%, n = 1,451), and Weband-app users who logged steps via the 10,000 Steps website and the smartphone app (7.56%,
n = 1,282).

Measures
Date of birth, sex and country of residence were assessed when participants registered to the
10,000 Steps program. Length of membership was calculated as the number of days between
the date of registration for the program and date of data extraction. Four measures of
engagement were used based on the automatically recorded usage data: 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, 4) the total number of days physical activity was recorded
in the step log.
Participants were coded as ‘non-usage attrition was observed’ when they haven’t logged
physical activity for at least 14 days. All other users were coded as ‘non-usage attrition was
not observed’. Physical activity was determined by dividing the total number of steps logged
by the number of days steps were logged for (mean steps per day).
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Data analysis
First, means and standard deviations for socio-demographics, engagement parameters and
logged physical activity were calculated for the whole sample and the three user groups.
Group comparisons were performed using one-way ANOVAs and Chi²-tests. As engagement
parameters are likely to depend on socio-demographics, length of membership and physical
activity level four linear regression analyses were fitted each using one of the engagement
parameters as dependent variable and user group as independent variable along with age, sex,
country of residency, length of membership and physical activity as covariates. Non-usage
attrition was examined over the first three months after registration to the program using
survival analysis. This analysis was limited to a sub-sample of users (n = 11,651) that had
been a 10,000 Steps member for at least three months at the time of data extraction to ensure
all participants had the same chance to use the program. Kaplan-Meier survival curves were
estimated by user group. Predictors of non-usage attrition (user group, socio-demographics,
engagement parameters and steps per day) were examined within univariate cox proportional
hazard regression. Predictors that had a univariate P value of < .25 [86] were selected for
inclusion in a multivariate model.
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3

RESULTS

3.1

Study 1: Association of health behaviors with presenteeism (Guertler,
Vandelanotte, Short et al., 2015)

Individual regression analyses revealed a significant association of presenteeism with poor
sleep quality (B = 0.132; P < 0.001) and sleep duration (linear term: B = −0.076; P < 0.05;
squared term: B = 0.105; P < 0.01) while controlling for socio-demographic, work- and
health-related variables (Table 1). Physical activity (B = −0.054; P = 0.156), work-related (B
= −0.057; P = 0.149), and non–work-related sitting time (B = 0.060; P = 0.106) were not
associated with presenteeism. When controlling additionally for all health behaviors poor
sleep quality (B = 0.112; P < 0.05), sleep duration (linear term: B = −0.023; P = 0.582;
squared term: B = 0.081; P < 0.05) and work-related sitting (B = −0.086; P<0.05) were
significantly associated with presenteeism. Physical activity (B = −0.057; P = 0.132) and non–
work-related sitting time (B = 0.060; P = .116) remained not associated with presenteeism.

Table 1. Association of health behaviours with presenteeism
Independent variables

Physical Activity
Work sitting time
Non-work sitting time
Sleep quality a
Sleep duration
Sleep duration b
Sleep duration*sleep duration b

Presenteeism
Model 1a-e

Model 2

B (SE)

B (SE)

-0.054 (0.002)
-0.057 (0.004)
0.060 (0.003)
0.132 (0.833)***

-0.057 (0.001)
-0.086 (0.004)*
0.060 (0.003)
0.112 (0.065)*

-0.076 (0.525)*
0.105 (0.296)**

-0.023 (0.601)
0.081 (0.301)*

Notes. Model 1, adjusted for sex, marital status, employment status, occupation, general health and mental
health; Model 2, same as Model 1 but additionally adjusted for all other health behaviours; a coded from 1’Very
good’ to 4 ‘Very bad’; b the effect of sleep duration on presenteeism is represented by a linear and a squared term
as adding the squared term was shown to improve model fit; B, standardized regression coefficients; SE,
standard error; * P<0.05; ** P<0.01; *** P<0.001

Engaging in three health risk behaviors was associated with a significantly higher
presenteeism score (B = 0.150; P < 0.01) compared with engaging in none or one health risk
behavior. There were no significant associations with presenteeism scores when engaging in
two (B = 0.050; P = 0.368) or four (B = 0.067; P = 0.188) health risk behaviors compared
with engaging in none or one risky behavior.
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3.2

Study 2: Reach of individuals at risk for cardiovascular disease by proactive
recruitment strategies (Guertler, Meyer, Dörr et al., in press)

Participation rates for the screening were 56.0%, 32.8%, 23.5% for individuals recruited via
general practices, job centers and health insurance company, respectively. Of those screening
participants eligible for the CEP, 80.3%, 65.5% and 96.1% participated in the CEP. Among
screening participants eligible for blood pressure measurement and blood sample taking,
97.3% and 91.3% within general practices, 82.6% and 73.9% within job centers and 100%
and 82.1% within the health insurance company sample participated, respectively. There were
significant differences across recruitment strategies regarding socio-demographics and selfreported health (see related article). Table 2 displays CVD risk factor distribution across
recruitment strategies with job center clients showing the most adverse CVD risk pattern.
Multinomial logistic regression analyses indicated that within screening participants selfreported health, smoking status, physical activity, elevated BMI and increased blood pressure
were associated with recruitment strategy when controlling for socio-demographic variables.
Generally, the chance of being recruited via general practices (relative risk ratio = 1.24) and
job centers (relative risk ratio = 1.39) compared to being recruited via the health insurance
company increased with the number of CVD risk factors reported. The pattern within CEP
participants was similar, except that BMI was not associated with recruitment strategy.
Whereas being female predicted screening participation across all strategies (P < 0.05), higher
age predicted screening participation only within individuals recruited via the health insurance
company (P < 0.01). CEP participants were less likely to be smokers than non-participants
when recruited via general practices and job centers (P < 0.05).

22

Table 2. Cardiovascular risk factors by recruitment strategy
Screening participants

(n=376)

(n=344)

Current
smoker

118
(31.47)

198
(57.73)

33
(15.71)

<.001

No physical
activity

133
(35.37)

120
(34.88)

48
(22.86)

.004

No regular
physical
activity

188
(50.00)

153
(44.48)

81
(38.57)

.026

<2 fruit or <3
vegetables per
day

344
(93.48)

333
(97.08)

201
(95.71)

.071

127
(34.42)
219
(59.35)
23
(6.23)

101
(29.97)
187
(55.49)
49
(14.54)

79
(37.62)
124
(58.10)
9
(4.29)

<.00

Elevated blood
pressure

256
(69.57)

200
(78.43)

137
(65.24)

.005

Reduced highdensity
lipoprotein

104
(32.91)

68
(40.24)

29
(22.31)

.005

Elevated
triglycerides

110
(34.81)

46
(27.22)

35
(26.92)

.118

Elevated
HbA1c

27
(8.52)

14
(8.43)

16
(12.60)

.367

3 (1.71)

Number of
cardiovascular
risk factors

3.83±
1.57

4.25 ±
1.38

3.35 ±
1.61

<.001

3.58±
1.46

25-35
>35

Job
center

CEP participants

Health
insurance
company
(n=210)

BMI
<25

General
practice

P

abc

bc

b

a

ac

ac

bc

abc

General
practice

Job
center

(n=196)

(n=93)

Health
insurance
company
(n=171)

54
(27.69)

50
(53.76)

26
(15.20)

<.001

69
(35.20)

30
(32.26)

36
(21.05)

.010

93
(47.45)

34
(36.56)

62
(36.26)

.057

179
(93.23)

91
(97.85)

162
(94.74)

.262

79
(40.51)
116
(61.54)
-

35
(38.46)
56
(61.54)
-

75
(43.86)
96
(56.14)
-

.666

124
(63.92)

54
(72.97)

104
(60.82)

.189

50
(28.90)

21
(35.59)

21
(20.19)

.086

58
(33.53)

11
(18.64)

24
(23.08)

.040

1 (1.69) 5 (4.95)

.242

3.96±
1.36

3.00±
1.44

P

abc

bc

b

c

a

<.001
bc

Note. Data is presented as n (%) for categorical variables and mean± Standard Deviation for continuous
variables; a General practices are different from Job centers, b General practices are different from Health
insurance company, c Job centers are different from Health insurance company
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3.3

Study 3: Engagement and attrition with a free physical activity promotion
program (Guertler, Vandelanotte, Kirwan et al., 2015)

Socio-demographics, engagement and physical activity by user group are displayed in Table
3. Web-and-app users showed the highest usage parameters, whereas Web-only users showed
the lowest.

Table 3. Socio-demographics, engagement and physical activity by user group (n=16,948)
Overall
(n=16,948)
Sociodemographics
Age, M (SD)

Web-only App-only Web-andapp
(n=14,215) (n=1,451) (n=1,282) F/Chi², P
102.6, P<.001abc

41.8
(12.1)

42.4
(12.2)

38.3
(11.1)

39.5
(11.5)

Females, %

69.9

69.3

72.4

73.5

14.8, P<.001

Australians, %

77.5

76.9

77.2

84.7

41.0, P<.001

Membership days,
M (SD)

190.4
(78.6)

190.7
(78.9)

183.9
(79.6)

194.6
(72.7)

7.0, P<.001ac

Engagement
Duration of usage,
days
M (SD)

34.5
(30.5)

32.8
(28.2)

37.7
(37.2)

50.2
(40.4)

203.6, P<.001abc

Individual
challenges,
M (SD)

0.1
(0.5)

0.1
(0.4)

0.2
(0.7)

0.3
(0.9)

174.4, P<.001abc

Workplace
challenges, M
(SD)

0.9
(0.5)

0.9
(0.5)

0.8
(0.7)

0.9
(0.6)

52.2, P<.001ac

Number of days
physical activity
was logged for, M
(SD)

30.8
(25.1)

29.5
(23.6)

32.9
(29.8)

43.3
(31.5)

188.7, P<.001abc

10,692.1
(4,194.4)

10,701.7
(4,251.6)

10,253.0
(3,951.1)

11,082.6
(3,758.1)

13.6, P<.001abc

Physical activity
Steps per day,
M (SD)

Note. M, Mean; SD, Standard Deviation; post hoc comparisons for continuous variables: 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
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Results from linear regressions regarding the prediction of engagement parameters by user
group when controlling for socio-demographics, length of membership and logged physical
activity align with Table 3. However, meaningful effects (Eta² > .01) were found only when
comparing Web-and-app users with Web-only users: Web-and-app users showed a longer
duration of usage (B = 0.16; Eta² = .026), higher numbers of individual challenges (B = 0.12;
Eta² =.014) and higher number of days physical activity was logged (B = 0.15; Eta² =.024)
when using Web-only as reference category. The following results are based on a sub-sample
including users (n=11,651) that had been a 10,000 Steps member for at least three months.
Figure 1 shows non-usage attrition by group (Chi² (2) = 161.3; P < .001). One quarter of users
were still logging steps after 41, 43 or 56 days for the Web-only, App-only and Web-and-app
groups respectively.

Figure 1. Non-usage attrition curves for user groups (n=11,651).

Univariate cox regression revealed that App-only and Web-and-app users showed reduced
attrition risk compared to Web-only users (hazard ratio = 0.86; P < .001 and hazard ratio =
0.63; P < .001). Being a resident of a country other than Australia (hazard ratio = 0.87; P <
.001), being male (hazard ratio = 0.85; P < .001) and being of higher age (hazard ratio =
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0.99; P < .001) also reduced the risk of attrition. Risk of attrition decreased when the number
of individual challenges (hazard ratio = 0.62; P < .001), workplace challenges (hazard ratio =
0.94; P < .001), number of days physical activity was logged for (hazard ratio = 0.92; P <
.001) and number of steps logged per day (hazard ratio = 0.99999; P < .001) increased.
Results from the multivariate analysis showed a similar pattern except that App-only users did
not differ from Web-only users (hazard ratio = 0.98; P = .59) and there was no effect of
workplace challenges on attrition risk (hazard ratio = 0.98; P = .19).
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4

DISCUSSION

The aim of this dissertation was to examine the association of health behaviors with
presenteeism and to determine factors that could enhance public health impact of CVD
prevention efforts. The data revealed three main findings. First, presenteeism was linked to
sleep behaviors and may constitute a work-related CVD risk. Second, although recruitment in
general practices yielded the highest reach job centers clients showed the highest CVD risk.
Third, using a smartphone app was associated with enhanced intervention engagement and
reduced attrition risk. In the following section the results and practical implications were
discussed.

4.1

General discussion

Association of health behaviors with presenteeism
In line with previous studies [87,88] our data revealed that poorer sleep quality was associated
with higher presenteeism. Furthermore, medium sleep duration was found to be associated
with lower presenteeism compared with shorter and longer sleep duration. This is in line with
previous studies showing adverse health effects of both shorter and longer sleep durations
[23,25]. These findings are important, given the high prevalence of poor sleep [22-24]. In
contrast, there were two unexpected results. First, physical activity and sitting behavior were
not associated with presenteeism as found by previous research [e.g. 89]. Nevertheless,
previous studies have not controlled for health-related variables which are known to influence
presenteeism. Subsequent analysis of our data demonstrated that low physical activity and
higher non-work sitting time were indeed associated with higher presenteeism when not
adjusting for health-related variables. Thus the association between health behaviors and
presenteeism may be partially mediated through health variables. Second, contrary to previous
research [89] we found that higher work-related sitting was associated with lower
presenteeism after controlling for other health behaviors. This may be due to differences in
the measures used (sedentary behavior versus sitting time) and the methods used to quantify
them. Further, the high number of professional and white-collar employees in our sample
(89%), many of whom are required to be seated to conduct their work regardless of their
presenteeism, may have confounded this relationship.
When examining the combined effect of health behaviors on presenteeism, this study showed
that engaging in more health risk behaviors is associated with higher presenteeism. Thus
interventions targeting multiple health behaviors simultaneously are likely to be more useful
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for reducing presenteeism compared with interventions that focus on single health behaviors,
as many previous interventions have done [90].

Reach of individuals at risk for cardiovascular disease by proactive recruitment strategies
Our results show that proactive recruitment strategies differ with respect to participation rates,
sample characteristics and selection factors. The differences in participation rates according to
efforts of recruitment is in line with previous research showing that approaches with high
proactivity levels result in higher participation than lower level proactive recruitment [36].
Screening participation in general practices and job centers was lower than in previous
research showing that 99.6% of general practice patients and 79.9% of job center clients
participated in a health screening [47,48,91]. Discrepancy in response rate may be explained
by differences in environmental factors, settings specific workflows and sample selection.
Due to the planned CEP, the current study required more extensive informed written consent
before the screening was conducted than previous studies. Further, the current study targeted
at individuals aged at least 40 years which might be more difficult to reach than younger
individuals [91]. Differences in promotion of the study by the staff across settings may have
also affected participation rates. Length of screening may significantly influence participation
rate as the previous general practice study [91] used only one question to identify eligible
individuals whereas in the current study an extensive risk factor screening was conducted.
Lastly, in contrast to the previous job center study [47,48], the majority of clients were
approached when leaving the job center as there was nearly no waiting time; and only jobseekers registered for subsistence allowance were approached, probably resulting in a higher
proportion of long-term unemployed job-seekers who might be more difficult to reach. In line
with previous studies on second-stage-non-response [92,93], we found that a substantial
amount of participants dropped out of the study after screening. As transportation and location
of the program are main barriers for participation [92,94] job center clients may have yielded
the lowest CEP participation rate because of their low financial resources to travel to the
university hospital. Individuals reached via job centers showed the most adverse CVD risk
pattern (e.g. highest smoking rate, highest BMI and blood pressure) and individuals recruited
via the health insurance company reported the least adverse CVD risk patterns. Even if we
account for the different socio-demographic profiles of the settings, substantial differences in
risk factor profiles of target persons across recruitment strategies remain. In line with previous
findings [47] these results suggest that recruiting individuals at job centers may be a
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promising approach for prevention efforts as a high proportion of individuals at risk may be
reached.
Predictors found for screening participation were being female and higher age. The only
predictor of CEP participation was non-smoking. As previous research suggests smokers are
generally less likely to participate in health-related research [95]. They might feel stigmatized
or expect negative outcomes of the study and deny participation to avoid feelings of
dissonance [96]. This is especially concerning as smokers are likely to engage in other health
risk behaviors including physically inactivity, insufficient fruit intake, heavy drinking or
binge drinking [97]. Examining reasons why smokers choose not to participate in detail could
further inform efforts to increase reach of those individuals.

Engagement and attrition with a free physical activity promotion program
Even though web-based interventions are capable of reaching large parts of the population, a
notable percentage never starts to use the intervention or accesses only a small part of it [98].
As content cannot be helpful if it is not viewed, techniques to enhance engagement with webbased interventions are needed. Our study indicated higher program engagement and longer
usage of the program compared to other web-based interventions in real-life settings [5557,99-104]. Most important, our results show that smartphone apps can enhance program
engagement and lower attrition. Previous research on the influence of smartphone apps on
engagement and attrition are scarce [67]. However, using smartphones for assistance in health
promotion seems appealing as the percentage of people accessing health information via
mobile devices is increasing [105].
Our results indicate that there are also personal factors and engagement parameters that are
associated with attrition risk. First, we found that males had a smaller attrition risk compared
to females. This is unexpected as females are generally seen as more interested in health
related topics, more likely to participate in interventions and more likely to use health apps
than men [105-108]. However, men could be more attracted by technical devices as support
for physical activity management (e.g. pedometers used in the 10,000 Steps intervention) as
they have a more positive attitude towards new technology [109]. Second, being nonAustralian and being older were found to be associated with lower attrition risk. Differences
in non-usage attrition by country of residency may be seen as an effect of weather as poor and
extreme weather has been identified as barriers of physical activity [110] and in Australia it is
hot and humid for most of the year. Effects of age on non-usage attrition are in line with
previous research showing that higher age is associated with higher engagement with the
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intervention [e.g. 103,104]. Third, we found that with increasing engagement the risk of nonusage attrition decreases. As previous research on the 10,000 Steps project suggested [60] the
number of individual challenges users participate in is associated with lower attrition risk.
This study adds evidence that participation in workplace challenges can reduce non-usage
attrition risk as well. This aligns with previous research showing that interactive website
components may promote engagement with the intervention [111].

4.2

Practical implications

Workplaces are valuable settings for prevention efforts as their internal structure easily
reaches large groups and provides a natural social network. This is relevant given the
importance of social support as a mediator of behavior change [112,113]. To date, workplace
health promotion programs have typically focused on improving physical activity, smoking,
and nutrition. Although these have had some success in reducing presenteeism [87], results
from study 1 suggest that the inclusion of sleep behaviors may further enhance intervention
outcomes. Notwithstanding that brief educational interventions in sleep hygiene have been
found to be effective in enhancing sleep quality [114] sleep hygiene has rarely been included
in health promotion programs. This may be due to the fact that sleep disturbances were
traditionally treated pharmacological, and only recently studies started to focus on the benefits
of nonpharmacological treatment [115]. Future research should address efficacy testing of
multi-behavior interventions aiming at sleep in conjunction with other health behaviors such
as physical activity and sitting behaviors.
The results from study 2 can be used to decide on recruitment strategies for CVD prevention
efforts. First, although recruitment in general practices yielded the highest reach the job center
strategy may be especially useful to reduce health inequalities induced by social gradient. The
use of multiple recruitment strategies seems reasonable to achieve a sufficient reach.
However, dissemination of preventive measures might further profit by research on overlap of
recruitment strategies. Second, intervention effectiveness may differ between recruitment
strategies and cannot be generalized without considering reach [92]. Further insight in
participation factors is essential to develop prevention measures with the ability to reach large
parts of the population including those most in need. When evaluating the CVD risk of the
samples reached future research should include more detailed measures of cardiovascular risk
factors. E.g. including longitudinal risk factor assessments as the accumulation of risk factors
over lifetime was found to be a strong predictor of CVD mortality [116]. Further, thresholds
for risk factors may need to be modified for certain subgroups e.g. for elderly [117].

30

Previous research has identified factors that influence exposure and attrition in web-based
interventions [59-62,111]. Study 3 provided new evidence that smartphone apps may be
powerful tools to enhance the public health impact of web-based interventions. Combining
web and smartphone based interventions with proactive strategies including offline or high
effort recruitment strategies and reminders [118,119] may further enhance reach and
engagement. However, more research is needed to examine effects of such factors in real-life
settings. For example, results from Wanner et al. [55] suggested that reminder emails are only
effective for trial participants but not for registered open access users. Patterns and reasons for
attrition may also vary across certain subgroups of users. Some authors [57,120] argue, that
decreasing engagement is not necessarily a result of lost interest in the intervention but of
achieving a satisfactory level of behaviour change or self-management skills [121]. Future
research should experimentally examine reasons of low engagement and attrition.

4.3

Limitations

There are four limitations that need to be considered when interpreting the presented results.
First, all studies reported were based on cross-sectional data or used observational study
designs. Therefore we cannot provide information on the causality of the observed
associations. Second, selection bias is likely to have affected the results. Although panel
members were selected at random selection bias may have been active when panel members
should react to the email invitation to study 1. For study 2, comparison of screening
participants and non-participants was only possible with respect to age and sex. However,
other factors including SES and CVD risk factors may have also been active in sample
selection [44,93]. Similarity of those eligible for CEP due to the used inclusion criteria may
have biased findings. In study 3 users with at least one physical activity log were included.
Thus, our sample may include more committed users compared to other studies typically
including users based on at least one website login. Third, as analyses in all three studies are
at least partly based on self-report data social desirability bias may have been active.
Especially for study 2 self-report bias may have varied across recruitment strategies and
affected results as individuals with lower SES tend to give more social desirable responses
[122]. Forth, the validity of instruments used may be questionable. The HPQ used in study 1
did not assess productivity loss specifically because of health problems. Therefore, we may
have assessed productivity loss because of other reasons as well. In study 3 usage duration
was measured as days between the first and the last physical activity log. This may have
underestimated the engagement as users could have been active using the discussion board or
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competing in challenges while not logging steps. However, as logging physical activity is the
main feature of the program it represents a more credible measure than logins.

4.4

Conclusion

To conclude, factors related to reach, engagement and attrition should be taken into account in
the design of CVD preventive behavioral interventions. First, employees suffering from
presenteeism may require interventions addressing sleep behaviors along with other health
behaviors. Second, implementing prevention efforts in job centers may be especially useful to
reduce health inequalities induced by social gradient. Last, the population impact of webbased interventions may be increased when using mobile delivery channels. Despite the
potential of behavioral interventions for the prevention of CVD there is a high need for
research due to the complex nature of the behavioral determinants.
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The Association Between Physical Activity, Sitting Time, Sleep
Duration, and Sleep Quality as Correlates of Presenteeism
Diana Guertler, Dipl Psych, Corneel Vandelanotte, PhD, Camille Short, PhD, Stephanie Alley, B BSc,
Stephanie Schoeppe, M SSc, and Mitch J. Duncan, PhD

Objective: This study aims to examine the relationship of lifestyle behaviors
(physical activity, work and non-work sitting time, sleep quality, and sleep
duration) with presenteeism while controlling for sociodemographics, workand health-related variables. Methods: Data were collected from 710 workers (aged 20 to 76 years; 47.9% women) from randomly selected Australian
adults who completed an online survey. Linear regression was used to examine the relationship between lifestyle behaviors and presenteeism. Results:
Poorer sleep quality (standardized regression coefficients [B] = 0.112; P <
0.05), suboptimal duration (B = 0.081; P < 0.05), and lower work sitting time
(B = −0.086; P < 0.05) were significantly associated with higher presenteeism when controlling for all lifestyle behaviors. Engaging in three risky
lifestyle behaviors was associated with higher presenteeism (B = 0.150; P
< 0.01) compared with engaging in none or one. Conclusions: The results
of this study highlight the importance of sleep behaviors for presenteeism
and call for behavioral interventions that simultaneously address sleep in
conjunction with other activity-related behaviors.

P

resenteeism is an individual’s loss of productivity at work because of physical and psychosocial conditions and illness.1,2 The
economic cost of lost productivity because of presenteeism is higher
than the cost of absenteeism, that is, being not at work because of
illness.3,4 Furthermore, longitudinal research suggests that presenteeism may increase the likelihood of future absenteeism.5 To reduce
presenteeism in the workplace, the associated economic and social
burden effective interventions are required. To inform this process,
a greater understanding of the factors that affect presenteeism is
needed.
There is some evidence that poor lifestyle behaviors may adversely affect presenteeism.1,6,7 For example, studies have shown
that low levels of physical activity,6,8–10 higher sitting time before
and after work,6 sleep disorders11–13 and poor sleep quality7 are associated with higher presenteeism. Nevertheless, the extent to which
these behaviors affect presenteeism is still relatively unclear. This
is because of the paucity of studies conducted, inconsistent findings
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reported (in the case of physical activity14,15 ), important aspects of
behavior not examined (eg, examining sleep disorders11–13 and sleep
quality7 but not sleep duration), the tendency to examine these behaviors in isolation, as well as lack of control for other important
factors, such as health issues.1,6–13
Strong evidence shows that sleep duration and sleep quality
are important for maintaining good physical and mental health.16–18
Compared with the prevalence of sleep disorders (insomnia, obstructive sleep apnea, and restless leg syndrome), which affects 8.9% of
the population, suboptimal sleep duration (sleeping less than 7 hours
and more than 8 hours) affects 35% to 60% of the population and
poor sleep quality (difficulty falling asleep or remaining asleep19 )
affects 23% of the population.20–24 Yet, previous studies7,11–13 examining sleep behavior and presenteeism have predominantly focused
on sleep disorders and rarely considered less severe sleep issues
(such as too little or not enough sleep and difficulty falling asleep)
that also affect on health and well-being and are more prevalent in
the population.
The lack of studies examining the effect of these behaviors
in conjunction with each other is particularly concerning, given that
58.5% of the population report having at least two unhealthy lifestyle
behaviors simultaneously.25 It may be that lifestyle behaviors have
a greater effect on presenteeism than what is shown in the current
literature focusing on single behaviors as having several unhealthy
lifestyle behaviors increases the risk of poor health, chronic disease, and mortality.16,26–28 The association of physical activity, sitting
behavior, and sleep with presenteeism is of particular importance.
Nonoccupational sitting time is increasing,29,30 and changes to work
environments and job requirements are influencing workers’ sleep
behaviors31 and have resulted in reduced levels of occupational physical activity while increasing the proportion of occupational sitting.32
This is illustrated by studies reporting that office workers spend approximately 66% of their workday sitting.33
Furthermore, when examining the effect of lifestyle behaviors
on presenteeism, it is important to take into account other factors
that may influence this association. Particularly, health-related factors such as self-rated health should be considered given the strong
interrelationships between lifestyle behaviors, self-rated health, and
health outcomes.20,34,35
Therefore, this study aims to examine associations of physical
activity, sitting time, sleep duration, and sleep quality with presenteeism when adjusting for self-rated health, as well as examine the
association between having multiple unhealthy lifestyle behaviors
simultaneously and presenteeism.

METHODS
The Human Ethics Research Review Panel at the Central
Queensland University provided ethical approval for the project
(Project H12/06–126).

Participant Recruitment
Participants were members of the Australian Health and
Social Science Panel study funded by the Institute for Health and
Social Science Research at the Central Queensland University,
Australia. Panel members were recruited between 2009 and 2012
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using computer-assisted telephone interviewing. Panel members
were randomly selected adults (aged 18 years and older) contactable
via telephone across all states and territories of Australia. Further
details on the recruitment methods for the Australian Health and
Social Science Panel are available elsewhere.36
In 2012, all panel members (n = 3932) were invited to a Webbased survey via e-mail with up to four reminders. A total of 1843
(46.9%) respondents completed the survey. Only respondents who
were employed in any type of paid work (n = 1073) were included
in analyses. Respondents were excluded if their body mass index
(BMI) exceeded 50 (n = 10), if they reported any health condition
that prevented them from increasing physical activity or decreasing
sitting time (n = 41), or if they had missing data for any variables
included in the analyses conducted for this study (n = 312).

physical activity were examined. The first was a continuous measure
of total minutes of physical activity, calculated as the sum of time
participating in walking, moderate and vigorous physical activity
(multiplied by two); this is consistent with guidelines for analysis
and reporting of AAQ items.42 A second measure of activity defined as the accumulation of at least 150 minutes of activity in five
or more sessions was also used to classify participants as insufficiently or sufficiently active. Agreement of the AAQ with other
questionnaires regarding the proportion of participants categorized
as sufficiently active (150 minutes per week including at least five
sessions) was between 59.2% and 74.3%,43 and reliability for total minutes of physical activity was also high (intraclass correlation
coefficient = 0.59).44

MEASURES

Daily sitting time in the last week was assessed using the
Workforce Sitting Questionnaire (WSQ).45 The WSQ assesses sitting
time (on weekdays and weekend days) separately for traveling to and
from places, being at work, watching TV, using a computer at home,
and doing other leisure activities. The WSQ was found to have a
good test-retest reliability (intraclass correlation coefficient = 0.46
to 0.90) and criterion validity against accelerometry (r = 0.18 to
0.46).45 Average daily sitting time at work was calculated by ([time
spent sitting while at work on workdays * the number of workdays]
+ [time spent sitting while at work on non-workdays * the number of
non-workdays]/7). Average daily non–work-related sitting time was
calculated by ([time spent sitting while traveling, watching TV, using
a computer, and other leisure activities on workdays * the number
of workdays] + [time spent sitting while traveling, watching TV,
using a computer, and other leisure activities on non-workdays * the
number of non-workdays]/7).

Sociodemographic, Work-Related, and
Health-Related Variables
Participants provided information on their sex, age, marital status, employment, educational level, and household income.
Highest level of education was categorized into lower education
(high school or less, TAFE—a provider of vocational nonbachelor education up to level of advanced diploma) or higher education
(technical college and higher education including university bachelor degree or higher). Household income was dichotomized into
less than $1500 per week and $1500 or more per week. Respondents were asked to report employment status (full-time, part-time,
or casual worker) and primary working time (during the day, during
the night, or during the day and night). Occupation was classified
using standardized measures37 into the following three categories
similar to other research38 : professionals (managers and administrators, professionals, and associate professionals); white-collar workers (elementary, intermediate, and advanced clerical, sales, and service workers); and blue-collar workers (tradespersons, intermediate
production, and transport workers, laborers, and related workers).
Self-rated health was assessed with one question “Would you say
that in general your health is excellent, very good, good, fair, poor?”
from an existing measure of health-related quality of life—HRQOL4.39 Participants BMI was calculated from their self-reported height
and weight (weight in kg/[height in m]2 ). The presence of a chronic
health condition was assessed by asking respondents if they have at
least one of the following diseases: coronary heart disease, hypertension, hypercholesterolemia, diabetes, chronic bronchitis, cancer,
osteoporosis, osteoarthritis, rheumatoid arthritis, irritable bowel syndrome, celiac disease, food allergy/intolerance, Alzheimer disease,
and dementia. Mental health was assessed with one question “Have
you ever been diagnosed with or treated for any kind of mental health
condition including depression or anxiety?” (response options “yes”
or “no”).

Presenteeism
Presenteeism was quantified as reduced performance while at
work using a question of the World Health Organization’s validated
Health and Work Performance Questionnaire (HPQ).40,41 Participants were asked to rate their overall job performance on working
days during the past 4 weeks from 0 (worst job performance) to
10 (performance of a top worker). Response options were inversely
coded and expressed as percentage to ease interpretation resulting
in a score ranging from 0 (no presenteeism) to 100 (maximal
presenteeism).

Physical Activity
The Active Australia Survey (AAQ)42 was used to measure
frequency and time spent performing walking, moderate and vigorous physical activity in the last week. In this study, two measures of
322

Sitting Behavior

Sleep Duration and Quality
Sleep duration was assessed using one question “During the
past month, how many hours of sleep did you usually get each night?
This may be quite different to the number of hours you spent in bed.
(Enter total number of hours sleep per night).” Sleep quality during
the past month was assessed with a four-point rating scale (1 = very
good, 2 = fairly good, 3 = fairly bad, and 4 = very bad). These items
were adopted from the Pittsburgh Sleep Quality Index, which has
demonstrated good psychometric properties (Cronbach α = 0.83;
test-retest reliability = 0.85).46

Statistical Analysis
Descriptive statistics (means, standard deviation, and/or proportions) were calculated for all variables. Univariate linear regression analyses including sociodemographic, work- and health-related
variables from Table 2 as predictors and presenteeism as the outcome variable were performed to identify possible confounders for
the relationship between lifestyle behaviors and presenteeism. The
associations of physical activity, work and non-work sitting time,
sleep quality, and sleep duration with presenteeism were examined
using linear regression analyses for each separate lifestyle behavior
adjusted for significant sociodemographic, work- and health-related
confounders identified in step one (models 1a to 1e). The lifestyle
behaviors were included as continuous predictor variables in the described models. Furthermore, because lifestyle behaviors are likely
to influence each other, a linear regression analysis including all
lifestyle behaviors in a single model and adjusted for all significant sociodemographic, work- and health-related confounders was
performed (model 2).
For lifestyle behaviors that are significantly associated with
presenteeism graphs were produced in Excel showing the predicted
presenteeism scores for the different levels of the lifestyle behavior. Predicted presenteeism scores were derived from the regression
equation using unstandardized regression coefficients and sample
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TABLE 1. Description of Sociodemographics, Work- and
Health-Related Variables, Lifestyle Behaviors, and
Presenteeism (n = 710)

TABLE 1. (Continued)
Variables

n (%), If Not
Otherwise Stated

Variables
Sociodemographics
Sex
Men
Women
Age, yrs
Mean (SD), range
Educational level
Low
High
Marital status
Single
Divorced, separated, widowed
Married, de facto
Income
< $1,500 per week
≥$1,500 per week
Work-related factors
Employment status
Full-time worker
Part-time worker
Casual worker
Occupation
Professional
White collar
Blue collar
Working time
During the day
During the night, or day and night
Health-related variables
Body mass index
Mean (SD), range
Normal (<25 kg/m2 )
Overweight/obese (≥25 kg/m2 )
General health
Poor
Fair
Good
Very good
Excellent
Chronic diseases
Yes
No
Mental health issue
Yes
No
Lifestyle behaviors
Physical activity
Minutes mean (SD), median
Sufficient*
Insufficient
No activity

340 (47.9)
370 (52.1)
51.0 (10.8), 20–76
232 (32.7)
478 (67.3)
64 (9.0)
75 (10.6)
571 (80.4)
222 (31.3)
488 (68.7)

445 (62.7)
208 (29.3)
57 (8.0)
502 (70.7)
131 (18.5)
77 (10.9)
606 (85.4)
104 (14.7)

27.2 (5.0), 17–48
257 (36.2)
453 (63.8)
3 (0.4)
68 (9.6)
254 (35.8)
301 (42.4)
84 (11.8)
447 (63.0)
263 (37.0)
161 (22.7)
549 (77.3)

364.0 (375.2), 240.0
415 (58.5)
254 (35.8)
41 (5.8)
(continues)

n (%), If Not
Otherwise Stated

Sitting time
Work-related mean (SD)
232.3 (141.1)
Non–work-related mean (SD)
388.1 (197.0)
<8 h
224 (31.5)
≥8 h
486 (68.5)
Sleep quality
Very good
125 (17.6)
Fairly good
430 (60.6)
Fairly bad
137 (19.3)
Very bad
18 (2.5)
Sleep duration
Mean (SD), range
6.9 (1.0), 3–12
<7 h
240 (33.8)
≥7 to <8 h
266 (37.5)
≥8 h
204 (28.7)
Number of risky lifestyle behaviors respondents engage in
0 or 1 behaviors
97 (13.7)
2 behaviors
230 (32.4)
3 behaviors
265 (37.3)
4 behaviors
118 (16.6)
Presenteeism
Loss of productivity in %
Mean (SD)
19.8 (14.9)
*The accumulation of at least 150 minutes of activity per week including at least
five sessions.

means for covariates to control for sociodemographic, work- and
health-related variables, as well as other lifestyle behaviors.
Since research suggested that both shorter and longer sleep duration may have adverse effects on health,47 it was examined whether
the relationship between sleep duration and presenteeism was nonlinear. First, an augmented partial residuals plot48 was produced to
identify nonlinearity in the data. Second, to test for a nonlinear relationship, a squared term of sleep duration (after centering by the
mean) was added to the regression model 1e, and change in model fit
was explored using likelihood ratio test. Because the squared term
was significant (Standardized regression coefficients [B] = 0.105;
P < 0.005) and model fit was improved (likelihood ratio χ 2 (1) =
8.54; P < .005) compared with the model including only a linear
association, we only report on results for models 1e and 2 while
including the squared term in addition to the linear term of sleep
duration. Variance inflation factors for model 2 were less than 1.6
for all lifestyle behaviors indicating no multicollinearity.
To examine the effect of multiple lifestyle behaviors on presenteeism, an index was created where each participant was allocated
a single point for each of the following risky lifestyle behaviors they
engaged in—insufficient physical activity (not accumulating at least
150 minutes of physical activity with at least five sessions of activity over 1 week42 ), reporting sitting time of 8 or more hours a
day,49 reporting not very good sleep quality,18 and a sleep duration
less than 7 hours or 8 or more hours.25 Overall sitting time was included in the index because there are no separate recommendations
for work and non-work sitting time. Behaviors were categorized
according to established guidelines for the behavior (physical activity) or evidence that risk of poor health outcomes (eg, overall
mortality) was increased based on that pattern of behavior. Because
of the low number of participants engaging in none risky lifestyle behavior (2.0%), we collapsed participants reporting to engage in none
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or one risky lifestyle behavior (13.7%) into one category. Linear regression analysis with the number of risky lifestyle behaviors as the
dummy coded predictor and significant sociodemographics, workand health-related variables as covariates (from univariate analysis)
was performed to examine the association of multiple lifestyle behaviors and presenteeism. Standardized regression coefficients and
standard errors were calculated. Statistical analysis was performed
with Stata version 12 (StataCorp LP, College Station, TX). All models were evaluated using a significance level of P < 0.05.

RESULTS
Respondents

A description of the sample (n = 710) regarding sociodemographics, work- and health-related variables, as well lifestyle behaviors, and presenteeism is presented in Table 1.

TABLE 3. Association of Lifestyle Behaviors With
Presenteeism

Associations of Lifestyle Behaviors With
Presenteeism
Results of univariate regression analyses on the association
of sociodemographic, work- and health-related factors with presenteeism are presented in Table 2. There was a significant association
between the following sociodemographic, work- and health-related
factors and presenteeism: sex, marital status, employment status, occupation class, general health status, and mental health. Therefore,
all the following analyses were adjusted for these factors.
Individual regression analyses with adjustment for the significant sociodemographic, work- and health-related variables (Table 3,
models 1a to 1e) revealed a significant association of presenteeism
with poor sleep quality (B = 0.132; P < 0.001). For sleep duration, both the linear (B = −0.076; P < 0.05) and the squared term
TABLE 2. Univariate Associations of Sociodemographics,
Work- and Health-Related Variables With Presenteeism
Presenteeism B (SE)

Sociodemographics
Sex (0 male; 1 female)
Age, yrs (continuous)
Educational level (0 no tertiary; 1 tertiary)
Marital status (0 single, divorced, widowed; 1
married, de facto)
Income (0 <1500$; 1 ≥ 1500$ per week)
Work-related factors
Employment status
Full-time
Part-time
Casual
Occupation
Professional
White collar
Blue collar
Working time (0 night, night and day; 1 day)
Health-related variables
BMI (continuous)
General health (continuous; 1 excellent to 5
poor)
Chronic diseases (0 none; 1 yes)
Mental health issue (0 none; 1 yes)

−0.180 (1.100)***
−0.060 (0.052)
0.024 (1.191)
−0.103 (1.401)**

Variables
Physical activity
Work sitting time
Non-work sitting time
Sleep qualityc
Sleep durationd
Sleep duration
Sleep duration2

Models 1a–1ea
B (SE)

Model 2b
B (SE)

− 0.054 (0.002)
− 0.057 (0.004)
0.060 (0.003)
0.132 (0.833)***

− 0.057 (0.001)
− 0.086 (0.004)*
0.060 (0.003)
0.112 (0.065)*

− 0.076 (0.525)*
0.105 (0.296)**

− 0.023 (0.601)
0.081 (0.301)*

*P < 0.05; **P < 0.01; ***P < 0.001.
a
Model 1, adjusted for sex, marital status, employment status, occupation, general
health, and mental health.
b
Model 2, same as model 1 but additionally adjusted for all other lifestyle
behaviors.
c
Coded from 1 “very good” to 4 “very bad.”
d
The effect of sleep duration on presenteeism is represented by a linear and a
squared term as adding the squared term was shown to improve model fit.
B, standardized regression coefficients; SE, standard error.
50

0.068 (1.203)
40

Reference
−0.080 (1.248)*
−0.008 (2.090)
Reference
−0.090 (1.455)*
−0.060 (1.815)
−0.018 (1.580)
0.044 (0.112)
0.187 (0.656)***
0.007 (1.157)
−0.099 (1.328)**

*P < 0.05; **P < 0.01; ***P < 0.001.
B, standardized regression coefficients; BMI, body mass index; SE, standard
error.

324

Presenteeism

Predicted presenteeism score

Variables

(B = 0.105; P < 0.01) were significantly associated with presenteeism. Physical activity (B = −0.054; P = 0.156), work-related
(B = −0.057; P = 0.149), and non–work-related sitting time (B =
0.060; P = 0.106) were not associated with presenteeism.
After controlling for all lifestyle behaviors and sociodemographic, work- and health-related variables (Table 3, model
2), poor sleep quality (B = 0.112; P < 0.05) and the squared term of
sleep duration (B = 0.081; P < 0.05) remained significantly associated with presenteeism, whereas the linear term of sleep duration
was no longer significant (B = −0.023; P = 0.582). Furthermore,
work-related sitting was significantly associated with presenteeism
in this model (B = −0.086; P < 0.05), whereas physical activity (B =
−0.057; P = 0.132) and non–work-related sitting time (B = 0.060;
P = .116) remained not associated with presenteeism. Figures 1
and 2 display the association of sleep quality and sleep duration with

30

20

10

0
Very good

Fairly good

Fairly bad

Very bad

Reported sleep quality

FIGURE 1. Association between reported sleep quality and
presenteeism. Note: Predicted values based on model 2 adjusted for sex, marital status, employment status, occupation,
general health and mental health, physical activity, workrelated sitting time, non–work-related sitting time, and sleep
duration.
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presenteeism on the basis of model 2; the pattern of association in
these models is similar to that of models 1d and 1e. Figure 3 illustrates the association of work-related sitting time with presenteeism
on the basis of model 2.
Table 4 shows the association between presenteeism and the
number of risky lifestyle behaviors participants engage in. Engaging
in three risky lifestyle behaviors was associated with a significantly
higher presenteeism score (B = 0.150; P < 0.01) compared with
engaging in none or one risky lifestyle behavior. There were no
significant associations with presenteeism scores when engaging in
two (B = 0.050; P = 0.368) or four (B = 0.067; P = 0.188) risky
lifestyle behaviors compared with engaging in none or one risky
behavior.

TABLE 4. Association Between Number of Risky Lifestyle
Behaviors Respondents Engage in and Presenteeisma
Number of Risky Lifestyle
Behaviorsb Respondents Engage in
0 or 1
2
3
4

Presenteeism B (SE)
Reference
0.050 (1.743)
0.150 (1.725)*
0.067 (2.036)

*P < 0.01.
a
Adjusted for sex, marital status, employment status, occupation, general health,
and mental health.
b
Including physical activity, sitting time, sleep quality, and a sleep duration.
B, standardized regression coefficients; SE, standard error.

50

DISCUSSION

Predicted presenteeism score

40

30

20

10

0
2

4

6
8
Reported hours of sleep

10

12

FIGURE 2. Association between reported hours of sleep and
presenteeism. Note: Predicted values based on model 2 including both sleep duration and sleep duration2 , and adjusted for sex, marital status, employment status, occupation,
general health and mental health, physical activity, workrelated sitting time, non–work-related sitting time, and sleep
quality.
50

Predicted presenteeism score

40

30

20

10

0
0

2

4
6
8
10
Reported hours of work-related sitting

12

FIGURE 3. Association between reported work-related sitting time and presenteeism. Note: Predicted values based on
model 2, adjusted for sex, marital status, employment status, occupation, general health, mental health, physical activity, non–work-related sitting time, sleep quality, and sleep
duration.

Results of this study demonstrate that poor sleep quality and
suboptimal sleep duration are associated with higher presenteeism in
workers when accounting for sociodemographics, work- and healthrelated variables, as well as for other lifestyle behaviors. Furthermore, presenteeism was heightened when respondents engaged in
three risky lifestyle behaviors compared with engaging in none or
only one risky behavior.
This study extends previous studies on the association of presenteeism and sleep disorders16–18 by concurrently examining the
role of sleep quality and sleep duration and by controlling for a
broad range of factors. As depression and chronic disease presence
are related to both presenteeism and suboptimal sleep durations,50,51
depression, chronic diseases, and sleep quality were adjusted for in
our analysis. This allowed us to more clearly examine the relationship between sleep duration, sleep quality, and presenteeism. Analyses also adjusted for physical activity, which is important as physical
activity and sleep behaviors are interrelated.52 In line with previous
studies,7,53 this study showed that poorer sleep quality was associated
with higher presenteeism, and that this relationship remains when
accounting for sociodemographics, work- and health-related variables, and other lifestyle behaviors. Furthermore, the squared term
of sleep duration was significantly associated with presenteeism.
This indicates that medium sleep duration is associated with lower
presenteeism compared with shorter and longer sleep duration. In
this study, this medium sleep duration was broadly comparable with
the sleep duration suggested by several health agencies.54 This is
in line with previous studies showing adverse health effects of both
shorter and longer sleep durations.16,23 These findings are important,
given that 22% of the employees in this study reported fairly bad or
very bad sleep quality, and further 62.5% reported sleep durations
less than 7 hours or 8 or more hours. Other potential reasons for
these associations may be due to impaired cognitive performance
associated with shorter or longer sleep durations; however, this was
not assessed in this study.55,56 Further research examining this issue
is needed including the use of study designs that can limit the effect
of any potential bidirectional relationships.
To date, workplace health promotion programs have typically
focused on improving physical activity, smoking, and nutrition. Although these have had some success reducing presenteeism,53 results from this study suggest that the inclusion of sleep behaviors
may further enhance intervention outcomes. Notwithstanding that
brief educational interventions in sleep hygiene have been found to
be effective in enhancing sleep quality,57,58 sleep hygiene has rarely
been included in health promotion programs. This may be due to
the fact that sleep disturbances were traditionally treated pharmacological, and only recently studies started to focus on the benefits of
nonpharmacological treatment.59
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When examining the combined effect of lifestyle behaviors on
presenteeism, this study showed that engaging in three risky lifestyle
behaviors is associated with higher presenteeism compared with
engaging in none or one risky behavior. Thus, interventions targeting
multiple lifestyle behaviors simultaneously are likely to be more
useful for reducing presenteeism compared with interventions that
focus on single health behaviors, as many previous interventions have
done.60 Therefore, employers should encourage their workers to a
healthier lifestyle, including being physically active, reducing sitting
time, and enhancing sleep behaviors. This is of particular importance
as a supportive work environment was found to be associated with
lower presenteeism.10
When adjusting for sociodemographic, work- and healthrelated factors, there was no association between physical activity
and sitting time with presenteeism in this study. Previous studies6,8–10
have reported a relationship of physical activity and sitting time with
presenteeism. Nevertheless, these studies have not controlled for
health-related variables, which are known to influence presenteeism.
This may suggest that the association between these lifestyle behaviors and presenteeism is partially mediated through health variables.
This is supported by subsequent analysis in this study (see Supplemental Digital Content Table 1, http://links.lww.com/JOM/A182),
which demonstrated that low physical activity and higher non-work
sitting time were indeed associated with presenteeism when only
controlling for sociodemographic variables. This analysis was not
reported because we deemed it important to account for healthrelated variables in the association between lifestyle behaviors and
presenteeism. Nevertheless, this is in line with studies showing that
both high physical activity and low sitting time are associated with
better health.27,28,61
In relation to sitting time, two aspects should be considered
when evaluating the results of this study. First, as there is a relatively
high proportion of casual and part-time workers in our sample, this
may have affected the results because casual and part-time workers
are likely to differ from the full-time workers in their sitting time.62
Second, after controlling for other lifestyle behaviors (model 2),
higher work-related sitting was significantly associated with lower
presenteeism. Given previous studies demonstrating higher sedentary time was related to heightened presenteeism,6 this is unexpected
and may be due to several factors. Differences in the behaviors being
measured, sedentary behavior versus sitting time, and the methods
used to quantify them may contribute to differences between studies. The high number of professional and white-collar employees
in the sample (89%), many of whom are required to be seated to
conduct their work63,64 regardless of their presenteeism, may have
confounded this relationship. Study design prohibited exploring this
association in depth; however, when examining this association separately by occupation (data not shown), high work-related sitting
time was associated with lower presenteeism only in professionals.
Thus, it may be useful to examine this in future studies to better
understand this association.
Some methodological limitations have been focused in this
study. First, as we used cross-sectional data, we cannot provide information on the causality of the observed associations. Even though
it seems reasonable to assume that lifestyle behaviors lead to differences in presenteeism, there is evidence from prospective studies
suggesting that presenteeism predicts future health as well.65 Second,
even though we found that engaging in three risky lifestyle behaviors is associated with higher presenteeism, there was no heightened
presenteeism for engaging in four risky lifestyle behaviors compared
with engaging in none or one. This may be due to a lack of power
to detect differences between groups because only 118 respondents
(16.6%) reported engaging in four risky health behaviors. Third, we
assessed presenteeism using a self-report measure (the HPQ), which
may have led to bias from memory effects or social desirability.
Nevertheless, respondents’ reported score on the HPQ is in line with
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previous studies, showing a similar score for general workers66 and
a lower score for workers with medical conditions67–69 indicating
this sample is comparable with other published data. Finally, the
HPQ did not assess productivity loss because of health problems,
so we may have assessed productivity loss because of other reasons as well. Although computer-based tracking systems, for work
productivity, exist, the objective measurement of work productivity
remains challenging when looking at measurement of work quality
and in occupations where discrete endpoints (eg, produced pieces,
finished calls) are lacking.70 Strengths of this study include examining the association of a range of lifestyle behaviors and presenteeism
while taking into account health-related variables and the effect of
multiple lifestyle behaviors.

CONCLUSIONS
This study demonstrated that higher presenteeism is associated with poor sleep quality and suboptimal sleep duration even after
controlling for health-related variables and other lifestyle behaviors.
Presenteeism was heightened for employees engaging in three risky
lifestyle behaviors compared with engaging in none or one. Hence,
the outcomes of this study suggest that encouraging employees to be
more physically active, reducing sitting time, and enhancing sleep
behavior can reduce effects of presenteeism. To reduce presenteeism
associated costs, employers should consider implementing workplace programs to improve multiple health behaviors in employees.
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Abstract
Purpose: Reach of individuals at risk for cardiovascular disease (CVD) constitutes a major
determinant of the population impact of preventive effort. This study compares three
proactive recruitment strategies regarding their reach of individuals with CVD risk factors.
Method: Individuals aged 40-65 years were invited to a two-stage cardio-preventive program
including an on-site health screening and a cardiovascular examination program (CEP) using
face-to-face recruitment in general practices (n=671) and job centers (n=1049), and mail
invitations from health insurance (n=894). The recruitment strategies were compared
regarding: (1) participation rate, (2) participants’ characteristics i.e. socio-demographics, selfreported health and CVD risk factors (smoking, physical activity, fruit/vegetable
consumption, body mass index, blood pressure, high-density lipoprotein, triglycerides and
glycated hemoglobin), and (3) participation factors, i.e. differences between participants and
non-participants.
Results: Screening participation rates were 56.0%, 32.8%, 23.5% for the general practices,
the job centers and the health insurance, respectively. Among eligible individuals for the CEP,
respectively 80.3%, 65.5%, and 96.1% participated in the CEP. Job center clients showed the
lowest socio-economic status and the most adverse CVD risk pattern. Being female predicted
screening participation across all strategies (OR=1.45, 95% CI 1.07-1.98; OR=1.34, 95% CI
1.04-1.74; OR=1.62, 95% CI 1.16-2.27). Age predicted screening participation only within
health insurance (OR=1.04, 95% CI 1.01-1.06). Within the general practices and the job
centers, CEP participants were less likely to be smokers than non-participants (OR=0.49, 95%
CI 0.26-0.94; OR=0.42, 95% CI 0.20-0.89).
Conclusions: The recruitment in general practices yielded the highest reach. However, job
centers may be useful to reduce health inequalities induced by social gradient.

Keywords: cardiovascular risk factors; non-clinical care; reach; recruitment strategy;
participation

Introduction
Behavior modification may prevent the majority of cardiovascular diseases (CVD) 1. It has
been estimated that 80% of coronary heart diseases may be caused by modifiable behavioral
factors such as smoking, physical inactivity and unfavorable diet 2. Early identification and
prevention measures within populations at risk for CVD are necessary components of
population-based strategies to reduce CVD morbidity and mortality 3. Reach has been
proposed as one dimension of the public health impact of preventive interventions 4: the
proportion of the population in need that participates in prevention measures.
Proactive recruitment strategies are a necessary component of reaching a large part of the
population 5. However, proactivity may differ in terms of efforts or costs. Low effort
approaches such as mail based recruitment are frequently used because of low cost compared
to proactive approaches with high effort, i.e. addressing each individual of a target population
face to face 6. To the authors’ knowledge only one study has been conducted that compared
CVD risk profiles of individuals reached by different proactive recruitment strategies 7.
Hence, studies analyzing factors that might influence reach are needed. Such factors include
the strategy to reach a target population and its characteristics.
A second strategy to increase reach is setting based recruitment. Primary care settings such as
general practices are widely used in health-related research as they cover a broad part of the
population. So far, primary care settings have not been compared to other less frequently used
settings in terms of reach. Health insurance companies may also provide access to the general
population in a cost saving way as all employees in Germany up to an annual income limit of
56,250€ (in 2016) are obligated to insure themselves in a statutory health insurance. Only
employees with higher income or self-employed persons have the option to insure themselves
in a statutory or in a private health insurance. Further, setting based recruitment has the
advantage to offer access to special subpopulations. Populations with low socio-economic
status (SES) are more likely to engage in risky health behaviors than high SES populations 8,
9
. Therefore, settings with a high percentage of individuals with low SES such as job centers
may be more efficient for recruiting individuals with behavior-related CVD risk factors 10 and
for conducting behavior change interventions 11.
The aim of the present study was to compare three proactive recruitment strategies regarding
the reach of individuals at risk for CVD: (1) general practices, (2) job centers, both with faceto-face contact to target individuals, and (3) health insurance using mail based invitations.

Methods
Participants and procedures
This study was approved by the clinical ethical committee of the University Medicine
Greifswald, Germany (protocol number BB64/07).

Participants aged between 40 and 75 years were recruited between June 2012 and December
2013 in general practices, job centers, and via statutory health insurance. The inclusion
criteria are described below stratified by recruitment strategy. All eligible individuals were
asked to participate in a two-stage cardio-preventive health examination program. Stage 1
included an on-site self-administered computerized screening on cardiovascular risk factors.
Thereafter, blood pressure measurement and blood sample taking were offered on an optional
base. Due to logistic reasons this option was only available for a subgroup (Figure 1). Stage 2
included a 2.5 hours cardiovascular examination program (CEP) conducted at the university
hospital. Screening participants were eligible for the CEP if they were residents in the study
area (predefined zip-code area), had no history of cardiovascular events (myocardial
infarction, stroke) or diabetes mellitus and no previous vascular interventions. Due to
technical reasons, subjects with a self-reported body mass index (BMI) >35kg/m² were
excluded. In addition, subjects with a previous Methicillin-resistant Staphylococcus aureus
infection were excluded to avoid spread within the examination center. The CEP included:
standardized measurements of blood pressure, waist/hip circumference, body height and
weight as well as urine and blood sample taking, a resting electrocardiogram, a pulmonary
function test and cardiopulmonary exercise testing using a cycle ergometer. Prior to
participation participants provided informed written consent. Participants received shopping
vouchers worth 5€ for stage 1 and 15€ for stage 2.
General practices
Seventeen general practices were randomly selected in two areas of the city Greifswald and
received written information about the study. Eleven general practitioners (64.7%) gave
permission for recruitment in their practice. The recruitment was realized between June and
December 2012 with two weeks of recruitment per practice. Within opening hours study
assistants proactively contacted every patient and invited her/him for study participation if the
patient turned out to be at age 40 to 75 years and aimed to see the general practitioner on that
day.
Job centers
In Germany, registering at job centers is required for receiving unemployment compensation.
Individuals who have worked for at least one year in the two-year period prior to their
unemployment register at job centers A to receive full unemployment compensation (60-67%
of previous earnings) for a maximum of 24 months. Long-term unemployed, unemployed that
haven’t worked a full year yet and employed individuals below the minimal income limit
register at job centers B to receive a lower subsistence allowance. Study participants were
recruited between January and June 2013 at two job centers B in northern Germany, one
responsible for the city of Greifswald and one responsible for the surrounding rural district.
During office hours on Tuesday, Wednesday and Thursday study assistants consecutively
approached clients in the waiting area and those leaving the agency and invited them for study
participation if they turned out to be over the age of 40. Clients with no contact to an agent of
the job center were not approached for the study. In contrast to the other settings the
approached clients were between 40 and 65 years old as the maximum age to register at a job
center is 65.

Statutory health insurer
The recruitment took place between July and December 2013 in cooperation with one health
insurance provider. Among members in the age range of 40-75 years living in the study area
predefined by zip-code, 1250 individuals were randomly selected and letters were mailed
batch wise from the insurance provider to their members offering participation in the study.
Insurance members had the option to send an answer card or an email with their contact
details or could contact the study team via telephone to express their interest in study. In
contrast to the other recruitment strategies stage 1 and stage 2 of the study were realized at the
university hospital. A project office was established at the university hospital to schedule and
conduct screenings.
Measurements
Socio-demographics. Data were collected about age, sex, school education (years of schooling
categorized as less than 10 years, 10 years and more than 10 years), relationship status and
employment status. Employment status was categorized as follows: regularly employed (full
or part-time employment), minor or unregular employment, unemployed and other (student,
retiree, house maker, maternity leave, federal volunteer service, other).
Self-reported health. General health status was assessed with one item “In general, would you
say your health is …” answered on a five-point scale. Item scale values were recalibrated
according to Ware et al. 12 resulting in scale values of 5.0 (excellent), 4.4 (Very good), 3.4
(Good), 2.0 (Fair) and 1.0 (Poor). Perceived pressure to improve health was measured with a
three item scale asking whether participants feel the need to improve (1) health, (2) balance of
their mind, and (3) their physical fitness on a 5-point Likert scale (1=does not apply at all to
5= applies completely)13. Scores were summed up to a score ranging from 3 to 15.
Cardiovascular risk factors. To assess CVD risk we included self-reported risk factors
(smoking, physical activity level, fruit and vegetables consumption, BMI) and measured risk
factors (elevated blood pressure, reduced high-density lipoprotein (HDL), elevated
triglycerides, elevated glycated hemoglobin (HbA1c)) in our analysis.
Current smoking status was assessed with the question “Do you smoke?” (yes/no answer
format). Engagement in physical activity and regular physical activity was assessed with two
questions (yes/no answer format) from the Physical Activity Stages of Change Questionnaire
“I am currently physically active” and “I currently engage in regular physical activity” 14.
Fruit and vegetable consumption were assessed by four questions developed by the World
Health Organization (WHO) 15, separately determining intake: “In a typical week, on how
many days do you eat fruit [or vegetables respectively]?”, “How many servings of fruit [or
vegetables, respectively] do you eat on one of those days?”. Fruit and vegetable consumption
was assumed to be insufficient when participants reported less than 2 fruit or 3 vegetables
portions per day on average 16. The BMI was calculated using self-reported height and weight,
and assumed elevated with a BMI >=25.
Systolic and diastolic blood pressures were measured onetime using a digital blood pressure
monitor (Omron 705IT, Omron Corporation, Tokyo, Japan). We considered blood pressure as
elevated if either the systolic pressure was >=140 mmHg, the diastolic pressure was >=90

mmHg 17, or participants reported a antihypertensive medication within the last 12 months
assessed with one item in yes/no answer format “Did you receive medical treatment because
of hypertension within the last 12 months?”. HDL, plasma triglycerides and HbA1c were
determined by standard methodology at the clinical chemistry laboratories of the university
Medicine Greifswald. We did not obtain fasting blood samples. Reduced HDL was assumed
at <50mg/dl for females and <40mg/dl for males. 18 Values were considered elevated with
HbA1c >6.5% 19 and triglycerides >=200mg/dl 20.
Further, the number of CVD risk factors was calculated considering the following factors:
smoking, no regular physical activity, <2 portions of fruit or <3 portions of vegetables per
day, BMI >= 25, elevated blood pressure and/or antihypertensive medication, reduced HDL,
elevated triglycerides, elevated HbA1c.
Statistical Analyses
All statistics were reported separately for screening and CEP participants and stratified by
recruitment strategy. First, participation rates were calculated and descriptive statistics (mean,
standard deviation, percentages) were used to describe participants’ socio-demographics, selfreported health and proportions of cardiovascular risk factors. Analysis of variance for
continuous variables and Chi² tests for categorical variables were used to explore differences
in socio-demographics, self-reported health and cardiovascular risk factors between the three
recruitment strategies. Multinomial logistic regression analyses were used to explore the
association of each of the health and cardiovascular risk factors with recruitment strategy
while controlling for socio-demographics. Second, to identify participation factors we
compared those who participated and those who did not participate using logistic regression
analyses. Screening participation was examined based on age and gender, CEP participation
was examined based on socio-demographics, self-reported health and cardiovascular risk
factors. Although individuals aged 40 to 75 years were eligible for study participation the
recruited job center clients were between 40 and 65 years old as the maximum age to register
at a job center is 65. For comparability reasons only participants at age 40-65 years were
included in the present analyses. Statistical significance was set at p<0.05 and the statistical
software Stata 13.0 (StataCorp, College Station, Texas, USA) was used for the analyses.

Results
Participant numbers and flows for the three recruitment strategies are presented in Figure 1.
// Figure 1 //
Participation rates
Participation rates for the screening were 56.0%, 32.8%, 23.5% for individuals recruited via
the general practices, the job centers and the health insurance, respectively (Figure 1). Among
screening participants who were eligible for the CEP, 80.3%, 65.5% and 96.1% participated
in the CEP. Among screening participants eligible for blood pressure measurement and blood
sample taking, 97.3% and 91.3% within the general practices, 82.6% and 73.9% within the
job centers and 100% and 82.1% within the health insurance participated, respectively.

Characteristics of participants
Socio-demographics, health and CVD risk factors differed significantly across recruitment
strategies (Table 1). Within screening participants the number of CVD risk factors varied
from 3.35 to 4.25 on average across settings. The mean number of CVD risk factors was
highest among individuals recruited from the job centers (4.25±1.38) compared to individuals
recruited via the general practices (3.83±1.57, p=0.014) and the health insurance (3.35±1.61,
p<0.001). Within CEP participants, the number of CVD risk factors was higher among
individuals recruited from the job centers (3.96±1.36) compared to individuals recruited via
the health insurance (3.00±1.44, p<0.001); and not different from individuals recruited from
the general practices (3.58±1.46, p=0.238).
// Table 1 //
Multinomial logistic regression analyses indicated that within screening participants selfreported health, smoking status, physical activity, elevated BMI, increased blood pressure
were associated with recruitment strategy when controlling for socio-demographic variables
(Supplementary table 1). The chance of being recruited via the general practices (relative risk
ratio (RRR)=1.24) and the job centers (RRR=1.39) compared to being recruited via the health
insurance increased with the number of CVD risk factors reported. The pattern within CEP
participants was similar, except that the BMI was not associated with recruitment strategy.
Participation factors
Age did not predict participation in the screening among the job center clients (OR=0.98, 95%
CI 0.96-1.00, p=0.077) and the general practice patients (OR=0.98, 95% CI 0.96-1.00,
p=0.056). Within the health insurance sample screening participants were significantly older
compared to non-participants (OR=1.04, 95% CI 1.01-1.06, p=0.002). Compared to men,
females were more likely to participate in the screening across all three recruitment strategies:
general practices: OR=1.45, 95% CI 1.07-1.98, p=0.017, job centers: OR=1.34, 95% CI 1.041.74, p=0.026, and health insurance: OR=1.62, 95% CI 1.16-2.27, p=0.005. Non-smoking was
the only predictor of CEP participation (Supplementary table 2). CEP participants were more
likely to be non-smokers compared to non-participants within the general practices (OR=0.49,
95% CI 0.26-0.94, p=0.033) and the job centers (OR=0.42, 95% CI 0.20-0.89, p=0.024), but
not within the health insurance sample (OR=0.45, 95% CI 0.08-2.44, p=0.353).

Discussion
The present study compared the reach of individuals at risk for CVD by three proactive
recruitment strategies: face-to-face recruitment in general practices and job centers and mail
based recruitment via health insurance. The results clearly show that recruitment strategies
differ with respect to participation rates, sociodemographic characteristics and CVD risk
profiles of the reached samples and selection factors.
The participation rate for screening was highest for the general practices (56%), while rates
were much lower for the job centers (33%) and lowest for the health insurance sample (24%).
Effort for proactive recruitment was high in the general practices and the job centers by

seeking face-to-face-contact. In contrast, effort for recruiting the insurance sample was lower
due to using mails to get into contact with insured individuals. The difference according to
efforts of recruitment is in line with previous research showing that approaches with high
proactivity levels result in a higher participation than lower level proactive recruitment.7
Screening participation in general practices and job centers was lower than in previous
research showing that 99.6% of general practice patients and 79.9% of job center clients
participated in a health screening 10, 11, 21. Discrepancy in response rate may be explained by
differences in sample selection and environmental factors. Due to the planned CEP, the
current study required more extensive informed written consent before the screening was
conducted than previous studies 10, 11, 21. Further, the current study targeted at individuals aged
at least 40 years which might be more difficult to reach than younger individuals 21. Length of
screening may significantly influence participation rate as the previous general practice study
21
used only one question to identify eligible individuals whereas in the current study an
extensive risk factor screening was conducted. Lastly, in contrast to the previous job center
study 10, 11, the majority of clients at one of the two job-agencies were approached when
leaving the job center as there was nearly no waiting time; and only job-seekers registered for
subsistence allowance were approached, probably resulting in a higher proportion of longterm unemployed job-seekers who might be more difficult to reach.
Participation in blood pressure measurement (>82%) and blood sample taking (>73%) among
screening participants was high across all recruitment strategies. Considering that job centers
were a non-medical setting the high acceptability of blood pressure measurement and blood
sample taking is especially impressive. CEP participation was lowest among the job center
group. Unemployed individuals may have less financial resources to travel to the university
hospital and a higher financial decompensation may help. It was shown by previous research
that transportation and location of the program are main barriers for participation 22, 23. Within
the general practices and the job centers a substantial amount of participants dropped out of
the study after screening (21% and 35%). This is in line with other studies on second-stagenon-response 23, 24, which found participants loss up to 71% after the initial program stage.
The less proactive recruitment via the health insurance attracted mostly highly motivated
individuals resulting in a high CEP participation.
Across all recruitment strategies prevention need is high as on average participants reported
three to four of the eight assessed CVD risk factors. Among screening and CEP participants,
individuals reached via the job centers showed the most adverse CVD risk pattern (e.g.
highest smoking rate, highest BMI and blood pressure). In contrast, individuals recruited via
the health insurance reported the least adverse CVD risk patterns. In line with previous
findings 10 these results suggests that recruiting individuals at job centers may be a promising
approach for prevention efforts as a high proportion of individuals at risk may be reached.
If we account for the different socio-demographic profiles of the settings, substantial
differences in risk factor profiles of target persons across recruitment strategies remain. There
are at least two possible explanations for this observation. First, individuals recruited via job
centers may have lower household income compared to individuals recruited via the other
strategies regardless of their employment status as recipients of subsistence allowance are

below the minimal income limit. Research showed that income is likely to influence health
even if accounting for education and occupational level 25. Second, lower risk within the
individuals recruited via health insurance may be primary based on the low effort recruitment
strategy that seemed to have attracted individuals with high levels of health concerns and
correspondingly high motivation to adopt healthy lifestyles rather than on socio-demographic
differences.
Non-smoking was the only predictor of CEP participation. Previous research suggests that
smokers are generally less likely to participate in health-related research.26 This is especially
concerning as smokers are more likely to engage in risky lifestyle behaviors including
physically inactivity, insufficient fruit intake, heavy drinking or binge drinking. 27 One
possible explanation for the lower participation among smokers is that they might feel
stigmatized or might expect negative outcomes of the study and deny participation to avoid
feelings of dissonance. 28 Future studies should consider these points when elaborating on
how to offer study participation to smokers. Examining reasons why smokers choose not to
participate in detail could further inform efforts to increase reach of those individuals.
Limitations
First, in stage 1 height and weight were assessed via self-report only. Despite face-to-face
contact an objective measurement would have been not possible in the majority of cases e.g.
most general practices could not provide a room to realize measurement without disturbance
to daily practice routine. Second, the comparison of screening participants and nonparticipants was only possible with respect to age and sex. However, other factors including
SES and CVD risk factors may have also been active in sample selection 24, 29. Third, those
eligible for the CEP were a preselected group. Less-motivated may have been dropped out
within first program stage already 22 and only those fulfilling the inclusion criteria were
offered CEP participation. Lastly, as it was shown that individuals with lower SES tend to
give more social desirable responses 30 self-report bias may have varied across recruitment
strategies and affected results.
Conclusion
The results of this study can be used to decide on recruitment strategies for prevention
measures aiming on CVD risk factors. First, recruitment in general practices yielded the
highest reach. However, job center strategy may be useful to reduce health inequalities
induced by social gradient. Use of multiple recruitment strategies seems reasonable to achieve
a sufficient reach. Dissemination of preventive measures might further profit by research on
overlap of recruitment strategies. Second, to ensure optimal participation rates effort is needed
to overcome sample selection factors. To avoid loss of participants over program stages it is
recommended to implement as many program parts as possible within the primary stage.
Third, intervention effectiveness may differ between recruitment strategies and cannot be
generalized without considering reach 23. Further insight in participation factors is essential to
develop prevention measures with the ability to reach large parts of the general population
including those most in need.

References
1.

2.
3.

4.

5.

6.

7.

8.
9.
10.
11.

12.
13.

14.
15.

16.

Stampfer MJ, Hu FB, Manson JE, Rimm EB, Willett WC. Primary prevention of
coronary heart disease in women through diet and lifestyle. N Engl J Med 2000; 343:
16-22.
Willett WC. Balancing life-style and genomics research for disease prevention.
Science 2002; 296: 695-698.
Mozaffarian D, Afshin A, Benowitz NL, et al. Population approaches to improve diet,
physical activity, and smoking habits: a scientific statement from the American Heart
Association. Circulation 2012; 126: 1514-1563.
Glasgow RE, Vogt TM, Boles SM. Evaluating the public health impact of health
promotion interventions: the RE-AIM framework. Am J Public Health 1999; 89: 13221327.
Velicer WF, Prochaska JO, Fava JL, et al. Using the transtheoretical model for
population-based approaches to health promotion and disease prevention. Homeostasis
in Health and Disease 2000; 40: 174-195.
Gleason K, Shin D, Rueschman M, et al. Challenges in recruitment to a randomized
controlled study of cardiovascular disease reduction in sleep apnea: an analysis of
alternative strategies. Sleep 2014; 37: 2035-2038.
Eastwood BJ, Gregor RD, MacLean DR, Wolf HK. Effects of recruitment strategy on
response rates and risk factor profile in two cardiovascular surveys. Int J Epidemiol
1996; 25: 763-769.
de Vries H, van 't Riet J, Spigt M, et al. Clusters of lifestyle behaviors: results from the
Dutch SMILE study. Prev Med 2008; 46: 203-208.
Hollederer A. Unemployment and health in the German population: results from a
2005 microcensus. J Public Health 2010; 19: 257-268.
Freyer-Adam J, Gaertner B, Tobschall S, John U. Health risk factors and self-rated
health among job-seekers. BMC Public Health 2011; 11: 659.
Freyer-Adam J, Baumann S, Schnuerer I, et al. Does stage tailoring matter in brief
alcohol interventions for job-seekers? A randomized controlled trial. Addiction 2014;
109: 1845-1856.
Ware J, Snow K, Kosinski M, Gandek B. (1993) SF-36 Health Survey Manual and
Interpretation Guide. Boston, MA: The Health Institute.
Fuchs R. Änderungsdruck als motivationales Konstrukt: Überprüfung verschiedener
Modelle zur Vorhersage gesundheitspräventiver Handlungen [Pressure to change as
motivational construct: A test of different models to predict health-preventive actions].
Zeitschrift für Sozialpsychologie 1994; 25: 95-107.
Marcus B, Forsynth L. (2003) Motivating people to be physically active. Champaign,
IL: Human Kinetics.
WHO. The WHO STEPwise approach to noncommunicable disease risk factor
surveillance (STEPS) Intrument. http://www.who.int/chp/steps/instrument/STEPS
_Instrument_V3.1.pdf?ua=1 (accessed 1 Dec 2015).
Wang X, Ouyang Y, Liu J, et al. Fruit and vegetable consumption and mortality from
all causes, cardiovascular disease, and cancer: systematic review and dose-response
meta-analysis of prospective cohort studies. BMJ 2014; 349: g4490.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.

30.

Mancia G, Fagard R, Narkiewicz K, et al. 2013 ESH/ESC Guidelines for the
management of arterial hypertension: the Task Force for the management of arterial
hypertension of the European Society of Hypertension (ESH) and of the European
Society of Cardiology (ESC). J Hypertens 2013; 31: 1281-1357.
Grundy SM, Cleeman JI, Daniels SR, et al. Diagnosis and management of the
metabolic syndrome: an American Heart Association/National Heart, Lung, and Blood
Institute Scientific Statement. Circulation 2005; 112: 2735-2752.
WHO. Use of glycated haemoglobin (HbA1c) in diagnosis of diabetes mellitus:
abbreviated
report
of
a
WHO
consultation.
http://www.who.int/diabetes/publications/report-hba1c_2011.pdf 2011 (accessed 5
June 2015).
Wannamethee SG, Shaper AG, Lennon L, Morris RW. Metabolic syndrome vs
Framingham Risk Score for prediction of coronary heart disease, stroke, and type 2
diabetes mellitus. Arch Intern Med 2005; 165: 2644-2650.
Meyer C, Ulbricht S, Schumann A, Rüge J, Rumpf H-J, John U. Proactive smoking
interventions to foster smoking cessation in the general medical practice. Prävention
und Gesundheitsförderung 2008; 3: 25-30.
Wells BL, Brown CC, Horm JW, Carleton RA, Lasater TM. Who participates in
cardiovascular disease risk factor screenings? Experience with a religious
organization-based program. Am J Public Health 1994; 84: 113-115.
Boshuizen HC, Viet AL, Picavet HS, Botterweck A, van Loon AJ. Non-response in a
survey of cardiovascular risk factors in the Dutch population: determinants and
resulting biases. Public Health 2006; 120: 297-308.
Schneider F, Schulz DN, Pouwels LH, de Vries H, van Osch L. The use of a proactive
dissemination strategy to optimize reach of an internet-delivered computer tailored
lifestyle intervention. BMC Public Health 2013; 13: 721.
Stronks K, van de Mheen HD, Mackenbach JP. A higher prevalence of health
problems in low income groups: does it reflect relative deprivation? J Epidemiol and
Community Health 1998; 52: 548-557.
Wall M, Teeland L. Non-participants in a preventive health examination for
cardiovascular disease: characteristics, reasons for non-participation, and willingness
to participate in the future. Scand J Prim Health Care 2004; 22: 248-251.
Strine TW, Okoro CA, Chapman DP, et al. Health-related quality of life and health
risk behaviors among smokers. Am J Prev Med 2005; 28: 182-187.
Chapman S, Wong WL, Smith W. Self-Exempting Beliefs About Smoking and Health
- Differences between Smokers and Ex-Smokers. Am J Public Health 1993; 83: 215219.
Bender AM, Jorgensen T, Helbech B, Linneberg A, Pisinger C. Socioeconomic
position and participation in baseline and follow-up visits: the Inter99 study. Eur J of
Prev Cardiol 2014; 21: 899-905.
Burris JE, Johnson TP, O’Rourke DP. Validating self-reports of socially desirable
behaviors. American association for public opinion research-section on survey
research methods 2003: 32-36.

244

196

CEP participants

336

BS participants

Eligible for CEP

359

Refused BP
Refused BS

BP participants

10
32

376

Screening participants

369/368

671

Analyzed sample
40-65 years

2

885

Eligible for screening

BP/BS offered

3120

Registered

48

124

295

214

70
320
262

98
67
1303
115

44
64

Refused

With at least one
4, 5
exclusion criterion

Refused

(continued)

187

209

93

142

344

1049

1049

4898

49

200

705

0

43
546

108
191
2908
53

Job centers

253/253
Refused BP
3
Refused BS

Excluded from analysis to ensure
comparability of settings

Not contacted
Refused age screening
Not in age range
Cognitive impairment,
insufficient language, ill
1
Already participant
Registered repeatedly
No contact to GP

General practices

Figure 1. Flow chart of recruitment for participants (Germany, 2012-2013)

0
32

Refused

With at least one
4,6
exclusion criterion

Refused

147

210

171

178

210

894

1250

210/179
Refused BP
Refused BS

Excluded from analysis to ensure
comparability of settings

Not contacted
Refused age screening
Not in age range
Cognitive impairment,
insufficient language, ill
1
Already participant
Registered repeatedly

7

32

684

356

Refused

With at least one
4
exclusion criterion

Didn’t reply to
invitation

Excluded from analysis to ensure
comparability of settings

Health insurance

Participants of regional epidemiological studies (Study of Health in Pomerania or GANI_MED) were excluded as they provided a similar examination program; further,
participants that already participated in another setting were excluded
2
Blood pressure measurement (BP) and blood sample taking (BS) were only offered when a nurse was present and screening was completed
3
For n=2 it could not be determined retrospectively whether nonparticipation was due to workload of study nurses or unwillingness/ time constraints of participants
4
Cardiovascular events (myocardial infarction, stroke) or vascular intervention, diabetes mellitus, body mass index >35, not living in study area, Methicillin-resistant
Staphylococcus aureus infection
5
For n=8 eligibility could not be assessed because of insufficient or invalid data
6
For n=2 eligibility could not be assessed because of insufficient or invalid data
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1

140 (81.87%)
0

11 (6.43%)
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0
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Table 1. Sample description of screening and CEP participants between 40-65 years stratified by recruitment strategy (Germany, 2012-2013)
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81 (38.57%)
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No physical activity
No regular physical activity d
<2 fruit or <3 vegetables per day
No information, n
BMI
<25
25-35
>35
No information, n
Elevated blood pressure (systole >=140
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and/or antihypertensive medication

>=140 mmHg or diastole >=90 mmHg)

Elevated blood pressure (systole

BMI
<25
25-35
>35

<2 fruit or <3 vegetables per day

No regular physical activity a

No physical activity

Perceived pressure to improve
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Current smoker
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General health status
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912 0.52, 0.350.77***
912 1.51, 1.012.25*
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(continued)
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Ref
0.63, 0.32-1.22
430 0.49, 0.23-1.05

448
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450 1.51, 0.76-2.97

450 0.66, 0.460.96*
449 1.17, 0.84-1.62

n

1.46, 0.90-2.37

Ref
1.08,0.69-1.70
-

0.71, 0.28-1.79

1.48, 0.95-2.30

1.74, 1.06-2.85*

1.56, 0.89-2.71

1.03, 0.82-1.30

0.74, 0.56-0.97*

2.99, 1.336.71**

Ref
1.71, 0.85-3.47
-

2.57, 0.4315.23

0.83, 0.41-1.65

6.2, 2.8913.3***
1.15, 0.55-2.43

0.88, 0.63-1.25

1.11, 0.74-1.67

CEP participants (n=460)
General
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Job centers vs.
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practices vs.
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Health
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insurance
insurance
RRR, 95% CI RRR, 95% CI
RRR, 95% CI

Supplementary table 1. Association of health and cardiovascular risk factors with recruitment strategy within screening and CEP participants
(Germany, 2012-2013)

0.90, 0.76-1.06

1.49, 0.87-2.56
1.56, 0.64-3.83
1.24, 1.07-1.45**

1.45, 0.89-2.36
0.79, 0.39-1.60
1.39, 1.131.71**

0.97, 0.49-1.89
0.51, 0.18-1.46

Screening participants (n=930)
General
General
Job centers
practices vs.
practices vs.
vs. Health
Health
Job centers
insurance
insurance
RRR, 95% CI RRR, 95% CI
RRR, 95% CI
0.87, 0.52-1.44 1.56, 0.95-2.56
1.79, 0.94-3.43

319

329
328

329

n

1.82, 0.70-4.71 1.67, 0.90-3.10
2.65, 0.210.48, 0.09-2.62
32.97
0.76, 0.58-1.00 1.34, 1.09-1.64**

1.76, 1.282.41***

0.92, 0.32-2.62
0.18, 0.01-2.89

CEP participants (n=460)
General
General
Job centers vs.
practices vs.
practices vs.
Health
Health
Job centers
insurance
insurance
RRR, 95% CI RRR, 95% CI
RRR, 95% CI
0.59, 0.26-1.33 1.25, 0.67-2.32
2.13, 0.85-5.38

Note. Data shows results from multinomial logistic regression analyses while controlling for socio-demographic variables (age, gender, education, relationship status,
employment status), each line represents one analysis; RRR, relative risk ratio; CI, confidence interval; * p<0.05, ** p<0.01, *** p<0.001; a less than five days per week with at
least 30 minutes of physical activity; b included risk factors: smoking, no regular physical activity, <2 fruit or <3 vegetable per day, BMI >= 25, elevated blood pressure and/or
antihypertensive medication, reduced high-density lipoprotein, elevated triglycerides, elevated HbA1c.

586

604
599

Number of cardiovascular risk
factors b

604

(<50mg/dl for females/ <40mg/dl for
males)
Elevated triglycerides (>=200mg/dl)
Elevated HbA1c (>6.5%)

n

Reduced high-density lipoprotein

Supplementary table 1 (continued)

Supplementary table 2. Association of socio-demographics, health and cardiovascular risk
factors with participation in the CEP stratified by recruitment strategy (Germany, 2012-2013)

Socio-demographics
Age, years
Gender, female
Education
Less than 10 years
10 years
More than 10 years
No information, n
Relationship status
In relationship
No information, n
Employment status
Regularly employed
Minor or unregularly employment
Unemployed
Other (Retiree, House maker etc)
No information, n
Self-reported health
General health status
Perceived pressure to improve
health
No information, n
Cardiovascular risk factors
Current smoker
No information, n
No physical activity
No regular physical activity a
<2 fruit or <3 vegetables per day
No information, n
BMI
<25
25-35
No information, n
Elevated blood pressure (systole >=140 mmHg or
diastole >=90 mmHg) and/or antihypertensive
medication
No information, n
Reduced high-density lipoprotein

General
practices
(n=244)
OR, 95% CI

Job centers
(n=142)
OR, 95% CI

Health
insurance
(n=178)
OR, 95% CI

1.01, 0.97-1.06
0.67, 0.34-1.32

1.05, 0.99-1.12
0.77, 0.38-1.56

1.00, 0.90-1.11
2.10, 0.45-9.75

Reference
0.87, 0.30-2.49
0.54, 0.18-1.59
1

Reference
1.80, 0.72-4.54
2.60, 0.75-8.97
1

1.47, 0.74-2.95
1

0.76, 0.38-1.51
0

0.75, 0.09-6.48
0

Reference
0.44, 0.08-2.55
5.11, 0.66-39.45
0.50, 0.24-1.02
8

Reference
0.95, 0.23-3.93
0.68, 0.27-1.71
0.38, 0.09-1.54
1

Reference
#
0.26, 0.03-2.60
1.91, 0.22-16.84
6

0.99, 0.70-1.41
1.11, 0.80-1.54

0.96, 0.64-1.43
1.001, 0.73-1.38

1.26, 0.52-3.06
1.35, 0.61-2.96

1

0

0

0.49, 0.26-0.94*
1
1.19, 0.61-2.35
1.16, 0.62-2.19
0.94, 0.26-3.44
5

0.42, 0.20-0.89*
0
1.08, 0.51-2.28
1.19, 0.57-2.47
0.95, 0.08-10.72
0

0.45, 0.08-2.44
0
0.36, 0.08-1.66
0.43, 0.09-1.97
#

Reference
1.24, 0.66-2.35
1
1.25, 0.65-2.40

Reference
1.20, 0.59-2.43
2
0.93, 0.36-2.44

Reference
0.21, 0.03-1.81
0
1.16, 0.25-5.37

4
0.89, 0.40-1.95

37
0.95, 0.32-2.77

0

36
1.46, 0.64-3.31
36
0.29, 0.05-1.79
34

64
0.86, 0.24-3.10
64
#

(<50mg/dl for females/ <40mg/dl for males)

No information, n
Elevated triglycerides (>=200mg/dl)
No information, n
Elevated HbA1c (>6.5%)
No information, n

#

#

(continued)

#
#

Supplementary table 2 (continued)

Number of cardiovascular risk factors b
No information, n

General
practices
(n=244)
OR, 95% CI
1.06, 0.83-1.35
41

Job centers
(n=142)
OR, 95% CI
0.95, 0.64-1.41
67

Health
insurance
(n=178)
OR, 95% CI
0.72, 0.32-1.62
74

Note. each line represents one analysis; OR, odds ratio; CI, confidence interval; # cell frequencies equal to zero
prohibited logistic regression analysis; * p<0.05; a less than five days per week with at least 30 minutes of
physical activity; b included risk factors: smoking, no regular physical activity, <2 fruit or <3 vegetable per day,
BMI >= 25, elevated blood pressure and/or antihypertensive medication, reduced high-density lipoprotein,
elevated triglycerides, elevated HbA1c.
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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
attrition. Better understanding of participant reasons for reducing engagement can assist in clarifying how to best address this
issue to maximize behavior change.
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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
http://www.jmir.org/2015/7/e176/

XSL• FO
RenderX

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.

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
J Med Internet Res 2015 | vol. 17 | iss. 7 | e176 | p.2
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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
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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
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
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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,
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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).
Variables

F 2,2

χ22

Overall

Web only

App only

Web and app

N=16,948

n=14,215

n=1451

n=1282

P

Age, mean (SD)

41.8 (12.1)

42.4 (12.2)

38.3 (11.1)

39.5 (11.5)

Females, n (%)

11,841 (69.87)

9848 (69.28)

1051 (72.43)

942 (73.48)

14.8

<.001

Australians, n (%)

13,142 (77.54)

10,936 (76.93)

1120 (77.19)

1086 (84.71)

41.0

<.001

Membership days, mean (SD)

190.4 (78.6)

190.7 (78.9)

183.9 (79.6)

194.6 (72.7)

7.0

<.001ac

Duration of usage (days), mean (SD) 34.5 (30.5)

32.8 (28.2)

37.7 (37.2)

50.2 (40.4)

203.6

<.001abc

Individual challenges, mean (SD)

0.1 (0.5)

0.1 (0.4)

0.2 (0.7)

0.3 (0.9)

174.4

<.001abc

Workplace challenges, mean (SD)

0.9 (0.5)

0.9 (0.5)

0.8 (0.7)

0.9 (0.6)

52.2

<.001ac

29.5 (23.6)

32.9 (29.8)

43.3 (31.5)

188.7

<.001abc

10,701.7
(4251.6)

10,253.0
(3951.1)

11,082.6
(3758.1)

13.6

<.001abc

Sociodemographics
<.001abc

102.6

Engagement

Number of days physical activity was 30.8 (25.1)
logged for, mean (SD)
Physical activity
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.

10,692.1
(4194.4)

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
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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).

J Med Internet Res 2015 | vol. 17 | iss. 7 | e176 | p.5
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Guertler et al

Table 2. Mean engagement parameters for different membership lengths in the overall sample (N=16,948).
Membership n
length

Duration of platform usage
(days)

Individual challenges

Workplace challenges

Days physical activity logged

Mean (SD) Mean/weeka(SD) Mean (SD) Mean/weeka(SD) Mean (SD) Mean/weeka(SD) Mean (SD) Mean/weeka(SD)
≤1 week (17 days)

54

1-2 weeks
(8-14 days)

60

3.6 (2.7)

10.1b(10.7)

0.00 (0.00) 0.00 (0.00)

0.24 (0.43) 0.59 (1.46)

3.5 (2.6)

9.9b
(10.6)

9.0 (5.5)

5.5 (3.4)

0.10 (0.35) 0.07 (0.24)

0.60 (0.49) 0.37 (0.33)

8.7 (5.3)

5.4 (3.2)

2-3 weeks
234
(15-21 days)

13.0 (6.1)

5.1 (2.4)

0.09 (0.09) 0.00 (0.04)

0.87 (0.46) 0.34 (0.18)

12.5 (5.9)

4.9 (2.3)

3-4 weeks
413
(22-29 days)

15.7 (7.7)

4.6 (2.3)

0.04 (0.22) 0.01 (0.06)

0.85 (0.48) 0.25 (0.15)

14.0 (8.0)

4.1 (2.3)

1-2 months 874
(30-60 days)

23.8 (14.4) 4.1 (2.4)

0.09 (0.35) 0.01 (0.06)

0.63 (0.49) 0.11 (0.09)

22.5 (14.1) 3.8 (2.4)

2-3 months 1592
(61-91 days)

34.1 (18.7) 3.2 (1.8)

0.11 (0.41) 0.01 (0.04)

0.89 (0.50) 0.08 (0.04)

31.7 (17.8) 3.0 (1.7)

3-4 months
(92-122
days)

604

36.2 (28.9) 2.4 (1.9)

0.26 (0.73) 0.02 (0.05)

0.66 (0.59) 0.04 (0.04)

32.8 (26.9) 2.2 (1.8)

4-5 months
(123-153
days)

370

38.7 (32.5) 1.9 (1.6)

0.19 (0.67) 0.01 (0.03)

0.71 (0.65) 0.04 (0.03)

33.5 (28.6) 1.7 (1.4)

5-6 months
(154-184
days)

1335

35.0 (34.0) 1.4 (1.4)

0.12 (0.56) 0.01 (0.02)

0.87 (0.53) 0.03 (0.02)

29.2 (24.5) 1.2 (1.0)

6-7 months
(185-215
days)

3218

31.6 (27.9) 1.1 (1.0)

0.10 (0.47) 0.00 (0.02)

0.92 (0.37) 0.03 (0.01)

28.2 (22.7) 1.0 (0.8)

7-8 months
(216-246
days)

4016

36.7 (34.1) 1.1 (1.0)

0.12 (0.61) 0.00 (0.02)

0.93 (0.65) 0.03 (0.02)

32.7 (27.5) 1.0 (0.8)

8-9 months
(247-277
days)

2462

36.8 (30.5) 1.0 (0.8)

0.09 (0.49) 0.00 (0.01)

0.91 (0.46) 0.02 (0.01)

33.4 (26.0) 0.9 (0.7)

9-10 months 1716
(278-297
days)

45.1 (37.4) 1.1 (0.9)

0.08 (0.42) 0.00 (0.01)

1.0 (0.58)

38.9 (30.4) 0.9 (0.7)

0.02 (0.01)

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
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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).
App onlya

Dependent variables

a

Web and appa

B (SE)

P

η2

B (SE)

P

η2

Duration of usage

0.06 (0.82)

<.001

.004

0.16 (0.86)

<.001

.026

Individual challenges

0.10 (0.01)

<.001

.009

0.12 (0.02)

<.001

.014

Workplace challenges

–0.07 (0.02)

<.001

.005

0.01 (0.02)

.14

.000

Physical activity log days

0.06 (0.67)

<.001

.003

0.15 (0.71)

<.001

.024

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 (χ22=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).
User group

a

Percentage of group still used platforma
75%

50%

25%

Web only

21 days

29 days

41 days

App only

22 days

31 days

43 days

Web and app

28 days

36 days

56 days

All users

21 days

30 days

42 days

Table 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
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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).
Dependent variables

Univariate

Multivariate

Hazard ratio (SE), 95% CI

P

Hazard ratio (SE), 95% CI

P

Group
Web only

reference

reference

App only

0.86 (0.03), 0.58-0.68

<.001

0.98 (0.04), 0.91-1.05

.59

Web and app

0.63 (0.03), 0.81-0.93

<.001

0.69 (0.03), 0.64-0.75

<.001

Country
Australia

reference

Other

0.87 (0.02), 0.82-0.91

reference
<.001

0.55 (0.02), 0.52-0.58

<.001

Gender
Female

reference

reference

Male

0.85 (0.02), 0.82-0.89

<.001

0.95 (0.02), 0.91-0.99

.02

Age

0.992 (0.001), 0.991-0.994

<.001

0.999 (0.00), 0.997-1.000

<.001

Individual challenges

0.62 (0.02), 0.59-0.66

<.001

0.83 (0.03), 0.77-0.89

<.001

Workplace challenges

0.94 (0.02), 0.90-0.97

<.001

0.98 (0.02), 0.94-1.01

.19

Number of days physical activity was
logged for

0.921 (0.001), 0.919-0.922

<.001

0.917 (0.001), 0.915-0.918

<.001

Steps per day

0.99999 (0.00000), 0.99998-0.99999

<.001

0.999980 (0.000002), 0.9999760.999985

<.001

Discussion

Program Engagement in Real World Compared to
Controlled Settings

Principal Findings

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.

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).
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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
J Med Internet Res 2015 | vol. 17 | iss. 7 | e176 | p.8
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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
http://www.jmir.org/2015/7/e176/
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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
J Med Internet Res 2015 | vol. 17 | iss. 7 | e176 | p.9
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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
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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
J Med Internet Res 2015 | vol. 17 | iss. 7 | e176 | p.10
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parameters is highly dependent on the time window measured;
therefore, study length has to be considered when comparing
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studies in regard to engagement parameters.
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