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Abstract 

 
Background 
Consumer based self-tracking devices may be used as effective tools in health enhancing 
programs. However, not much is known about behavioral determinants for the adoption of 
these devices and whether they differ among self-tracking functions.   
 
Purpose 
This study aimed to identify behavioral determinants for the adoption of an activity and 
sleep tracker and a weight scale.  
 
Methods 
Healthy adults (N=95) received two devices for self-tracking of activity, sleep, and weight. 
After six months, behavioral factors, among which included self-regulation capacity, were 
assessed for the adoption of the activity, sleep, and weight tracking function (i.e., the 
number of days that activity and sleep was measured, and number of self-weighing’s) using 
Poisson regression analysis.  
 
Results 
Usage of the activity and sleep tracking function declined over time, whereas number of self-
weighing’s stabilized over time. One subscale of self-regulation, i.e., goal orientation, 
contributed to number of days that activity or sleep was measured. Other determinants for 
use of the activity function were activity level and intention to change physical activity. Most 
important determinants for use of the sleep function were motive for self-tracking, and 
social norm for sleep tracking. For weight tracking, most important determinants were BMI, 
intention to monitor weight, and motive for self-tracking.  
 

Conclusions 
Behavioral determinants are related differently to the usage of various self-tracking 
functions. Goal orientation as sub domain of self-regulation is an important factor when 
using self-tracking devices within health care. 

  

 

 

Introduction 

 
Consumer based self-tracking devices such as activity trackers, sleep trackers, smart 
bodyweight scales, glucose monitors, and heart rate monitors have become increasingly 
popular over the past several years.1–3 These devices may support self-regulative health 
behavior which is crucial for the maintenance of health and prevention of lifestyle related 
diseases.4,5 For instance, self-tracking of physical activity improves physical activity behavior 
and regular self-weighing has a positive impact on weight loss for individuals who are 
overweight.6,7 The adoption or sustained use of such devices, therefore, is essential for their 
usefulness and clinical relevance.  

Several studies have been conducted regarding how well self-tracking devices are 
being used and which factors impact long-term adoption.8–15 An extensive recent study 
found that the average days of use of an activity tracker was 129 days with 50% of all of the 
participants no longer using their device within six months.15 A few small and short term 
follow-up studies found that the percentage of people who stopped using their device was 
59%, 62%, and 75% respectively.10,12,13 Another study found that only 14% of the study 
population still actively used their activity tracking app after two weeks.16 Adoption also 
varies among the type of monitoring function, e.g., in the study of Kim et al, the adoption of 
activity monitoring was twice as high compared to sleep monitoring; 44 and 22 days, 
respectively, within a 90-day study period. Diet was monitored for an average of 17 days.9 

People may have several reasons to use self-tracking devices. Some people use new 
devices simply out of curiosity about new technology, which is usually quickly satisfied.17 
Other people use devices to become more active, which indeed has been found to be a 
significant factor in the sustained use of activity trackers.11,16 This is in accordance with the 
research of Rooksby et al who propose different motives, such as a directive motive (using 
technology to improve health), for engaging in the self-tracking of health.18 Age has also 
been found as predictor for sustained use of an activity tracker, with people with a higher 
age showing a longer duration of use.15 This may also be well explained by different motives 
to engage in self-tracking; i.e., it has been found that that young individuals use activity 
trackers primarily for fitness optimization while the older population uses them mainly for 
improving overall health and extending their lifespan.19  

Several reasons have also been determined as to why people discontinue using a self-
tracking device. First, an important reason is the failure of a device due to technical 
problems such as limited battery functioning.13–15 Second, a recurring explanation in the 
literature is that a device (no longer) meets the expectations of the user.9–11,20–23 For 
example, users noticed that a certain activity could not be registered by the device,11 the 
purchased data was perceived as inaccurate,13,14 or expectations about the design10 or 
esthetics10,23 (especially for females), time investments,10, ease of use,9,20–22 or perceived 
usefulness9,20–22 were not satisfied. Third, certain behavioral conditions to keep using a 
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device were not always present, such as making usage a habit,10,13,14 or social factors related 
to acceptance or satisfaction.10,11,17,22 Fourth, personal reasons were indicated to stop using 
a device such as having achieved personal goals or having learned enough, people were 
upgrading to newer models, or changes in priorities.16,23  

Most of the above-mentioned reasons to use or stop using a self-tracking device can 
be interpreted by behavioral theories.24–26 However, only a small number of studies have 
incorporated a theoretical framework in their research design to investigate which known 
behavioral factors impact the adoption of self-tracking devices. The use of a theoretical 
framework is needed in order to gain a broader understanding of potential determinants for 
their use. The behavioral concept of interest in this study is self-regulation of health 
behavior. For this purpose, the Temporal Self-regulation Theory (TST) will be used.26,27 The 
TST is a model for specific individual health behavior that states that the intention to 
perform a certain behavior (e.g., using a self-tracking device) is influenced by connectedness 
beliefs and temporal valuations. The latter represent a perceived time gap between the 
costs and benefits of a certain behavior. Connectedness beliefs represent motivational 
factors such as interest in using new technology. These beliefs fit with the above described 
reasons for using a device. Whether the intention for using self-tracking technology then 
actually leads to a sustained use of the device depends on behavioral prepotency and self-
regulation capacity. Behavioral prepotency refers to the probability that the usual behavior 
occurs, for example, habitual or social norm behavior. The described reasons to stop using a 
device fit within this construct. Prepotent behavior can be overruled by self-regulative 
behavior. Self-regulation capacity describes an individual’s ability to set, implement, and 
monitor goals in order to successfully regulate their own behavior.26–28 It is known that the 
monitoring of behavior and feedback on it are both essential to detect goal attainment and, 
thereafter, for regulation of an individual’s behavior, i.e., to continue to strive for one’s 
goals.24,28,29 Therefore, the use of self-tracking technology fits within the principles of self-
regulation because these devices allow for goal-setting, self-monitoring of behavior, and 
provide the user with personalized feedback. Although people have already been self-
monitoring their health for a long time, e.g., by keeping a diary for their sleep quality or 
coffee intake, the rise of consumer self-tracking technology has made self-monitoring much 
easier. In the context of the use of self-tracking devices, it is important to assess whether 
self-regulation capacity for healthy behavior is related to the adoption of such technology.  

Altogether, the adoption of self-tracking devices variably depends on motivational, 
personal, or device related factors. However, it is unknown whether self-regulation capacity 
is (directly) related to the use of self-tracking devices. Also, it is unknown whether self-
regulation and other behavioral factors have a different influence on the adoption of 
different types of tracking functions such as physical activity and weight tracking. In this six-
month longitudinal study, we will follow healthy adults who receive two devices for self-
tracking of health behavior. At the start of the study they complete a TST-based 
questionnaire with possible determinants for the adoption of different self-tracking 

 

 

functions. After six months, the adoption of the devices will be evaluated in terms of days of 
use (activity and sleep) or number of times of use (weight). The primary aim of this study is 
to identify behavioral determinants for the adoption of an activity and sleep tracker and 
weight scale.  

 

Methods 

 
Study design 
This is a six-month study using a within subjects’ design within the Lifelines Cohort Study. 
Lifelines is a multi-disciplinary prospective population-based cohort study examining in a 
unique three-generation design the health and health-related behaviors of 167,729 persons 
living in the North of The Netherlands. Healthy adults (aged ≥25 years) were provided with 
an activity tracker and a digital weight scale. The participants were instructed to install the 
devices as soon as possible after receiving them. During the study period, the participants 
were free to use the devices as much as desired. No instructions concerning frequency of 
usage were provided in order to investigate the natural course of the use of the devices. 

 

Participants 
Participants from the Lifelines Cohort Study were recruited by e-mail after pre-selection 
based on age and postal number for logistical reasons. Potential participants subsequently 
received a small questionnaire concerning inclusion and exclusion questions. Inclusion 
criteria were being ≥25 years and access to a smartphone with internet (IOS or Android). 
Participants were excluded if they were already in the possession of an activity monitor or 
smart weight scale or were not able to engage in self-tracking of activity, sleep, or weight 
due to physical, social, cognitive- and/or mental problems. Included participants received an 
invitation to collect their devices at the research office of Lifelines. Informed consent was 
obtained from all of the participants. Ethical approval was granted within the Lifelines 
Cohort Study by the University Medical Center Groningen (METc 2007/152) based on the 
declaration of Helsinki of Ethical Principles for Medical Research Involving Human Subjects. 
 
Self-tracking devices 
The Nokia Pulse, (Nokia, Nozay, France, previously Withings, Issy les Moulineaux, France) 
measures activity and sleep. The Nokia WS-30 (Nokia, Nozay, France), measures weight and 
body mass index (BMI). The devices were connected with a smartphone application (Nokia 
Health Mate), which exhibited the course of a participant’s activity pattern, sleeping pattern, 
and body weight over time. In addition, the application provided automated personalized 
feedback messages concerning progression towards the self-selected goals of the 
participants. Participants had the possibility to engage with friends within the app. In case of 
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loss or technical failure the devices could be replaced instantly at the research office during 
the whole study period.   

 
Measures 
The primary outcome variable was the duration of usage of the devices that were separately 
measured for the three tracking functions: activity, sleep, and weight. 
Adoption of the physical activity function was measured by counting the total number of 
days the Pulse was worn within the study period. For each participant, the 180-day study 
period began on the second day after the Pulse was received. One day of use was only 
included if ≥500 steps were measured in order to exclude test or accidental measurements. 
Adoption of the sleep function was measured as the total number of days the Pulse was used 
as a sleep monitor. A cut-off point of ≤ 1 hour of sleep per day was used to exclude test or 
accidental measurements. Adoption of the weight scale was measured as the total number 
of times body weight was measured beginning on day the weight scale was received. In 
addition, adoption was classified in different weighing frequencies: monthly (self-weighing 
less than once a week), weekly (self-weighing at a minimum of once per week), or daily (self-
weighing at a minimum of six days per week).7,30 

 
The behavioral factors for adoption were assessed at baseline by using a digital 
questionnaire. These factors were subdivided into specific variables for the outcome of 
healthy behavior itself and those for engagement in self-tracking behavior, for the three 
tracking functions separately. 
 

Behavioral factors - healthy behavior factors 
Intention to alter physical activity, sleep, and body weight was measured using three 1-item 
questionnaires.25,31 The participant could indicate 1) the intention to move/sleep more or 
gain weight, 2) no intention to change, or 3) the intention to move/sleep or weigh less.  
Self-regulation towards health was measured with the self-regulation questionnaire from 
Brown et al (1999). This questionnaire was translated and adapted to increase specificity for 
self-regulation towards health behavior (physical activity, sleep, food intake, and body 
weight). Participants could indicate their extent of agreement on the different items on a 5-
point Likert scale ranging from strongly disagree (score 1) to strongly agree (score 5). The 
mean scores on the different subscales were calculated, according to the factor structure of 
Gavora et al (2015). These subscales were goal orientation (e.g., “I can stick to a health plan 
that’s working well”), self-direction (e.g., “I don’t seem to learn from my unhealthy 
behavior”), decision-making (e.g., “As soon as I see a problem or challenge, I start looking for 
possible solutions”), and impulse control (e.g., “I get easily distracted from my plans”). 
Cronbach’s alpha was .69, .74, .66, and .83 respectively for goal orientation (five items), self-
direction (seven items), decision-making (seven items), and impulse-control (eight items). 
The item ‘I am set in my ways’ was deleted from the goal orientation scale, because this item 

 

 

resulted in a lower alpha.  
Physical activity level was measured with the Nokia Pulse. For each participant, the average 
steps per day were calculated from all of the available measurement days within the study 
period, and subsequently categorized in sedentary (<5000 steps/d), somewhat active 
(≥5000-7500 steps/d), active (≥7500-10000 steps/d), or very active (≥10.000 steps/d).32 This 
variable was only assessed for adoption of the activity tracking function. 
 
Behavioral factors - specific self-tracking factors 
Connectedness beliefs were assessed by measuring attitude (six items) and self-efficacy (four 
items) towards self-tracking of activity, sleep, and body weight on a 5-point Likert scale.25,31 
For example, for ‘Attitude’, participants were asked “What is your opinion about measuring 
your steps regularly?” with answers ranging from ‘very useless’ to ‘very useful’. Questions 
were summed and divided by the number of items. 
Motive for self-tracking was assessed as a nominal variable by a 1-item questionnaire in 
which the participant could indicate one out of five motives as suggested by Rooksby et al 
(2014); documentary (to gain information about one’s health), diagnostic (to explain one’s 
subjective health), directive (to improve health), collecting rewards (to receive positive 
feedback about one’s health behavior ), and fetishized (interested in new gadgets).18 

Intention to engage in self-tracking was separately assessed by a 1-item statement on a 5-
point Likert scale for the three self-tracking behaviors.25,31 For example, the intention to self-
monitor steps was measured by; “I intend to measure my steps regularly within one month”. 
A score of 1 indicated no intention at all, and a score of 5 indicated a definite intention to do 
so.    
Behavioral prepotency was measured separately with a questionnaire about habit (six items) 
and social norm (three items) for self-tracking of activity, sleep, and weight. Habit questions 
were translated from the validated Self Report Habit Index.33 The social norm questions 
were based on Boudreaux et al (2014).  

 
Personal factors 
Age, gender, education, and BMI were measured to be included as covariates. Age, gender, 
and education were assessed in a questionnaire. Education was classified as low (finished 
primary education or preparatory secondary vocational education), moderate (finished 
secondary education or intermediate vocational education), or high (college education or 
higher). BMI was assessed using the height and first self-measurement on the weight scale, 
and subsequently categorized in <25, 25-30, or >30.  

 
Statistical analyses 
Descriptive analyses and ANOVA repeated measures analyses were used first to examine the 
overall using patterns of the tracking functions over the six-month period. The number of 
self-measurements per month were extracted separately from the dataset for the three 
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feedback about one’s health behavior ), and fetishized (interested in new gadgets).18 

Intention to engage in self-tracking was separately assessed by a 1-item statement on a 5-
point Likert scale for the three self-tracking behaviors.25,31 For example, the intention to self-
monitor steps was measured by; “I intend to measure my steps regularly within one month”. 
A score of 1 indicated no intention at all, and a score of 5 indicated a definite intention to do 
so.    
Behavioral prepotency was measured separately with a questionnaire about habit (six items) 
and social norm (three items) for self-tracking of activity, sleep, and weight. Habit questions 
were translated from the validated Self Report Habit Index.33 The social norm questions 
were based on Boudreaux et al (2014).  

 
Personal factors 
Age, gender, education, and BMI were measured to be included as covariates. Age, gender, 
and education were assessed in a questionnaire. Education was classified as low (finished 
primary education or preparatory secondary vocational education), moderate (finished 
secondary education or intermediate vocational education), or high (college education or 
higher). BMI was assessed using the height and first self-measurement on the weight scale, 
and subsequently categorized in <25, 25-30, or >30.  

 
Statistical analyses 
Descriptive analyses and ANOVA repeated measures analyses were used first to examine the 
overall using patterns of the tracking functions over the six-month period. The number of 
self-measurements per month were extracted separately from the dataset for the three 
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tracking functions. Because of a non-normal distribution of the dependent variables (i.e., the 
total number of days/times that activity, sleep, or weight was measured) and because the 
(dependent) outcome data is of the `count’ type, a Poisson regression analysis was 
conducted separately for each self-tracking function (activity, sleep, and weight tracking). 
The dependent variable was the total number of measurements counted during the study 
period. The independent variables were added in the analysis as either categorical (age class, 
BMI class, gender, education, physical activity level, motive for self-tracking, and intention to 
change physical activity, sleep, or weight) or as continuous variables (the self-regulation 
subscales of goal orientation, self-direction, decision making, and impulse control; the 
intention to engage in self-tracking of activity, sleep, or weight; and attitude, self-efficacy, 
social norm, and habit for self-tracking of activity, sleep, and weight). First, descriptive 
statistics were used to examine for patterns and balance of the data. Also, assumptions to 
conduct Poisson Regression were examined. Next, to identify significant predictors, 
univariate Poisson analyses were conducted separately for each of the predictive variables. 
After this, all of the identified predictors were analysed with a multivariate Poisson 
regression. Subsequently, manual back fitting was used to determine a model in which all 
variables contribute significantly and for at least 15% to the outcome (i.e., all variables with 
an odds ratio between 0.85 and 1.15 were removed). This percentage was selected in order 
to be able to detect not only significant but also relevant determinants; a contribution of a 
variable of less than 15% for the number of measurements was considered to be less 
relevant.    

 Analyses were conducted using SPSS for Windows (version 22, 2010, IBM-SPSS Inc). A 
cutoff value of α<.05 was utilized to assess statistical significance.  

 

Results 

 
In total, 95 participants of the Lifelines cohort study signed for informed consent and 
received the self-tracking devices. The Pulse data became available for 84 participants and 
the weight data was available from 81 participants within the study period. Therefore, 11 
participants were assigned as ‘inclusion failure’, resulting in a study population of 84 
participants. Figure 1 describes the reasons for the inclusion failures. Table 1 shows baseline 
characteristics of the study population. At baseline, 56% of the study population intended to 
increase physical activity, and 22.6% wanted to increase sleeping time. No participants 
indicated that they would like to decrease physical activity or sleep. With regard to 
intentions to change weight, 56% of the study population wanted to lose weight at baseline, 
29.8% did not want to change weight, and 14.3% wanted to gain weight.  

 
 
 

 

 

 
 

 
 

 

 

 

 

 

 

 

 

 

 

Figure 1.  
Flow of participants through the study. 
 
 

Table 1.  
Baseline characteristics of the study population (N=84). 

 Mean ± SD 

Age 48.3 ± 6.8 

Gender 
      Male  
      Female 

 
34.5 % 
65.5 %  

Weight (kg)  78.9 ± 14.9 

BMI 
     <25 
     25-30 
     >30 

26.0 ± 3.7 
45.2 % 
39.3 % 
15.5 % 

Education  
     Lower education 
     Medium education  
     Higher education 

 
10.7 % 
34.5 % 
54.8 % 
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Motive for self-tracking 
     Documentary 
     Diagnostic 
     Directive 
     Positive feedback 
     Fetishized  
     Other 

 
38.1 % 
1.2 % 
23.8 % 
19.0 % 
15.5 % 
2.4 % 

 
 

Adoption of the self-tracking devices 
The number of days of use of the step tracking function varied from two to 180 days 
(median 148, IQR 90-168 days, N=84). The days of use of the sleep tracking function varied 
from zero to 178 days (median 70, IQR 20-141, N=84). The number of weight measurements 
varied from one to 422 weight measurements (median 62, IQR 28-134 measurements, 
N=81). A percentage of 22% of the participants weighed themselves monthly, 62% weekly, 
and 16% weighed daily. Figure 2.a and 2.b show the adoption of the different self-tracking 
functions per month over the six-month period. Activity tracking decreased significantly 
from an average of 24 ± 9 days in the first month to 17 ± 11 days in the sixth month (F=15.5, 
p=.000). Sleep tracking dropped from 16 ± 11 days of use to 9 ± 11 days per month (F=29.3, 
p=.000). The number of weight measurements was also reduced from the first month (on 
average 19 ± 15 self-weighing’s) till the sixth month (F=20.2, p=.000), however, this number 
stabilized from the third until the sixth month with an average of 12 ± 13 self-weighing’s per 
month. 

 
 

 

Figure 2.  
Number of days of activity [circles] and sleep [triangles] measurements (A, N=84), and number of weight 
measurements per month (B, N=81). 

  

 

 

Data processing  
Due to a strong association of intention to engage in a specific self-tracking behavior with 
attitude and self-efficacy towards self-tracking them (r >.6, p<.01), attitude and self-efficacy 
were excluded from the analyses to avoid multicollinearity. One variable had unbalanced 
numbers across the categories, i.e., only one participant indicated the motive for self-
tracking as ‘diagnostic’. Therefore, the results for ‘diagnostic’ are not displayed in the 
analyses.   

 
Determinants of use of the activity tracker 
Eight variables were determined to be independently significantly related to the number of 
activity measurements by a univariate Poisson regression. Table 2 shows all univariate 
significant determinants with associated odds ratios and the final multivariate model for the 
use of the activity tracking function. Goal orientation as subscale of self-regulation was 
significant in the final model (OR 1.20 [CI 1.16; 1.25], p=.000). Other significant determinants 
found by the final model were BMI class, physical activity level, and intention to change 
activity level (Table 2).   

 
Determinants of use of the sleep tracker 
Eleven variables were significantly related to the number of sleep measurements in the 
univariate Poisson regression. Table 3 demonstrates all of the univariate determinants with 
associated odds ratios and the final multivariate model for determinants for the use of the 
sleep tracking function. All four self-regulation scales were significant in the univariate 
Poisson regression. In the final model, goal-orientation scale remained significant (OR 1.29 
[CI 1.23;1.35], p=.000). Five other determinants remained in the final model; age class, BMI 
class, education, motive for self-tracking, and social norm for self-tracking of sleep (Table 3).   
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Data processing  
Due to a strong association of intention to engage in a specific self-tracking behavior with 
attitude and self-efficacy towards self-tracking them (r >.6, p<.01), attitude and self-efficacy 
were excluded from the analyses to avoid multicollinearity. One variable had unbalanced 
numbers across the categories, i.e., only one participant indicated the motive for self-
tracking as ‘diagnostic’. Therefore, the results for ‘diagnostic’ are not displayed in the 
analyses.   

 
Determinants of use of the activity tracker 
Eight variables were determined to be independently significantly related to the number of 
activity measurements by a univariate Poisson regression. Table 2 shows all univariate 
significant determinants with associated odds ratios and the final multivariate model for the 
use of the activity tracking function. Goal orientation as subscale of self-regulation was 
significant in the final model (OR 1.20 [CI 1.16; 1.25], p=.000). Other significant determinants 
found by the final model were BMI class, physical activity level, and intention to change 
activity level (Table 2).   

 
Determinants of use of the sleep tracker 
Eleven variables were significantly related to the number of sleep measurements in the 
univariate Poisson regression. Table 3 demonstrates all of the univariate determinants with 
associated odds ratios and the final multivariate model for determinants for the use of the 
sleep tracking function. All four self-regulation scales were significant in the univariate 
Poisson regression. In the final model, goal-orientation scale remained significant (OR 1.29 
[CI 1.23;1.35], p=.000). Five other determinants remained in the final model; age class, BMI 
class, education, motive for self-tracking, and social norm for self-tracking of sleep (Table 3).   
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Table 2.  
Significant determinants for use of the activity tracking function (N=84). 

Univariate results OR Confidence Interval 
Lower                  Upper 

p-value 

    

BMI class 
     >30 
     25-30 
     < 25 (Ref) 

 
1.05 
1.28 

 

 
.99 

1.23 

 
1.12 
1.34 

 
.091 
.000 

Education* 
     High  
     Medium 
     Low (Ref) 

 
1.03 
.945 

 
.96 
.89 

 
1.09 
1.02 

 
.443 
.128 

Activity class 
     Very active 
     Active 
     Somewhat active 
     Sedentary (Ref) 

 
1.48 
1.19 
1.20 

 
1.36 
1.10 
1.11 

 
1.60 
1.29 
1.29 

 
.000 
.000 
.000 

Intention to change activity level 
     Want to increase activity 
     No intention to change (Ref) 

 
1.28 

 
1.23 

 
1.33 

 
.000 

Motive for self-tracking 
     Fetishized 
     Collecting rewards 
     Directive 
     Diagnostic 
     Documentary (Ref) 

 
1.15 
1.13 
1.14 
N.A 

 

 
1.08 
1.08 
1.09 
N.A 

 
1.21 
1.20 
1.20 
N.A. 

 
.000 
.000 
.000 
N.A. 

SR - goal orientation 1.12 1.08 1.15 .000 

Intention for self-tracking of steps 1.18 1.14 1.23 .000 

Habit for self-tracking of steps 1.12 1.09 1.15 .000 

Multivariate final results OR Confidence Interval p-value 

BMI class 
     >30 
     25-30 
     < 25 (Ref) 

 
1.10 
1.22 

 
1.04 
1.17 

 
1.17 
1.27 

 
.002  
.000  

Activity level 
     Very active 
     Active 
     Somewhat active 
     Sedentary (Ref) 

 
1.58 
1.22 
1.25 

 

 
1.46 
1.13 
1.16 

 
1.72 
1.32 
1.35 

 
.000  
.000  
.000  

Intention to change activity level 
     Want to increase activity 
     No intention to change (Ref) 

 
1.32 

 

 
1.27 

 
1.38 

 
.000  

SR – Goal orientation 1.20 1.16 1.25 .000  

OR= odds ratio SR=self-regulation * education was included in this table as significant univariate predictor 
because the main model was significant. 

  

 

 

Table 3. 
Significant determinants for use of the sleep tracking function (N=84).  

Univariate results OR Confidence Interval             p-value 

  Lower                 Upper  

Age class 
     50-59 years  
     40-49 years 
     30-39 years (Ref) 

 
.84 
.88 

 

 
.79 
.82 

 
.91 
.95 

 
.000 
.001 

BMI class 
     >30 
     25-30 
     <25 

 
.99 

1.35 

 
.93 

1.29 

 
1.08 
1.43 

 
.974 
.000 

Education 
     High  
     Medium 
     Low (Ref) 

 
1.28 
1.04 

 
1.18 
.95 

 
1.40 
1.14 

 
.000 
.442 

Motive for self-tracking 
     Fetishized 
     Collecting rewards 
     Directive 
     Diagnostic 
     Documentary (Ref) 

 
1.34 
1.38 
1.24 
N.A. # 

 
1.24 
1.29 
1.16 
N.A. # 

 
1.44 
1.48 
1.32 

N.A. # 

 
.000 
.000 
.000 
N.A. # 

Intention for self-tracking of sleep 1.34 1.28 1.39 .000 

SR – goal orientation 
SR – self-direction 
SR – decision-making  
SR – impulse control 

1.23 
1.14 
1.41 
1.05 

1.18 
1.09 
1.32 
1.01 

1.29 
1.19 
1.50 
1.10 

.000 

.000 

.000 

.010 

Social norm for self-tracking of sleep 1.67 1.59 1.75 .000 

Habit for self-tracking of sleep 1.30 1.26 1.34 .000 

Multivariate final results OR Confidence Interval p-value 

Age class 
     50-59 years  
     40-49 years 
     30-39 years (Ref) 

 
.76 
.96 

 
.70 
.89 

 
.82 

1.04 

 
.000  
.355 

BMI class 
     >30 
     25-30 
     <25 

 
1.03 
1.28 

 
1.17 
1.21 

 
1.40 
1.36 

 
.446  
.000  

Education 
     High  
     Medium 
     Low (Ref) 

 
1.33 
1.16 

 

 
1.20 
1.05 

 
1.47 
1.29 

 
.000  
.005  
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Table 3. 
Significant determinants for use of the sleep tracking function (N=84).  
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Motive for self-tracking 
     Fetishized 
     Collecting rewards 
     Directive 
     Diagnostic 
     Documentary (Ref) 

 
1.25 
1.27 
1.33 
N.A.# 

 
1.16 
1.19 
1.24 
N.A. # 

 
1.35 
1.36 
1.43 

N.A. # 

 
.000  
.000  
.000  

N.A. # 

SR – goal orientation 1.29 1.23 1.35 .000  

Social norm for self-tracking of sleep 1.71 1.62 1.80 .000  

OR = odds ratio SR=self-regulation N.A. #  = not applicable due to an unbalanced count. 

 

 

Determinants of use of the weight scale 
Three participants were extreme outliers for the number of weight measurements, i.e., they 
measured their weight 353, 380, and 422 times compared to 198 times or less for the rest of 
the participants. Therefore, these participants were excluded from the analysis. Ten 
variables were statistically significant in the univariate Poisson regression for the number of 
weight measurements. The self-regulation scales ‘impulse-control’ and ‘goal orientation’ 
were negatively related to the number of weight measurements in the univariate analysis. In 
the final multivariate model, both scales became non-significant. Seven determinants 
remained in the final multivariate model; age class, gender, BMI class, education, intention 
to change weight, motive for self-tracking, and intention to monitor weight (Table 4).  
 
 

  

 

 

Table 4.  
Significant determinants for use of the weight tracking function (N=78). 

Univariate results OR Confidence Interval 
Lower          Upper 

p-value 

    

Age class 
     50-59 years  
     40-49 years 
     30-39 years (Ref) 

 
.77 
.50 

 
.72 
.46 

 
.82 
.54 

 
.000 
.000 

Gender 
     Women 
     Men (Ref) 

 
.75 

 
.71 

 

 
.79 

 

 
.000 

BMI class 
     >30 
     25-30 
     <25 (Ref) 

 
.62 

1.45 

 
.56 

1.37 

 
.69 

1.53 

 
.000 
.000 

Education 
     High  
     Medium 
     Low (Ref) 

 
.92 
.75 

 

 
.85 
.69 

 

 
.99 
.82 

 
.034 
.000 

Intention to change weight 
     Want to gain weight 
     Want to lose weight 
     No intention to change (Ref) 

 
1.49 
1.05 

 
1.38 
.00 

 
1.61 
1.12 

 
.000 
.105 

Motive for self-tracking 
     Fetishized 
     Collecting rewards 
     Directive 
     Diagnostic 
     Documentary (Ref) 

 
.78 

1.44 
1.12 
N.A. # 

 
.71 

1.34 
1.05 
N.A. #  

 
.85 

1.54 
1.20 

N.A. # 

 
.000 
.000 
.001 
N.A. #  

Intention for self-tracking of weight 1.31 1.25 1.38 .000 

SR – goal orientation 
SR – impulse control 

.90 

.94 
.86 
.90 

.94 

.98 
.000 
.004 

Habit for self-tracking of weight 1.06 1.03 1.10 .001 

Multivariate results OR Lower Upper p-value 

Age class 
     50-59 years  
     40-49 years 
     30-39 years (Ref) 

 
.71 
.42 

 
.66 
.39 

 
.77 
.46 

 
.000  
.000  

Gender 
     Female 
     Male (Ref) 

 
.66 

 
.61 

 
.70 

 
.000  
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Motive for self-tracking 
     Fetishized 
     Collecting rewards 
     Directive 
     Diagnostic 
     Documentary (Ref) 

 
1.25 
1.27 
1.33 
N.A.# 

 
1.16 
1.19 
1.24 
N.A. # 

 
1.35 
1.36 
1.43 

N.A. # 

 
.000  
.000  
.000  

N.A. # 

SR – goal orientation 1.29 1.23 1.35 .000  

Social norm for self-tracking of sleep 1.71 1.62 1.80 .000  

OR = odds ratio SR=self-regulation N.A. #  = not applicable due to an unbalanced count. 
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variables were statistically significant in the univariate Poisson regression for the number of 
weight measurements. The self-regulation scales ‘impulse-control’ and ‘goal orientation’ 
were negatively related to the number of weight measurements in the univariate analysis. In 
the final multivariate model, both scales became non-significant. Seven determinants 
remained in the final multivariate model; age class, gender, BMI class, education, intention 
to change weight, motive for self-tracking, and intention to monitor weight (Table 4).  
 
 

  

 

 

Table 4.  
Significant determinants for use of the weight tracking function (N=78). 

Univariate results OR Confidence Interval 
Lower          Upper 

p-value 

    

Age class 
     50-59 years  
     40-49 years 
     30-39 years (Ref) 

 
.77 
.50 

 
.72 
.46 

 
.82 
.54 

 
.000 
.000 

Gender 
     Women 
     Men (Ref) 

 
.75 

 
.71 

 

 
.79 

 

 
.000 

BMI class 
     >30 
     25-30 
     <25 (Ref) 

 
.62 

1.45 

 
.56 

1.37 

 
.69 

1.53 

 
.000 
.000 

Education 
     High  
     Medium 
     Low (Ref) 

 
.92 
.75 

 

 
.85 
.69 

 

 
.99 
.82 

 
.034 
.000 

Intention to change weight 
     Want to gain weight 
     Want to lose weight 
     No intention to change (Ref) 

 
1.49 
1.05 

 
1.38 
.00 

 
1.61 
1.12 

 
.000 
.105 

Motive for self-tracking 
     Fetishized 
     Collecting rewards 
     Directive 
     Diagnostic 
     Documentary (Ref) 

 
.78 

1.44 
1.12 
N.A. # 

 
.71 

1.34 
1.05 
N.A. #  

 
.85 

1.54 
1.20 

N.A. # 

 
.000 
.000 
.001 
N.A. #  

Intention for self-tracking of weight 1.31 1.25 1.38 .000 

SR – goal orientation 
SR – impulse control 

.90 

.94 
.86 
.90 

.94 

.98 
.000 
.004 

Habit for self-tracking of weight 1.06 1.03 1.10 .001 

Multivariate results OR Lower Upper p-value 

Age class 
     50-59 years  
     40-49 years 
     30-39 years (Ref) 

 
.71 
.42 

 
.66 
.39 

 
.77 
.46 

 
.000  
.000  

Gender 
     Female 
     Male (Ref) 

 
.66 

 
.61 

 
.70 

 
.000  
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BMI class 
     >30 
     25-30 
     <25 (Ref) 

 
.70 

1.24 

 
.62 

1.17 

 
.78 

1.33 

 
.000  
.000  

Education 
     High  
     Medium 
     Low (Ref) 

 
.73 
.66 

 
.66 
.60 

 
.80 
.73 

 
.000  
.000  

Intention to change weight 
     Want to gain weight 
     Want to lose weight 
     No intention to change (Ref) 

 
1.45 
.92 

 
1.33 
.86 

 
1.59 
.99 

 
.000  
.107 

Motive for self-tracking 
     Fetishized 
     Collecting rewards 
     Directive 
     Diagnostic 
     Documentary (Ref) 

 
.90 

1.40 
.95 

N.A. # 

 
.82 

1.30 
.88 

N.A. # 

 
.99 

1.51 
1.03 

N.A. # 

 
.032  
.000  
.226 
N.A. # 

Intention for self-tracking of weight 1.27 1.20 1.34 .000  

OR= odds ratio SR = self-regulation N.A.# = not applicable due to an unbalanced count. 

 

Discussion 

 
This study aimed at identifying behavioral determinants for the adoption of an activity and 
sleep tracker and a weight scale. Overall, there was considerable variation between the 
tracking functions with regard to the degree of usage (total number of measurements and 
number of measurements per month), the using pattern over time, and the factors 
associated with their use. The physical activity tracking function was associated with a higher 
usage compared to the sleep tracking function, although the usage of both functions 
declined over time. For weight tracking, after an initial decline, self-weighing behavior 
stabilised over time with three out of four individuals weighing themselves regularly (i.e., 
daily or weekly). Our results show that behavioral factors related to motivation (both 
motives and specific intentions), self-regulation, and social support differently explain the 
adoption of the different self-tracking functions.  

 Personal motives are determinants for the adoption of self-tracking of sleep and 
weight. In sleep tracking, the ‘directive’, ‘collecting rewards’, and ‘fetishized’ motives 
contributed to at least 25% more measurements compared to the ‘documentary’ motive. 
This indicates that for sleep monitoring, people need a specific motive in order to continue 
with sleep tracking. For weight tracking, ‘positive feedback’ is a predominant motive. From 
the participants who indicated ‘positive feedback’ as the most important motive, 75% 
indicated that they wanted to lose weight. This suggests that people who both want to lose 

 

 

weight and obtain positive feedback are more likely to monitor their weight more often. This 
is in accordance with the Feedback Theory which states that positive feedback is crucial for 
maintenance of motivation and continued goal-striving behavior.34 Furthermore, intention 
to increase activity and change weight contributed to the number of days or number of 
times that activity or weight was measured, however, the intention to increase sleep did not 
affect number of sleep measurements. This may be explained by fewer people intending to 
change sleep (N= 19), but participants may still have been curious about their sleeping 
patterns. For weight tracking, we found that only the intention to gain weight contributed to 
the number of weight measurements (N=11). An intention to lose weight did not result in 
more measurements compared to no intention to change weight. With regard to intentions 
to use technology, the intention to monitor weight contributed as the only variable to the 
use of a specific tracking function. This might indicate that, in the case of physical activity 
tracking and sleep tracking, other factors overrule or mediate this intention that individuals 
had at baseline. 

 Out of the four domains of self-regulation, we determined goal orientation to be 
significantly related to the number of activity and sleep measurements. Thus, people who 
are more focused on realizing their goals and plan how to accomplish them show a higher 
adoption of a device that quantifies activity and sleep. However, this was not the case for 
self-tracking of weight. This may be explained by the differences between the outcomes of 
the devices with weight being a less controllable outcome. For activity and sleep tracking, a 
discrepancy reducing loop (i.e., increasing the steps per day until the step goal is achieved or 
going to bed earlier) may be easier to reach than for weight tracking (i.e., losing weight). 
Also, the larger variety in number of weight measurements that were probably induced by 
personal opinions on how many measurements are needed to successfully monitor weight, 
may explain why goal orientation as well as the intention to lose weight did not contribute 
to the number of weight measurements.  

Lastly, we found that BMI and activity level were significant factors in the adoption of 
the devices. People with a BMI of >30 engaged in fewer weight measurements, but, on the 
other hand, engaged in more physical activity measurements compared to people with a 
healthy weight. This may be explained in two ways. First, again, the difference in the type of 
outcome may explain this finding with weight being a less easily controlled outcome 
compared to activity. Second, this finding may also be explained by the Feedback Theory. 
Our finding is in line with research that showed that people who recently gained weight tend 
to decrease their frequency of self-weighing,35 and another study that showed that self-
reported weighing frequency was significantly lower in obese adults compared to 
overweight adults.36 This implies that positive feedback is required in order for people to 
continue with self-weighing, especially for people with obesity. With regard to activity level, 
we found that a higher activity level does contribute to the adoption of the activity function. 
This may also be well explained by the positive feedback that is induced by walking more 
than 10.000 steps/d. This amount is the default step goal in many activity trackers and, when 
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healthy weight. This may be explained in two ways. First, again, the difference in the type of 
outcome may explain this finding with weight being a less easily controlled outcome 
compared to activity. Second, this finding may also be explained by the Feedback Theory. 
Our finding is in line with research that showed that people who recently gained weight tend 
to decrease their frequency of self-weighing,35 and another study that showed that self-
reported weighing frequency was significantly lower in obese adults compared to 
overweight adults.36 This implies that positive feedback is required in order for people to 
continue with self-weighing, especially for people with obesity. With regard to activity level, 
we found that a higher activity level does contribute to the adoption of the activity function. 
This may also be well explained by the positive feedback that is induced by walking more 
than 10.000 steps/d. This amount is the default step goal in many activity trackers and, when 
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reached, the Health Mate application sends positive feedback messages and rewards. This 
probably reinforces the sustained usage of the activity tracking function.  

This study has some strengths and limitations. This is the first follow-up study that 
includes several behavioral determinants, including self-regulation capacity, for the adoption 
of an activity and sleep tracker and weight scale. A limitation was that some participants 
experienced technical problems with the activity and sleep tracking device. Technical 
failures, the perceived ease of use of a device, and perceived usefulness have earlier been 
found to impact the adoption of self-tracking technology.13,20,22 However, both devices could 
be replaced during the complete study period, therefore, technical failures could have had 
only limited influence on the adoption of the devices. The study was undertaken in a general 
population within the Lifelines Cohort with a high variation in age and BMI, which increases 
generalizability. However, the population of the Lifelines Cohort consists mainly of Caucasian 
people who live in the Northern part of the Netherlands, which may limit the generalisability 
to other parts of Europe and other parts of the world. Finally, the sample size of this study 
was large enough to conduct this exploration, however, attrition in combination with the 
small size of some subgroups limit the generalizability of the results. Therefore, the 
conclusions should be read with caution and within the context of these limitations.  

In conclusion, the three self-tracking functions physical activity, sleep, and weight, 
showed different degrees of adoption. Also, behavioral determinants for adoption differ 
between the different tracking functions. An intention to become more active is an 
important behavioral determinant for the adoption of an activity tracker. For adoption of a 
sleep tracker, important behavioral determinants are social norm for self-tracking of sleep, 
and a specific personal motive to engage in self-tracking. For weight tracking, the most 
important determinants are an individual’s intention to monitor weight and having a specific 
motive for self-tracking. Finally, goal orientation as a sub domain of self-regulation capacity 
is related to a higher usage of the activity and sleep tracking function.  

The results of this study may assist health practitioners who intend to suggest the use 
of self-tracking devices to their patients. It is important to note that a difference exists 
between asking patients to engage in self-monitoring or supporting patients who initiated 
self-tracking themselves. In the latter case, a patient is probably more motivated.28 In the 
first and most important case from a health practitioner perspective, the health practitioner 
might, before all else, explore what the individual health goals of the patient are, how the 
individual feels about self-tracking, what type of feedback is needed, and how goal-
orientated this patient is. Based on the results of our study, this may increase the probability 
of a higher adoption rate and greater engagement with the device, ultimately leading to a 
more effective health behavior change. When a client does not have a specific health goal or 
has problems with adhering to goals, other strategies might be needed to begin with (such 
as a more extensive individual counselling) before self-tracking tools can be deployed. When 

 

 

self-weighing is used in weight loss interventions, attempts should be made to help 
individuals to receive positive feedback instead of negative feedback. 
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