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Background: Despite widespread use, smartphone apps for physical activity (PA) lack rigorous

evaluation. This study examined the impact of two top PA apps through a crossover trial.

Objective: To assess the feasibility, acceptability, and effectiveness of two smartphone apps in

increasing physical activity among inactive UK adults.

Methods: A randomized crossover trial was conducted with inactive UK smartphone users. After a 1-

week baseline period, participants were randomly assigned to one of two sequences: App A followed

by App B (A/B) or App B followed by App A (B/A), with a crossover to the alternate app occurring after

the initial 2-week intervention period. App A was a 7-minute workout, and App B was a Couch to 5k

program. Feasibility was assessed based on recruitment, retention, and adherence rates. Physical

activity was measured objectively using accelerometry at baseline, post-baseline (week 1), week 3, and

week 5. Self-reported PA levels, sedentary behavior, exercise self-ef�cacy, and intentions were

collected at week 1 and at the end of each intervention period (weeks 3 and 5). The primary analysis

assessed changes in PA from baseline to the �rst intervention period (week 3); secondary analysis

compared the two apps. Trial registration: ClinicalTrials.gov NCT03565627.

Results: 209 participants accessed the screening survey. 104 were eligible and consented; 63.5%

(66/104) were enrolled and randomized. 87% completed the trial. For accelerometer-measured

outcomes, there were no signi�cant differences in mean change. 16/51 participants (31.4%) increased

their time in moderate to vigorous PA (MVPA) by 20% from baseline following the introduction of the

intervention (weeks 3 and 5) (95% CI= 19.1% to 45.39). Self-reported PA outcomes showed signi�cant

increases: total time spent in PA (LSM= 32.52, p<.005), moderate PA (LSM= 113.68, p<.024), walking

(LSM= 375.0, p<.007), and total PA (LSM= 489.46, p<.010). Sedentary behavior decreased (LSM= -123.23,
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p<.001). Exercise self-ef�cacy (LSM= 41.78, p<.0001) and intentions increased (LSM= 5.23, p<.0001).

Lower baseline activity was associated with a larger increase in PA (p< 0.03 for all measures). There

were no signi�cant differences between the two apps.

Conclusions: A crossover trial is a feasible and acceptable method to study apps and can be used to

accelerate the evidence generation for digital health. The two PA apps showed promising results, with

an impact observed for a 20% increase in MVPA, self-reported PA, intentions, and exercise self-

ef�cacy. The biggest improvements were in the participants with low baseline PA, who have the

greatest unmet need. The study detected no differences between the apps.

Corresponding author: Paulina Bondaronek, p.bondaronek@ucl.ac.uk

Introduction

The increase in the availability of digital health technology interventions has been unprecedented in the

last decade. However, despite the wide distribution and popularity of digital health products and services,

many of them have been rapidly developed and implemented[1]  with little or no formal evaluation to

support their claims of impact[2]. This lack of evaluation may result in ineffective or misaligned

interventions being adopted widely, reducing the �eld’s credibility and progression toward evidence-

based digital health solutions. Scholars have thus raised concerns over a potential “scienti�c regression”

of the �eld[3], noting that the rapid pace of development often outpaces the capacity for rigorous

evaluation.

Generating meaningful digital health evidence faces barriers such as limited time, high costs, and a lack

of expertise[4]. Evaluations often rely on small, non-representative samples and seldom provide real-

world effectiveness or cost-effectiveness evidence. Additionally, the predominance of observational

studies with inadequate data collection, such as missing data and insuf�cient statistical power, and

outcome metrics that may not capture long-term effects heightens the risk of biased results and limits

the ability to detect meaningful differences[5]. This can lead to inconclusive �ndings that misrepresent

the intervention's effectiveness.

There is a pressing need for innovative approaches to evidence generation and the establishment of new

evidentiary standards within digital health and care[6]. Randomized controlled trials, considered the gold

standard for assessing effectiveness, are resource-intensive and present practical and time-sensitive
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challenges related to recruitment, data collection, and adapting to rapid technological changes[7]. There

is, therefore, a need to apply and test innovative approaches in digital health evaluation.

The purpose of this study was to assess the feasibility and the effects of one such innovative approach.

We used a randomized crossover trial as a pragmatic solution to assess two highly popular apps for

physical activity (PA) in a physically inactive sample. We selected a crossover design to facilitate direct

comparison between two apps, assessing their impact on PA and associated determinants within the

same participant group. An additional advantage of this design is the ability to compare participants to

themselves, as well as to compare the two apps directly.

This methodology has previously been used to evaluate a subset of participants in a longitudinal study

conducted on US iPhone users, which assessed 4 different features to increase physical activity using a

research app they developed[8]. The results were promising, with signi�cant positive effects on step

count for all 4 features (American Heart Association website prompt group: mean increase: 319 steps (SE

75, p< 0.001); Hourly stand prompt group: mean increase: 267 steps (SE 74, p<0.001); Cluster-speci�c

prompts group: mean increase: 254 steps (SE 74, p< 0.001); 10,000 daily step prompt group: mean

increase: 226 steps (SE 75, p=< 0.01). 

In this study, we focus on PA due to its signi�cant health implications, with inactivity recognized as a

major risk factor for mortality and preventable diseases globally[9]. 

Modest increases in PA can lead to important health improvements, particularly when shifting from

inactivity to moderate activity[10]. While numerous PA apps exist, their potential to increase PA has not

been fully tapped. Billions of app downloads signal a vast opportunity for digital health to make a

substantial impact on population-level PA. 

We assessed two apps that were highly ranked in both app stores (iTunes and Google Play). To the

authors’ best knowledge, this is the �rst crossover trial used in digital health conducted by independent

researchers who did not develop the apps. 

Aims and objectives

The aim of this study was to evaluate the feasibility and acceptability of employing a crossover trial

methodology for evaluating digital health apps, and to determine their effectiveness in increasing

physical activity and the determinants of PA in an inactive population. The basis for the selection of the

determinants of PA to be measured in the study was a Lancet review[11] which synthesized 9 systematic
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reviews of the determinants and correlates of PA in adults. In addition, the systematic selection of

outcomes was systematically developed and reported here[12].

The two objectives were to: 

assess the feasibility and acceptability of a crossover trial to evaluate two popular PA apps available on

the market

assess and compare the effects of the two selected PA apps on PA and PA determinants, speci�cally

exercise self-ef�cacy and intentions, to understand their roles in in�uencing PA outcomes in an

inactive population.

Methods

Study design and participants 

This randomized, 2 × 2 crossover trial compared the effects of two highly popular PA apps. To ensure

high quality of the study, we used the Cochrane Risk of Bias tool for randomized trials[13] as a guideline

when designing the trial.

The Consolidated Standards of Reporting Trials (CONSORT) guidelines for reporting pilot and feasibility

trials and eHealth trials were used to report this study’s protocol[14]. Eligibility was restricted to adults

identi�ed as “moderately inactive” or “inactive” using the General Practice Physical Activity

Questionnaire[15]  who owned a “smartphone”: iPhone (operating iOS 6.0 or newer) or Android (version

2.3.3 and up). Participants were excluded if they previously used the apps we intended to evaluate in the

study; had medical conditions that required special attention when conducting PA, with participants

asked if they had any conditions that might be exacerbated by running or high-intensity interval

training; or if they were unwilling to use the accelerometer as per study instructions, as studies assessing

digital interventions are likely to have high attrition rates. Those unable to perform basic functions

relating to app usage such as downloading or navigating the app were also ineligible, as determined

through three questions in the screening questionnaire. One week after the study recruitment

commenced, it was noted that the One You Couch to 5K app was disabled on Motorola phones, as

con�rmed by the developers. As a result, participants using Motorola phone models were excluded from

the study.

Thus, only participants who were able and likely to adhere to study instructions were included.
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The selection of the apps for assessment in the study was based on a review and content analysis of the

65 most popular PA apps on the market, which identi�ed running and workout apps as those most

frequently targeting inactive populations. Both selected apps provide structured programs suitable for

beginners, with gradual progression. The Couch to 5k program, for instance, incrementally increases the

walking-to-running ratio, making it more approachable for inactive users. These criteria ensured that

the selected apps were appropriate for individuals with low or no prior PA engagement[16]. Only apps that

might be appropriate for those who engage in no or low PA met the criteria for app selection for the trial.

Workouts and Running programs (as described in the cited paper) were considered most appropriate for

an inactive population. Apps had to be available on the two major app stores (iTunes and Google Play); the

apps were then sorted according to their behavior change potential (inclusion of behavior change

techniques), and the apps with the most techniques were selected. These were App A: 7 Minute Workout

Challenge by Fitness Guide Inc., (Workout app); and App B: Couch to 5k by Public Health England (Running

program). See Appendix 1 for the detailed description of the interventions using the TIDieR template.

Ethical Considerations

This study was approved by the University College London Research Ethics Committee (11121/002).

Participants provided informed consent online via Qualtrics before enrollment and completed a consent

form during the face-to-face baseline assessment to con�rm their understanding and willingness to

participate. In line with the UK Data Protection Act 1998, documents containing identi�able information

were stored in a locked cabinet at the Department of Primary Care and Population Health, UCL, separate

from research data to ensure con�dentiality and information security.

The data collected during the study were anonymized by assigning each participant a unique ID. No

personally identi�able information was retained. The anonymized data were securely stored on an

internal University College London drive, accessible only to the �rst author (PB).

At the end of the study, participants received £20 as an incentive for participation and to encourage

completion of the study measures. Additionally, each participant was reimbursed £3 for downloading

App A (App B had no cost to download and use).

Summary of Patient and Public Involvement

Two representatives reviewed the study materials (participant information sheet, consent form, posters,

and online study advertisements) to ensure the accessibility of the language and the understandability of
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the content. 

Enrolment, randomization, and masking

Recruitment was conducted via posters in London, a recruitment website (callforparticipants.com), and

social media. Potential participants were directed to the Qualtrics website for study details, eligibility

screening, and consent. Once participants provided consent, they were asked to provide their contact

details to schedule a face-to-face assessment. Contact was typically made within two days of consent to

minimize delays. The relatively high attrition rate at this stage was anticipated, given the low burden of

completing the online screening questionnaire. 

After a 1-week baseline PA assessment via accelerometer, participants were randomized to app sequence

A/B or B/A, using a computerized block randomization managed by AS, with the investigator blinded to

the sequence list. Randomization was performed using a computer-generated list with alternating block

sizes of 2 and 4 to ensure allocation concealment while maintaining balance.

Procedures

This manuscript reports the �ndings of the quantitative component of this sequential mixed-methods

feasibility crossover trial. The study design schema is presented in Figure 1.

qeios.com doi.org/10.32388/PGU6LI 6

https://www.qeios.com/
https://doi.org/10.32388/PGU6LI


Figure 1. Study design schema 

Demographic and outcome measures were collected face-to-face at the start of the study. 

Participants wore a GT3X+ accelerometer (actiGraph, Pensacola, Florida) on an elasticated belt over the

right hip for 21 days (7 days each at baseline, week 3, and week 5). Waist-worn placement was selected for

its superior accuracy in capturing moderate-to-vigorous PA. Participants were asked to wear the device

during their waking hours except for water-based activities such as bathing. 

Baseline objectively measured PA data were collected over one week, referred to as the baseline

assessment period. We used “post-baseline” as participants may begin to change their behaviors prior to

intervention as an effect of study participation[17]. Follow-up collection of self-reported measures was

conducted online using Qualtrics at weeks 1 (post-baseline), 3, and 5 (Appendix 2 for data collection

schedule). 

Each app was used by participants for two weeks. Each app was used by participants for two weeks, with

the �rst app used during weeks 2-3 and the second app used during weeks 4-5. 3.28Participants received

a brief instruction with a link to the �rst app (based on randomization sequence) and were asked to use

the apps in a self-directed way with an aim to increase their PA level. No instruction for the frequency of
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usage was provided as this trial aimed to mimic “real-world” conditions. Participants were asked to send

the screenshots of the app feature that showed the completed PA sessions (Activity calendar for App A

and My runs for App B) to ensure that the app was downloaded and so that the researcher could see the

engagement with the app.

Outcomes

Feasibility outcomes were recruitment rates. For acceptability outcomes, we used trial completion and

accelerometer compliance. The choice of measures was guided by the Theoretical Framework of

Acceptability[18]. In addition, the process evaluation following the trial was conducted and will be

published elsewhere. 

Effectiveness outcomes were change in objectively measured PA from baseline to 3 weeks follow-up as

quanti�ed by: daily PA count (vertical count acceleration, CPM), MVPA, light, moderate, vigorous PA,

sedentary behavior (SB), step count; proportion of participants who increased their time in MVPA by 20%

from baseline; change from baseline to 3 weeks follow-up in self-reported PA using the International

Physical Activity Questionnaire (IPAQ) Short Form[19] and determinants of PA (Expected outcomes (EO),

Exercise intentions, ESE); and the differences in change from baseline across the two apps.

Statistical analysis

As the primary goal of the study was feasibility, the target sample size of 60 participants was based on

resource considerations and not formal sample size calculations. The National Institute for Health and

Care Research (NIHR) recommends a sample size of 30 in each arm as a pragmatic rule[20] for feasibility

studies, and this recommendation was the main factor in selecting the sample size.

The analyses were performed using the intention-to-treat principle; all randomized participants were

categorized according to their randomization order assignment and included regardless of compliance.

Accelerometer data were processed using Actilife software (version 6.13.3, actiGraph, LLC). Freedson’s cut-

off points[21], i.e., the thresholds that categorize the CPM into PA intensities, were used to de�ne time

spent in sedentary (0 -99 CPM), light (100 - 1951 CPM), moderate (1952 - 5724 CPM), and vigorous (5725 -

9498 CPM). These thresholds have been validated and are widely used in PA research, e.g.  [22]. A

minimum wear time of at least 480 min (at least 8 h per day), for at least 3 days, was required to meet

quality standards. This requirement has been used in previous studies, e.g. [23][24][25][26]. The non-wear

time was excluded from analysis. Non-wear time was de�ned as a continuous string of zeros for >90 min,
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with an artifactual movement tolerance of 2 min (small spikes of non-zero activity lasting up to 2 min

within the 90 min period). If 30 min before and after the spike showed consecutive zeros within those 90

min, this period was considered as non-wear time. This algorithm is designed to accommodate any

accidental movement (artifactual movement) of the device. This de�nition has been validated and widely

used in PA research[22]. Descriptive statistics were used to report the socio-demographics and other

characteristics of the participants, recruitment, retention rates, mood, and app-speci�c characteristics:

usability, user ratings, and engagement. Student’s t-test for independent samples, the Wilcoxon Rank-

Sum test, and the chi-squared or Fisher’s exact test were used to compare baseline characteristics and

other single-participant measures. The Wilcoxon Signed Rank test was used to assess the difference in

the baseline and post-baseline (week 1) PA measures.

We used the approach taken in recent randomized crossover trials in behavioral interventions to guide

the analysis approach[27]. The main analyses were as follows: 

The difference in the intra-participant changes in behavioral and psychological outcomes from baseline

to the period in which the participant was using the �rst assigned app (Period 1). This endpoint was

assessed using a mixed model for repeated measures including �xed effects for period and baseline

activity, and a random effect for app (App A or App B). This is similar to an ANOVA model that accounts

for two different measurements (one from each period) for the same participant. The proportions and

con�dence intervals (CIs) for patients achieving a 20% or greater increase in MVPA were calculated. 

A secondary question of interest was whether there was any difference in PA across the apps. This

difference was analyzed using a mixed model for repeated measures including baseline PA, app (App A or

App B), period, and the app-by-period interaction as �xed effects.

Exploratory analyses were performed to assess the stability of the pre-intervention activity levels by

obtaining measurements for both a baseline week and the following post-baseline week (week 1) before

introducing the intervention. 

Sensitivity analyses were performed to assess the association between the baseline PA and the change in

PA in the intervention period, weather (snow, rain, temperature), and Vector magnitude CPM. A post-hoc

analysis of a log-transformed assessment of IPAQ and OE was performed to assess the impact of outliers. 

SAS version 9.3 (Carry, NC) and R version 3.3.3 were used for analysis.
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Results

Participant and trial characteristics

Screening and enrolment took place between Jan 15 and April 13, 2018, with the �nal follow-up conducted

on May 19, 2018. Participant characteristics are summarized in Table 1. The mean age was 31.1 years (SD

11.4), and 42/66 (63.6%) were women. Twenty-three of 66 (34.8%) described themselves as non-White.

There were no signi�cant differences across groups for any baseline characteristics.
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Baseline Characteristic Statistic / Category
App A First

(n=33)

App B First

(n=33)

Total

(n=66)

Age (years) Mean ± SD 29.5 ± 10.4 32.7 ± 12.1 31.1 (11.4)

Gender (N,%) Female 22 (66.7) 20 (60.6) 42 (63.6)

Male 11 (33.3) 13 (39.4) 24 (36.4)

Ethnicity (N,%) Asian 5 (15.2) 8 (24.2) 13 (19.7)

Black 3 (9.1) 0 (0.0) 3 (4.6)

Mixed 2 (6.1) 3 (9.1) 5 (7.6)

White 22 (66.7) 21 (63.6) 43 (65.2)

Other 1 (3.0) 1 (3.0) 2 (3.0)

Duration in the UK (yrs.) Mean ± SD 6.67 ± 3.79 10.1 ± 13.5 3.5 (7.8)

Relationship (N,%) Single 20 (60.6) 19 (57.6) 39 (59.1)

In a relationship 13 (39.4) 12 (36.4) 25 (37.9)

Separated 0 (0.0) 2 (6.1) 2 (3.0)

Education (N,%) Postgraduate  15(42.4) 15 (45.4) 29 (43.9)

Undergraduate 12 (36.4) 7 (21.2) 19 (28.8)

Primary/secondary/college 7 (21.2) 11 (33.3) 18 (27.3)

Occupation (N,%) Full-time education 9 (27.3) 10 (30.3) 19 (28.8)

Full-time employment 16 (48.5) 12 (36.4) 28 (42.4)

Part-time employment 3 (9.1) 4 (12.1) 7 (10.6)

Retired 1 (3.0) 1 (3.0) 2 (3.0)

Self-employed 0 (0.0) 2 (6.1) 2 (3.0)

Unemployed 2 (6.1) 2 (6.1) 4 (6.1)

Other 2 (6.1) 2 (6.1) 4 (6.1)

Household income (monthly, N,%) Under £1,000 2 (6.1) 4 (12.1) 6 (9.1)

£1,001 - £3,000 17 (51.5) 13 (39.4) 30 (45.5)
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Baseline Characteristic Statistic / Category
App A First

(n=33)

App B First

(n=33)

Total

(n=66)

>£3,000 11 (33.3) 11 (33.3) 22 (33.3)

Not applicable 3 (9.1) 5 (15.2) 8 (12.1)

Downloaded PA apps before (N,%) 21 (63.6) 22 (66.7) 43 (65.2)

Number of apps downloaded (N,%)

0 12 (36.4) 11 (33.3) 23 (34.9)

1 10 (30.3) 11 (33.3) 21 (31.8)

2 7 (21.2) 5 (15.2) 12 (18.2)

3 2 (6.1) 4 (12.1) 6 (9.1)

≥4 2 (6.1) 2 (6.1) 4 (6.1)

Downloaded running program-type

app before
N,% 5 (15.2) 3 (9.1) 8 (12.1)

Downloaded HIIT-type app before N,% 1 (3.0) 2 (6.1) 3 (4.6)

Used wearables beforeb N,% 5 (15.2) 10 (30.3) 15 (22.7)

Use wearable regularly N,% 3 (9.1) 6 (18.2) 9 (86.4)

Main motivators for increasing PA

(N,%):

Appearance 18 (54.6) 11(33.3) 29(43.9)

Competence  28 (84.9) 3 (9.1) 8(12.1)

Fitness  18 (57.6) 25 (75.8) 44 (66.7)

Other 1(3) 0 1 (1.5)

Table 1. Baseline characteristics

a PA: Physical Activity; b wearables were de�ned as devices designed to monitor physical activity, such as �tness

trackers or smartwatches
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Feasibility and acceptability

A total of 209 participants accessed the screening survey, 104 were eligible and consented, and 63.5%

(66/104) were enrolled and randomized. The recruitment ended after 66 participants were enrolled in the

study and completed the baseline assessment. See Figure 2 for the CONSORT participant �ow diagram[14].

Figure 2. CONSORT Flowchart for recruitment and retention to the crossover trial

Primary outcomes were feasibility (recruitment rates) and acceptability (trial completion and

accelerometer compliance). Thirteen participants did not �nish the trial: 3 withdrew, and 10 participants

did not adhere to the trial protocol (accelerometer wear protocol, 1 did not download the app). In total,

7.6% did not complete the trial through post-baseline assessments (95% CI 1.2% to 14.0%). See Figure 2.

Stability of effectiveness outcomes from baseline to post-baseline (prior to intervention)

There were signi�cant increases in PA from the baseline to the post-baseline week, including more

vigorous PA at post-baseline (p<0.001), higher Intentions (p<0.001), and lower OE (p<0.001). No other

tests of difference in PA measures or ESE were found to be signi�cant.
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Further inspection showed that the median and mean difference in vigorous PA (MET-min/week)

between baseline and post-baseline were close to 0, and seventy percent of the participants had minimal

changes between 480 and -480 METs. However, 10% of the participants had changes between 960 and

1920, leading to the signi�cant difference in distributions. For context, an equivalent of 3000 MET

minutes each week can be achieved by climbing the stairs for 10 minutes or running for 20 minutes on a

daily basis[28]. 

Based on the increases in PA for some participants, the post-baseline measurement was used to calculate

post-intervention changes in PA.

Impact of apps on objectively measured PA using accelerometer

The mean daily wear time for participants with valid data for baseline was 801.84 min (SD 84.12), for

Period 1: 784.62 min (SD 89.63), and for Period 2: 819.76 min (SD 99.22).

The analysis of the accelerometer data is shown in Figure 3. There were no signi�cant differences

between baseline and Period 1 (change from baseline to 3 weeks follow-up) using continuous measures.

However, the point estimates are in the direction of increased PA.

Figure 3. The effectiveness analysis assessed using accelerometer
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Relationship between baseline PA and change in PA in the intervention period

The level of baseline activity affected the change observed in the intervention period. The results of the

linear regressions showed that lower baseline activity was associated with a larger increase in PA (p< 0.03

for all measures, see Appendix 3).

Responder analysis 

We de�ned a response as a 20% increase in MVPA from baseline. For both apps combined, in Period 1,

31.4% (16/51) responded (95% CI= 19.1% to 45.39). In Period 2, 26.8% (11/41) increased their MVPA by 20%

(95% CI= 14.2% to 42.9). The CIs for these results exclude 0, meaning that some participants bene�ted

from the apps. 

Impact of apps on self-reported outcomes

The analysis of the self-reported PA outcomes (IPAQ) showed a signi�cant increase in total time spent in

PA, moderate activity, walking, and total PA. Sedentary behavior decreased (Figure 4).

All psychological variables showed a signi�cant difference. Exercise intentions and ESE increased. There

was a small but signi�cant decline in expected outcomes for PA. Results for Period 2, with the exception

of vigorous PA, were similar in magnitude to Period 1. 
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Figure 4. The effectiveness analysis assessed using self-reported PA (International Physical Activity

Questionnaire) and psychological predictors of PA.

Comparison of PA outcomes across apps

Although both groups increased PA compared to baseline, there were no differences in the objective PA

outcomes between the two apps assessed (p> 0.05 for all objective measures).

Period effects

There was evidence of a period effect for daily PA count (p< 0.05), wear time (p< 0.05), SB (p= 0.01), and

moderate PA (p= 0.051). The largest improvement was seen with the 1st app assessed. 

Sensitivity analyses results

Among the characteristics evaluated in the sensitivity analyses, the result of the analysis assessing the

association between baseline PA and the change in PA during the intervention period showed that more

SB at baseline was associated with less sitting during the intervention period. In addition, a small effect

of temperature in the intervention period was found, with each increase in mean daily temperature

increasing PA count by 3.28 units (measured in counts per minute, CPM) (95% CI -0.15 to 6.72, p= 0.061). 
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Discussion

Principal Results

This randomized crossover trial demonstrated that using a crossover design is not only feasible but also

well-accepted in studying digital health interventions, speci�cally PA apps, thereby accelerating the

generation of evidence in this �eld. Notably, the two PA apps evaluated showed promising outcomes,

particularly in enhancing self-reported physical activity. A meaningful number of participants showed

increases in MVPA by at least 20%, and improvements in exercise self-ef�cacy and intentions. These

bene�ts were most pronounced in participants with lower baseline levels of PA, hence have the potential

to address a critical area of unmet need in public health. This study found no signi�cant differences in

the effectiveness between the two apps, suggesting that various PA apps might have comparable

potential in promoting physical activity. 

This study builds on the �ndings of a prior crossover trial, which demonstrated signi�cant

enhancements in physical activity levels through the use of a research app among US iPhone users  [8].

The most notable gains were observed in individuals with initially low physical activity, aligning with

evidence that even modest increases in activity can substantially improve health outcomes for those

transitioning from inactivity to moderate activity [10]      . 

The observed discrepancies between self-reported and accelerometer-based PA measures in this study

are consistent with �ndings from prior research, which highlights the inherent limitations of self-

reported PA data. Indeed, self-reported PA has been shown to relate poorly to objectively measured PA [29]

[30]. Accelerometers provide a more accurate and unbiased account of activity levels. However, they also

have limitations, including reduced sensitivity to certain non-step-based activities such as

cycling [31] and variability across device brands in detecting lower-intensity PA [32].

The �ndings related to determinants of physical activity, including self-ef�cacy and intentions, align

with established research evidence  [11]. However, small but signi�cant declines in physical activity

outcome expectancy were observed in the study. These results are not in line with socio-cognitive

models of behavior, which include expected outcomes as an important predictor of behavior. For

example, in the Health Action Process Approach, Schwarzer [33] argues that the outcome expectancy, i.e.,

the belief that the behaviour will produce a desired outcome, is a pre-requisite of intentions to engage in a

behaviour. This needs to be investigated further.
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Implications

The preliminary effects showed that 16/51 of patients increased their PA, and 13/51 decreased MVPA by

20%. It is pertinent to investigate both the characteristics of those who increased MVPA and the barriers

faced by those who did not, so that interventions can be tailored for different subgroups most responsive

to receiving them, as a digital health one-size-�ts-all approach is unlikely to be sustainable [34]. A follow-

up qualitative study was conducted to further explore barriers and facilitators to app-based physical

activity, and these �ndings are being prepared for publication.

Participants’ self-reported change in PA was more optimistic than the objective measure. The

discrepancy between the objective versus subjective account of participants’ change has been

documented, e.g. [35]. We would recommend that an accelerometer device be used in PA trials, as it is a

gold standard in PA research [36].

There was a difference between baseline and post-baseline, so we strongly recommend that study

protocols incorporate a no-treatment period when possible. The act of answering questions about a

behavior, or knowing that the behavior is being recorded by an accelerometer, may change the behavior

without the introduction of the intervention, known as the mere measurement effect, reactivity of

assessment [17] or Hawthorne effect [37]. 

Strengths

Our study has several strengths. This design is a feasible and practical method of assessing the impact of

PA apps. The main advantage of this design is that it can estimate the overall effect of two apps. In

addition, the difference between the two apps can also be assessed. Second, the prospective application of

the Risk of Bias tool [38] ensured high quality of the design. Third, participants were asked to use the apps

in a self-directed manner. This means that the result of the study can approximate real-world behavior.

Fourth, this study used a post-baseline design to assess the change in PA; hence, the results are more

realistic. 

Limitations

Our study has some limitations. First, while this study provides statistical analysis of the endpoints

collected, there was no formal hypothesis testing, and so no type 1 error was allocated in the design of the

study for inferential analysis (to control the rate of false-positive results). No statistical inference should
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be drawn from these �ndings, and statistical tests should be interpreted as descriptive. Second, the 20%

MVPA change was a pragmatic cut-off to be explored in the feasibility trial. Third, the researchers relied

on retrospective self-report engagement with the apps, which may have been affected by both social

desirability and recall bias  [39]. Fourth, there were higher levels of participants’ education reported in

comparison to the rest of the population in the UK [40]. However, the population in London has one of the

highest levels of education in Europe, which our sample may re�ect. [41]. Fifth, two-thirds of participants

were women, which may limit the generalizability of the �ndings. Sixth, there was no washout period, as

participant engagement was prioritized in this feasibility trial. Last, the time period of two weeks of use

of each intervention is unlikely to assess sustained behavioral effects, including habit formation. 

Conclusions

This study demonstrated that a crossover trial is a feasible, acceptable, and pragmatic method to study

the effects of PA apps. Moreover, the exploration of the potential of apps for increasing PA showed

promising results, whereby psychological and behavioral outcomes changed following the introduction

of the interventions. 

However, the outcomes varied substantially, supporting the notion that no one size �ts all. A future

de�nitive trial will be modi�ed to include consideration for the outcome measure (self-report versus

accelerometer, binary versus continuous PA outcome), increasing engagement with the apps, and the

incorporation of a no-treatment period. In addition, the incorporation of Ecological Momentary

Assessment (EMA) to capture real-time data on app usage, physical activity, and contextual factors to

better understand the dynamic, within-person processes of health behavior change in a real-world

context[42].

Overall, this study demonstrated the value of utilizing alternative, yet high-quality and ef�cient methods

to study health apps, as opposed to the status quo gold standard RCT. Evaluation is vital for developing

the evidence base and tools to realize the public health potential of digital health.

Abbreviations

PA: Physical Activity

UK: United Kingdom

RCT: Randomized Controlled Trial

qeios.com doi.org/10.32388/PGU6LI 19

https://www.qeios.com/
https://doi.org/10.32388/PGU6LI


MVPA: Moderate to Vigorous Physical Activity

CI: Con�dence Interval

LSM: Least Squares Mean

IPAQ: International Physical Activity Questionnaire

EO: Expected Outcomes

ESE: Exercise Self-Ef�cacy

CPM: Counts Per Minute

SB: Sedentary Behavior

MET: Metabolic Equivalent of Task

EMA: Ecological Momentary Assessment

Appendices

Multimedia Appendix 1: Description of the interventions using the TIDieR template

Multimedia Appendix 2: Data collection

Multimedia Appendix 3: Linear regression of the association between baseline PA and PA change during

the intervention period (accelerometer data)

Statements and Declarations

Funding

This work was conducted as part of the PhD of the main author, Paulina Bondaronek, which was funded

by the Medical Research Council, UK.

Data Availability

Data supporting the �ndings of this study consist of self-reported surveys and accelerometer data.

Requests for access to anonymized, de-identi�ed data for research purposes may be considered on a

case-by-case basis and should be directed to the corresponding author.

Con�icts of Interest

PB provides consultancy in digital health development and evaluation

AS provides consultancy in design and analysis in evaluation 

qeios.com doi.org/10.32388/PGU6LI 20

https://www.qeios.com/work-supplementary-data/PGU6LI/appendix-1-structured-description-of-interventions.pdf
https://www.qeios.com/work-supplementary-data/PGU6LI/appendix-2-summary-of-data-collection-points.pdf
https://www.qeios.com/work-supplementary-data/PGU6LI/appendix-3-baseline-activity-linear-reg.pdf
https://www.qeios.com/
https://doi.org/10.32388/PGU6LI


FH has no con�icts of interest to declare.

Author Contributions

Paulina Bondaronek: Conceptualization, Methodology, Formal Analysis, Investigation, Resources,

Writing – Original Draft, Writing – Review & Editing, Visualization, Funding Acquisition; April Slee:

Conceptualization, Methodology, Software, Validation, Formal Analysis, Data Curation, Writing – Review

& Editing, Visualization; Fiona Hamilton: Supervision, Writing – Review & Editing.

Use of Generative AI

ChatGPT-4 was used to assist in correcting grammar and improving the clarity of the manuscript.

Acknowledgements

The authors are grateful to the late Professor Elizabeth Murray (EM) for co-supervising the study with

FH.

References

�. ^Gajarawala SN, Pelkowski JN (2021). "Telehealth bene�ts and barriers." The Journal for Nurse Practitioner

s. 17(2):218-21.

�. ^Schwalbe N, Wahl B (2020). "Arti�cial intelligence and the future of global health." Lancet. 395(10236):157

9-86. doi:10.1016/s0140-6736(20)30226-9. PMID 32416782.

�. ^Istepanian RS, AlAnzi T (2020). "Mobile health (m-health): Evidence-based progress or scienti�c retrogres

sion." In: Biomedical Information Technology. Elsevier. p. 717-33.

�. ^Khosla S, Tepie MF, Nagy MJ, Kafatos G, Seewald M, Marchese S, et al. (2021). "The Alignment of Real-Worl

d Evidence and Digital Health: Realising the Opportunity." Therapeutic Innovation & Regulatory Science. 5

5(4):889-98. doi:10.1007/s43441-021-00288-7.

�. ^Iyamu I, Gómez-Ramírez O, Xu AX, Chang H-J, Watt S, Mckee G, et al. (2022). "Challenges in the developme

nt of digital public health interventions and mapped solutions: Findings from a scoping review." DIGITAL H

EALTH. 8:20552076221102255. doi:10.1177/20552076221102255. PMID 35656283.

�. ^Pham Q, Shaw J, Morita PP, Seto E, Stinson JN, Cafazzo JA (2019). "The Service of Research Analytics to Opt

imize Digital Health Evidence Generation: Multilevel Case Study." J Med Internet Res. 21(11):e14849. doi:10.21

96/14849. PMID 31710296.

qeios.com doi.org/10.32388/PGU6LI 21

https://www.qeios.com/
https://doi.org/10.32388/PGU6LI


�. ^Guo C, Ashra�an H, Ghafur S, Fontana G, Gardner C, Prime M (2020). "Challenges for the evaluation of digi

tal health solutions—A call for innovative evidence generation approaches." NPJ digital medicine. 3(1):1-14.

�. a, bShcherbina A, Hershman SG, Lazzeroni L, King AC, O'Sullivan JW, Hekler E, et al. (2019). "The effect of dig

ital physical activity interventions on daily step count: a randomised controlled crossover substudy of the M

yHeart Counts Cardiovascular Health Study." The Lancet Digital Health. 1(7):e344-e52.

�. ^Murray CJ, Aravkin AY, Zheng P, Abbafati C, Abbas KM, Abbasi-Kangevari M, et al. (2020). "Global burden

of 87 risk factors in 204 countries and territories, 1990–2019: a systematic analysis for the Global Burden of

Disease Study 2019." The Lancet. 396(10258):1223-49.

��. a, bWarburton DE, Bredin SS (2017). "Health bene�ts of physical activity: a systematic review of current syst

ematic reviews." Current opinion in cardiology. 32(5):541-56.

��. a, bBauman AE, Reis RS, Sallis JF, Wells JC, Loos RJ, Martin BW, et al. (2012). "Correlates of physical activity:

why are some people physically active and others not?" The lancet. 380(9838):258-71.

��. ^Bondaronek P (2020). "The public health potential of mobile applications to increase physical activity." U

CL (University College London).

��. ^Higgins JP, Altman DG, Gøtzsche PC, Jüni P, Moher D, Oxman AD, et al. (2011). "The Cochrane Collaboratio

n’s tool for assessing risk of bias in randomised trials." Bmj. 343:d5928.

��. a, bEldridge SM, Chan CL, Campbell MJ, Bond CM, Hopewell S, Thabane L, et al. (2016). "CONSORT 2010 stat

ement: extension to randomised pilot and feasibility trials." Pilot and feasibility studies. 2(1):64.

��. ^Ahmad S, Harris T, Limb E, Kerry S, Victor C, Ekelund U, et al. (2015). "Evaluation of reliability and validity

of the General Practice Physical Activity Questionnaire (GPPAQ) in 60–74 year old primary care patients." B

MC family practice. 16(1):1-9.

��. ^Bondaronek P, Alkhaldi G, Slee A, Hamilton FL, Murray E (2018). "Quality of Publicly Available Physical Ac

tivity Apps: Review and Content Analysis." JMIR Mhealth Uhealth. 6(3).

��. a, bRodrigues AM, O'brien N, French DP, Glidewell L, Sniehotta FF (2015). "The question–behavior effect: Ge

nuine effect or spurious phenomenon? A systematic review of randomized controlled trials with meta-anal

yses." Health Psychology. 34(1):61.

��. ^Sekhon M, Cartwright M, Francis JJ (2017). "Acceptability of healthcare interventions: an overview of revie

ws and development of a theoretical framework." BMC health services research. 17(1):88. doi:10.1186/s12913-

017-2031-8. PMID 28126032.

��. ^Hallal PC, Andersen LB, Bull FC, Guthold R, Haskell W, Ekelund U, et al. (2012). "Global physical activity lev

els: surveillance progress, pitfalls, and prospects." The lancet. 380(9838):247-57. PMID 22818937.

qeios.com doi.org/10.32388/PGU6LI 22

https://www.qeios.com/
https://doi.org/10.32388/PGU6LI


��. ^Hooper R (2023). "Justifying sample size for a feasibility study." Available from: http://www.rds-london.nih

r.ac.uk/RDSLondon/media/RDSContent/�les/PDFs/Justifying-Sample-Size-for-a-Feasibility-Study.pdf.

��. ^Freedson PS, Melanson E, Sirard J (1998). "Calibration of the Computer Science and Applications, Inc. accel

erometer." Medicine and science in sports and exercise. 30(5):777-81.

��. a, bChoi L, Liu Z, Matthews CE, Buchowski MS (2011). "Validation of accelerometer wear and nonwear time

classi�cation algorithm." Medicine and science in sports and exercise. 43(2):357.

��. ^Harris TJ, Owen CG, Victor CR, Adams R, Cook DG (2009). "What factors are associated with physical activi

ty in older people, assessed objectively by accelerometry?" British journal of sports medicine. 43(6):442-50.

��. ^Davis MG, Fox KR, Hillsdon M, Sharp DJ, Coulson JC, Thompson JL (2011). "Objectively measured physical a

ctivity in a diverse sample of older urban UK adults." Medicine & Science in Sports & Exercise. 43(4):647-54.

��. ^Hart TL, Swartz AM, Cashin SE, Strath SJ (2011). "How many days of monitoring predict physical activity a

nd sedentary behaviour in older adults?" International Journal of Behavioral Nutrition and Physical Activit

y. 8(1):62.

��. ^Jefferis BJ, Sartini C, Lee I-M, Choi M, Amuzu A, Gutierrez C, et al. (2014). "Adherence to physical activity gu

idelines in older adults, using objectively measured physical activity in a population-based study." BMC Pu

blic Health. 14(1):382.

��. ^Brown TR, Simnad VI (2016). "A randomized crossover trial of dalfampridine extended release for effect on

ambulatory activity in people with multiple sclerosis." International journal of MS care. 18(4):170-6.

��. ^Kyu HH, Bachman VF, Alexander LT, Mumford JE, Afshin A, Estep K, et al. (2016). "Physical activity and risk

of breast cancer, colon cancer, diabetes, ischemic heart disease, and ischemic stroke events: systematic revie

w and dose-response meta-analysis for the Global Burden of Disease Study 2013." bmj. 354:i3857.

��. ^Prince SA, Adamo KB, Hamel ME, Hardt J, Gorber SC, Tremblay M (2008). "A comparison of direct versus s

elf-report measures for assessing physical activity in adults: a systematic review." International journal of b

ehavioral nutrition and physical activity. 5(1):56.

��. ^Adamo KB, Prince SA, Tricco AC, Connor-Gorber S, Tremblay M (2009). "A comparison of indirect versus di

rect measures for assessing physical activity in the pediatric population: a systematic review." International

Journal of Pediatric Obesity. 4(1):2-27.

��. ^Rhodes RE, Janssen I, Bredin SS, Warburton DE, Bauman A (2017). "Physical activity: Health impact, preval

ence, correlates and interventions." Psychology & Health. 32(8):942-75.

��. ^P�ster T, Matthews CE, Wang Q, Kopciuk KA, Courneya K, Friedenreich C (2017). "Comparison of two accel

erometers for measuring physical activity and sedentary behaviour." BMJ open sport & exercise medicine. 3

qeios.com doi.org/10.32388/PGU6LI 23

https://www.qeios.com/
https://doi.org/10.32388/PGU6LI


(1):e000227.

��. ^Schwarzer R (2001). "Social-cognitive factors in changing health-related behaviors." Current directions in

psychological science. 10(2):47-51.

��. ^Hardeman W, Houghton J, Lane K, Jones A, Naughton F (2019). "A systematic review of just-in-time adapti

ve interventions (JITAIs) to promote physical activity." International Journal of Behavioral Nutrition and Ph

ysical Activity. 16(1):1-21.

��. ^Lee PH, Macfarlane DJ, Lam T, Stewart SM (2011). "Validity of the international physical activity questionn

aire short form (IPAQ-SF): A systematic review." International Journal of Behavioral Nutrition and Physical

Activity. 8(1):115.

��. ^Young L, Hertzog M, Barnason S (2017). "Feasibility of Using Accelerometer Measurements to Assess Habit

ual Physical Activity in Rural Heart Failure Patients." Geriatrics. 2(3):23.

��. ^Gail MH, Benichou J, Armitage P, Colton T (2000). Encyclopedia of epidemiologic methods. John Wiley & S

ons.

��. ^Higgins J, editor (2016). "Revised Cochrane risk of bias tool for randomized trials (RoB 2.0). Additional cons

iderations for cross-over trials." Cochrane.

��. ^Short CE, DeSmet A, Woods C, Williams SL, Maher C, Middelweerd A, et al. (2018). "Measuring engagemen

t in eHealth and mHealth behavior change interventions: viewpoint of methodologies." J Med Internet Res.

20(11):e292.

��. ^Of�ce for National Statistics (2013). "2011 Census: Key Statistics and Quick Statistics for Local Authorities i

n the United Kingdom." [Accessed 2022 Mar 16]. Available from: https://www.ons.gov.uk/employmentandla

bourmarket/peopleinwork/employmentandemployeetypes/bulletins/keystatisticsandquickstatisticsforloca

lauthoritiesintheunitedkingdom/2013-12-04#background-notes.

��. ^Eurostat (2023). "Tertiary educational attainment, age group 25-64 by sex and NUTS 2 regions." [Accesse

d 2023 Sep 25]. Available from: https://data.europa.eu/data/datasets/icx9d4o6lsbwnm63bizg?locale=en.

��. ^Perski O, Keller J, Kale D, Asare BY-A, Schneider V, Powell D, et al. (2022). "Understanding health behaviour

s in context: A systematic review and meta-analysis of ecological momentary assessment studies of �ve ke

y health behaviours." Health psychology review. 16(4):576-601.

Supplementary data: available at https://doi.org/10.32388/PGU6LI

qeios.com doi.org/10.32388/PGU6LI 24

https://doi.org/10.32388/PGU6LI
https://www.qeios.com/
https://doi.org/10.32388/PGU6LI


Declarations

Funding: This work was conducted as part of the PhD of the main author, Paulina Bondaronek, which

was funded by the Medical Research Council, UK.

Potential competing interests: PB provides consultancy in digital health development and evaluation AS

provides consultancy in design and analysis in evaluation FH has no con�icts of interest to declare.

qeios.com doi.org/10.32388/PGU6LI 25

https://www.qeios.com/
https://doi.org/10.32388/PGU6LI

