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ABSTRACT 
Activity trackers are frequently used in health and well-
being, but their application in effective interventions is 
challenging. While research for reasons of use and non-use 
is ongoing, little is known about the way activity trackers 
are used in everyday life and over longer periods. We 
analyzed data of 104 individuals over 14,413 use days, and 
in total over 2.5 years. We describe general tracker use, 
periodic changes and overall changes over time, and 
identify characteristic patterns. While the use of trackers 
shows large individual heterogeneity, from our findings we 
could identify and classify general patterns for activity 
tracker use such as try-and-drop, slow-starter, experimenter, 
hop-on hop-off, intermittent and power user. Our findings 
contribute to the body of knowledge towards the successful 
design of effective health technologies, health interventions, 
and long-term health applications. 
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INTRODUCTION 
Physical activity is undoubtedly one of the most important 
behaviors in the prevention [33] or treatment [28] of 
numerous diseases such as obesity, diabetes, or cardio-
vascular diseases. At the same time wellbeing and fitness 
are deemed socially desirable and being fit and active is 
part of a modern lifestyle. Within this context, activity 
trackers such as those from Fitbit, Garmin, Nike, Jawbone 
and other companies have become extremely popular.  

HCI research has investigated activity tracking for many 
years. Early systems such as UbiFit [6] or Fish-N-Steps[21]   
still used mobile phones as a sensing platform but already 
showed that interventions can successfully induce a change. 
While medical research has initially criticized activity 
trackers for their low precision in comparison to high-end 
accelerometers [30], they are now more and more 
understood as a new class of tools with distinct 
characteristics and acceptable precision [13] that is useful in 
e.g. epidemiological studies [3]. Activity trackers are used 
in numerous contexts such as personal wellbeing and 
fitness, life and health logging, but also health behavior 
change interventions and research studies. Despite their 
popularity, however, the use of activity trackers in health 
interventions is still challenging, and their success is not 
undisputed. While existing research has studied the 
effectiveness of activity tracker–based intervention, the 
reasons why people use activity trackers, and when and 
why they stop, the researchers have primarily looked at 
these subjects qualitatively [9] and only for short time 
periods. 

To fully understand how activity trackers are used over 
longer periods of time, we studied long-term usage patterns 
across four different user cohorts in different studies. In this 
paper we present how activity trackers are used in different 
settings, in everyday life, and over prolonged periods of 
time. We provide an in-depth analysis of data from more 
than 100 users giving insights into when and how trackers 
are used. We identify usage patterns for short-term and 
long-term activity tracker users. From our observations we 
discuss implications for the design and utilization of 
activity tracker–based health interventions.  

STATE OF THE ART 
Activity trackers are a billion dollar market, with 22.5 
million devices shipped in Q2/2016 alone [17]. The devices 
are easily used in daily life [23], including by elderly 
persons [12] and, with proper preparation, even by very 
difficult target groups such as dementia patients [32]. 
Nevertheless, their use still imposes technical and practical 
problems [16] and it is not yet clear if they will be used and 
contribute to personal wellbeing over longer periods of 
time. 
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Effectiveness of Activity Tracker–Based Interventions 
Studies of the effectiveness of activity tracker–based 
interventions show mixed results. A meta-study conducted 
by Bravata et al. [2] showed significant increase of physical 
activity for pedometer users. And Connelly et al. [5] found 
that of 15 studies aiming to increase physical activity in 
type 2 diabetes patients using technology all reported an 
increase.  

On the other hand, an analysis by Bort-Roig et al. [1] found 
that of 17 studies evaluating a mobile phone–based 
intervention to increase physical activity only 4 reported an 
increase in physical activity over up to six months. And in a 
pedometer-based intervention for elderly women conducted 
by McMurdo et al. [22] there was an increase after three 
months, but no significant difference beyond six months. 
Etkin [11] even found negative effects of short-term 
interventions: although step counting increased the 
participants’ physical activity, it also reduced the joy of 
walking.  

Long-Term Use, Abandonment, and Compliance 
While behavior change interventions are the most obvious 
use for activity trackers, the potential beyond behavior 
change arising from long-term use of activity trackers is 
now receiving more attention. Karapanos et al. [18] found 
that, in the long term, the user’s thoughts about the behavior 
become less important as the incentive to continue; rather, 
the decision to continue is driven more by improved 
physical health and social relationships; rather user 
experience is driven by physical thriving and social 
relatedness. Based on interviews with 30 users of activity 
trackers [14] Fritz et al. suggest design implications for 
long-term support, including motivation to maintain gains 
already made, as well as to continue to change, and the need 
to support changes in activity and metrics.  

The long-term potential of activity trackers, however, is lost 
by early abandonment. A market survey from 2014 found 
that one-third of all activity trackers are abandoned within 6 
months [8]. Various research studies report similar or worse 
experiences: In a study by Lazar et al. [20] 80% of devices 
were abandoned after 2 weeks. And in a study by Shih et al. 
[31] 75% of 26 undergraduate students with activity 
trackers stopped using the tracker within four weeks. 

Initial work has recently been presented discussing different 
types of user compliance in using activity trackers: In a 
long-term study, Purta et al. [29] found that users are either 
very compliant or not at all. Epstein et al. [10] suggest three 
basic types of use patterns: short use, long and consistent 
use, and intermittent use. While a detailed classification of 
use patterns has been done, e.g. for smartphone app use 
[35], we are not aware of similar work for activity tracker 
use. 

Reasons for Use and Non-Use 
There is growing consent among researchers on reasons for 
abandonment. Shih et al. found three categories: a misfit 

between devices and participants’ self-conceptions, the 
collected data not being useful, and too much effort for use. 
Epstein et al. [9] found six themes among the reasons: cost 
of collecting, cost of ownership, discomfort with 
information, data quality concerns, learned enough, and 
change in life circumstances. And Clawson et al. [4] found 
various detailed reasons, including expectation mismatch, 
technical complexity, and goal met.  

Shih also found reasons for ongoing use: perceived 
usefulness, novelty and curiosity, hope for potential future 
use, and developed routine of use. Finally Gouveia et al. 
[15] found that activity trackers are “‘deficit technologies’ 
that ‘scaffold’ behavior during particular problematic 
moments in time, and ‘transformational’ technologies that 
instill and routinize new practices to the point that the 
technology is no more necessary.”  

APPROACH 
We contribute to the ongoing research about use and 
abandonment of activity trackers by analyzing actual use of 
activity trackers in different settings, in the long term, and 
in real life. Complementing the existing research on why 
people use or do not use trackers, and going beyond initial 
work on compliance [10,29] we investigate how people use 
the trackers. Rather than looking at outcomes such as 
changes, we strictly focus only on use. Our findings 
contribute to understanding the users’ needs and thus 
facilitate the design of better activity tracker–based 
interventions. To the best of our knowledge our approach 
has not been pursued before. Our work is therefore also 
meant to explore the opportunities from these analyses and 
to open the door for follow-up activities to confirm and 
extend our findings. 

General Setup 
Our analyses are based on data from more than 100 users 
collected in two intervention studies, one observational 
study, and in-the-wild data. These sources enable us to 
observe differences of use in different settings. In all four 
cases, the users tracked their physical activity in their daily 
lives using an off-the-shelf activity tracker. One 
intervention study is a short-term study of 12 weeks; the 
other three studies are long term, ongoing since at least 9 
months and not limiting the duration of use of activity 
trackers, but leaving it to the user when to stop. The two 
intervention studies have been approved by ethical review 
committees and registered at public trial registers; all 
studies and the respective procedures have been approved 
by data protection officers. After receiving the users’ 
consent we collected the data by accessing the tracker’s 
corresponding internet service using the API provided by 
the manufacturers. 

Depending on the study, different complementary data were 
available. We took into account a minimal core set that we 
deemed particularly relevant for activity tracker use. Not all 
data are available for all sources or all users, and for some 
data, measures are different between different sources. An 

Self-tracking Mental Health CHI 2017, May 6–11, 2017, Denver, CO, USA

668



overview over the studies and the available data is given in 
Table  1. After the initial presentation we use meaningful 
codenames for the studies, also given in the table. 

Studies  
1YearRehab - IPP Intervention Study: IPP1 is a multi-
centric, comparative study involving patients aged 18-75 
who suffered from a myocardial infarction in the last 30 
days [34]. The primary goal of IPP is to improve 
rehabilitation in the 12 months after the infarct using an 
intensive prevention program (IPP) consisting of, among 
others, regular coaching, education, and clinical 
assessments. Patients in the intervention group were offered 
a Medisana2 ViFit activity tracker and access to an online 
portal for regular observation of their compliance to heart 
friendly living, replacing a subjective self-assessment of 
physical activity with the objective monitoring by the ViFit 
tracker. 43 patients in the intervention group accepted and 
used a tracker; their data are used in our study. Of these, 22 
filled out the demographic questionnaires at the beginning 
of the study. The patients were invited but not obligated to 
use the tracker. Moreover the tracker was not the focus but 

                                                           
1 Registered at ClinicalTrials.gov; study id NCT01896765 

2 A German company manufacturing consumer health 
devices and operating the “Vitadock” connected health 
service. see www.medisana.com and  
https://cloud.vitadock.com/?lang=en 

merely a side-measure of the intervention, so we assume 
that the study’s influence on tracker usage is low to 
medium. 

12WeekIntervention  - PROMOTE Intervention Study: 
The PROMOTE study3 investigates the effects of tailored 
physical activity interventions for elderly persons aged 65-
75 [25]. The study is conducted successively in multiple 
local communities. Within two intervention groups and one 
control group, the participants’ fitness is assessed pre- and 
post-study. The intervention groups conduct a 12-week 
training program tailored to their needs and abilities 
according to the initial assessment. Both intervention 
groups have access to a web portal for an online diary of 
their activities and as an exchange and information 
platform. One intervention group self-assesses their 
physical activity using the diary; the other intervention 
group additionally uses a Fitbit Zip for objective monitoring 
of physical activity. This group’s data from two local 
communities are used in our study. For this group the use of 
the tracker was mandatory; we therefore assume that the 
study’s influence on tracker usage is high. 

9MonthObservation  - Lotus Observation Study : The 
aim of the Lotus study is to observe the long-term use of 

                                                           
3 Registered at German Clinical Trials Register. 
https://drks-neu.uniklinik-freiburg.de/drks_web/; study id 
DRKS00010052. 

IPP 
1YearRehab 

PROMOTE 
12WeekIntervention 

Lotus 
9MonthObservation 

VitaDock 
LongTermInTheWild 

Study overview 

setting 
Longitudinal 

intervention study 
Short-term 

intervention study 
Longitudinal 

observation study 
Longitunal in-the-field 

use 

duration of study >= 1 year 12 weeks >=9 months arbitrary 

influence of study on 
tracker use 

low to medium high medium low; opt-in  

# users w/ activity data 43 17 5 39 

Tools used 

tracker Medisana ViFit Fitbit Zip Fitbit Ultra, One, Flex Medisana ViFit 

affinity to technology  
range 

TA-EG  
0-76 (highest)  

n/a  
BMTC  

0-48 (highest)  
self-assessed  
1-5 (highest) 

fitness, health, phys. 
activity; range 

n/a 
self-assessed health 

status; 1-5 (best) 
IPAQ  

lo - med -  hi 
self-assessed fitness 

1-5 (best) 

Demographics 

# users with demogr. 22 6 5 38 

age  34-74 ( 55.3, 11.3) 67-70 ( 68.0, 1.1) 33-56 ( 47.5, 9.0) 17-80 ( 53.4, 13.9)

sex 22 m 3m, 3f 2m, 3f 26m, 10f, 2 n/a 

affinity to technology 5-68 ( 45.0, 15.7) n/a 30-40 ( 36.0, 4.2) 3-5 ( 4.4, 0.7) 

fitness, phys. activity n/a 1-3 ( 2.3, 0.8) 2 hi, 2 med, 1 low 1-5 ( 3.1, 1.0) 

Table  1. Overview of studies and characteristics. 
Measures used: IPAQ [7], TA-EG [19]. BMTC - Brief Measure for Technology Commitment [26] 
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networked health devices by average users under real-life 
circumstances. Seven persons are equipped with a 
comprehensive set of consumer devices for tracking 
physical activity, sleep, and weight for at least 9 months. 
The participants are requested to use the devices according 
to their own discretion and only as they see fit. Nevertheless 
we found that participants felt some urge to use the tracker 
“to deliver proper data”. We therefore assume that the 
study’s influence on tracker usage is medium. Due to 
technical access problems, two persons’ data had to be 
excluded from analysis. 

LongTermInTheWild  - VitaDock Data Analysis Study: 
In a fourth study we acquired data from activity tracker 
users in the wild. In a newsletter sent to the customers of 
Medisana’s connected health service “VitaDock” and in the 
VitaDock Facebook page we invited the recipients to 
provide us with their activity data and pointed them to an 
online system that we built for this purpose. After they 
granted our system access to their VitaDock account, their 
activity data were downloaded to our database. We then 
presented a short questionnaire with some demographic 
questions and self assessments which the users could, but 
were not required to, fill in. As this data is collected in the 
wild and ex-post there is no maximum duration in this 
setting, and there is no influence of the study on tracker use. 
However the opt-in procedure for providing the data may 
have induced a bias towards more engaged users. 

Compared to general tracker users our population is slightly 
older and more male: A random sample of 1,463 ViFit users 
(independent of our population) showed a median of 47.8 
years and 53.6% male; and US data from 2015 [27] showed 
36% in age group 35-54 and 25% in age group 55+, and 
46% male. 

DATA PROCESSING 
The activity data come as time series denoting for each user 
and each day the steps performed per minute (Fitbit) or per 
15 minutes (Medisana ViFit). In rare cases we found some 

obviously wrong entries: 29 days (0.5% of the data) dated 
to the year 2000. And on 50 days we found 15-min intervals 
with more than 3,700 steps (long distance runners make less 
than 3,000 steps per 15 minutes). We ignored the respective 
days.  

Measuring activity tracker usage is challenged by the fact 
that both non-use of the device and wearing the device 
while being inactive result in 0 steps for that time interval 
and cannot easily be distinguished. To the best of our 
knowledge this is true for all activity trackers today, and it 
is certainly true for the trackers used in the four studies. 
However, also in sufficiently long periods of inactivity 
some minimum number of steps is made, e.g. by moving 
around in the house or going to the bathroom. On the other 
hand we want to distinguish real use for monitoring 
physical activity (even if it relates only to short periods of a 
day) from unintended use where, e.g., the tracker is just 
taken from the bedside table and put into a drawer. After 
discussion with medical experts and after reviewing the 
data, we decided to use a simple threshold approach: Days 
with fewer than 500 steps are deemed non-use and are 
excluded from our analyses (8.3%, 1,320 of 15,812 days). 
An in-depth discussion of partial intra-day use of activity 
trackers with more insights is given below.  

DATA ANALYSES 
In the subsequent sections we first present general 
characteristics of activity tracker use such as duration and 
frequency of use, then describe longer-term characteristics 
such as weekly rhythms, and finally look in more detail into 
how users take breaks in the long term. We use a number of 
– mostly canonical – terms and measures shown in Table  2 
to characterize the data. Where we use thresholds to 
categorize the data we define them quantitatively based on 
the observed data; we had also experimented with other e.g. 
heuristically defined thresholds and found that they don’t 
considerably change the overall picture. 

We analyzed the data from 104 users. The users collected 
data on 14,413 use days in the time from January 16, 2014, 
to August 1, 2016, and recorded 113,449,034 steps.  

General Quantitative Observations 
The key figures of our findings are summarized in Table  3. 

Active users vs past users 
Users frequently pause using the tracker and restart later. 
Therefore we cannot know for sure whether users are still 
using the tracker but are in a break, or whether they 
ultimately abandoned use. From our analyses of streaks and 
breaks – see below – we assume that a person is likely to 
have abandoned tracker use if that person hasn’t used the 
tracker since 20% longer than their longest break so far, but 
at least for 50 days. We call these persons “past users”.  

With this, 66 of 104 users are active users, 38 are past 
users. Within the 1YearRehab study, abandonment is 
frequent. In contrast in the LongTermInTheWild study, 
most users are still active; this may be due to the opt-in 

Measure Description 
use day a day on which a user has recorded at least 

500 steps 

first / last day of use a user's temporal first/last use day 

duration of use total time from first to last use day 

density of period relation of number of use days in a period 
to length of period, range [0..1] 

total density density for duration of use 

use days per week Alternative measure for density per week  
with range [0..7] 

streak uninterrupted series of use days 

break uninterrupted series of non-use days 

phase a series of streaks interrupted by short 
breaks, ending with a long break 

Table  2. Terms and measures. 
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procedure for data acquisition that may primarily have 
attracted engaged users. With 12WeekIntervention being a 
short-term study with limited duration, past users are not 
relevant. Finally the 9MonthObservation study is still 
ongoing without dropouts.  

Use Duration by Active Users 
In the 1YearRehab study, active users are using the tracker 
for 3 to 10 months already, some up to 1½ years. In the 
LongTermInTheWild population, use durations are 
considerably longer up to 2.5 years. For 
12WeekIntervention and 9MonthObservation, the 
maximum use duration is determined by the study settings. 

Abandonment by Past Users 
Abandonment in 1YearRehab happens often in the first 6 
months. Of all 1YearRehab users, 11 (25.6%) definitely use 
or used the tracker for more than 6 months, 27 (62.8%) 
definitely abandoned within the first 6 months, and 5 
(11.6%) are active users with a use duration of so far less 
than 6 months. The rate of abandonment is thus lower than 
found in the aforementioned studies [20,31], but higher than 
in the market survey [8]. 

In LongTermInTheWild, abandonment happened after two 
weeks to 13 months; again this may be influenced by the 
opt-in procedure for data acquisition and cannot be 
considered representative for the general population. 

Density 
The density, i.e. the percentage of use days in a period of 
time, is very different in the four settings. In the 
12WeekIntervention study, it is up to 100%; this might be 
influenced by the high pressure induced by the study to use 
the tracker. In 9MonthObservation it is between 50% and 
close to 100%; due to the small population size this is 

strongly influenced by individual users’ behaviors. 
1YearRehab shows a fairly narrow density with typically 
4.1 use days per week. In LongTermInTheWild densities 
are in general higher than in 1YearRehab but they are much 
more spread out. Some users have extremely low densities 
of less than 20%. We provide an explanation for the latter 
below.  

Streaks and Breaks 
Streaks, i.e. uninterrupted use of the tracker over successive 
days, in general last a few days only, with some 
considerable differences in the different populations and 
with outliers up to one year. In 1YearRehab most streaks 
are very short, with no more than 2 days, whereas in the 
more controlled 12WeekIntervention and 
9MonthObservation settings streaks are much longer, often 
up to 3-4 weeks. The LongTermInTheWild setting is 
somewhere in between.  

In all populations, breaks are on average shorter than 
streaks, and 94.8% of all breaks are one week or shorter. 
Outliers are more extreme, with maximum almost 2 years 
of break before resuming use. These long breaks are one 
explanation for the very low densities we observed 
particularly in the LongTermInTheWild population.  

In each population a considerable number of users have a 
quite high maximum streak length. This is most visible in 
the LongTermInTheWild population, but can also be 
observed in other populations. In 1YearRehab this is least 
distinct, but there are outliers with longer streaks. Therefore 
many but not all users use the tracker at least once 
uninterruptedly for a longer period.  

The longest break before using the tracker again is 3.5 to 53 
days (median per study). With this we believe that the 

  
1YearRehab 

12Week 
Intervention 

9Month 
Observation 

LongTerm 
InTheWild 

Active and past users         
Still active users 10 17 5 34 
Past users  33 0 0 5 
Typical duration (in days) and density        
Duration of active users  102-311 (196) defined by study settings 270-566 (463) 
Duration of  past users  46-172 (125) n/a n/a 16-285 (163) 
Total density  48-68% (59%) 90-100% (100%) 55-96% (91%) 20-93% (67%) 
Typical streak and break lengths (in days)       
Streak length  1-2 (1) 3-17 (11) 3-28 (12) 2-13 (6) 
Avg streak length per user 1.5-4 (2.2) 11-42 (15) 11.3-26.4 (18.8) 4.6-35.2 (12) 
Max streak length  4-9 (7) 14-51 (15) 34-57 (38) 12-119 (36) 
Break length 1-1 (1) 1-3 (2) 1-2 (1) 1-4 (1) 
Average break length per user  1.2-3 (1.5) 1.3-3.9 (2.8) 1.4-9.3 (2) 3.4-35.4 (8.2) 
Maximum break length  3-14 (6) 2-5 (4) 3-51 (4) 13-157 (53) 
Use during day         
Average 3-a-day-ratio  73.6% 92.8% 88.2% 78.8% 

Table  3. Quantitative observations. Ranges indicate Inter-Quartile Range, i.e. quartiles 2 and 3, figures in brackets are median 
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minimum 50-day period of non-use that we apply to 
estimate past users is a fair choice.  

Usage During the Day 
Investigating tracker use throughout the day is challenging, 
as both non-use of the tracker and inactivity result in 0 steps 
for the given interval. We therefore examine on which days 
the tracker has been used at least once in the morning from 
3 a.m. to 11 a.m, once around noon from 11 a.m. to 3 p.m., 
and once in the afternoon after 3 p.m. This heuristics, 
subsequently called “3-a-day”, implies a continuity of use 
during the whole day. Applied to a long-term Fitbit user 
with known very high consistency, this measure shows 
97.6%, reinforcing that the measure is a fair indicator for 
whole-day use: the higher the ratio of days fulfilling the 3-
a-day measure in relation to all use days, the more likely it 
is that the user has used the tracker consistently the whole 
day.  

With this measure we see that in all populations the tracker 
has been used in the morning, noon, and afternoon between 
74% and 93% of all days. The 12WeekIntervention 
population, which in our previous measures, such as 
density, has already shown high engagement in wearing the 
tracker, scores best here, with 9MonthObservation 
performing only slightly worse. And the 1YearRehab 
population performs worst, with the LongTermInTheWild 
population being in between. 

Use Rhythms per Weekday, Month, Over Time 
Analyzing recurring use rhythms requires sufficiently long 
use durations that we only find in the 1YearRehab and the 
LongTermInTheWild populations (N=82). We therefore 
exclude 12WeekIntervention and 9MonthObservation from 
the subsequent analyses. For specific analyses we also need 
to further exclude participants; we mention this in the 
respective sections. 

Use per Weekday 
We observe how trackers are used on the days of the week. 
To mitigate the influence of the novelty effect we here take 
into account only users with at least 60 use days (N=62).  

The distribution gives an unclear picture. In 1YearRehab 
(N=26) we observe a below-average use on Tuesdays and 
Wednesdays, and an above-average use on Saturdays and 

Sundays (see Fig.  1). For LongTermInTheWild users 
(N=27) the deviations are smaller, but the effect is 
somewhat reverse – less use on Saturdays and Sundays, and 
more during the week. 

The relation between use of tracker and actual activity is 
subtle, as indicated by the average steps per weekday in 
Fig.  1. For LongTermInTheWild, use and average steps are 
about constant during the week, and lower on the weekend, 
confirmed by a strong positive correlation (Pearson’s r = 
0.803, p = 0.0297) between use and average steps per day. 
Somewhat counter-intuitive, for 1YearRehab tracker use is 
higher during the weekend, but again average steps are 
lower; indeed there is no significant correlation between use 
and average steps (Pearson’s r = -0.399, p = 0.376).  The 
users’ choice to wear the tracker is thus independent of the 
activity level.  

Use per Calendar Month  
To understand if there are periodical changes per year, we 
analyzed the density (measured in use days per week) per 
month of year, which only makes sense for users with at 
least one year of activity tracker use. And to avoid a bias by 
single users we only observe a time span with at least 10 
users. This leaves us with Jan’15 to Jun’16 of the 
LongTermInTheWild population (N=24).  

The analysis shows no obvious change of density 
throughout the year and no seasonal effects, e.g. during 
summer time or over Christmas. Wearing the tracker seems 
not to be influenced by, e.g., bad weather conditions or 
seasonally reduced activity. 

Use over Time 
To understand whether users change their use behavior over 
time, we analyze the density per week after first day of use. 
To avoid a bias by individual users, we only observe time 
spans with at least 10 users. We end up with 79 weeks with 
LongTermInTheWild data and 32 weeks with 1YearRehab 
data (N=81).  

We observe (see Fig.  2) that aside from some minor change 
in the first weeks and some fluctuation, the use over time is 
on average practically constant. Users use the tracker 
consistently until the end, and then they stop. This is in 
contrast to Karapanos et al. [18] who found that intensity of 
use decreases over time; we will discuss this finding in the 

Fig.  1: Use and average steps per week day for 1YearRehab 
and LongTermInTheWild. Dashed line indicates equal 

distribution of tracker use 

 

Fig.  2: Use after start of use 
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next section. The dip towards the end of 
LongTermInTheWild curve is an artifact caused by 5 long-
term low-density users; we will explain this in the next 
section.  

Taking Breaks from Use 

Definition of Use Phases  
To understand how users take breaks from using the 
tracker, we observe phases, i.e. series of streaks separated 
by short breaks and ending with a long break, as a more 
relaxed measure than the streak, allowing for a couple of 
days off. Our definition of a long break separating two 
phases is a break of more than one week: A week is a strong 
cultural rhythm that is perceived and lived as a basic time 
structure for differentiating “recent” from “past” also in the 
context of reflecting health behaviors [24]. Also we saw 
above that 94.8% of all breaks are one week and shorter, so 
anything longer is indeed an exception. Finally we also 
experimented with other durations up to 28 days and found 
that the overall picture drawn below remains consistent. 

Number of Phases per User 
Our data contain 218 phases in total, of which 177 (81.2%) 
are finalized, and 41 are still active. The number of phases 
per user is often low: 57 of the 104 users have exactly one 
finalized or active phase; and 94 users have finalized or are 
still active in four phases or less. Maximum number of 
phases is 9, achieved by two users. 41 users are currently 
active in a phase, 63 users have finalized their last phase, 
being either past users (N=38), or being in the break 
towards a possible next phase (N=25). Users in the 
LongTermInTheWild setting have more phases than users 
in the other three settings; this can partially be explained by 
the generally longer duration. 

Since the characteristics of active phases may still change, 
we restrict our further analyses on finalized phases. To 
avoid a bias by individual users, we further restrict our per-
study analyses to phases where at least 10 users finalized a 
phase. This again excludes 12WeekIntervention and 
9MonthObservation and leaves the first two phases of 
1YearRehab (N=41 / 12 in phase 1 / 2) and the first four 
phases of LongTermInTheWild (N=34 / 20 / 17 / 13).  

Temporal Distribution of Phases 
The length of the first phase varies widely from 1 to 529 

days. Median in 1YearRehab is quite high, with 125 days. 
For LongTermInTheWild the first phase is much shorter, 
with median 29.5 days (see Fig.  3). The subsequent phases 
decrease considerably in length. In 1YearRehab, median of 
phase 2 drops drastically to 23 days with outliers from 1 to 
156 days. For LongTermInTheWild, variations are smaller 
but still show a reduction to up to half the length of the first 
phase. Breaks between phases are usually shorter than the 
phase lengths. They have typical durations of 2-3 weeks up 
to 2-3 months, although they can also be longer than 1.5 
years.  

Characteristics of Phases 
We use four core measures to describe usage characteristics 
within the phases: density, average and maximum streak 
length, and ratio of 3-a-day use days to total use days (see 
Fig.  4). Median density in phase 1 is 65% to close to 100%. 
In 1YearRehab density is increasing from phase 1 to 2. In 
LongTermInTheWild we observe only a minor decrease in 
density from phase to phase; this is in line with our 
observations on use over time remaining mostly constant. 
We discussed above that in contrast to Karapanos et al. [18] 
we found on average no change of intensity over time; with 
this observation on use phases we now explain this contrast 
by the fact that per user in phases of use the density indeed 
stays mostly stable, but longer breaks and shorter use 
phases reduce the overall density. Average streak length is 
between 2 and 15 days in the first phase (with an impressive 
maximum of 179 days). In 1YearRehab there is an increase 
on a low level from phase 1 to 2, whereas in 
LongTermInTheWild there is a clear decrease from the first 
to the later phases. Maximum streak lengths per phase show 
little variation. 3-a-day ratio, i.e. intra-day use, decreases 
for 1YearRehab and fluctuates considerably for 
LongTermInTheWild. 

Changes in Use between Phases 
In general we see some tendency that the first phase has 
different characteristics from the subsequent ones. This 
might be explained in two ways: On the one hand, this 
might be inter-user effects caused by less than half the users 
entering into a second phase; this may result in a bias 

Fig.  4: Median of key characteristics of the first phases 
(horizontal) for 1YearRehab (left bar, blue) and 

LongTermInTheWild (right bar, purple).  
Fig.  3: Median length of phases (bars) and breaks after phases 

(marker, line) 
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towards more engaged users for later phases. On the other 
hand this may be intra-user changes, with the first phase 
possibly influenced by a novelty effect with more 
engagement and adherence, whereas a user’s later phases 
may be more routine use. We discuss reasons for this in the 
next section. 

PATTERNS OF USE 

Approach 
Based on the quantitative analysis of activity tracker use, 
we aim to identify patterns of use. We chose an expert 
driven, qualitative approach to explore our data and to 
identify potential patterns of use. Three HCI experts with 
experiences in activity tracker based health interventions, 
and one communication scientist with a focus on user 
experience and user analysis reviewed the data in a two-step 
process: In the first step they clustered phases based on 
common combinations of phases’ attributes such as length 
and density. In the second step they identified the actual 
usage patterns by finding frequently occurring 
combinations of types of phases and other general use 
characteristics such as total use duration. For thresholds 
used to define phases and patterns, the experts discussed 
both, heuristic reasoning based on expert knowledge, and 
quantitative definitions based on observed data, and finally 
decided to go for quantitative definition which seemed less 
arbitrary and was still close to the experts’ intuition. The 
experts individually reviewed the data and developed 
hypotheses for phases and patterns, taking into account their 
experiences from their previous work. The hypotheses were 
jointly discussed and the criteria applied to the data to 
check for occurrences of patterns, consistency with the 
quantitative observations such as the percentiles of the 
respective measures in the observed data, and ability to 
discriminate different usages. The process was repeated 
until a consensus was reached  

Types of Phases  
The experts identified the following, non-disjoint 
characteristic types of phases (in parentheses: the number of 
instances found):  

 minor use phase: a short phase (in 1st quartile of phase 
length, 10 days) with either at the most 3 use days, or 3-a-
day ratio below 50%. Here the user has tried but not 
really used the tracker. (N=45, 20.6%) 

 long streak phase: a phase that contains a long streak (in 
4th quartile maximum streak length per user, 41.25 days). 
Here the user has used the tracker at least once for a 
longer period of time without interruption. (N=45, 
20.6%) 

 low density phase: a phase of significant duration (>10 
days) with density below median density (64%). Here the 
tracker is used regularly but sparsely. (N=37, 17.0%)  

 high intensity phase: a phase of significant duration, 
density in 4th quartile (>92%), and 3-a-day ratio in 4th 

quartile (>89.6%). Here the tracker is used on most days 
and consistently. (N=24, 11.0%) 

 restarting phase: a phase starting after a break with 
length in 4th quartile of maximum break length per user 
(32 days). Here the user is resuming use after having 
taken a long break (N=41, 18.8%) 

 very long phase: a phase in 4th quartile of phase length 
(>103 days). Here the user has used the tracker over a 
very long time in a row (N=54, 24.8%) 

 76 phases (34.9%) have no specific characteristic.  

Other types of phases were hypothesized, such as a low 
density phase that also includes a long streak, indicating a 
change of behavior within a phase. However no significant 
number of occurrences could be found for such phases in 
the data, hence they were rejected. 

Use Patterns 
The experts identified 12 non-disjoint use patterns. The 
number of occurrences of patterns, as well as the co-
occurrences with other patterns, are reported in Table  4. 
Four of the patterns relate to the start of use (dotted frame 
top left in the table), five are relevant for longer-term use 
(dashed frame in the middle), two are additional attributes 
of other patterns, and one is without further specification.  

Patterns for Start of Use  
 beginner: active user with short use duration (in 1st 

quartile; ≤ 62 days). These users are still in their early 
days of use, so we cannot say much about them yet. 

 try-and-drop: past user with use duration ≤62 days and 
only minor use phases. These users took the initial barrier 
of installing the tracker, but stopped using very fast 
before being able to assess the value of tracker use.  

 short-term past user with use duration ≤62 days. These 
users tried the tracker for a short time. At some quite 
early point they must have made a – conscious or 
unconscious – evaluation of the benefits and found that 
they do not outweigh the perceived costs and 
disadvantages, in line with the reasons for abandonment 
already discussed [9,20,31]. 

 slow-starter: first phase minor use, all other phases of 
significant duration (>10 days). These users needed some 
time after setting up the tracker before going into actual 
use. This pattern is relatively rare; only 2 of the longer-
term users are slow-starters, and 3 of the slow-starters are 
try-and-drop users with just the one minor use phase. So 
most users go into regular use right from the beginning, 

Patterns for Long-Term Use 
 experimenter: ≥ 2 minor use phases, and <90% of use 

days in non-minor use phases. These users try out the 
tracker often for short periods of time. Experimenters can 
be found in both long-term settings, 1YearRehab and 
LongTermInTheWild. Some have very long use durations 
of over two years, and all have a low number of use days. 
These users seem to use the tracker more playfully, using 
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it from time to time for a few days, possibly answering 
some very concrete question, and then stopping again. 

 hop-on hop-off: more than 3 phases, at least half of 
phases (excluding phase 1) and at least 2 phases are 
restarting phases. These users often take long breaks 
from tracker use, but regularly resume use. We observe 
hop-on hop-off use in LongTermInTheWild only, but not 
in study and intervention-oriented settings. These users’ 
first phase in general has a normal length (average 32 
days), whereas in most cases (with two exceptions) the 
next phases are much shorter (average usually around 11 
days). Users with this pattern have some reason to restart 
tracker use after some time. We hypothesize that the 
earlier phases help build a basic understanding, whereas 
later phases have a more concrete use such as re-
evaluating a behavior.  

 intermittent user: >62 days of use and with only low 
density phases. These users use the tracker consistently 
but sparsely. This pattern is particularly interesting. All 
intermittent users are in the 1YearRehab population. 3-a-
day ratio is low with on average 74%, so intra-day use 
seems to be selective. On the other hand, use duration is 
relatively high; average of the intermittent users is 197 
days. All but one users have only one phase; this makes 
most of them long-phase users. The engagement of 
intermittent users with trackers is therefore, although low, 
very consistent over a long time. It seems that 
intermittent users are not primarily interested in a 
complete logging and understanding of their activity, but 
have other reasons for use. This pattern seems to be 
related to external motivation induced by a study setting. 

 power user: >62 days of use and only high intensity 
phases. These users use the tracker consistently and 
intensely. Power users appear in all but the 1YearRehab 
settings. All are still active; use duration is high in the 

open-ended LongTermInTheWild setting (average 370 
days). 2 have two phases; the others have one phase only. 
3 of those who are not long-phasers are in the 
12WeekIntervention population, where the study is 
shorter than our definition of a very long phase. All have 
very long maximum streaks between 57 and 277 days, 3-
a-day ratio is average 97%, so also intra-day use seems to 
be high. These users are compliant in using the tracker 
the whole day for a very long period of time, taking only 
exceptional breaks. They are found in study settings as 
well as in the wild, but their occurrence is relatively low. 

 generally consistent user: >62 days of use, has only 
phases of significant duration. This is a “Jane and John 
Doe” pattern, where the tracker is used for some time 
with moderate requirements to consistency of use. By 
definition all intermittent and all power users fall in this 
pattern. Leaving these out, 26 generally consistent users 
(25%) remain. This is the largest group that we observe. 
These users appear in all but the 12WeekIntervention 
settings; 15 are still active; average use duration is 11 
months, density 73%, 3-a-day ratio 80%. This pattern is 
pursued by many users and shows a moderate but quite 
long-term engagement. 

Attributive Patterns 
The subsequent two patterns usually co-occur with other 
patterns. We therefore consider these to be primarily 
attributes of existing patterns rather than independent 
patterns themselves. 

 long-phase user: at least 75% of all use days in very 
long phases. These users usually use the tracker without 
major interruptions for a longer period of time. This 
pattern overlaps particularly with generally consistent, 
intermittent and power users. The relatively low overlap 
with the latter is due to 12WeekIntervention users who 
cannot fulfill the long phases due to the study setting. 
There is no overlap with hop-on hop-off users or 
experimenters. Having a long phase thus seems to be a 
frequent behavior for users with a generally regular use. 

 health logger: at least one phase is a long-streak phase. 
These users log complete activity data for a longer period 
of time. Health logging can be observed for all power 
users, for many generally consistent users, but only for 
one intermittent user and occasionally in some other 
patterns. Logging complete activity seems therefore to be 
related to generally higher engagement. 

Miscellaneous 
 Other: a user fulfilling none of the patterns above. 8 

users fall into this pattern; 4 more fulfill only the long-
phase and health logging attributes. The users in this 
pattern are diverse. They appear in all but the 
12WeekIntervention settings. Some are long-term users 
with high consistency that just missed one of our strict 
criteria for another pattern, whereas others have unique 
combinations of phases such as mixtures of very long and 

 

Table  4. Occurrences and co-occurrences of patterns. Boxes mark 
patterns for start of use (left) and long-term use (right). 
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short phases, or phases without specific characteristics. 
With 11.6% of such non-classified users our patterns 
have a good coverage. 

DISCUSSION 
At first glance our results may not look particularly 
surprising and merely give evidence to the seemingly 
obvious. However, looking closer our findings reveal 
important insights: 

Most users fall in only one or two of the use patterns, and 
they don’t change this pattern over long periods of time. 
Although these patterns are likely influenced by the study 
settings as indicated e.g. by the high density in 
12WeekIntervention, they also appear across very different 
studies and thus also seem to be inherent to a user. We 
therefore conclude that a user has an individual and 
“natural” way of using an activity tracker.  

While forcing users into other patterns may be possible, 
long-term interventions and studies using activity trackers 
are probably well advised to respect the user’s natural 
patterns to increase adherence and reduce abandonment.  
Systems might even use these patterns to their advantage: If 
after a few weeks of use the user’s pattern can be identified, 
interventions may adapt accordingly to the user’s preferred 
way of tracker use. And deviations from a use pattern might 
indicate a change in use that makes changes in the 
intervention necessary. 

Furthermore for the majority of users their natural way of 
tracker use involves regularly taking breaks. Temporary 
non-use is therefore not the exception but the rule and must 
be considered appropriately in interventions and studies. 

Breaks can be as short as a couple of days or even just 
hours. Such breaks result in gaps in the data where the 
activity reported is less than the activity actually performed. 
This must be taken care of when analyzing the data. And in 
such short breaks users may be open to reminders and 
encouragement to use the tracker again soon. 

Breaks may also be longer, covering many weeks or even 
months. This may be considered temporary abandonment 
and users may or may not resume use. Long-term 
interventions therefore need a great staying power when 
such breaks occur. Strategies to persuade the user to resume 
are likely different from those for short breaks. Accepting 
the break and waiting for the user to return on their own or 
using small nudges at the most may be better suited than 
continuously sending obtrusive reminders. 

Nevertheless abandonment happens. While indeed many 
users stop after 3-6 months, there are individual differences 
ranging from a couple of days to more than a year. 
Reducing abandonment in early stages is particularly 
relevant for many interventions. Here two different 
challenges must be addressed: the one is the try-and-drop 
user; she or he must be convinced to give the tracker a fair 

chance. The other is the general short-term user who has 
tried the tracker but found no value in using it. 

LIMITATIONS AND NEXT STEPS 
Our work is to the best of our knowledge the first to use 
quantitative analyses of tracker use to understand user 
interaction. It is meant to provide initial reliable insights 
and open the door for follow-up activities which may 
confirm and broaden our results and can help to overcome 
the limitations of our work: 

The number of users per setting is small to moderate, with 5 
to 43 persons. The settings and the demographic data were 
heterogeneous, and the influence of the study settings on 
tracker use is not fully understood. Therefore some findings 
per setting and overall statistical relevance are limited. We 
based our identification of patterns on qualitative analyses. 
Future work could be based on quantitative analyses of 
larger populations, also including a greater number of 
different settings. We investigate observed use only. 
Follow-up work could also use a mixed-methods approach, 
identifying users’ motivations and relating these to 
observed use patterns. 

Our work is descriptive. Larger data might also allow 
identifying predictors for patterns, e.g. based on a user’s 
demographic data and the study setting. This would allow 
tailoring an intervention to the individual user’s needs from 
the very beginning, thus better matching the intervention to 
the user’s actual behavior, increasing compliance and 
hopefully intervention success.  

We discuss when users abandon use, but we don’t examine 
the non-starting users who had been invited to tracker use 
but chose not to do so. The try-and-drop users are one step 
further than the non-starters but may have similar reasons 
for abandonment. Understanding their reasons might also 
help in building interventions that are not abandoned after a 
few weeks.  

CONCLUSION 
Our analyses provide detailed insights into activity tracker 
use in long-term and short-term studies. They add a 
quantitative perspective to the qualitative analyses of 
reasons for use and abandonment. The insights facilitate the 
design of activity tracking–based health technologies, 
interventions, and long-term applications better matching 
the users’ preferences and needs. 
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