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The use of interactive mobile and wearable technologies for understanding and managing health conditions is a growing area
of interest for patients, health professionals and researchers. Self-tracking technologies such as smartphone apps and wearable
devices for measuring symptoms and behaviours generate a wealth of patient-centric data with the potential to support clinical
decision making. However, the utility of self-tracking technologies for providing insight into patients’ conditions is impacted
by poor adherence with data logging. This paper explores factors associated with adherence in smartphone-based tracking,
drawing on two studies of patients living with axial spondyloarthritis (axSpA), a chronic rheumatological condition. In Study
1, 184 axSpA patients used the uMotif health tracking smartphone app for a period of up to 593 days. In Study 2, 108 axSpA
patients completed a survey about their experience of using self-tracking technologies. We identify six significant correlates
of self-tracking adherence, providing insight into the determinants of tracking behaviour. Specifically, our data provides
evidence that adherence correlates with the age of the user, the types of tracking devices that are being used (smartphone
OS and physical activity tracker), preferences for types of data to record, the timing of interactions with a self-tracking app,
and the reported symptom severity of the user. We discuss how these factors may have implications for those designing,
deploying or using mobile and wearable tracking technologies to support monitoring and management of chronic diseases.

CCS Concepts: • Human-centered computing → Empirical studies in ubiquitous and mobile computing.
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1 INTRODUCTION
Self-tracking refers to the practice of systematically recording information about various aspects of one’s life.
Driven by technological advancements such as the miniaturization of sensors and the development of apps and
devices for recording data, the practice of self-tracking has grown from niche habit of data-enthusiasts [9] and
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‘quantified selfers’ [16] to a mainstream activity that is becoming increasingly pervasive in healthcare settings.
Self-tracking provides opportunities for easier, more frequent and more accurate collection of data that can
support clinical decision-making and self-management of health conditions. Recent studies have highlighted the
utility of self-tracking data in the management of chronic conditions such as Irritable Bowel Syndrome [17, 38],
Parkinson’s Disease [51], HIV [76], Migraine [66] and ME/CFS [22].

Many tracking technologies enable automation of data collection with minimal user input. Sensors are capable
of continuously monitoring factors such as physical activity and sedentary lifestyle [65], sleep quality [53],
respiration [60], blood pressure [85], and glucose levels [24], providing that users adhere to wearing devices as
required. While these forms of data can be collected automatically, patients must often manually self-report
on symptoms, behaviours and experiences relating to aspects of their well-being [80]. A broad range of factors
may impact patients’ inclination to manually enter data, but poor adherence to self-tracking can erode patients
and clinicians’ ability to make decisions based on the data [87] and hinder effective management of a disease.
Hence, understanding the factors that influence adherence is paramount for designing and deploying effective
self-tracking technologies.

In this paper we explore the determinants of self-tracking adherence (defined as the extent to which the user’s
action matches healthcare providers’ recommendation of recording data on a daily basis). We focus on adherence
in manually self-reporting data via a tracking app, rather than adherence to using automated tracking tools (such
as wearing physical activity trackers), which has received considerably more attention in prior literature (e.g.
[23, 78]). We do this in the context of axial spondyloarthritis (axSpA), a chronic rheumatic disease that affects the
spine, causing severe pain, stiffness and fatigue [71]. Like many other chronic illnesses, AxSpA requires ongoing
self-management of symptoms to ensure quality of life. The impact of some symptoms can be measured using
automated approaches such as physical activity monitoring, whereas others like pain and fatigue require manual
data entry. AxSpA is also associated with symptoms that are problematic and not well understood (e.g. disease
flares [71]), meaning that self-tracking can potentially help patients and clinicians to learn about these symptoms.
This paper reports two studies that provide insight into factors that determine adherence with manual self-

tracking of data. Study 1 comprises a large-scale (N = 184), longitudinal (up to 593 days) deployment of the uMotif
self-tracking app, which patients used to record symptoms and other data each day. From this study, we measured
and correlated axSpA patients’ adherence to daily tracking against features of the data that they provide (e.g. the
severity of their condition, time of data entry, data selection), as well as other available information about the
patient and the devices that they use. Study 2 comprises a separate online survey of 108 axSpA patients with
self-tracking experience, gathering data about the factors that subjectively influence their tracking adherence.
The results from both studies allow us to identify and explain correlates and predictors of tracking adherence in
axSpA, which can inform understanding of self-tracking behaviours more broadly.

We find that 27% of the variance in adherence between patients was explained by six factors: the age of the user;
the types of devices used for tracking (smartphone operating system and concurrent use of a physical activity
tracker); the severity of their condition (pain); the decision to track a problematic symptom (hot flushes); and the
time of day at which users submit their data. Our qualitative findings overlap with results from statistical analysis
of adherence factors, providing explanations for why adherence may be affected alongside additional reflections
on the user experience of tracking devices. These findings point to specific user groups that may benefit from
additional motivation and encouragement to engage in the continued use of self-tracking technologies. We
discuss possible design implications, such as approaches for making better inferences about gaps in tracking data.

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 1, Article 16. Publication date: March 2021.



Determinants of Longitudinal Adherence in Smartphone-Based Self-Tracking for Chronic Health Conditions • 16:3

2 RELATED WORK

2.1 Adherence in Self-Tracking
The growing popularity of tracking technologies and apps has made it increasingly common for patients with
different health conditions to engage in self-tracking. This involves the collection of personally relevant data that
can inform self-management of a disease and clinical decision-making involved in diagnosis, monitoring and
treatment [52].
Self-tracking offers the potential to address information gaps between infrequent clinical check-ups, where

data gathering traditionally takes place [35]. Frequent data collection can enable a more complete picture of
patients’ symptoms, behaviours and disease activity. However, prior work has shown that users do not always
adhere to consistent tracking [87]. Data generated by patients is often shown to be fragmentary, due to sporadic
tracking behaviours [78, 87]. Many self-tracking technology users lose interest in tracking over time; lapsing and
forgetting to track as frequently [28] and eventually abandoning or migrating between technologies [18, 20].

Previous work has discussed the importance of considering adherence for the accurate interpretation of long-
term tracking data [77, 78]. Adherence provides a measure of data completeness, reflecting how closely users
have followed a data collection protocol (e.g. recording data X times per day, or every X days) over a particular
period [78]. Thresholds for determining adherent behaviour in self-tracking have varied in previous studies [83],
often depending on the objectives of the analysis and types of insights that are sought from the data. Furthermore,
the application of different adherence thresholds often results in different rates of data retention [78].

Poor adherence impacts the validity of activity monitoring [82] and infrequent or irregular logging can result
in data that does not reflect participants’ actual behaviour [86], raising concerns for clinical decision-making [87].
Incomplete data can also prohibit meaningful comparisons of data between different patients or across different
time periods, hinder longitudinal insights relating to disease progression, and hamper conclusions of significance.
Unreliable data also reduces users’ trust in their self-tracking tools [6].
Although the literature has noted the potential to improve user adherence through design [55], few studies

have the explicit goal of identifying factors that affect adherence in self-tracking. Moreover, previous research has
typically focused on adherence regarding the use of devices that automatically log physical activity data, including
commercial Fitbits [59, 88] and other wrist-worn trackers [23, 47, 89]. Comparatively few studies have examined
adherence with manual self-reporting of data using smartphone apps, i.e. where users are required to self-report
data on a regular basis. Prior work has argued that wearable activity monitors foster greater tracking adherence
and are generally favoured by users when compared to manual tracking applications [81]. The additional effort
required during manual data entry, which is both frequent and necessary in the self-management of chronic
health conditions, makes it important to understand factors that may influence adherence.

2.2 Determinants of Adherence
A number of studies suggest that specific factors may play a role in determining adherence with self-tracking.
Doherty et al. [23] reported a large scale analysis of over 100,000 participants’ adherence to physical activity
monitoring, finding that factors including age, sex, time of day, and season predicted adherence. However, their
study focused on whether participants wore an assigned tracking device, rather than adherence with recording
data about subjective health status.
Other factors associated with tracking adherence have been reported as secondary findings from a range

of studies. For example, tendencies to lapse in self-tracking have been linked with differing motivations for
tracking [42]; the perceived benefits of tracking being outweighed by the effort required [28]; and significant
changes in health goals, physical abilities and personal circumstances [18]. Issues with poor design aesthetics,
comfort, usability and the effort of device maintenance are also thought to influence adherence [28, 29, 42]. Other
work suggests that mismatches between self-trackers’ expectations and the actual capabilities of the technology
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can affect adherence [18], alongside incompatibilities with user’s lifestyle or self-perceived image [42]. Issues
relating to device abandonment have been linked to age [43, 69], with rates of abandonment for physical activity
monitoring technologies significantly lower amongst older adults than in younger people [50].

Factors influencing adherence have also been discussed in the literature on ecological momentary assessment
(EMA), which is a research method that involves surveying people about their “activities, emotions, or other
elements of their daily life multiple times per day” [84, p. 3]. EMA is akin to manual self-tracking in that
participants are typically asked to enter data in response to a prompt that appears on their smartphone [84].
Failure to respond to the prompt leads to gaps in a person’s data record, hampering data analysis.
Like the literature on self-tracking, studies have shown that a range of factors influence adherence to EMA.

For example, demographic factors including gender [72] and age [63] influence adherence, and situational factors
including time of day [61] and the user’s location [10, 64] impact the frequency of responses. EMA has recently
been adopted to study the lived experience of chronic health conditions [e.g. 61, 72], and studies have shown
that people with health problems typically exhibit lower adherence with EMA than healthy controls [31, 63].
Condition severity can also influence EMA adherence. In a study of bipolar patients, Gershon et al. [31] found
that adherence was lowest among participants with higher degrees of symptom severity and a greater number of
lifetime suicide attempts. These studies collectively suggest that adherence is impacted by a range of factors, but
it is not clear whether these factors will similarly influence adherence to manual self-tracking. Our study builds
on and extends this literature by producing a better understanding of factors that predict adherence with manual
tracking of data for the self-management of axSpA, a chronic health condition.

2.3 Axial Spondyloarthritis: A Chronic Rheumatic Condition
Axial spondyloarthritis (axSpA) is a chronic, inflammatory arthritis primarily affecting the spine and sacroiliac
joints. AxSpA is thought to affect approximately 1 in 200 adults globally [70]. The initial symptoms of AxSpA are
chronic pain and stiffness in the lower back. As the disease progresses, spinal mobility often deteriorates and the
pain and stiffness worsen. Severe cases can result in fusion of the spine. These symptoms are accompanied by
fatigue, poor sleep quality, and changes in mood. AxSpA can result in peripheral manifestations including uveitis
(inflammation of the eye), dactylitis (inflammation of the fingers or toes) and enthesitis (inflammation of the sites
where tendons or ligaments insert into bone). These factors have a significant impact on patients’ quality of life,
affecting their ability to perform common housekeeping tasks and maintain social commitments. Staying in work
also becomes difficult, with the average retirement age of people with axSpA lying at 36 years [75].

The standard approach to managing axSpA consists of tailored exercise regimes and pharmacological therapy.
Both have been found to slow disease progression when used consistently, but there is currently no treatment
that can reverse the course of the disease. Continual monitoring of symptoms and ongoing self-management are
therefore key to ensuring quality of life. As with other chronic conditions, mobile and wearable technologies can
enable the self-management of axSpA by allowing patients to track information about their symptoms, reflect on
what they have recorded, and potentially discuss relevant information with their clinician [3]. Lapses in tracking
may present obstacles to these discussions, reiterating the importance of understanding factors that determine
adherence with long term self-care.
In the present work, we study patients’ adherence with self-tracking of axSpA to learn more about factors

that influence self-tracking of chronic health conditions. As noted above, axSpA is a lifelong condition that
requires consistent, long-term maintenance. This means that axSpA self-tracking has the potential to provide
a large volume of data about factors that influence behaviour over a long period of time. In addition, axSpA
has a broad array of symptoms and contributing factors which must be tracked. These factors encompass a
range of data types and require a variety of approaches to tracking. Forms of data that may be useful to track in
axSpA include daily subjective ratings of pain, fatigue, and stress; temporal data such as occurrences of short
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term flares; physical activity and sleep data from wearable devices; and factors such as whether a person has
taken medication or performed their recommended exercises. These elements are consistent with self-tracking of
other chronic conditions [3, 49, 54]. Our research investigates how these and other variegated data sources may
predict adherence with daily tracking, providing a better understanding of factors that result in improved rates
of self-tracking.

3 STUDY 1: METHOD
Our first study investigated the role of specific factors in predicting adherence with daily self-tracking of axSpA.
The study was conducted in collaboration with the Royal National Hospital for Rheumatic Diseases (RNHRD) in
Bath, United Kingdom, a large public hospital that specialises in the treatment of rheumatic diseases, including
axSpA. The study was part of a larger research project to gather data on axSpA patients’ symptoms, activities,
medications and self-management behaviours for the purpose of improving understanding of the condition and
its treatment.
Participants in the study were asked to manually track their symptoms using a smartphone-based tracking

application called uMotif and a variety of optional wearable devices for daily data collection. The uMotif platform
has previously been used in a number of studies that have investigated smartphone-based self-tracking and
self-management [5, 27, 40, 62].

3.1 Ethical Approval
All procedures received ethical approval from the lead University’s ethical review board and the Research Ethics
Committees (RECs) within the UK Health Departments’ Research Ethics Service (NHS)1 - Reference: 13/SW/0096

3.2 Recruitment and Participants
All participants in the study were registered patients at the hospital. They were recruited to take part during
face-to-face consultations with health professionals (for example at their regular clinical check-ups or treatment
sessions), and via flyers and notices distributed at the hospital site. Participants enrolled in the study through an
online registration process that directed them to download and install the uMotif app on their iPhone or Android
smartphone. Identical versions of the app were available for iOS and Android.
A total of 184 patients provided informed consent to be in the study and record data through the uMotif app.

All participants had received a clinical diagnosis of axSpA and were under the care of a specialist consultant at
the collaborating hospital. 126 patients identified as women and 58 identified as men. Participants’ ages ranged
from 22–85 years (Mean = 52.33 yrs; SD = 13.59 yrs). Figure 1 shows three histograms for the self-reported ages
of participants at a) the onset of axial spondyloarthtritis symptoms, b) clinical diagnosis of the condition, and c)
consent and commencement of participation in the present study. Participants had diverse axSpA disease severity,
as measured using the BASMI scale [1]. The BASMI is a standardised measure that ranges from 0–10, where 10
represents higher limitation of movement due to axSpA. Patients in our sample had an average BASMI score of
3.00 (SD = 1.85, Range = 0.16–8.00).

3.3 uMotif Smartphone Application
The uMotif smartphone app (Figure 2) allows users to self-report data for a total of 10 data facets. In our study,
eight of these facets were pre-determined, having been selected by the lead axSpA clinician for the project on
the basis of their relevance for understanding and treating axSpA. The eight predetermined data facets were
daily measures of: pain, fatigue, flare status, anti-inflammatory drug use, recommended exercise adherence,
mood, stress and sleep quality. The remaining two data facets were chosen at each patient’s discretion. Each
1https://www.hra.nhs.uk
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Fig. 1. Histograms for participant age at: a) symptom onset, b) clinical diagnosis, c) consent and participation in the study.

Fig. 2. uMotif app interface. a) Users select two data facets that they would like to track, from a list of 13 options, in addition
to 8 data facets predetermined by AS clinicians. b) Data is recorded using the petal interface by dragging each segment
to the desired value (e.g. rating fatigue from ‘No Fatigue’ to ‘Very Fatigued’). c) A completed data entry for all data facets.
Users can provide data as frequently as they wish, but are prompted to enter values at least once daily.

participant was able to select these from a list 13 options during app registration (see Figure 2a). Options for the
two discretionary data facets were daily measures of: caffeine intake, hydration, drug adherence, confidence in
self-management, chest pain, eyesight, screen time, hot flushes/sweats, menstrual cycle, painful eyes, smoking,
flare of psoriasis, and blood in the stool.
The interface for recording data in the uMotif app appears as a flower-shaped visualisation (see Figure 2b)

consisting of 10 ‘petals’. Each petal corresponds to a single data facet. Data values for each facet are recorded
using either a 5-point scale (e.g. rating fatigue on a scale from ‘1. No Fatigue’ to ‘5. Very Fatigued’) or a binary
Yes/No choice (e.g. indicating whether anti-inflammatory drugs have been taken). Users enter data by placing
their finger at the centre of the flower and dragging outwards along each petal. The design utilises a visual
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metaphor similar to that of previous self-tracking systems [19] where a full flower represents more healthy or
optimum values (e.g. lack of symptoms and positive outcomes or behaviour) and a smaller flower conveys a less
healthy or desirable status (i.e. worse symptoms). Users can only save data if all petals have a valid input, hence
users were required to fill in data for all symptoms.

During the study, reminder notifications to complete the petal inputs were pushed to the user’s smartphone at
8pm every day by default, if data had not already been entered. Users could opt out of reminders or alter the time
and frequency settings of the reminders.

In addition, the uMotif app allows users to import data from wearable devices (e.g. Fitbit, AppleWatch, Garmin)
as well as fitness applications and health data aggregators like MyFitnessPal, HealthKit and HumanAPI. These
tools provide objective measures of exercise, sleep and diet, based on automatically collected data. Participants
were invited to connect these services with the uMotif app at their own discretion. Amongst the 184 participants
in our study, 82 participants connected physical activity tracking devices with the uMotif app. The remaining 102
participants did not connect any additional services to the uMotif app. All provided data was available to the
researchers for analysis, in addition to the data from the petal interface.

3.4 Procedure
Each participant was asked to download and use the uMotif application as part of a rolling recruitment process
that ran from the 5th April 2018 to the 21st November 2019.
Participants were told that although daily data entry was encouraged (i.e. entering self-report data once per

day), any amount of information they could provide may be useful, including restarting data entry after inactive
periods. The clinician managing the study initially asked patients to keep entering data for as long as possible.

Participants were informed that in addition to being able to view and reflect on their own data, their data may
be reviewed by their clinician and used to support recommendations about management and treatment of the
condition. They were also informed that aggregated data, from all of the participants in the study, may be used
for research to understand the condition more broadly, for example by studying patterns and trends in symptom
data.
Data entered into the app was stored in a secure database that was accessible to the clinician and members

of the research team. The data analysed in this paper was downloaded on 21st November 2019 (593 days after
the first participant downloaded and began using the app). All participants were able to continue using the
application beyond the study end date.

3.5 Analysis
In addition to data entered by patients when using the uMotif app, our analysis included information about
the types of device used by each patient (smartphone operating system and accompanying activity tracking
devices), as well as demographic information that had been collected by the hospital at the point of enrolment.
This included age at enrolment, age at disease onset, age at diagnosis, sex at birth, and the patient’s BASMI score,
indicating condition severity [1].

Our analysis includes data from all 184 patient participants. In our analysis, adherent tracking behaviour was
defined as completing the uMotif petal data input at least once per day. This is in line with the instructions that
participants received – to provide data using the uMotif app on a daily basis. Adherence is therefore calculated as
a percentage, representing the number of days with logged data during the period from the participants’ first
data entry, up until the date at which the study was closed and data was downloaded for analysis. Hence, a
participant with high adherence has tracked data on a frequent basis and sustained this tracking for a long period.
Conversely, a participant with low adherence may have tracked minimally over the study duration, or only for a
short period before abandoning the app.
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We applied linear regression analysis in order to identify significant predictors of the adherence measure for
each participant.

4 STUDY 1: RESULTS
On average, participants were enrolled in the study with the opportunity to self-track for 521.3 days, spanning
the period from their first engagement with the app through to the time at which the data was downloaded and
analysed by the research team (SD = 119.1 days, Range = 106–593 days). The mean duration (in days) between
participants’ first and last data entry (i.e. duration of active involvement in the study, per participant) was 240.9
days (SD = 207.6, Range = 1–578). The mean number of adherent days (days with logged tracking data) per
participant was 135.0 (SD = 163.4, Range = 1–563). The mean adherence rate for tracking uMotif petal data was
26.4% (SD=29.9%). The distribution for each of these measures is shown in Figure 3.

Fig. 3. Histograms for participants’ duration of involvement in the study (from first data entry until the study closed), total
number of days with logged data, and calculated adherence.

4.1 Linear Regression Models of Adherence
We applied multiple linear regression analysis to examine the relationships between self-tracking adherence and
additional data variables outlined above. Table 1 illustrates variables in the regression models of adherence.

For our ‘complete’ model (see left side of Table 1), we used the ‘enter’ selection method, whereby all independent
variables are entered into the linear regression equation at the same time. We present the results of this model
for completeness and to allow for comparisons with a more parsimonious model, which explains the data with
an optimal number of predictor variables.
We constructed an optimal regression equation (see right side of Table 1) using ‘forward’ variable selection,

reducing the set of predictor variables to those that account for nearly as much of the variance as the complete set
of all variables. Forward selection adds particular variables that give the single best improvement to the model one
at a time, until no further predictors can significantly improve the model. Predictors were added in the following
order: Evening (ΔR2 = 0.115; ΔF=22.112, p<.001); Age (ΔR2 = 0.072; ΔF=14.946, p<.001); Hot flushes/sweats (ΔR2 =
0.034; ΔF=7.312, p=0.008); Operating system (ΔR2 = 0.026; ΔF=5.769, p=0.017); Uses physical activity tracker (ΔR2

= 0.03; ΔF=6.879, p=0.01); Average pain (ΔR2 = 0.018; ΔF=4.147, p=0.043).
The optimal model shows that 27% (R2 = 0.295, Adjusted R2 = 0.269) of the variance in adherence can be

explained by a set of six statistically significant predictors: age at enrolment (𝛽=0.256; P=<.001); operating system
(𝛽=0.195; P=.006); use of a physical activity tracker (𝛽=0.197; P=.005); frequency of evening entries (𝛽=0.307;
P=<.001); average pain level (𝛽=0.138; P=.002); and selection of ‘hot flushes/sweats’ as a discretionary data facet
(𝛽=0.158; P=.025). Hence, uMotif app users were more likely to adhere to tracking when they were older, using an
Android device, wearing a physical activity tracker to accompany the uMotif app, entering data in the evening,
and choosing to track hot flushes. We discuss these findings in more detail in sections 6 and 7.
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Complete 95% CI Optimal 95% CI
Covariate 𝛽 (SE) t p Lower Upper 𝛽 (SE) t p Lower Upper
Intercept -0.354 -1.671 0.097 -0.773 0.065 -0.507 -4.348 <.001 -0.738 -0.277

Demographics
Age at enrolment 0.289 3.362 <.001*** 0.003 0.01 0.256 3.797 <.001*** 0.003 0.009
Age at disease onset -0.131 -1.361 0.176 -0.01 0.002 — — — — —
Age at diagnosis 0.098 0.974 0.332 -0.003 0.008 — — — — —
Sex at birth - Male 0.057 0.712 0.477 -0.065 0.138 — — — — —

Devices Used
Operating System - Android 0.193 2.582 0.011* 0.028 0.212 0.195 2.813 0.006** 0.036 0.204
Uses physical activity tracker 0.137 1.412 0.16 -0.033 0.197 0.197 2.876 0.005** 0.037 0.198
Uses Fitbit 0.052 0.591 0.555 -0.086 0.16 — — — — —

Time of Data Entry
Morning -0.148 -1.13 0.261 -0.594 0.162 — — — — —
Afternoon -0.148 -1.173 0.243 -0.632 0.161 — — — — —
Evening 0.082 0.486 0.628 -0.254 0.42 0.307 4.641 <.001*** 0.179 0.444

Condition Severity
Average pain 0.148 1.568 0.119 -0.016 0.136 0.138 2.036 0.043* 0.002 0.11
Average fatigue 0.062 0.568 0.571 -0.05 0.091 — — — — —
Average sleep quality 0.063 0.748 0.456 -0.043 0.096 — — — — —
Average mood score -0.031 -0.282 0.778 -0.086 0.065 — — — — —
Average stress -0.059 -0.605 0.546 -0.1 0.053 — — — — —
BASMI -0.077 -0.88 0.38 -0.041 0.016 — — — — —

Variable Selection
Caffeine intake 0.063 0.686 0.494 -0.072 0.149 — — — — —
Hot flushes 0.162 1.987 0.049* 7.834e-4 0.299 0.158 2.38 0.018* 0.025 0.268
Exercise Adherence -0.06 -0.715 0.476 -0.163 0.077 — — — — —
Screen time 0.028 0.356 0.722 -0.107 0.154 — — — — —
Confidence in self management 0.08 0.916 0.361 -0.065 0.177 — — — — —
Hydration 0.056 0.643 0.521 -0.074 0.146 — — — — —
Chest pain -0.126 -1.583 0.116 -0.227 0.025 — — — — —
Flare of psoriasis -0.076 -1.035 0.302 -0.357 0.112 — — — — —
Smoking today -0.116 -1.559 0.121 -0.425 0.05 — — — — —
Blood in stool 0.028 0.388 0.699 -0.259 0.385 — — — — —
Table 1. Linear regression model for predicting daily self-tracking adherence with the uMotif smartphone app. Left side =
Complete model, Right side = Optimal model.

5 STUDY 2: METHOD
Our second study used an online survey to acquire a qualitative understanding of existing usage of self-tracking
tools among the wider axSpA patient community. We used the survey to provide further context and explanation
for the correlates of self-tracking adherence that were revealed in our analysis of Study 1. Furthermore, we use
the patients’ accounts of their lived self-tracking experiences from the survey to unveil additional determinants
of adherence that were not uncovered by the uMotif study.
Our survey collected information across four topics. First, patient demographics (e.g. age, gender, occupation,

disease status and history). Second, attitudes towards self-tracking (e.g. views on tracking technology, tracking
motivation and goals - including questions such as: “What is your general attitude towards self-tracking and
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self-tracking technologies?” and “What motivated you to start self-tracking?” ). Third, tracking behaviours (e.g. types
of tracking technologies used, data collected, tracking frequency, tracking facilitators and hindrances - including
questions such as: “What makes you more/less likely to keep tracking?”, “When are you most likely to use tracking
tools to self-report data?”, “Why did you stop tracking with this tool?” ). Finally, data usage (e.g. “How useful/valuable
is self-tracking of the following data types?” ). We collected this information using a combination of multiple choice
questions, likert ratings and open-ended questions.

5.1 Ethical Approval
The study received ethical approval by the lead University’s Research Ethics Approval Committee for Health
- Reference: REACH EP 1819/078. NHS ethical approval was not required, since survey participants were not
recruited through the National Health Service.

5.2 Participants and Recruitment
We recruited participants from online patient communities. The survey was hosted at onlinesurveys.ac.uk for a
period of 6 months and was open to all patients who have been diagnosed with axSpA and have had some prior
experience of using a self-tracking technology.

We received responses from 108 participants (43 men, 65 women). Participants’ ages range from 22 to 77 (Mean
= 49.38, SD = 13.38). 54 reported having no other chronic conditions besides axSpA and 54 reported having one or
more additional chronic conditions. 49 participants reported using tracking tools that required regularly entering
some self-reported data into a smartphone app (e.g. manually logging symptoms in apps such as MySpA, Chronic
Pain Tracker, My Pain Diary and uMotif), with the remaining participants having used automated tracking (e.g.
through wearing physical activity monitoring devices such as Fitbit, Garmin, Apple Watch and Samsung Galaxy
Watch).

5.3 Data Analysis
We analysed the survey data via thematic analysis [11], using a combination of deductive and inductive coding.
The first three authors of this paper began by reading the data to acquire familiarity. The second author then
deductively coded the survey responses to label data that aligned with significant predictors identified in Study
1, allowing us to acquire a deeper understanding of why these factors impact adherence. The coder identified
relevant data around three initial themes: condition severity, variable selection, and timing / routines. There was
no data relevant to age or device type. In the next stage, the same author inductively coded to search for additional
factors. This led to a further five initial themes: usability, effort, maintenance, battery life, and emotional impact.
The first and third authors then refined the eight themes, consolidating emotional impacts with condition severity
and classifying the other inductively-derived themes as user experience issues. This process ended with a final set
of four high-level themes. The first and third authors rated their agreement with the assignment of each coded
data point to the final four themes, resulting in an inter-rater reliability of Kappa= 0.934 (95% confidence interval:
from 0.861 to 1.00). This is considered as almost perfect agreement [41].

6 STUDY 2: RESULTS
Our thematic analysis identified factors that participants subjectively described as affecting their adherence and
engagement in self-tracking. These were condition severity and emotional impacts, tracking individually relevant
data, establishing routines and being reminded, and user experience issues. The first three themes overlapped with
factors exposed by Study 1, and the fourth was an additional factor that participants mentioned as important but
which was not reflected in our model.
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We did not encounter any responses to support or explain our quantitative findings relating to relationships
between age and adherence, or operating system and adherence. This is somewhat expected, since respondents
had seldom engaged in self-tracking for such a duration that they might reflect on how their adherence changed
with age. Similarly, most respondents were unlikely to have engaged in self-tracking with multiple devices (e.g.
smartphones with different operating systems) beyond their primary device.

6.1 Theme 1: Condition Severity and Emotional Impacts
Study 1 suggested that when people feel worse—specifically when they are experiencing more severe pain—they
are more likely to adhere to daily self-tracking. Our qualitative analysis provides further insight into this trend.
We found evidence that people become more inclined to track when their condition deteriorates: “I tend to use it
when I’m struggling” (P58), ‘‘[I track] when I am feeling overwhelmed by this disease” (P64). Likewise, we found
examples of respondents reporting that their motivation to track decreases when they are feeling healthy: “I have
not really used [the MySpA tracking app] consistently because I have so many other things to do and my AS is under
control...” (P2).

In some cases, the unexpected nature of changes in their condition was a more important factor than whether
the condition was improving or deteriorating. For example: “If symptoms or changes are regular or expected, [there
is] no need to keep tracking with the app” (P12). This points toward the occasional use of self-tracking tools as
mechanisms for recording and monitoring disease fluctuations that are especially problematic, or which cannot
be easily understood or explained. Hence, for these people self-tracking involves episodes of engagement and
disengagement, and their condition status was a causal factor of adherence.

Fig. 4. “When are you most likely to use tracking tools to self-report data?” (respondents were able to select multiple answers)

To provide further insight into the subjective effect of condition severity on adherence, Figure 4 shows responses
to the survey question “When are you most likely to use tracking tools to self-report data?”. This question was only
asked of respondents with existing experience of tracking self-reported data (49/108). Respondents were able to
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select multiple answers. While the majority of respondents (53%) reported using tracking tools consistently as
part of their daily routine, 45% stated that they were more inclined to engage with self-tracking in response to
unusual disease activity, and 42% reported that they had engaged in tracking when their condition was getting
worse. Figure 4 also illustrates a general trend that positive experiences of a condition (shown in green) are
less likely to drive self-reporting of data, as compared to negative experiences (red), fluctuations or changes in
condition (orange), or factors unrelated to the condition (grey) such as tracking as part of a routine, or in response
to prompts/reminders.
Although worsening disease symptoms were reported to drive adherence, 10% of respondents claimed that

they were more likely to track when their condition was improving. P72, for example, preferred to record data
when they were feeling well, as a way of “continuing the belief my condition is under control”, but was demotivated
to track by “apathy, anxiety and the feeling my condition is deteriorating”. Mirroring these comments, other
responses suggest that the relationship between condition severity and tracking adherence is not monotonic, i.e.
it is not always true that as severity increases, so too does adherence (as suggested by our linear model). Some
respondents reported that they stopped engaging with self-tracking when their symptoms had deteriorated to an
unmanageable level, because it physically impacted on their ability to engage with the tool: “[I’m less likely to
track] when I have a flare up” (P62); “[I track] when I’m feeling well enough to use tools. If I’m feeling too unwell I
will not have the energy to use [them].” (P65); “Sometimes I forget to log in my symptoms, especially if I’m fatigued”
(P106). These claims are similar to the findings of Matthews et al. [48], who suggested that patients with bipolar
disorder were less likely to continue tracking at times when symptoms were most extreme.

We also found that emotional impacts of tracking, linked to condition severity, appeared to affect respondents’
adherence. Participants reported that they were worried about the negative feelings caused or amplified by the
practice of self-tracking, and reflection over the self-tracking data itself. While reflection is often touted as a
useful outcome of self-tracking [15, 21, 45], it risks provoking negative outcomes from focusing on the problems
associated with one’s condition. P8, for example, said that they “stopped tracking as it was all very negative. I filled
it out when I got up in the morning and it constantly made me focus on pain so I stopped it. It made me focus on
the negative aspects of my condition on a daily basis which was soul destroying”. Another respondent said that
“it becomes depressing to analyse how I’m feeling every day—prefer to just cope as best I can and log when I think
to” (P58). P41 felt that looking back at data could have a negative impact “I believe strongly that to cope with the
demands of a chronic painful condition one needs to operate in their here and now, rather than carrying a sense of the
ongoing pattern of limitations pain and tiredness.” For P62, prompts to increase physical activity were incorporated
into their self-tracking tool (Fitbit). This had a negative impact on their adherence when their condition affected
their ability to be active: “[I’m less likely to track] when I have a flare up. I feel guilty when I get reminders to try get
my steps goal, and I can’t because I’m in too much pain” (P62). These findings overlap with previously reported
adverse effects of goal-driven self-tracking for certain chronic health conditions [22].

Developing positivity around the condition and supporting feelings of being pro-active were further reasons to
keep tracking: “It helps me feel that I am doing the right thing” (P26). One participant said that it gave them “Hope
and encouragement” (P31) and another gained “Satisfaction at completing my daily targets and psychologically
it feels like I am achieving something positive for my mental and physical health.” (P49). However, others said
that feeling despondent about the purpose and outcomes of self-tracking would affect their adherence: “When
you have done everything you need to do and AS still flares, it makes you think, what’s the point?” (P78). Some
participants discussed experiencing emotions if they did not reach certain activity thresholds: “I feel guilty now if
I don’t reach my daily step target.” (P38).

Proc. ACM Interact. Mob. Wearable Ubiquitous Technol., Vol. 5, No. 1, Article 16. Publication date: March 2021.



Determinants of Longitudinal Adherence in Smartphone-Based Self-Tracking for Chronic Health Conditions • 16:13

6.2 Theme 2: Tracking Individually Relevant Data
The second factor in participants’ responses describes how the type(s) of data being tracked impact adherence.
Respondents described tracking more frequently when collecting types of data that they considered to be “relevant”
(P14), “useful” (P50, P65, P86, P94) or having “value” (P76). Being asked to record data that did not have clear
relevance to their condition was a barrier to adhering to regular tracking: “The [self-report] questions don’t always
seem relevant so it’s difficult to stay motivated. I’m putting in a lot of information that does not appear relevant, but
[there’s] no tracking of painkillers in my app” (P45). P14 wanted to: “modify it [the tracking application] so I only
have to answer questions that are relevant to me”, suggesting that having individual control over the data types to
be tracked may improve adherence.

Fig. 5. “How useful/valuable is self-tracking of the following data types? (from 1 - Not at all useful to 5 - Extremely useful)”
’+’ indicates Mean. Boxes indicate Median and the Interquartile Range (IQR). Whiskers show lower and upper 1.5*IQR.

Our survey asked participants to reflect on the most useful or valuable data type that their devices allowed
them to track (see Figure 5). The most common response was pain, followed closely by fatigue, flare status and
sleep. For many, managing pain is their primary objective for tracking: “It has pushed me to ask questions about
the variation in pain level in one of the joints affected” (P1), “I was not understanding my constant fatigue and pain
and not knowing what helped or made it worse” (P99), “[I started tracking] to understand my pain and fatigue, was
there a correlation?” (P85). These responses link with our statistical finding that higher adherence is associated
with increased pain. Pain is the hallmark feature of axSpA and, as such, when it is problematic patients may feel
inclined to track this symptom as a way of understanding it more deeply.

Our statistical model also revealed that the decision to track ‘hot flushes/sweats’ within uMotif was a significant
correlate of higher adherence. Responses relating to this symptom’s impact on adherence were not prominent in
the survey data. However, one participant reported that for them this symptom provided some predictive power,
alerting them to a potential oncoming flare in their condition: “Night sweats rather than hot flushes seem to signal
a flare is coming” (P21). Hence, they viewed this as a particularly important data facet to track.

Responses also suggest that rather than all data types having uniform value to patients, particular data types
may provide greater utility to a small proportion of patients. This may be when the symptom is particularly
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problematic, or offers some prognostic capability. Our results suggest that increased adherence depends on data
having relevance and value for the specific individual user, not just the condition in general. Respondents valued
having a tool that was “tailored to my need” (P1), “customisable” (P14), and allowed “multiple tracking options”
(P59), to “track everything I need it to” (P105).

6.3 Theme 3: Establishing a Routine and Being Reminded
Respondents suggested that establishing a regular tracking routine was an important component of adherence:
“You do need to discipline yourself to try to enter the data on a daily basis” (P43), “It is a conscious effort and needs to
be incorporated into daily routines before it will become natural” (P79). However, concerns were expressed about
difficulties with remembering to track. Nine participants noted that their own forgetfulness influenced adherence,
with P55 noting that they “sometimes forget” and P14 saying “it’s very easy to do, just sometimes forget to do it”.
Similarly, P56 and 58 noted: “Providing the data is relatively effortless but remembering to do it is more of an effort”
(P56), “I don’t remember to log every day... I log when I think to” (P58).

Our earlier statistical analysis revealed that participants who were entering data into the uMotif app during the
evening hours were more likely to be adherent. This time coincided with the app’s default reminder notification
and aligns with the survey responses, which suggest that reminders and notifications can drive adherence. Many
participants reported that alerts, alarms and reminders help them to remain adherent: “Diaries require routine
and habit. Apps however have reminders... that is helpful” (P64), “Alarm beeps on phone, I fill in the questionnaire”
(P104).

One respondent reported that the presence of their wrist-worn tracking device helped them to remember: “The
watch itself is a reminder” (P40). Our statistical analysis revealed that those who used physical activity tracking
devices alongside the uMotif app for manually reporting data were more adherent, suggesting that attending to
devices that enable automated tracking (e.g. capturing physical activity) may also stimulate engagement with
manual forms of tracking.

6.4 Theme 4: User Experience Issues
Participants described four user experience issues that affected their tendency to self track. These issues were
related to the design of devices and how these placed demands on the user when entering data.
The first was related to app / device usability. Nineteen participants explicitly mentioned that “ease of use’’

and “simplicity” were qualities that made them more likely to keep tracking. Likewise, poor user interfaces,
complicated functionality and tools that were “difficult to use” were reasons to give up tracking. Some participants
also mentioned device comfort as something that could affect their adherence.
A second issue concerned the amount of effort required for logging data. Activities that involved protracted

data entry were generally regarded as costly, compared to automatic tracking and passive data collection: “I only
collect data from my watch. I wear the watch daily, no real effort on my part” (P40). Manual data input was noted as
“time consuming” (P91) and could affect adherence in combination with a poorly designed user interface: “Some
apps require a lot of self-entry which takes a lot of effort. Fitbit app is easy because it tracks it for you via the watch”
(P86). Users may also become bored or fatigued by the repetitive nature of data entry, suggesting a need for more
engaging techniques for keeping users interested [55]. P86, for example, expressed frustration with “having to
enter in results all the time in order to see any useful data”. Setup costs were also off-putting. P36 claimed that they
were less likely to keep tracking “if a lot of effort is required to set it up each day”.

In addition to the effort of data-entry, the maintenance of devices may influence adherence. Five participants
mentioned that “poor battery life” was a source of frustration and reason for device abandonment. Previous work
has highlighted that users often forget to take devices with them or forget to charge batteries and that this can
impact engagement [8].
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Finally, the motivational features of tracking technologies may affect adherence by altering users’ incentives
to track. For example, some apps employ social comparison to benchmark users’ performance and encourage
competition. Our survey showed this was a double-edged sword. Patients who commented on their use of social
features sometimes viewed these as positive: “I’m in competition with my 2 daughters so that encourages me to use
it” (P81). Others noted that social comparison could lead to “Feeling like I’ve achieved less than other people” (P31)
or “feeling guilty if I don’t reach my daily step target.” (P38), which demotivated them from tracking.

7 DISCUSSION AND IMPLICATIONS
The aim of this paper was to explore factors that predict adherence with manual self-tracking by patients with
axSpA. In Study 1, we analysed 184 patients’ use of the uMotif app for up to 593 days. We found that six factors
were significant predictors of adherence, namely: entering data in the evening; the age of the user; selecting to
track ‘hot flushes/sweats’; smartphone operating system; use of a physical activity tracker; and mean average pain
rating. These factors account for 27% of the variance in measures of adherence. The findings of Study 2 overlap
with the results of our statistical analysis, providing further insight into the reasons why these factors may be
influential and also noting that user experience issues with tracking devices may further impact adherence.

Overall, these findings provide a deeper understanding of the factors that impact manual self-tracking adherence
for patients with a chronic health condition. Prior work has investigated factors associated with the use of physical
activity tracking devices, (e.g. [23]), yet few studies have reported on adherence to manually providing self-
reported data within a smartphone app. Our work develops further understanding of tracking adherence, which
may support health professionals in identifying factors that can help or hinder the collection of useful data. Our
analysis also enables assessment of the relative impact of different adherence determinants. Future work may
wish to account for these factors, for example by developing additional interventions and guidance to maximise
adherence and target those who are less likely to adhere. In the following sections we discuss each of the factors
in turn, suggesting possible implications for those who wish to design, deploy or use self-tracking applications in
similar contexts.

7.1 Age and Adherence
Our Study 1 analysis revealed that participants’ age was a significant predictor of their adherence, accounting for
7.2% of the variance. Specifically, older users were more likely to adhere to manual self-tracking using the uMotif
app. This result is in line with age-related differences in behaviours, attitudes and intentions associated with
self-tracking, which have been reported in prior work. For example, older adults are more likely to judge activity
tracking devices to have greater long-term utility [37, 50]. McMahon et al. [50] found that older users are less
likely to abandon tracking technologies, such as physical activity monitors, compared to younger people. [63]
reported that higher age was related to better compliance to EMA prompts. For example, people aged 30 years
had a compliance of 76% compared with compliance of 86% for those aged 60.

Jaana and Pare [37] reported that the majority of apps used by older adults in Canada are health-related, and
that older adults are more likely to sustain long-term use of these apps. These results are despite a broad emphasis
on tracking technologies catering to the needs, interests, goals, and practices of younger users [13].
Health issues and disease management typically become more salient and important for individuals as they

get older [25], which may lead to an increase in health-consciousness and decrease in reticence to undertake
health actions. For instance, when symptoms are perceived as more serious, the response to seek treatment is
quicker in older adults than in young adults [44]. The results of our Study 1 suggest that age-related shifts in
health attitudes and behaviours may also lead to an increase in adherence to self-tracking.
Prior work has also demonstrated that patient-clinician relationships are subject to age-related differences.

Peck [56] found that clinicians were more likely to facilitate “patient-centered encounters” – where “patients’
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desires and expectations are incorporated into the medical decision-making process” [57] – with older adults over
the age of 65. Age has also been shown to influence the style of interaction between patient and clinician, as well
as overall satisfaction with the interaction. We hypothesise that this relationship could be an underlying factor in
the increased self-tracking adherence observed in the present study. Patients were encouraged to self-track by
their clinician, therefore those with greater “trust, knowledge, regard, and loyalty” [14] in this relationship may
have been more receptive to this advice and adherent to instructions. Similar effects of trust in one’s clinician
have been shown to be associated with better adherence to therapy using pharmaceutical drugs [79].

Finally, we posit that age-related differences in lifestyle may contribute to the observed variations in adherence.
Older people spend their time differently than their younger counterparts, with notable reductions in leisure and
social time [46]. Since tracking was often reported as a burden and time commitment in our survey responses,
available ‘free’ time may have an impact on users’ engagement with a tracking app.

An implication of this finding is that younger users may need additional motivation and prompting to engage
with self-tracking tools in order to foster adherence, despite evidence that they have higher levels of smartphone
usage and are often perceived as being more experienced users of technology [33].

7.2 Data Selection and Adherence
Our results reveal that users who selected to track ‘hot flushes’ exhibited higher adherence than those who
did not. Hot flushes, i.e. feelings of intense heat, feverishness and experiencing sweats, in axSpA are not well
understood, but have been described by patients as highly unpleasant and amongst the worst symptoms2.
While there is no clear explanation for the observed association between selecting to track hot flushes and

adhering to self-tracking more generally, it is possible that the presence of this symptom corresponds with a
worse experience of the disease (in line with our earlier findings relating to condition severity). Those who
suffer hot flushes/sweats (and therefore choose to track them) may be more inclined to track because of their
negative disease experience. Moreover, it is also possible that for some patients, this symptom offers prognostic
capabilities, providing them advance warning of an oncoming flare in their condition. However, given that this is
not a widespread trait, our results point chiefly to the importance of designing future tracking apps such that
they enable users to customise which data types to track. While there is general consensus that tracking of the
most predominant symptoms (e.g. pain, fatigue) is valuable, our findings suggest that users may also find unique
value in additional data that speaks to their individual condition and experiences of a disease, which in turn
elicits adherence.

7.3 Condition Severity and Adherence
In line with the previous indication that a worse disease experience leads to higher adherence, our model reveals
that 4.3% of the variance in adherence scores can be explained by differences in the severity of participants’ pain.
Users with higher mean average pain levels (based on daily likert scale ratings) were more likely to adhere to
self-tracking. However, results from Study 2 also suggest that it is not consistently true that the worse a condition
gets, the more likely a patient is to track. Some patients reported passing a threshold, beyond which they felt so
debilitated by their disease that adherent tracking became more difficult to achieve.
These results are interesting when compared with prior findings regarding the impact of severity and lived

experience of a condition on engagement with tracking. In Seppen et al. [67], rheumatoid arthritis patients
reported that pain positively mediated their usage of self-monitoring app. That is, more pain promoted app usage
and less pain discouraged app usage. A lack of symptoms on which to report was identified as a barrier for usage.
In contrast, Ancker et al. [2] explored patients’ perceptions of self-tracking and discovered that tracking is

sometimes viewed as a form of ‘illness work’ which carries a significant burden. They found that self-tracking

2https://forums.spondylitis.org/ubbthreads.php?ubb=showflat&Number=275597
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has potential to provoke strong emotional responses and that some patients experience negative feelings when
seeing data values that remind them that they are unwell, or which undermine confidence in an ability to manage
their disease effectively. Furthermore, some patients feel “anger” and “injustice” [2] when a technology serves
as a reminder that health must be a significant focus of their attention on a regular basis. Our work uncovered
similar emotional responses.
Overall, these findings suggest that people sometimes stop tracking because they are in good health, then

begin tracking again when they were ill and have symptoms they want to record. They may later stop tracking
again, either because their condition returned to normal or because it became so bad as to be unmanageable.
Chiefly, these lapses create gaps in the tracking record, but it may be unclear as to why. It may be possible to
develop intelligent predictions that ‘fill in’ gaps in the data on the basis of other available inferences, such as step
count. For axSpA, reductions in physical activity recorded automatically by a wearable tracker may be a sign
of immobility caused by a flare. The accuracy of filling in these gaps can be improved the more we understand
about why people track, and how they feel when they are most likely to engage in tracking.

7.4 Smartphone Type and Adherence
Our model revealed that using the Android OS to log data with uMotif was associated with higher adherence,
despite no discernible differences in the functionality of the app between Android and iOS. Previous studies have
revealed differences in tracking behaviours between users of different smartphone platforms. Harari et al. [34]
reported that Android users collected more sensor data and EMA responses per day than iOS users, but primarily
attributed this to technical constraints on background processes running with iOS impacting the frequency of
data collection. We note that such constraints did not apply within the present study. Pryss et al. [58] reported
significant demographic differences between Android and iOS users of the ‘Track your tinnitus’ mhealth platform,
with Android users being significantly older and having a significantly longer self-reported symptom duration
than iOS users. We observed similar age differences in our study, with Android users (Mean age = 55.86, SD =
12.8) being 5yrs older, on average, than iOS users (Mean age = 50.65, SD = 13.7) (t = -2.471, p=0.014).

Shaw et al. [68] explored differences in the characteristics of Android and iOS users more broadly, noting
similar demographic differences. They found that iOS users were more likely to be female and younger. Götz et al.
[32] found significant differences in the wealth of users, with iOS users tending to have more financial resources,
and in measures of the openness personality trait, with Android users tending to be slightly more open. These
findings suggest that different groups of users may be attracted to particular types of devices. Further work may
wish to explore the impacts of latent factors such as personality and attitudes towards technology on adherence
in self-tracking, since these have rarely been accounted for in prior studies.

7.5 Physical Activity Device and Adherence
Our model from Study 1 also reveals that higher manual tracking adherence was associated the use of physical
activity tracking devices, i.e. users who possessed a physical activity tracker (e.g. Fibit, Apple Watch, Garmin)
were more likely to complete the daily petal entries within the smartphone app.

There are several possible explanations for this correlation. First, those who are enthusiastic and engaged in
tracking may be more likely to buy such a device, given their positive attitude and the value that they associate
with it. Second, the practice of physical activity tracking (for which data collection is typically automated) may
serve as a catalyst for engagement with the manual self-tracking. For example, users may have already established
habits and routines with regards to wearing, charging and maintaining a device, around which self-reporting of
data can be more easily integrated. Prior work has highlighted the importance of habit formation for long-term
engagement [73]. Finally, as we discovered in Study 2, using a physical device can also serve as reminder to
engage in the manual aspects of tracking. Users observe a salient reminder to record data each time they attend
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to the physical device. While we cannot determine whether use of an accompanying tracking device, alongside a
smartphone app for self-reporting health data, causes or correlates with greater adherence, our study suggests
that clear reminders play an important role in adherent tracking.

7.6 Tracking Routine / Timing and Adherence
Tracking during the evening hours was the final significant predictor of participants’ overall adherence, accounting
for 11.5% of the variance. It is logical that participants tasked with reporting on a daily basis will be more inclined
to enter values once they are able to recall and reflect on their health towards the end of the day. 74.3% of all
entries took place during the evening hours (18:00 - 00:00).
However, 3.2% of all data entries occurred during the night (00:00 - 06:00), 11.0% occurred in the morning

(06:00-12:00) and 11.5% in afternoon (12:00 - 18:00) on the day to which the data corresponded. Participants
tracking at these times were less adherent. These data entries may account for participants pre-empting their
symptoms for the rest of the day, for example if they are feeling confident that their symptoms are unlikely to
change. This corresponds to our earlier finding that patients were less likely to track when their condition was
stable or improving. Alternatively, earlier data entries may reflect patients who are responding to changes in
their condition (e.g. sudden onset of pain) and recording data about these changes ‘in the moment’. A reactive
approach to tracking may lead to lower adherence when a condition is stable, compared with those who establish
a tracking habit, such as recording data every evening, regardless of their health.

It appears that the time-based reminders within uMotif supported engagement with the app towards the end
of the day. Similar findings have been reported in prior work on the effects of situational factors, including time
of day [61], for gathering self-reported data. Prior work has also highlighted the need for contextual cues that
are associated with locations [10, 64] and tasks (e.g. getting ready for bed) in order to better support habitual
behaviours and the formation of new routines [74].

8 GENERALISABILITY OF FINDINGS
In this paper, we have focused on axSpA as an example of a chronic condition and attempted to uncover factors
that influence adherence to daily self-reporting via a smartphone app. We anticipate that some of the predictors
of adherence that we have identified are likely to generalise to other conditions. For example, many chronic
musculoskeletal conditions are characterised by a similar group of symptoms, such as pain, fatigue, disturbed
sleep and reduced mood, and affect a similarly broad age range. There are also common approaches to treatment
and long-term management across such conditions. Furthermore, the fluctuating nature of axSpA, with cycles of
flare versus remission, is also common in other chronic inflammatory conditions, such as rheumatoid arthritis,
Crohn’s disease, ulcerative colitis, and inflammatory bowel disease. Disease flares have been reported as a reason
for increased app engagement both in the present study and prior studies of other conditions, e.g. [67].

However, generalising specific predictors of adherence to dissimilar conditions has clear limitations (e.g. where
pain is not a common symptom). We posit that the general notion of condition severity is likely to remain an
important factor that affects adherence, however the specific indicators of severity may change across conditions.
For example, fatigue may be a more important determinant of tracking adherence in conditions such as ME/CFS.
Certain factors which we have discussed as being related to adherence (e.g. tracking hot flushes) may be

relatively unique to axSpA. Equally, other conditions may have unique and useful prognostic data, which may
increase adherence if they are able to be tracked.
The uMotif app studied in this paper has previously been used for the self-management of other diseases

such as Parkinson’s [40], and for research into symptoms in other rheumatic and musculoskeletal diseases [26].
It exhibits features common to many self-tracking apps beyond the rheumatic and musculoskeletal diseases
self-management sphere – e.g. MONARCA [4, 30]. Hence we expect our findings to be relevant to many apps
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that enable manual tracking of multiple symptoms and behaviours, however we note that issues of usability
emerged as a clear determinant of adherence.
Beyond physical health conditions, self-tracking for mental wellness is becoming increasingly common [39].

The results of our work are less likely to generalise to acute mental health conditions. Prior work has shown that
the precariousness and severity of such conditions can compromise adherence to self-tracking. For example, poor
mental health can often be associated with experiences of “confusion ... and self-doubt” [36], leading users’ to
distrust their own self-reported data and undermining their desire to track [48].
Prior work examining tracking in specific mental health conditions, such as Bipolar Disorder, indicates that

there are important condition-specific and idiosyncratic factors that may impact adherence. For example, increased
engagement in avoidance behaviours as a result of the condition can impact technology usage.

9 LIMITATIONS AND FUTURE WORK
We do not attempt to provide a comprehensive account of all determinants of adherence in this paper. Moreover,
we contend that it is impossible to account for all possible variations in human behaviour and motivation relating
to adherence. There are likely other factors (e.g. personality traits), which are not captured within our analyses.
Our quantitative investigation was limited to exploration of data that was available through the app, and which
had been collected for research purposes by the hospital.

Participants in Study 1 were initially encouraged by their clinician to enter data on a daily basis and to continue
this for as long as possible. They were also told that their data may be used to inform management of their
condition, as well as research about the condition more broadly. Anticipating that their data may be used in
this way may have increased their adherence, but we are unable to determine the impact of these factors on
overall adherence. Guidance from a clinician may have been a strong determinant of adherence for some and
less important for others. Similarly, participants motivated by altruism may have stayed engaged even if they
have little interest in self-tracking [7]. These factors should be explored further in future work, for example
quantifying differences in adherence when data is not shared with clinicians.
Our analysis approach used a linear regression model to identify significant determinants of adherence. As

highlighted by the qualitative finding relating to the non-monotonic relationship between pain and adherence,
linear models may not accurately characterise all such relationships. Future work may explore the use of more
complex models in order to understand adherence.
Finally, our longitudinal study focused on the use of one specific tracking app, uMotif. Although this app is

generally well-designed and was reported as being easy to use by many participants, our survey results (which
relate to a broader range of apps and technologies) indicate that user experience issues impact on adherence.
Hence, different apps may be subject to varying rates of adherence on the basis of user experience factors. Future
work could attempt to explore these factors further, for instance by measuring perceived ease of use (e.g. with
SUS [12]) and investigating the extent to which this impacts daily self-tracking.

10 CONCLUSION
Digital technologies hold significant potential for improving the wellbeing of people living with chronic health
conditions. The need for remote tracking of patients’ symptoms and behaviours is exacerbated by increased
pressure on ’in-person’ healthcare systems, for example during the COVID-19 pandemic. However, the ability of
users to manage their condition through self-tracking relies on adherence with regular data collection. In this
paper, we investigated factors that influence longitudinal adherence with smartphone-based self-tracking in a
sample of axSpA patients. Our data suggests that adherence is impacted by entering data in the evening; the age
of the user; selecting to track problematic symptoms; smartphone operating system; use of a physical activity
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tracker; and mean average pain rating. User experience issues with devices may also affect adherence by making
data entry difficult or affecting users’ motivations to track.

Although the present study focused on a single chronic condition, axSpA, our findings have, to an extent, been
echoed in the literature on other chronic, fluctuating conditions such as rheumatoid arthritis and chronic pain.
We predict that similar patterns of adherence and engagement may be present in other chronic, inflammatory,
fluctuating conditions of a similar nature. Furthermore, certain factors such as age, time/routine of tracking,
and use of a physical activity tracker may be more widely applicable to app engagement within the general
population. Future work on tracking app engagement should consider these factors.
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