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1. Introduction/Background 
Longitudinal panel or cohort studies in which the same individual or household are surveyed more than 
once, have intrinsic appeal for studying behaviour over an extended period and/or following an 
intervention or policy change (Stopher and Greaves, 2010; Greaves et al. 2015). They provide rich insights 
into the dynamics of changes in travel, health and other outcomes at the individual level, accounting for 
changes in both personal circumstances and the broader environment. However, the challenges of 
participant recruitment, retention, compliance and ultimately data quality are magnified the longer the 
data collection period. Study results may be compromised or misleading if participants completing the 
survey exhibit different characteristics from those dropping out, resulting in attrition bias. Equally 
problematic is variation in individual-level data quality over the study duration, compromising conclusions 
around intra-personal change. 

Personal technologies have become increasingly integral to tackling some of these challenges, particularly 
through developments in smartphones and associated apps. The locational and interactive potential of 
smartphones combined with their ubiquity and pragmatism as something people are more likely to keep 
charged and with them, is particularly appealing for travel behaviour research. However, in addition to a 
lack of concordance on how travel survey apps should be designed, challenges remain related to the 
smartphone technology itself (battery life, dealing with the myriad of makes, models and operating 
systems, quality of Global Positioning System [GPS] receiver), tightening restrictions around default 
background tracking and personal privacy1, and user willingness to ‘play ball’ in terms of downloading and 
engaging with an app designed to track personal mobility with greater precision. 

While attrition in panel surveys (e.g., Greaves et al., 2015) and factors impacting the use of apps in surveys 
(e.g., Assemi et al., 2018) are reasonably understood, attrition and the level of app engagement when 
participants are asked to use an app repeatedly in a longitudinal study remains unclear. The current paper 
investigates the primary factors related to participant retention and engagement with a customised 
smartphone app designed to collect travel information (trips, mode and purpose) at four timepoints of a 
longitudinal evaluation of travel and physical activity in Tasmania, Australia (Sharman et al., 2020). User 
experience surveys provide additional information around participation, with specific questions designed 
to capture perceptions of general usability, usefulness, and concerns about the app.  

2. Literature Review 
2.1: Attrition in longitudinal panel studies 
Attrition in longitudinal panel studies occurs when participants become ineligible for subsequent waves 
of data collection either by choice or circumstance, such as moving away. Attrition results in two potential 
problems: a loss of sample and subsequent lack of statistical power to detect change, and an increasingly 
biased sample as attrition tends to be greater for some segments of the sample than others (Ellison et al., 
2017). In terms of sample loss, evidence from the transport literature suggests attrition rates between 
waves are generally around 25-30%, but this varies substantially dependent on the complexity of the 
survey (Ortúzar et al., 2011). Similar levels of attrition (32% per annum) are reported by Stopher et al. 
(2013) from a five-year annual GPS-based panel study of travel behaviour change initiatives in Australia. 

 
1 https://www.theage.com.au/technology/new-apple-software-brings-slight-solid-improvements-across-devices-
20190607-p51veo.html. Accessed June 12th, 2019. 

https://protect-au.mimecast.com/s/Pc5XCP7yOZtX0GNwhzbTYU?domain=theage.com.au
https://protect-au.mimecast.com/s/Pc5XCP7yOZtX0GNwhzbTYU?domain=theage.com.au
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In a multi-year survey more closely aligned with that under investigation here in terms of use of 
GPS/smartphone technology, (Ellison et al., 2017) report that 43% of the original sample completed all 
three waves. That study also found the sample to become increasingly unrepresentative, with younger 
participants and males dropping out at greater rates. Similar issues around the loss of young and male 
participants are reported in longitudinal health intervention investigations (Van der Mispel et al., 2017) 
with lower education and lower socio-economic status also factors impacting drop-out (Otahal et al., 
2021, Nguyen et al., 2023). In addition to socio-demographics, travel behaviour itself may impact attrition 
rates. Those making more trips might be expected to be less likely to return and indeed less likely to 
complete all the survey tasks given the additional burden (Ellison et al., 2017). However, the reverse has 
also been reported with the highest attrition rates reported for those with the lowest trip rates (La Paix 
Puello et al., 2017). The study purpose also has an impact on attrition. In their study of social networks 
during the COVID-19 pandemic, Nguyen et al. (2023) reported a relatively low attrition rate of 15% over a 
12-month period, which may in part have been due to a surge in community interest in social cohesion 
during the COVID-19 lockdowns. 

Various strategies have been used to retain participants in longitudinal studies including incentives, 
reminders, and re-sending surveys (Booker et al., 2011). While incentives (e.g., cash or gifts) are thought 
to be effective, there are questions about the optimal types, timing, and amount (Scheepers and 
Hoogendoorn-Lanser, 2018). Further, while incentives may increase retention rates, they may do so 
unevenly across demographic characteristics, increasing the potential for attrition bias (Singer and Ye, 
2013). Other methods of participant retention (reminders and re-sending surveys) may be less effective 
when dealing with more contemporary methods of data collection in longitudinal studies, such as web 
surveys, smartphone apps, and wearable technologies. Instead, it is suggested that reducing participant 
burden through flexible data collection methods (i.e., barrier-reduction) is the most effective strategy of 
participant retention in longitudinal studies (Teague et al., 2018). However, there has been some success 
with offering alternative incentives, such as rideshare tokens (Leavens et al., 2019). It is likely the most 
successful retention strategies are those that employ several methods together. 

2.2 Smartphones and longitudinal panel studies 
Since the turn of the millennium, technology has become integral to longitudinal studies of travel and 
health. Advancements in GPS and smartphone technology have facilitated the automated 
tracking/recording of people’s movements, which can be used to infer travel and prompt users for 
additional information about their travel and/or health (Shen and Stopher, 2014, Prelipcean et al., 2018). 
As of the early 2020s, applications generally remain in trial phase or niche applications developed for 
specific projects (Gadziński, 2018), with some notable large-scale applications (Zhao et al., 2015, Thomas 
et al., 2018, Hong et al., 2021, Faghih Imani et al., 2020). Delving into the reasons for this, on the one 
hand, there is inertia in changing conventional data collection methods, while on the other, there is 
resistance from potential participants to using their own smartphones for non-personal use. For instance, 
evidence suggests only half of people are willing to download a travel survey app, citing reasons such as 
a privacy and battery drain (Verzosa et al., 2018). Compounding this are continuing technical challenges, 
particularly over the reliable identification of stops (Zhao et al., 2015), mode and trip purpose and the 
extent to which participant interaction is required to confirm or provide trip information. Advances in 
data processing functions may be able to alleviate some of this burden using machine learning or other 
inference algorithms. However, as smartphone apps have been rolled out to reduce the burden on 
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participants of recording travel diaries by traditional methods, this issue presents a continued barrier to 
their wider uptake (Harding et al., 2021). 

While the proliferation of smartphones and associated apps for all manner of purposes has uncovered 
much about what engages users to download and use them, there is a relative paucity of knowledge in 
the travel/health survey context. Evidently, app-based surveys tend to appeal, initially at least, to users 
who are younger and more tech-savvy with associated learnings (potentially) limited to those who already 
carry a more positive view (Assemi et al., 2018, Eisenmann et al., 2019). In terms of gender, the evidence 
is conflicting, suggesting this may be down to the specific instrument being tested (Verzosa et al., 2021). 
It has also been suggested that intrinsic motivations (interest, enjoyment, etc.) are more indicative than 
extrinsic motivations (incentives, obligations, etc.) of willingness to participate in smartphone travel 
surveys (Assemi et al., 2018, Verzosa et al., 2021, Bürbaumera et al., 2022). In their evaluation of the 
ATLAS II travel app in Australia, Assemi et al. (2018) revealed facets of a smartphone app’s design, namely 
‘ease of use’ and ‘usefulness’, that were associated with user satisfaction, which in turn had associations 
with participants’ intentions to continue with the survey. There are also suggestions that gamification of 
travel data collection may appeal to different users, with younger participants more likely to engage with 
gamified rewards over simple monetary incentives (Verzosa et al., 2018). This highlights the need to 
investigate how self-reported experiences with the app might impact acceptability and ultimately the 
quality of data collected. 

When it comes to longitudinal travel/health surveys, as with their GPS precursors, smartphone capabilites 
have the potential to collect more accurate data over multiple days and years. However, there is still a 
requirement for the participant to download and engage with the app and the survey itself, which may 
discourage ongoing participation if this is percieved as too onerous. To date, while we have a reasonable 
body of evidence around attrition in longitudinal surveys and the relative usefulness of strategies to try 
to addess this, we have little knowledge of attrition associated with re-use of smartphone apps in this 
context. 

3. Materials & Methods 
3.1 The trips4health study 
This analysis draws from a longitudinal cohort study of adult infrequent bus users (<=2 bus trips/week on 
average) in Greater Hobart, Tasmania, Australia, known as trips4health (Sharman et al., 2020, Jose et al., 
2022). The planned study comprised four distinct phases: a baseline assessment of travel and health 
information (T1), a 16-week randomised controlled trial (RCT) of financial interventions to increase bus 
use, a post-intervention assessment (T2) and a final assessment a further 3 months later (T3). Each 
assessment stage (T1, T2 and T3) involved several components including the completion of surveys, 
wearing of an accelerometer, and downloading and using a smartphone travel app for one week. To 
facilitate recruitment and retention, all participants were to receive compensation of $AU5 for completing 
the T1 assessment, $AU10 for the T2 assessment and $AU15 for the T3 assessment. The aim was to recruit 
350 participants, which (allowing for attrition) was anticipated to realise 300 completing all phases of the 
study allowing sufficient power for statistical analyses. 

3.2 The trips4health smartphone app 
The trips4health travel app was developed by a third-party vendor, Ionata Digital, based on their 
TourismTracer app (Hardy et al., 2019). Following download and registration, the app prompted users for 
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home, work and study (if relevant) address information. The app then operated passively in the 
background, tracking travel and inferring trip-ends, with trips available to classify 10 minutes after 
completion. This invoked the trip classification screen, which required users to provide three pieces of 
information; the reason/purpose of travel, the mode/method of travel and the destination (Figure 1). 
Participants were able to delete spurious trips, split trips and manually add missing trips. Users who had 
not classified all trips by 6.30pm in the evening received a push notification on their phone prompting 
them to classify the day’s trips. 

 

 

Figure 1: Trips4Health App Summary and Classification Screens  

3.3 App experience measures 
As part of the study process evaluation, participants completed an app experience survey at T2 (Appendix 
1). The experience survey was designed to capture dimensions of app acceptability informed by 
theoretical constructs for technology acceptance first proposed by (Davis, 1989) and later updated by 
Venkatesh et al. (2012) with their unified theory of acceptance and use technology (UTAUT2) framework. 
Further, acknowledging findings of more recent studies around smartphone acceptability, issues 
pertaining to privacy and risk were incorporated into the survey (Assemi et al., 2018). Participants were 
asked to report to what extent they agreed (from seven options: 1 strongly disagree, 2 disagree, 3 slightly 
disagree, 4 neutral, 5 sIightly agree, 6 agree, 7 strongly agree) with a series of statements related to the 
following dimensions of acceptability:  

Performance Expectancy – the extent to which participants perceive benefits from using the app, such as 
reminding them of trips, together with quicker and more accurate recording of travel. 

Perceived Ease of Use/Effort Expectancy – the effort required to use the app, encompassing the ease of 
installation, how easy it was to use and the extent to which it fitted with their lifestyle. 
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Hedonic Motivation - the fun/pleasure associated with using the app, which the digitisation of survey 
instruments has the potential to improve, particularly for surveys conducted over several days. 

Feasibility - the potential for the app to impact smartphone battery life and data usage. 

Perceived Risks - the perceived privacy risks associated with using smartphones to monitor travel and trust 
with how the data were to be used.  

Continuance Intention was designed to gauge whether people stated they would continue to use a similar 
app outside this study and recommend it to others. 

Moderators of Behavioural Intention: Self-reported age, gender, education, employment, student status. 

App Usage – open-ended questions around what they liked most/least about the app. 

 
3.4 Sampling and Recruitment 
Recruitment began in September 2019. Participants meeting the eligibility criteria were invited to a study 
clinic, where they were given face-to-face instructions by trained research assistants around the many 
components of the study, including the downloading and use of the app (Sharman et al., 2020). ‘Trips’ 
were defined as moving ‘from one place to another’ and it was noted that ‘Moving around your home or 
workplace is not a trip but traveling from home to the shops/your workplace/a friend’s house by any 
means would count as a trip’. Participants were encouraged to classify their trips in the app daily for seven 
days, after which the app would provide a ‘Finish Program’ icon for the participant to confirm that tracking 
was complete. Participants were encouraged to keep location/GPS and ‘mobile data’ settings on, take 
their phone with them on all trips, charge their phone regularly, and to ask for help if needed. Participants 
were also asked not to delete the app until the seven assessment days had passed, even if they missed 
days or were having trouble using the app. 

In March 2020, in response to COVID-19 restrictions, the study was paused before ultimately being 
abandoned in May 2020 (Stanesby et al., 2023). At the point of abandonment, 110 participants had 
completed the T1 assessment, 64 of whom had completed the T2 assessment, with none having 
completed the T3 assessment. While the intervention component of the study was discontinued, ongoing 
assessments of travel behaviour during the COVID-19 pandemic were opportunistically continued. 
Participants of the abandoned trial were invited back in July 2020 to complete two additional assessments 
(one at T3, then another three months later at T4). In total, 70 participants completed T3 and 67 
completed T4. The app experience survey was completed following the T2 assessment period by 56 
participants, with 41 participants completing this before the trial was paused, and 15 completing it after. 
Figure 2 provides a timeline of the assessment periods within the context of COVID-19 statistics and 
restrictions in Tasmania. 



6 
 

 

Figure 2: Trips4Health Study Timeline (adapted from Stanesby et al., (2023) 

3.5 Analytical approach 
Given the many potential confounders impacting the intervention period, the focus here is on establishing 
the characteristics, app usage and app engagement of those returning for the T4 assessment. Initially, we 
compare participant socio-demographics, group allocation (control or treatment), study motivations and 
whether they downloaded and used the app across the assessment periods using simple group 
percentages. App usage is assessed by comparing high level metrics of app-inferred trip information 
across the assessment periods using means and standard deviations. These metrics include days with 
recorded trip segments (indicating the app was used at all), days with moving trip segments (indicating 
the person made at least one trip), and segments by mode by day (indicating mode choice). Trip-level 
comparisons are not made as they are not relevant to the current investigation and the trip inference 
algorithm proved overly sensitive, resulting in many potential spurious trips, which had to be manually 
checked and either deleted or combined with other trips. App engagement/interaction is evaluated by 
capturing the percentage of trip segments checked/edited and then confirmed as correct by participants. 
This provides what we term an assessment rate for each participant, which ranged from 0 (no interaction 
with the app) to 100 (confirmed every trip segment). App user experiences are evaluated using 
Confirmatory Factor Analysis to examine the reliability of the app experience survey questions in loading 
onto the pre-defined dimensions of app acceptability detailed previously. We then explore the combined 
effects of these potential influences using multivariate binary logistic regression techniques. Two models 
are developed; Model (1) predicts the odds of returning for the T4 assessment for all study participants in 
T1, while Model (2) predicts the odds of using the app in the T4 assessment for all study participants in 
T1. App engagement is assessed using simple correlation analysis, given insufficient sample sizes for a 
multivariate analysis.  

4. Results 
4.1 Sample characteristics 
In total, 110 participants were recruited, completed the clinical assessment and were randomised for the 
study before it was paused in March, 2020. Characteristics of the T1 and T4 samples together with 
whether they downloaded and used the app are shown in Table 1. The T1 sample ranged in age from 18-
80 years (average age 45) with females (69%) and those with tertiary education (55%) over-represented 
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compared to the Greater Hobart population (52% females and 17% tertiary educated)2. Sixty-seven 
participants (61%) completed the T4 assessment, with higher attrition of younger participants and to a 
lesser extent those not working. Being assigned to the control or treatment group for the original trial 
made no difference to the decision to return for T4. In terms of study motivation, after the trial period, 
74 participants provided one or more reasons for participating. ‘Participating in Research’ was the most 
common reason selected by 53 (72% of participants), followed by ‘Increase Exercise’ (34%), 
‘Environmental Reasons’ (24%) and ‘Financial Reasons’ (15%). Retention rates were primarily influenced 
by whether participants gave a reason at all with attrition lowest for those citing ‘Environmental Reasons’. 

 
2 Australian Bureau of Statistics. Census of Population and Housing: Reflecting Australia - Stories from the census, 2016. Cat no. 2071. Canberra: ABS; 
2017. 
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Table 1: Participant Characteristics and App Usage 

  T1-Participants T1-App Users T4-Participants T4-App Users 
Total (% of T1-
Participants)  n = 110 n = 90 (82%) n = 67 (61%) n = 36 (33%) 
Age     
18-34 40 (36%) 34 (38%) 17 (25%) 11 (31%) 
35-54 34 (31%) 29 (32%) 25 (37%) 16 (44%) 
55+ 36 (33%) 27 (30%) 25 (37%) 9 (25%) 
Gender     
Female 76 (69%) 61 (68%) 45 (67%) 23 (64%) 
Male 34 (31%) 29 (32%) 22 (33%) 13 (36%) 
Education*     
Low 22 (20%) 19 (21%) 12 (18%) 5 (14%) 
Medium  27 (25%) 24 (27%) 17 (25%) 8 (22%) 
High 61 (55%) 47 (52%) 38 (57%) 23 (64%) 
Employment Status     
Full-time (35+ hrs/wk) 29 (26%) 24 (27%) 21 (31%) 13 (36%) 
Part-time (20-34 
hrs/wk) 24 (22%) 20 (22%) 14 (21%) 9 (25%) 
Part-time (<20 
hrs/wk) 22 (20%) 17 (19%) 13 (19%) 6 (17%) 
Not working 35 (32%) 29 (32%) 19 (28%) 8 (22%) 
Student Status     
Non-Student 70 (64%) 58 (64%) 45 (67%) 24 (67%) 
Student 40 (36%) 32 (36%) 22 (33%) 12 (33%) 
Treatment Group#     
Control 55 (50%) 41 (46%) 33 (49%) 18 (50%) 
Treatment 55 (50%) 49 (54%) 34 (51%) 18 (50%) 
Study Motivation** n=74 n=49 n=60 n=36 
Participating in 
Research 53 (72%) 41 (84%) 43 (72%) 22 (61%) 
Financial Reasons 11 (15%) 10 (20%) 10 (17%) 5 (14%) 
Environmental 
Reasons 18 (24%) 17 (35%) 18 (30%) 13 (36%) 
Increase Exercise 25 (34%) 22 (45%) 22 (37%) 14 (39%) 
Other Reason 4 (5%) 3 (6%) 3 (5%) 2 (6%) 

*Education level, Low: Year 12 or less; Medium: Trade, apprenticeship, certificate, diploma; High: tertiary. 
**Asked after the end of the trial period (T2). Participants were able to select as many of these options, including 
none at all. Numbers represent those who remained at each stage who had completed this question.  
#Participants were assigned into control or treatment samples as part of the abandoned RCT. 
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4.2 App usage 
Of the 110 baseline participants, 96 agreed to download the app, while 14 refused. Six of those agreeing 
were found to have no app data recorded, leaving 90 (82%) of participants with recorded app data (Table 
1). Evidently, there was little to differentiate those taking up the app in T1 versus those who did not, other 
than whether they were assigned to the control or intervention groups for the (ultimately abandoned) 
RCT trial and whether they provided a reason for participating in the study. At T4, just over half of those 
returning had recorded app data. The percentage of participants who continued to use the app at T4 was 
higher for 35-54 year-old participants, those with higher education levels, those working more than 20 
hours/week and those indicating ‘Environmental Reasons’ for participation. 

Table 2 compares the high-level metrics app-inferred statistics of app usage and engagement across the 
four waves of data collection – the T2 and T3 waves are provided for completeness. There was a 
reasonable consistency of app usage across the timepoints based on the number of days of data. Likewise, 
there was consistency in the proportion of days where moving trip segments were detected (around 90%). 
There was an increase in app-measured car and bicycle trips during the study period, and a decline in app-
measured walking and ‘other’ trips. The metrics of user engagement with the app (assessment rate) 
generally improved over the course of the study, suggesting those who continued to use the app were 
generally more engaged and/or became more used to the app. 

Table 2: App-inferred statistics across the four waves 

#Walk trips were likely over-estimated given the over-sensitivity of the app-based trip detection algorithms.  
 

4.3 App experience survey 
The app experience survey was completed by participants who took the app at T2 or T3 and provided 56 
usable responses. Confirmatory factor analysis/reliability analysis (Table 3) shows the items generally 
loaded well onto the pre-defined dimensions (Cronbach’s alpha >0.7), the only exception being those 
under the ‘Feasibility’ dimension. In this study, battery life emerged as the biggest practical barrier 
(corroborated by several of the open-ended comments), with mixed sentiments around impacts on data 
usage. Overall, participants found the app easy to use, useful for recalling their travel, visually appealing 
and to a lesser extent enjoyable to use. However, there was mixed sentiment over the accuracy of trip 
recording and how much time was involved having to manually correct trips. Overall, while sentiment was 

  T1 T2 T3 T4 
Number of Participants 90 46 41 36 
Days with recorded trip segments 
(mean, SD) 7.5, 2.1 7.9, 1.8 7.9, 2 7.3, 1.8 
Days with moving trip segments 
(mean, SD) 6.7, 2.2 7.2, 2 7.1, 2.3 6.7, 1.9 

Segments 
per day 
by Mode 
(mean, 
SD) 

Car 1.8, 1.7 2.3, 1.7 2.2, 1.5 3, 1.7 
Bus 0.2, 0.4 0.3, 0.5 0.2, 0.3 0.2, 0.3 
Bicycle 0.1, 0.2 0.2, 1.1 0.1, 0.4 0.3, 1.2 
Walk# 8.9, 11.5 6.4, 5.7 8.1, 14.1 7.4, 6 
Taxi/Uber 1.5, 1.6 1.4, 1.3 0.9, 1.1 0.8, 1.5 
Total 12.5, 12.7 11.3, 8.6 11.6, 15.3 11.7, 7.4 
Total (excl walk) 3.7, 2.3 4.9, 4.7 3.5, 2.1 4.3, 2.5 

Assessment Rate 25/50/75 
percentile 17%/37%/74% 27%/57%/83% 32%/48%/76% 40%/63%/84% 
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again mixed, there was a suggestion more participants would not continue to use a similar app outside of 
this study or recommend it to their friends. 

Table 3: Dimensions of App Experiences 

Dimension Question Mean, SD 
Cronbach's 
Alpha 

Corrected Item-
Total Correlation 

Perceived 
Ease of Use 

Installing and registering the app was simple. 6.25, 1.05 0.75 0.46 

The app was easy to use. 4.68, 1.86   0.70 

Using the app fitted with my lifestyle. 5.20, 1.58   0.66 

Feasibility My battery seemed to drain faster when using 
the app** 

2.82, 1.57 0.51 0.36 

My mobile data usage increased when using 
the app** 

3.82, 1.13 0.36 

Perceived 
Usefulness 

The app recorded my trips accurately. 3.41, 2.00 0.86 0.73 

The app helped jog my memory about my 
travel. 

5.21, 1.71 0.71 

The app made it quicker to record my travel. 4.68, 1.97 0.75 

I had to spend a lot of time manually adding or 
changing trips** 

3.16, 1.70 0.64 

Hedonic 
Motivation 

The app was visually appealing. 4.88, 1.39 0.84 0.58 

The app was enjoyable to use. 3.96, 1.68 0.86 

I felt a sense of fulfillment using the app. 3.95, 1.59 0.72 

Perceived 
Risks 

I trust the app with my data. 4.75, 1.64 0.71 0.55 

I was concerned about privacy when using the 
app** 

5.02, 1.54 0.55 

Continuance 
Intention 

I would continue to use a similar app outside of 
this study. 

3.36, 1.73 0.83 0.71 

I would recommend the app to my friends. 3.07, 1.62 0.71 

n=56; 7 item-scale (Strongly disagree – strongly agree); **reverse framing 

While experiences with the app were driven by a range of factors, correlation analysis between the 
dimensions and socio-demographic variables suggests that in general older participants perceived the app 
to be less useful (r(56) = -0.54, p < 0.001) and less easy to use (r(56) = -0.48, p < 0.001) than younger 
participants. Females appeared more hedonically motivated (r(56) = 0.35, p = 0.008) and marginally more 
concerned about the perceived risks of the study (r(56) = 0.31, p = 0.021) compared to males. None of the 
other socio-demographic factors listed in Table 1 were significantly correlated. Evidently, there was 
significant heterogeneity in responses (Figure 3), particularly those around ‘Perceived Usefulness’, which 
suggests these experiences were quite participant-specific. 
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Figure 3: Feedback Dimensions by Gender and Age 
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Open-ended comments 
Participants were given the opportunity to provide open-ended comments about what they liked and 
disliked about the app. In total, 27 participants provided positive comments, while 39 provided negative 
comments – these have been assimilated into the major issues, shown in Figure 4. The comments largely 
re-enforced the insights from the empirical results, suggesting the experience was somewhat participant-
specific. Positive comments focused on the accuracy of trip recording and simplicity of using the app, and 
to a lesser extent the help it provided in recalling travel. The main negative comments were around 
inaccuracy of trip recording and the resultant burden on participants to correct erroneous trips – the main 
issue here was an oversensitivity to trip inference, resulting in (some cases) hundreds of spurious trips. 
Battery drain was the other main negative comment with privacy concerns mentioned by only one 
participant. 

 

 
Figure 4: Main issues raised in open-ended comments 

 
4.4. Regression Analysis 

The results presented so far suggests that factors pertaining to the participant, their motivation for 
participating, experiences with the app, and their travel may be factors in both their decision to return in 
T4 and use/interact with the app. Binary logistic regression models were used to unpack the relative 
importance of these factors. 

Model (1) results presented in Table 4 provide a measure of retention for T1 participants who returned 
for the T4 assessment. Age was the most significant socio-demographic predictor of returning with older 
participants between 3 and 4 times more likely to return than the 18–34 age-group. While the number of 
moving trip segments recorded in T1 were not associated with the decision to return, a single unit increase 
(1%) in proportion of trips assessed increased the odds of returning by around 3%. All of the stated study 
participation motivations were associated with greater odds of returning in T4, although the high 
confidence intervals and small sample size suggest caution be drawn over the strength of this conclusion. 
None of the app experience survey dimensions were significant in the prediction of participants returning 
in T4. However, returners were marginally less concerned about privacy (r(56) = -0.299, p = 0.025) which, 
given the correlation with gender, may partially contribute to why proportionately more males came back 
than females. 
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Table 4: Model (1) Factors impacting participant retention in T4 

Predictors  aOR [95% CI] p-value 
Gender    
   Female  ref  
   Male  1.46 [0.61, 3.64] 0.408 
Age-group (years)    
   18 – 34  ref  
   35 – 54  4.02 [1.45, 11.94] 0.009 
   55+  3.13 [1.23, 8.45] 0.020 
Education level    
   Low  ref  
   Medium  0.94 [0.26, 3.30] 0.918 
   High  0.97 [0.32, 2.85] 0.956 
Treatment group    
   Control  ref  
   Intervention  1.12 [0.50, 2.55] 0.784 
Trip metrics (T1)*    
   Moving trip segments (n)  1.01 [1.00, 1.01] 0.105 
   Moving trip segments assessed (%)  1.03 [1.01, 1.05] 0.005 
Study participation motivations†    
   Participation in research No  ref  
 Yes  6.24 [1.83, 24.21] 0.005 
   Financial reasons No  ref  
 Yes  13.09 [1.59, 318.05] 0.043 
   Environmental reasons No  ref  
 Yes  18.93 [2.84, 397.9] 0.011 
   Increase PA or exercise No  ref  
 Yes  7.29 [1.90, 39.28] 0.009 
aOR = adjusted odds ratio; 95% CI = 95% confidence interval;  
* These metrics are included individually in separate models that adjusted for 
gender, age, and education level.  
† Participants were able to select as many of these four options, including none at 
all. These are treated as individual binary options in separate models that adjusted 
for gender, age, and education level.  
 

Model (2), presented in Table 5, provides a measure of diligence based on T1 participants who both 
returned and used the app in T4. Noting the small sample size, none of the socio-demographic indicators 
were significant, despite the unadjusted analyses indicating older participants were less likely to use the 
app again. As with returners (shown in model (1)), while the number of moving segments recorded in T1 
was not significantly associated with re-using the app, both the number and proportion of assessed trips 
were, increasing the odds by 4% and 2% respectively. Among study motivations, only environmental 
reasons were significantly associated with greater odds of using the app in T4. App feedback dimensions 
were insignificant across the board, but large confidence intervals were observed (results not tabulated). 
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Table 5: Model (2) Factors impacting participant re-use of the app in T4 (n = 67) 

Predictors  aOR [95% CI] p-value 
Gender    
   Female  ref  
   Male  1.27 [0.42, 3.90] 0.675 
Age-group (years)    
   18 – 34    
   35 – 54  1.00 [0.24, 4.15] 0.997 
   55+  0.34 [0.08, 1.26] 0.112 
Education level    
   Low    
   Medium  1.12 [0.21, 6.16] 0.898 
   High  1.80 [0.44, 7.83] 0.415 
Treatment group    
   Control  ref  
   Intervention  1.00 [0.35, 2.84] 0.999 
Trip metrics (T1)*    
   Moving segments (n)  1.00 [1.00, 1.00] 0.143 
   Moving segments assessed (%)  1.02 [1.00, 1.04] 0.046 
Study participation motivations†    
   Participation in research  1.70 [0.25, 12.12] 0.582 
   Financial reasons  0.83 [0.16, 4.50] 0.824 
   Environmental reasons  12.34 [2.41, 94.78] 0.006 
   Increase PA or exercise  2.11 [0.59, 8.15] 0.260 
aOR = adjusted odds ratio; 95% CI = 95% confidence interval;  
* These metrics are included individually in separate models that adjusted for 
gender, age, and education level.  
† Participants were able to select as many of these four options, including 
none at all. These are treated as individual binary options in separate models 
that adjusted for gender, age, and education level. 

 

A third model was developed to assess app engagement in T4, using the proportion of assessed trips as a 
proxy for app engagement, with participant characteristics and app engagement in T1 as predictor 
variables. However, the sample size (n = 36) precluded a multivariable analysis with sufficient power so 
insights were drawn from correlation analysis. Among T1 app users, trip assessment rates were higher for 
males than females (r(89) = -0.221, p = 0.037) and higher for those motivated to participate in the study 
for environmental reasons (r(60) = 0.348, p = 0.006) and for exercise (r(60) = 0.315, p = 0.014). Among T4 
app users, the ‘Feasibility’ dimension was marginally significant in predicting assessed trips (r(33) = 0.345, 
p = 0.049)¸ suggesting issues around battery drain and data usage were still important issues among those 
who had continued to use the app, but did not necessarily interact with it as much. Having a higher 
number of moving segments was associated with a lower proportion of assessed trips in both T1 (r(89) = -
0.247, p = 0.02) and T4 waves (r(36) = -0.614, p < 0.001). 
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5. Discussion 

Longitudinal studies provide a mechanism for exploring the dynamics of behavioural change and new 
technologies offer opportunities to enhance our ability to measure these changes. Using data from a 
longitudinal study of travel and physical activity involving a travel app and repeated surveys, this study 
shows a high initial uptake is important but app engagement is not necessarily sustained and participant 
attrition is considerable but non-random. We discuss the characteristics and motives associated with 
initial and sustained travel app engagement and outline the barriers and some potential strategies to 
ensure sustained engagement with travel apps in longitudinal research studies. 

First, it is evident that attrition in longitudinal studies is non-random, with challenges around the retention 
of young participants most pronounced. This broadly mirrors what has been found elsewhere although 
the loss of males, which is typically greater, is not so evident here (Greaves et al., 2013; Greaves et al., 
2015). Second, the proportion of participants who took the app initially was higher than is typically 
experienced in similar studies – this could have been a function of the opportunities and sense of 
obligation provided by the face-to-face instruction at the study clinic, which included help with 
downloading and installing the app. However, evidently, many participants subsequently failed to engage 
with the app as hoped, which appears to be a construct of challenges around the app itself, partially 
exacerbated by the amount of travel made. Similar outcomes are reported in (Greaves et al., 2015). Third, 
participants who returned in T4 were less likely to take the app again, but for those that did, they were 
generally more engaged with the app. This implies caution for users of longitudinal data that samples 
generally become less representative and we may need to be cautious about treating data from the same 
individual as a constant. 

What learnings can we take away as designers of long-term evaluations and travel apps? First, it is clear 
that achieving buy-in up-front and engagement at various points through the study is important as has 
been frequently reported elsewhere (Nguyen et al. (2023). Second, while we may feel a need to 
compensate participants for their time/effort, the findings here suggest other factors may be equally 
important in encouraging participation, related to clearly elucidating the importance of the research and 
stressing the wider importance of the results – in this study, the messaging around health/environment 
was evidently important in encouraging participation, complementing evidence around the importance 
of using messaging that appeals to people’s broader values rather than direct personal benefit (Brüggen 
et al., 2011). Third, while smartphone apps offer intrinsic appeal to overcome many of the challenges 
associated with recall, many obstacles remain. We cannot compel people to ‘play ball’ in terms of 
downloading an app, give permissions, charge and carry their phone, and retain use of the app. 
Perceptions around impacts of tracking apps on battery life remain a problem, although it is interesting 
here that mobile data usage did not emerge as a major concern.  A plausible explanation is that while 
battery life can be heavily compromised by tracking apps, they are not data hungry as most of the process 
involves geolocation which does not require data. Added to this, the price of mobile data has gone down 
substantially in Australia (Brüggen et al., 2011). Compounding these challenges are factors outside our 
control such as the myriad of makes/models of phones, operating systems and frequent system upgrades, 
privacy settings etc. One option is to furnish participants with devices, but we then run into issues around 
participants remembering to keep them with them and charged (Geurs et al., 2015). We also need to think 
about the user experience and an ‘acceptable’ level of user involvement. While eliminating user 
involvement might be perceived as the ‘end goal’, evidently fully passive apps are not ready for 
deployment (Harding et al. 2021). In our case, the app scored highly on hedonic motivation and ease of 
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use, suggesting users liked the interface and generally enjoyed using it. However, they clearly did not like, 
what turned out to be a highly onerous task for many, having to check/correct trips. 

We acknowledge several limitations to this study. First, it is highly likely that participants who signed up 
for this study were likely more motivated than the general population to complete the various 
requirements including taking the app. Second, events beyond our control impacted sample size and 
timing of some of the attitudinal surveys. While the app experience survey was conducted on a subsample 
of participants who had already used the app twice and therefore probably had more positive views than 
those not using it again, it captures the views of the majority of returning participants in T2 or T3. This still 
provides useful insights from those who returned and equally those who did not, to inform future surveys 
of this nature. Third, there was evidently a range of app experiences among participants. However, we 
argue this is more a realistic outcome of the investigation as opposed to a limitation. 

6. Conclusions 

The current paper adds to our understanding of the use of smartphone-based travel survey apps as part 
of a longitudinal methodology used to investigate the temporal dynamics of behaviour change post-
intervention. Caveats associated with the unanticipated disruption of this study via the COVID-19 
pandemic aside, it is evident that attrition and app engagement are non-random and should be addressed 
ideally through recruitment and engagement strategies. In this study, we identified potential conundrums 
for survey designers to ponder, such as that while older participants are more likely to stick with the 
survey, they are less likely to engage with the app on which we largely pinned our data collection hopes. 
Likewise, those recording less travel are more likely to engage with the app, evidently more travel is 
synonymous with more burden. Clearly, getting the messaging right for recruiting and retaining 
participants is important along with the financial rewards for what was a highly burdensome and lengthy 
commitment. Interestingly, while financial reasons were not deemed significant for those returning for T4 
(when the trial itself and chance to earn public transport credits had gone), this comes with the caveat 
this was asked at the beginning of the study. Smartphone apps unquestionably have the potential to make 
the experience more engaging and useful for some, but equally more frustrating and burdensome for 
others - it seems likely that other options for completing travel surveys (independent and supplementary 
to smartphone apps) will continue to be needed for the foreseeable future.   
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