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Abstract

Regular exercise offers well-documented health benefits, and mobile applications
are increasingly used to promote physical activity. In this study, we conduct a large-
scale randomized controlled trial with 20,187 users of the WeWard app in France to
evaluate the effectiveness of different message framings and intervention durations on
app engagement and walking behavior. Participants were randomly assigned to re-
ceive one of three types of messages, each leveraging distinct behavioral features such
as peer comparison, self-comparison, or a generic reminder, over a period of one or
three weeks. Our results show that peer-comparison messages positively influence the
extensive margin of app utilization. However, despite these increases in app usage,
neither type of message led to a significant increase in the number of steps walked.
These findings highlight the limitations of relying on engagement metrics alone when
evaluating app-based interventions aimed at behavior change.
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1 Introduction

Regular physical activity is widely recognized for its significant health benefits. According to

the World Health Organization,1 exercise helps prevent and manage cardiovascular diseases,

diabetes, and certain cancers, while insufficient activity increases the risk of mortality by 20%

to 30%. Physical activity also plays a crucial role in reducing stress and depression symp-

toms, enhancing mental well-being, and improving cognitive abilities (Sharon-David and

Tenenbaum, 2017; Matzer et al., 2018). Furthermore, it positively influences other health

behaviors, such as self-regulated eating, contributing both directly and indirectly to combat-

ing obesity (Baker and Brownell, 2000; Mata et al., 2009). Despite these well-documented

advantages, regular exercise is often avoided. This reluctance stems from the fact that, aside

from the immediate mood-enhancing effects of endorphin release, most benefits are delayed,

while the associated costs—such as time, effort, and, in some cases, financial expenditures

for equipment or subscriptions—are immediate. These challenges align with present bias

(O’Donoghue and Rabin, 1999), where individuals prioritize immediate rewards over long-

term gains. In this context, identifying strategies to encourage physical activity becomes a

critical public health priority.

This paper examines the effectiveness of framed messages in promoting step track-

ing and walking, using a field experiment. Walking is a universally accessible form of physical

activity, requiring no monetary investment, and can be easily integrated into daily routines.

It is also a zero-emission mode of transportation, making it an important element in sustain-

able mobility transitions.2 Although the optimal number of daily steps is debated,3 setting

step goals and tracking progress can increase awareness of the risks of sedentary behavior

(Walsh et al., 2016).
1See WHO website: https://www.who.int/news-room/fact-sheets/detail/physical-activity
2See European Commission website: https://transport.ec.europa.eu/news-events/news/

efficient-and-green-mobility-2021-12-14_en.
3See The New York Times, 2021: https://www.nytimes.com/2021/07/06/well/move/

10000-steps-health.html
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The growing use of apps and wearable technologies to monitor health metrics, espe-

cially steps, creates new opportunities for behavioral interventions aimed at fostering healthy

habits. Such interventions are increasingly relevant as step counts continue to decline globally

(Desine et al., 2023). In collaboration with the WeWard app, we designed and implemented

a behavioral intervention targeting a large sample of the French population. WeWard, a pop-

ular step-tracking app with over 20 million users across nine countries, incentivizes walking

by offering monetary rewards. Beyond financial incentives, the app employs behavioral fea-

tures such as informational content, social comparisons, reminders, and gamified challenges

to promote walking habits.

Digital interventions via fitness apps and wearable technologies represent a promis-

ing alternative when traditional information campaigns fail to encourage healthy behaviors

(Tufano and Karras, 2005; Liu et al., 2024). Gamification, in particular, has emerged as an

effective tool for influencing health behaviors (King et al., 2013). Mobile messaging has also

been shown to improve a range of health behaviors, such as medication adherence, smoking

cessation, and physical activity (Free et al., 2009; Lester et al., 2010). Additionally, virtual

communities and peer interactions can significantly influence behaviors, including eating,

smoking, and exercise (Christakis and Fowler, 2007; Centola, 2013; Franken et al., 2023).

This phenomenon also helps explain why posts within the rapidly expanding sports-focused

social communities tend to garner significantly more engagement and attention compared

to posts on traditional social media platforms.4 These virtual sports communities provide a

space where users share detailed information about their physical activities, such as workout

routines, step counts, or personal achievements. The act of sharing, combined with interac-

tions such as likes, comments, or virtual rewards from peers, fosters a sense of accountability

and motivation. This engagement reinforces users’ commitment to physical activity, as they

feel supported and encouraged by the community, further amplifying the app’s effectiveness

in promoting healthy behaviors (Russell et al., 2023).
4See https://business.strava.com/blog/strava-clubs-vs-traditional-social-media.
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Despite their potential, many existing studies on app-based interventions rely on

self-reported outcomes, which may introduce bias. Examples include research on diet choices

(Freyne et al., 2017), smoking cessation (Rodgers et al., 2005), postnatal physical activity

(Fjeldsoe et al., 2010), and compliance with testing (Nyatsanza et al., 2016), medical guide-

lines (Vervloet et al., 2012) and vaccination plans (Busso et al., 2015; Chen et al., 2023). In

contrast, our study leverages objective, app-recorded data to evaluate behavioral interven-

tions in a naturalistic setting.

In this experiment, we collaborated with the app WeWard to design and test the

impact of framed messages and intervention durations on walking behavior, leveraging dis-

tinct behavioral insights. Specifically, the messages were designed to capitalize on concepts

such as sunk cost fallacy, peer comparison, and self-comparison. To evaluate their effective-

ness, we implemented two intervention durations: a short-term period of one week and a

longer-term period of three weeks. This approach allowed us to assess whether tailored mes-

sages can serve as a scalable and low-cost tool to encourage physical activity and increase

awareness of the benefits of walking. Our experimental design offers several key advan-

tages. First, we measure actual walking behavior using app-recorded data, which reduces

reliance on self-reported measures and minimizes potential biases. Second, the experiment

involves a large and diverse sample of individuals who did not self-select into the interven-

tion group, enhancing the generalizability of our findings. Third, the study design includes

a two-week pre-experiment observation period, enabling us to classify participants by their

baseline activity levels and analyze heterogeneous treatment effects (Charness and Gneezy,

2009). Additionally, post-intervention observations allow us to examine the persistence of

effects after the intervention ends.

While there is substantial evidence that traditional economic tools, such as mone-

tary incentives (Charness and Gneezy, 2009; Campos-Mercade et al., 2021, 2024; Arad et al.,

2023; Ciccone et al., 2021), can effectively foster healthy behaviors, behavioral interventions,

including tailored messages and reminders, have also been shown to influence health-related
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behaviors in the short term (Slaunwhite et al., 2009; Falco and Zaccagni, 2021; Patel et al.,

2023; Habla and Muller, 2021). However, transforming these short-term effects into sustained

behavioral changes requires habit formation, a process that may demand more sophisticated

strategies. In the context of physical activity, combining various tools—such as incentives,

social comparisons, and reminders—has been found to be particularly effective (Royer et al.,

2015; Patel et al., 2016; Stecher et al., 2024; Adjerid et al., 2022).5

Our findings reveal that the peer comparison treatment increases the likelihood of

app engagement. However, neither treatment results in a significant increase in the number

of steps walked. Walking behavior remains largely influenced by external factors, such as

the day of the week and holidays.

The remainder of this paper is structured as follows. Section 2 details the experi-

mental design, while Section 3 outlines our hypotheses. Section 4 describes the estimation

strategy, and Section 5 presents the results. We conclude with a discussion of our findings

in Section 6.

2 Experimental Design

This study employs a between-subject experimental design to evaluate the effects of various

message framings and treatment durations on subgroups within a representative sample of

WeWard users in France. The experiment is structured to explore how these interventions

influence walking behavior across diverse population segments. In the subsections that follow,

we first provide an overview of the key features and functionality of the WeWard app, which

serves as the platform for our intervention. Next, we outline the experimental procedure,

including details of the sample composition and recruitment process. Finally, we describe

the treatments in detail, highlighting the behavioral principles underlying each message and

the rationale for the chosen intervention durations.
5Although such combinations may not be equally effective when applied to multiple health behaviors

simultaneously, as highlighted by Trachtman (2024).

4



2.1 The WeWard App

Launched in 2019, WeWard is a mobile application designed to encourage walking by inte-

grating financial incentives with step-tracking features.6 Unlike conventional step-tracking

apps, WeWard rewards users with points, termed Wards, for meeting daily step goals. These

points can be redeemed for cash once a certain threshold is reached or used to secure dis-

counts on online purchases. For example, users earn €0.05 for completing 10,000 steps, a

commonly recommended daily goal, with a maximum monthly earning potential of €3.75.

However, payouts are delayed until users accumulate at least €15 worth of Wards, ensuring

engagement over time.7

The app has gained substantial attraction, with over 10 million downloads in France

and Italy, and has recently expanded to other countries, including Spain, Germany, the

United States, Belgium, the United Kingdom, Japan, and the Netherlands, totaling over 20

million users as of March 2024. According to the company, WeWard increases users’ daily

step counts by 24%.

Several features beyond monetary incentives contribute to the app’s success. First,

the gamification of walking transforms a routine physical activity into an engaging and

rewarding experience. For instance, the app introduces challenges where users earn badges

by completing specific tasks, such as walking a designated number of steps consecutively for

several days or within a given timeframe. Second, the app leverages the concept of sunk

costs. Since steps are not immediately convertible into rewards, users may perceive their

initial walking efforts as investments toward future payoffs. This sunk cost mechanism has

been shown to act as a self-regulation tool, encouraging continued engagement by leveraging

the user’s prior effort (Hong et al., 2019). Third, WeWard facilitates self-comparison by

allowing users to track their progress over time. The ability to monitor personal performance,

compare it to past achievements, and observe improvements can foster intrinsic motivation
6A screenshot of the app’s homepage is provided in Appendix A, Figure A1.
7These payment details reflect the app’s structure during the experimental period and remained constant

throughout.
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and promote the formation of walking habits (De La Torre et al., 2021). Additionally,

the app fosters a sense of community by enabling users to connect with others, creating

opportunities for peer comparison. Users can compare their step counts with those in their

network, potentially motivating increased activity through social influence (Franken et al.,

2023; Gershon et al., 2024).

The app’s incentive structure is based on a tiered reward system, offering Wards

when users meet specific thresholds of daily steps - 1,000, 3,000, 6,500, 10,000, 15,000,

and 20,000. Importantly, the number of Wards earned increases non-linearly across these

thresholds, and steps taken between two thresholds do not yield additional rewards. To

validate their steps and claim rewards, users must open the app and manually confirm their

step count by clicking a designated button. This feature not only ensures active engagement

with the app but also rises users’ awareness of their daily activity levels. Overall, WeWard

demonstrates potential as an effective tool for habit formation by incentivizing walking and

reinforcing positive behaviors through financial rewards, gamification, and social comparison.

By increasing users’ awareness and appreciation of walking, a low-cost and accessible form

of physical activity, the app aligns well with public health goals.8

2.2 Procedure and Sample

To implement our field experiment, we collaborated with the start-up WeWard. This collabo-

ration provided two key advantages. First, it enabled us to conduct a large-scale experiment

involving over 20,000 participants. Second, since WeWard directly tracks users’ walking

data, this collaboration allowed us to measure actual behavior in participants’ everyday

lives, thereby mitigating self-reporting biases and experimental demand effects.

The experiment was conducted over seven weeks, spanning December 2022 to Jan-

uary 2023.9 During the first two weeks, we collected pre-treatment data. In this phase,
8This study focuses on specific mechanisms within the app that contribute to habit formation and be-

havioral change.
9The total duration of the experiment was 50 days, comprising seven full weeks and one additional day
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participants were not exposed to any new treatment; instead, they received only the app’s

standard reminder. Starting in the third week, we introduced our treatments. For partici-

pants in the treatment groups, one of three framed messages replaced the standard reminder.

The control group continued to receive the original reminder.10 The treatments were assigned

to two durations: a short-term intervention lasting one week and a longer intervention last-

ing three weeks. After the treatment phase, we collected post-treatment data for four weeks

for participants in the short-term group and two weeks for those in the long-term group.

Thus, the total study duration was seven weeks for all participants. Figure 1 illustrates

the experimental timeline. This experiment was pre-registered in the AEA RCT Registry

(Registry Number: AEARCTR-0010467).11

Figure 1: Timeline of the project.
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Our sample consisted of 20,187 individuals, totaling 422,076 observations. The

sample was representative of WeWard users and included only participants who had con-

sented to receive app notifications during their initial sign-up. This was a prerequisite for

delivering the interventions via mobile notifications. Additionally, we restricted the sample

to participants who had not customized the default time for receiving reminders (9 PM).

These users neither opted out of reminders nor personalized their timing, suggesting they

likely had no strong preference regarding the default reminder, minimizing selection bias

in the final week of the post-treatment observation period.
10A detailed description of the treatments can be found in Subsection 2.3.
11The pre-registration is available at https://www.socialscienceregistry.org/trials/10467.
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based on prior engagement with the app’s features.

In our sample, 52.4% of participants identified as female, 29.4% as male, and 18.2%

did not disclose their gender. The sample was evenly distributed across treatment arms,

with approximately 2,200 participants assigned to each message-duration combination, and

twice as many participants allocated to the control group. Randomization ensured balance

in pre-treatment characteristics, as shown in Table 1.

The experiment included participants from all French regions. As demonstrated

in Appendix A, Figure A2, the regional distribution of users relative to the population is

uniformly distributed, ensuring geographic representativeness.

Table 1: Summary statistics.

Peer/1W Peer/3W Self/1W Self/3W Sunk-cost/1W Sunk-cost/3W Control N
Female 0.65 0.64 0.65 0.62 0.65 0.64 0.64 14,215

(0.67) (0.82) (0.50) (0.22) (0.52) (0.87)
% of users who do not share their location 0.42 0.45 0.46 0.43 0.44 0.44 0.45 17,377

(0.49) (0.50) (0.50) (0.49) (0.50) (0.50)
Average number of steps at baseline 6,050 5,994 6,037 6,144 5,989 6,011 6,092 17,377

(0.68) (0.34) (0.59) (0.61) (0.31) (0.43)
% of subjects who walk > 10,000 steps 0.12 0.11 0.12 0.13 0.12 0.13 0.12 17,377

(0.73) (0.32) (1.00) (0.75) (0.89) (0.71)
% of subjects who walk < 5,000 steps 0.44 0.46 0.45 0.44 0.46 0.45 0.44 17,377

(0.91) (0.31) (0.48) (0.91) (0.22) (0.41)
Average number of connections at baseline 3.35 3.30 3.28 3.34 3.26 3.46 3.36 17,377

(0.94) (0.60) (0.45) (0.88) (0.36) (0.37)
Probability of opening the app at baseline 0.53 0.52 0.53 0.51 0.52 0.52 0.53 17,377

(0.56) (0.44) (0.75) (0.08) (0.37) (0.30)
N 2,223 2,114 2,160 2,201 2,132 2,193 4,354

Notes: The table reports the means of each variable across each treatment arm and p-values from t-test of the differences of means
between the treatment arm and the control.

2.3 Treatments

The study leverages pre-treatment observations collected over two weeks for the entire sample

to establish baseline activity levels. During this period, all users received the app’s standard

reminder. This same message was sent to the control group throughout the experiment and

during the post-treatment period for all participants.

0. Basic reminder: “Don’t forget to validate your steps! It’s time to increase your prize
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fund”.

This message serves as a neutral prompt, simply reminding users of the app’s func-

tionality without emphasizing any particular behavioral motivation.

Following the pre-treatment period, participants were randomly assigned to one of

six treatment arms using a 3x2 factorial design. An additional seventh group, the control

group, received only the basic reminder throughout the experiment. The treatments varied

along two dimensions: message content and treatment duration. The details are as follows:

1. Sunk-Cost Message: “You have validated your steps over the last few days, do it

again to win more Wards”.

This message emphasizes users’ prior investment of time and effort, aiming to leverage

the sunk-cost fallacy to encourage continued engagement.

1.1. Sunk-Cost/1W: Participants in this arm received the sunk-cost message

for one week.

1.2. Sunk-Cost/3W: Participants in this arm received the sunk-cost message

for three weeks.

2. Peer Comparison Message: “Today, the WeWarders have walked XXX steps on

average, what about you?”

This message highlights the app’s social features, encouraging users to compare their

performance with the community. By fostering curiosity and competitive behavior, it

aims to increase awareness and engagement.12

2.1. Peer/1W: Participants in this arm received the peer comparison message

for one week.
12In our study, participants were not provided with information about the performance of peers within

their chosen group of friends. At the time of implementation, many users were not actively utilizing this
feature, and those who did were likely a self-selected group with higher levels of competitiveness. Using such
sub-sample could have introduced bias and reduced the generalizability of the intervention.
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2.2. Peer/3W: Participants in this arm received the peer comparison message

for three weeks.

3. Self-Comparison Message: “Last week you walked an average of XXX steps, how

many did you walk today?”

This message focuses on users’ prior performance, promoting self-improvement and

reflection. Its effectiveness may depend on users’ potential for improvement and self-

evaluation.

3.1. Self/1W: Participants in this arm received the self-comparison message

for one week.

3.2. Self/3W: Participants in this arm received the self-comparison message

for three weeks.

As outlined earlier, data collection occurred over seven weeks. Two weeks of pre-

treatment data established baseline activity levels, during which all participants received

the basic reminder. Treatment messages were then implemented in weeks three to five,

with durations varying by treatment arm (one or three weeks). Finally, two weeks of post-

treatment data were collected, during which all participants reverted to receiving the basic

reminder.

3 Hypotheses

The focus of our study is the relationship between the information treatments administered

to app users and their average number of steps. Given that the app tracks steps and promotes

walking, we use engagement with the app as a proxy for attention to this healthy behavior.

Sending reminders is a cost-effective method of encouraging physical activity (Calzolari and

Nardotto, 2017; Habla and Muller, 2021). However, generic messages often yield limited

impact (Costa and Kahn, 2013; Halpern, 2015; Peer et al., 2020). Tailored messages, on the
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other hand, have proven effective in improving outcomes in academic performance, driving

behavior (O’Connell and Lang, 2018; Choudhary et al., 2022), and college program enroll-

ment among disadvantaged populations (Castleman and Page, 2015). Such interventions can

successfully induce new behaviors (e.g., attending college) and enhance existing ones. In the

domain of physical activity, punctual, targeted messages have demonstrated effectiveness in

promoting exercise within specific populations (Golbus et al., 2024).

Building on this evidence, our study implements specifically designed messages that

emphasize particular behavioral features of the app, aiming to amplify their impact. We

hypothesize that these tailored messages will outperform standard reminders in increasing

the number of steps walked. Additionally, comparing the effects of different treatments

allows us to identify which behavioral aspect is most effective in influencing users’ behavior.

Hypothesis 1: Walking and engagement with the app increase when users receive

tailored messages leveraging behavioral features compared to standard reminders.

The duration of the intervention is also a critical factor influencing its effectiveness.

In this study, we manipulate both the content and the duration of the reminders. Evidence

suggests that the timing and duration of health interventions significantly affect their impact

(Head et al., 2013; Steiner et al., 2018; Hardeman et al., 2019). While previous research has

examined the effect of varying the intensity and duration of physical activity requirements

(Charness and Gneezy, 2009), our study focuses specifically on the duration of messaging

designed to promote such behavior.

We predict that longer exposure to tailored reminders (three weeks) will have a

greater impact on increasing the number of steps and app engagement compared to shorter

exposure (one week). Extended exposure to behavioral messages may provide more con-

sistent reinforcement, helping users develop the habit of consulting the app and sustaining

behavioral changes over time.
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Hypothesis 2: Walking and engagement with the app increase when users receive

tailored messages leveraging behavioral features for a longer period.

Prior research often targets individuals who do not regularly exercise (Acland and

Levy, 2015), or distinguishes between regular and non-regular exercisers, predicting greater

treatment effects among less active individuals (Charness and Gneezy, 2009). In our study, all

participants are users of the app and can be considered motivated to some extent. However,

baseline data from WeWard allows us to differentiate between users who walk an average or

above-average number of steps (active and very active) and those who walk relatively little

(somewhat active and inactive).13

We hypothesize that the intervention will have a stronger effect among inactive

users, as their potential for improvement is greater compared to regular walkers.

Hypothesis 3: The treatment is more effective among inactive users.

4 Empirical Strategy

To evaluate the effects of the treatments on users’ attention and walking habits within the

WeWard app, we first examine the overall impact of receiving any tailored reminder on sev-

eral outcome variables. Subsequently, we compare specific outcomes within each treatment

group to those in the control group, which received only the generic message throughout the

intervention. Specifically, we estimate the following econometric model:

Yi,n = β0 + β1Treated + β2Ti,sunk · Treated + β3Ti,peer · Treated

+β4Ti,self · Treated + ϵi,

(1)

13For a detailed description of the user activity categories (active, very active, somewhat active, and
inactive), please refer to Subsection 5.2.2.
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where Yi,n represents a set of n outcomes of interest, including: (1) a dummy

variable indicating whether the user opened the app on a given day, (2) the number of

connections to the app per day, (3) the daily number of steps (for the whole sample and

for a restricted sample of individuals who opened the app every day), and (4) the weekly

average number of steps. To analyze attention to steps, we examine engagement with the

app by defining a dummy variable equal to 1 if the user opened the app on a given day, and 0

otherwise. Additionally, we assess the number of app connections and user-initiated actions

within the app on a daily basis, using the full sample of observations for these variables. For

walking habits, we first evaluate the intervention’s impact on the number of steps walked

across the entire sample of users. Subsequently, we calculate the weekly average number of

steps (Weekly steps) as the mean number of steps per week per user, restricting the sample

to individuals with at least one recorded observation per week. The daily number of steps

(Daily steps) is defined as the steps walked on a given day by users who consistently opened

the app each day during the intervention period.

The variable Treated is a dummy equal to 1 during the treatment period, specif-

ically after week 2 and before week 4 (for one-week treatments) or week 6 (for three-week

treatments). This variable identifies observations within the treatment window. Depending

on the regression specification, the treatment effect is measured relative to the pre-treatment

period (Pre-Treatment) or the post-treatment period (Post-Treatment). We also analyze the

effects of new reminders by comparing outcomes across pre-treatment, and post-treatment

periods. The variables Tsunk, Tpeer, and Tself are dummies equal to 1 if an individual was

randomly assigned to the respective control or treatment groups, where the control group

received only the generic reminder. The term ϵi represents the error term. In this specifica-

tion: β0 captures the average baseline outcome in the control group during the pre-treatment

period.

The coefficient β1 captures the difference in the outcome for the control group

between the pre-treatment period (weeks 1 and 2) and the treatment period (week 3 for the
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one-week treatments and weeks 3-5 for the three-week treatments). The coefficients β2, β3,

and β4 capture the differential impact of each treatment group (compared to the control

group) on step counts or app engagement over the course of the experiment. This approach

allows us to disentangle the effects of specific treatments and assess how tailored reminders

influence users’ walking behavior and engagement with the app.

5 Results

This section presents the results of our study, examining the effects of the treatments on

app engagement and walking habits. Subsection 5.1 focuses on app-related behaviors, while

Subsection 5.2 explores users’ walking habits. Since opening the app is a prerequisite for

WeWard to retrieve activity data, our analysis accounts for potential attrition by running

separate analyses on walking habits using two distinct sub-samples in addition to the full

sample. Subsection 5.2.1 analyzes the weekly average number of steps (Weekly steps), re-

stricting the sample to participants who opened the app at least one day per week throughout

the experiment. We then narrow the analysis further to users who validated their steps daily

during the intervention, allowing us to study the daily number of steps (Daily steps), a more

granular measure of walking behavior that reflects the habits of the most committed users.

Finally in 5.2.2 we explore the heterogeneity of the results looking at initial differences in

walking habits.

5.1 Engagement with the App

While downloading the app signals an interest in step tracking and walking, users exhibit

diverse behaviors within the app. Only 3.62% of the initial sample opened the app daily

throughout the study. App engagement provides valuable insights into users’ attention and

motivation, which are critical for understanding and influencing walking habits. Targeting

app engagement may foster improvements in walking behavior, as the number of steps taken
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positively correlates with both the frequency of app openings and interactions (Pearson’s

r = 0.27 and r = 0.26, respectively; p = 0.00). This interdependence between physical

activity and attention to its measurement may create a virtuous cycle if effectively activated.

We begin by analyzing the factors influencing whether users open the app in Sub-

section 5.1.1.14 Next, we explore the number of app connections as a proxy for the intensity

of user interaction with WeWard.

5.1.1 Opening the App

On average, users opened the app 4.37 times per day during the 50-day intervention. How-

ever, app usage varied significantly across participants. Half of the users did not open the

app for 32 days, and on average, users refrained from opening the app for 3.48 consecutive

days. Notably, 1,143 individuals opened WeWard only once during the entire study period.

Figure 2 illustrates the proportion of users opening the app by day of the week. Users were

significantly less likely to engage with the app during weekends (χ2, p = 0.00). However, app

openings were higher on Sundays compared to Saturdays (χ2, p = 0.00). Gender differences

in app engagement are evident in Figure A3 (Appendix), showing that women were more

likely than men to open the app on any given day (χ2, p = 0.00).

Figures 3a and 3b depict the evolution of app-opening behavior across different

treatment groups and durations. The red lines mark the start and end of the treatment

period. The data reveal temporal variations in app engagement, including weekly dips during

weekends and a general downward trend influenced by the holiday season. App openings

decreased significantly on key holidays, such as Christmas Eve (December 24) and New

Year’s Eve (December 31), as well as on Christmas Day (December 25) and New Year’s Day

(January 1) (χ2, p = 0.00 for December 25; χ2, p = 0.03 for January 1).
14Our sample consists of users who were active on the app at least once (N = 17,377). We excluded

participants who never opened the app (N = 2,212) and those with no recorded steps during the 50-day
experiment (N = 598). However, we checked the robustness of our results using the complete sample. Results
are available upon request.
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Figure 2: Proportion of users opening the app by day of the week.
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Figure 3: Time trend of the proportion of users opening the app.

(a) One-week (b) Three-week

Tables 2 and B5 (in the Appendix) present the effects of the treatments on the

probability of opening the app. Table 2 first compares the treatment period with the pre-

treatment period to identify any treatment effects. Then it compares the treatment period

with the post-treatment to examine potential rebound effects once the treatment is removed.

Lastly, Table B5 directly compares pre- and post-treatment to assess whether the treatment

produced a change that lasts.15 Table 2 includes eight econometric specifications estimated
15As a robustness check, we also pooled together the treatment and post-treatment periods and tested them

against the pre-treatment period. Results were consistent, but we choose to show in the main text results
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using a logit model with individual fixed effects. Columns from 1 to 4 present the results of

the comparison of the treatment period with the pre-treatment period, while columns from

5 to 8 present the results of the comparison of the treatment period with the post-treatment

period. We present the baseline specifications (columns 1-2-5-6) without additional controls

and then incorporate a time trend which allows also to account for the potential impact of the

holiday period during the experiment. To incorporate the time trend we include one dummy

each for the 2nd through 21st day of the experiment in the one-week treatments (column

3), and one dummy each for the 2nd through 35th day of the experiment in the three-week

treatments (column 4). For the comparison of the treatment with the post-treatment, we

include one dummy each for the 16th through 50th day of the experiment in both the one-week

treatments (column 7), and the three-week treatments (column 8).

In Table 2, the treatment effect is assessed by comparing the treatment period with

the pre-treatment period. The negative and significant coefficient of Treated in columns 1

to 4 indicates that users opened the app significantly less during the treatment period than

in the pre-treatment period. The estimated coefficients range from -0.27 for the one-week

treatments to -0.43 for the three-week treatments (columns 1–2) and become even more

negative when accounting for the time trend, reaching -0.62 for the one-week treatment and

-0.89 for the three-week treatment (columns 3–4). This evidence suggests that during the

treatment period, there was a decline in the probability of opening the app among users who

did not receive the intervention. When examining the marginal effect of receiving framed

reminders, we find that the treatment emphasizing peer comparison significantly increases

the probability of opening the app, whether administered for one or three weeks. Specifically,

this treatment mitigates the downward trend by 0.08 when received for one week and by

0.14 when received for three weeks. We then compare the treatment period with the post-

treatment period to assess whether the effects persist once the reminders are discontinued.

of post-treatment vs. treatment and treatment vs. pre- treatment to highlight that the effect vanishes over
time. Evidence of the post-treatment vs. pre-treatment, which might be considered a more policy relevant
estimate, is available in Table B5, in the Appendix.
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Table 2: Effects of treatments on Probability of opening the app.

Probability of opening the app
Treat vs. Pre Treat vs. Post

(1) (2) (3) (4) (5) (6) (7) (8)
Treated -0.27∗∗∗ -0.43∗∗∗ -0.62∗∗∗ -0.89∗∗∗

(-14.50) (-31.45) (-16.00) (-23.80)
Peer/1W × Treated 0.08∗∗ 0.08∗∗

(2.61) (2.62)
Self/1W × Treated 0.05 0.05

(1.42) (1.43)
Sunk-Cost/1W × Treated 0.07∗ 0.07∗

(2.05) (2.06)
Peer/3W × Treated 0.13∗∗∗ 0.14∗∗∗

(5.58) (5.61)
Self/3W × Treated -0.01 -0.01

(-0.24) (-0.24)
Sunk-Cost/3W × Treated 0.04 0.04

(1.64) (1.65)
Treated 0.24∗∗∗ 0.04∗∗ 1.45∗∗∗ 1.54∗∗∗

(13.83) (2.74) (36.87) (39.74)
Peer/1W × Treated 0.07∗ 0.07∗

(2.35) (2.37)
Self/1W × Treated 0.07∗ 0.07∗

(2.26) (2.27)
Sunk-Cost/1W × Treated 0.07∗ 0.07∗

(2.22) (2.22)
Peer/3W × Treated 0.11∗∗∗ 0.11∗∗∗

(4.59) (4.61)
Self/3W × Treated -0.00 -0.00

(-0.09) (-0.09)
Sunk-Cost/3W × Treated 0.07∗∗ 0.07∗∗

(2.79) (2.81)
Observations 195,468 352,240 195,468 352,240 351,504 350,964 351,504 350,964
Subjects 9,308 10,064 9,308 10,064 9,764 9,749 9,764 9,749
Day dummies Yes Yes Yes Yes

Notes: Logit model regressions with individual fixed effects. The first panel (columns 1-4) shows the comparison
between the treatment and the pre-treatment periods. The second panel (columns 5-8) shows the comparison between the
treatment and the post-treatment periods. Columns 1-3-5-7 correspond to the one-week treatment arms, while columns 2-4-
6-8 correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1% levels, respectively.

The positive coefficients for the Treated variable in this comparison suggest a reversal of

the trend, potentially bringing app activity back to pre-treatment levels. Specifically, for

the Peer treatment, the coefficients (0.07 and 0.11) are comparable to those observed during

the treatment period, indicating that its effects do not persist after removal. This finding

aligns with prior research on reminders and notifications, which suggests that while such
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interventions are effective during implementation, their influence often diminishes or even

reverses once they are withdrawn, as individuals revert to baseline behavior or even lower

engagement levels. For the other framed messages, we observe positive marginal effects,

suggesting that removing these treatments and reverting to the standard message slightly

reduces the probability of app usage.

To further investigate this, we compare the pre-treatment and post-treatment peri-

ods in Table B5 (Appendix). We find a decline in the probability of opening the app within

the control group. Additionally, the results show no significant effects for the customized

reminders, regardless of whether participants were in the one-week or three-week treatment

groups. Taken together, the evidence from Tables 2 and B5 suggests that the impact of peer

comparison messages does not persist once the intervention ends. These findings contribute

to the literature on the short-lived nature of customized reminders, particularly those based

on social or self-comparison (Slaunwhite et al., 2009).

Having examined the impact of the reminders on the probability of opening the

app—an initial measure of attention to step tracking—the next section explores whether

they influence the frequency of interactions with the app. We then assess their effects on

walking habits. Together, these analyses provide a comprehensive understanding of how our

messages shaped users’ engagement with step tracking.

5.1.2 Activity on the App

In this section, we go beyond app openings to examine whether the reminders affect users’

engagement with the app. To measure this, we analyze the daily number of connections to

the application.

Table 3 and Table B6 (in the Appendix) present the results on the effect of the

messages on the number of connections, comparing the pre-treatment, treatment, and post-

treatment periods. The structure of Tables 3 and B6 mirrors that of Tables 2 and B5.

We estimate an OLS model with individual fixed effects. In Table 3, which compares the
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treatment period to the pre-treatment period (columns 1 to 4), we observe a reduction

in the number of connections for the control group. When we introduce the time trend

(columns 3–4), the coefficient of Treated becomes more negative. These results are consistent

with those observed for the probability of opening the app. However, we do not find any

evidence of a marginal contribution of the customized messages to the overall effect. When

comparing the post-treatment to the treatment period, we observe some marginal effects

in the three-week treatments. Table B6 in the Appendix presents the comparison between

the post-treatment and pre-treatment periods. As expected, none of the interventions has a

statistically significant effect, while the control group experiences a decline in the number of

connections.

5.2 Walking Habits

In the following sections, we examine walking behavior and the impact of our treatments in

promoting healthier habits. We begin by analyzing the walking patterns of the full sample

of users. To test the robustness of our findings, we then focus on the weekly average number

of steps and, finally, on highly committed users who open the app daily.

Table 4 presents the effect of our reminders on the number of steps walked, first

comparing the treatment period with the pre-treatment period (columns 1–4) and then

with the post-treatment period (columns 5–8). We estimate an OLS model with individual

fixed effects. As shown, the number of steps walked decreases during the treatment period

compared to the pre-treatment period. After accounting for the time trend, the effect remains

negative, ranging from -698.55 steps (for the one-week treatments) to -1403.94 steps (for

the three-week treatments). None of the customized reminders stand out in influencing

the number of steps walked. Similarly, we find no effect of the different messages when

comparing the treatment and post-treatment periods. For a direct comparison between the

post-treatment and pre-treatment periods, see Table B7 in the Appendix.
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Table 3: Effects of treatments on Number of connections.

Number of connections
Treat vs. Pre Treat vs. Post

(1) (2) (3) (4) (5) (6) (7) (8)
Treated -0.32∗∗∗ -0.40∗∗∗ -0.49∗∗∗ -0.64∗∗∗

(-5.88) (-6.51) (-5.12) (-6.47)
Peer 1W × Treated 0.00 0.01

(0.04) (0.06)
Self 1W × Treated 0.07 0.07

(0.88) (0.86)
Sunk Cost 1W × Treated 0.06 0.06

(0.71) (0.66)
Peer 3W × Treated 0.01 0.00

(0.06) (0.04)
Self 3W × Treated 0.17 0.17

(1.68) (1.68)
Sunk Cost 3W × Treated 0.11 0.11

(1.16) (1.17)
Treated 0.05 -0.13∗ 0.05 0.21∗

(0.98) (-2.44) (0.48) (2.01)
Peer 1W × Treated 0.06 0.06

(0.82) (0.81)
Self 1W × Treated 0.01 0.01

(0.10) (0.07)
Sunk Cost 1W × Treated -0.03 -0.03

(-0.33) (-0.35)
Peer 3W × Treated 0.10 0.10

(1.05) (1.04)
Self 3W × Treated 0.26∗ 0.26∗

(2.42) (2.40)
Sunk Cost 3W × Treated 0.16 0.16

(1.65) (1.64)
Constant 3.94∗∗∗ 4.14∗∗∗ 4.00∗∗∗ 4.19∗∗∗ 3.76∗∗∗ 3.92∗∗∗ 4.08∗∗∗ 3.97∗∗∗

(341.86) (209.80) (65.89) (75.98) (610.21) (185.33) (51.13) (50.26)
Observations 110,034 170,101 110,034 170,101 167,191 164,857 167,191 164,857
Subjects 10,119 10,583 10,119 10,583 10,106 10,081 10,106 10,081
Day dummies Yes Yes Yes Yes

Notes: OLS model regressions with individual fixed effects. The first panel (columns 1-4) shows the comparison between
the treatment and the pre-treatment periods. The second panel (columns 5-8) shows the comparison between the treatment
and the post-treatment periods. Columns 1-3-5-7 correspond to the one-week treatment arms, while columns 2-4-6-8
correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1% levels, respectively.
Standard errors are robust and clustered at customerID.

5.2.1 Weekly and Daily Steps

To leverage the temporal dimension of our data, we conduct panel analyses, restricting

the sample to participants who recorded at least one observation per week throughout the
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Table 4: Effects of treatments on Steps walked.

Steps walked
Treat vs. Pre Treat vs. Post

(1) (2) (3) (4) (5) (6) (7) (8)
Treated -224.44∗∗∗ -648.96∗∗∗ -698.55∗∗∗ -1403.94∗∗∗

(-5.16) (-16.92) (-8.47) (-17.37)
Peer 1W × Treated -10.34 0.02

(-0.13) (0.00)
Self 1W × Treated 63.73 54.88

(0.90) (0.77)
Sunk Cost 1W × Treated -59.87 -69.63

(-0.77) (-0.90)
Peer 3W × Treated -35.36 -39.29

(-0.52) (-0.58)
Self 3W × Treated 60.59 55.65

(0.85) (0.78)
Sunk Cost 3W × Treated 11.98 -5.47

(0.17) (-0.08)
Treated 344.28∗∗∗ -452.86∗∗∗ -45.24 -52.35

(7.60) (-10.55) (-0.50) (-0.57)
Peer 1W × Treated 50.02 54.41

(0.66) (0.72)
Self 1W × Treated 63.13 63.37

(0.84) (0.85)
Sunk Cost 1W × Treated -42.54 -43.27

(-0.56) (-0.56)
Peer 3W × Treated 39.08 37.18

(0.52) (0.49)
Self 3W × Treated 92.66 85.04

(1.10) (1.00)
Sunk Cost 3W × Treated 40.41 20.93

(0.47) (0.24)
Constant 6274.28∗∗∗ 6348.75∗∗∗ 6701.06∗∗∗ 6737.76∗∗∗ 5784.81∗∗∗ 6184.50∗∗∗ 6538.27∗∗∗ 6589.04∗∗∗

(711.24) (445.62) (144.64) (140.03) (995.43) (357.10) (100.09) (91.87)
Observations 109794 169746 109794 169746 166884 164575 166884 164,575
Subjects 10,121 10,585 10,121 10,585 10,107 10,081 10,107 10,081
Day dummies Yes Yes Yes Yes

Notes: OLS model regressions with individual fixed effects. The first panel (columns 1-4) shows the comparison between
the treatment and the pre-treatment periods. The second panel (columns 5-8) shows the comparison between the treatment
and the post-treatment periods. Columns 1-3-5-7 correspond to the one-week treatment arms, while columns 2-4-6-8
correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1% levels, respectively.
Standard errors are robust and clustered at customerID.

experiment. This procedure results in a final sample of 8,941 subjects, enabling a balanced

panel analysis with customerID as the panel variable and week as the time variable. Our

key outcome variable is the individual’s average number of steps per week, which we define

as Weekly Steps.16

Figures 4a and 4b depict the evolution of Weekly Steps throughout the experiment
16The distribution of subjects by treatment arm in the restricted sample is reported in Table B4.
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by treatment group. As shown in the figures, the average number of steps per week declines

across all groups, with a pronounced drop in weeks four and five, followed by an increase.

Since the fourth week begins on December 20th and the fifth week ends on January 2nd,

this decline is largely attributable to seasonal effects, particularly the Christmas holidays.

This effect appears less pronounced for the Self/3W treatment, whereas the decline is more

substantial for Peer/3W. Among participants receiving the one-week treatment, differences

between groups are less evident.

Figure 4: Weekly steps by treatment group.

(a) One-week

5,200

5,400

5,600

5,800

6,000

6,200

6,400

1 2 3 4 5 6 7
week

Control Sunk-cost/1W Peer/1W Self/1W

(b) Three-week

5,200

5,400

5,600

5,800

6,000

6,200

6,400

1 2 3 4 5 6 7
week

Control Sunk-cost/3W Peer/3W Self/3W

We further examine the effect of different message types and treatment durations

on walking behavior using a panel data fixed effects model. Table 5 presents the results with

Weekly Steps as the dependent variable. The table follows the same structure as previous

tables, first comparing the treatment period with the pre-treatment period (columns 1–4)

and then comparing the treatment period with the post-treatment period (columns 5–8).

Odd-numbered columns report results for the one-week treatments, while even-numbered

columns report results for the three-week treatments. In specifications 3–4 and 7–8, we

include a time trend.

As indicated by the significant and negative coefficient of Treated, participants walk

fewer steps per week on average following the implementation of the treatment, consistent
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Table 5: Effects of treatments on Weekly Steps.

Weekly steps
Treat vs. Pre Treat vs. Post

(1) (2) (3) (4) (5) (6) (7) (8)
Treated -162.99∗∗∗ -679.52∗∗∗ -139.51∗∗ -898.87∗∗∗

(-3.32) (-15.58) (-2.65) (-16.18)
Peer 1W × Treated 6.33 6.33

(0.07) (0.07)
Self 1W × Treated 2.75 2.75

(0.03) (0.03)
Sunk Cost 1W × Treated -120.09 -120.09

(-1.32) (-1.32)
Peer 3W × Treated -26.18 -26.18

(-0.35) (-0.35)
Self 3W × Treated 84.76 84.76

(1.04) (1.04)
Sunk Cost 3W × Treated -4.52 -4.52

(-0.06) (-0.06)
Treated 404.77∗∗∗ -481.80∗∗∗ -25.62 -97.30

(8.30) (-10.36) (-0.47) (-1.82)
Peer 1W × Treated -26.34 -26.34

(-0.31) (-0.31)
Self 1W × Treated -6.29 -6.29

(-0.08) (-0.08)
Sunk Cost 1W × Treated -88.16 -88.16

(-1.02) (-1.02)
Peer 3W × Treated 23.07 23.07

(0.29) (0.29)
Self 3W × Treated 131.86 131.86

(1.45) (1.45)
Sunk Cost 3W × Treated 60.24 60.24

(0.64) (0.64)
Constant 6166.54∗∗∗ 6230.98∗∗∗ 6143.06∗∗∗ 6201.02∗∗∗ 5601.40∗∗∗ 6001.26∗∗∗ 6031.79∗∗∗ 6111.24∗∗∗

(578.93) (363.63) (302.77) (256.43) (912.12) (313.28) (248.03) (218.37)
Observations 16,914 27,770 16,914 27,770 28,190 27,770 28,190 27,770
Subjects 5,638 5,554 5,638 5,554 5,638 5,554 5,638 5,554
Week dummies Yes Yes Yes Yes

Notes: OLS model regressions with individual fixed effects. The first panel (columns 1-4) shows the comparison between
the treatment and the pre-treatment periods. The second panel (columns 5-8) shows the comparison between the treatment
and the post-treatment periods. Columns 1-3-5-7 correspond to the one-week treatment arms, while columns 2-4-6-8
correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1% levels, respectively.
Standard errors are robust and clustered at customerID.

with our findings from the full dataset. Overall, the treatments do not significantly affect

the average number of weekly steps. These results align with those presented in Table 4,

reinforcing that customized messages are not effective in increasing step count, even when

restricting the sample to users who open the app at least once per week. When comparing the

treatment and post-treatment periods (columns 5 to 8), we find no evidence of a significant

rebound effect after the removal of customized messages, as expected. For a comparison
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between the post-treatment and pre-treatment periods, see Table B8 in the Appendix.

To further validate our findings on the weekly average number of steps and total

steps walked, we refine our sample by excluding all subjects who did not open the applica-

tion—and thus did not allow step data collection—every day for the entire 50-day period.

This procedure substantially reduces the sample size to 553 subjects but enables a balanced

panel analysis with customerID as the panel variable and date as the time variable.17 Since

this dataset contains daily observations with no missing days, we analyze the number of steps

per day (Daily Steps) rather than per week (Weekly Steps). Additionally, this approach al-

lows us to explore variations in walking behavior across different days of the week. Figure 5

illustrates the mean Daily Steps by day of the week, showing that participants tend to walk

more on weekdays than on weekends.

Figure 5: Daily steps by day of the week.
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Figures 6a and 6b illustrate the evolution of Daily Steps throughout the experiment,

providing greater insight into the factors driving the decline in step count compared to

Figures 4a and 4b. Specifically, we find that the drop observed in the fourth week is primarily

driven by December 25th (Christmas Day), while a similar effect occurs in the fifth week,

particularly on January 1st (the day after New Year’s Eve).
17The distribution of subjects by treatment arm in the restricted sample is reported in Table B4.
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The impact of the new reminders on daily step counts is not pronounced. However,

participants in the Peer/1W treatment group appear to have consistently lower step counts

throughout the experiment window.

Figure 6: Daily Steps by treatment group.
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Table 6 presents the regression results for the sub-sample of users with daily step

data. The first part of the table reports the comparison between the treatment and pre-

treatment periods (columns 1–4), while the second part compares the treatment and post-

treatment periods (columns 5–8). Odd-numbered columns (1, 3, 5, and 7) show results for

the one-week treatments, whereas even-numbered columns (2, 4, 6, and 8) correspond to

the three-week treatments. The effect of being Treated follows the same trend observed

in previous tables. As with Weekly Steps, we find no significant impact of the customized

messages on the number of steps walked per day among users who consistently used the app

throughout the observation period.18

Given that we find a significant effect of only one treatment—the three-week peer

treatment—on our first outcome, the probability of opening the app, while all subsequent

analyses on walking-related outcomes across different datasets yield consistently null results,
18Table B9 in the Appendix reports the comparison between the post-treatment and pre-treatment periods.
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Table 6: Effects of treatments on Daily Steps.

Daily steps
Treat vs. Pre Treat vs. Post

(1) (2) (3) (4) (5) (6) (7) (8)
Treated -324.49 -715.99∗∗∗ -1072.31∗∗ -1005.04∗∗

(-1.86) (-4.29) (-3.08) (-2.84)
Peer 1W × Treated -201.64 -201.64

(-0.66) (-0.66)
Self 1W × Treated -95.30 -95.30

(-0.32) (-0.32)
Sunk Cost 1W × Treated 46.94 46.94

(0.16) (0.16)
Peer 3W × Treated -172.53 -172.53

(-0.63) (-0.63)
Self 3W × Treated 156.21 156.21

(0.43) (0.43)
Sunk Cost 3W × Treated -66.74 -66.74

(-0.20) (-0.20)
Treated 65.24 -813.48∗∗∗ -338.73 -54.19

(0.30) (-3.87) (-0.93) (-0.15)
Peer 1W × Treated 229.29 229.29

(0.64) (0.63)
Self 1W × Treated 98.31 98.31

(0.28) (0.28)
Sunk Cost 1W × Treated 231.49 231.49

(0.61) (0.61)
Peer 3W × Treated 881.69∗ 881.69∗

(2.18) (2.18)
Self 3W × Treated 267.58 267.58

(0.76) (0.76)
Sunk Cost 3W × Treated 530.46 530.46

(1.47) (1.46)
Constant 8706.62∗∗∗ 8826.22∗∗∗ 9764.76∗∗∗ 9230.90∗∗∗ 8161.64∗∗∗ 8576.03∗∗∗ 9252.88∗∗∗ 9008.07∗∗∗

(235.96) (124.68) (41.56) (38.52) (313.68) (108.25) (41.71) (39.98)
Observations 7,224 12,425 7,224 12,425 12,384 12,780 12,384 12,780
Subjects 344 355 344 355 344 355 344 355
Day dummies Yes Yes Yes Yes

Notes: OLS model regressions with individual fixed effects. The first panel (columns 1-4) shows the comparison between
the treatment and the pre-treatment periods. The second panel (columns 5-8) shows the comparison between the treatment
and the post-treatment periods. Columns 1-3-5-7 correspond to the one-week treatment arms, while columns 2-4-6-8
correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1% levels, respectively.
Standard errors are robust and clustered at customerID.

we have reasons to assert the robustness of our findings. To further strengthen this claim, we

conduct several robustness checks. First, we re-run the analysis on the restricted sample of

users who opened the app every day, using the lagged outcome variable (one day) to account

for potential delayed effects. Second, we extend the analysis to the full sample without

excluding users who never opened the app, instead assigning them a value of zero for the

outcome variable. Third, we conduct the analysis excluding data from Christmas Day and
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New Year’s Eve to control for potential holiday-related anomalies. Across all these robustness

checks, our main findings remain unchanged, reinforcing the validity of our conclusions.19

In the next section, we further examine potential heterogeneous effects based on

users’ activity levels.

5.2.2 Heterogeneity

We investigate heterogeneous effects based on subjects’ pre-treatment activity levels, fol-

lowing the approach of Charness and Gneezy (2009). To do so, we classify users into four

categories—inactive, somewhat active, active, and very active—based on the quartiles of

their pre-treatment step distribution.20 We conduct this analysis separately for two sub-

samples: (i) users who opened the app every day during the experiment and (ii) users with

at least one recorded observation per week. For the strongly committed users, we define

inactive users as those who walked fewer than 5,445 steps during the pre-treatment period,

somewhat active users as those walking between 5,445 and 7,510 steps, active users as those

walking between 7,510 and 10,765 steps, and very active users as those exceeding 10,765

steps. For the sub-sample with at least one weekly observation, we adjust the thresholds

accordingly: inactive users walk fewer than 3,800 steps, somewhat active users walk between

3,800 and 5,570 steps, active users walk between 5,570 and 7,710 steps, and very active users

walk more than 7,710 steps during the pre-treatment period.21

Not surprisingly, strongly committed users tend to walk more on average than those

who did not open the application daily. Figures 7a and 7b illustrate the evolution of average

Daily Steps by activity category, as defined earlier. Similarly, Figures 8a and 8b show the

evolution of average Weekly Steps by walker category. Figure 7a depicts the evolution of

Daily Steps for users who received the one-week treatment, while Figure 7b shows the data

for those who received the three-week treatment. The trends in Figures 7a and 7b appear
19Results are available upon request.
20The distribution of the Number of connections in the four categories is reported in Table B3.
21The distribution of subjects by category and by treatment arm is reported in Table B4.
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less stable over time compared to those in Figures 8a and 8b, due to the fluctuations in

step counts between weekdays and weekend days in the daily data. These daily figures also

provide more granular evidence of the Christmas effect, particularly driven by very active

users. Notably, the drop in steps on December 25th is more pronounced for very active and

active users than for somewhat active and inactive users. Additionally, fluctuations in daily

steps appear more dependent on weekends for very active and active users.

Figure 7: Daily Steps by category of walkers.
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In the sub-sample of users who opened the app at least once per week throughout

the experiment, the average number of steps per day is 5,848.22

Looking at Figures 8a and 8b, the decline in the number of steps during the treat-

ment period (as observed in Figures 4a and 4b) appears to be primarily driven by somewhat

active, active, and very active users. While their trends show a decline during weeks four

and five, the trend for inactive users remains relatively stable. Interestingly, users who walk

the least seem to experience a slight increase in their average number of steps during week

three, both in the one-week and three-week treatment groups. Figure A4 in the Appendix

shows that the decrease in Weekly Steps for very active users is statistically significant, while
22According to the WHO, walking less than 5,000 steps per day is considered sedentary. Therefore, it

is worth noting that our categorization is based on the data from our sample, where only a relatively
small number of users (1,537, or 17% of the pre-treatment sample) walk in accordance with the WHO’s
recommended 10,000 steps per day.
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inactive users experience a significant increase (Mann-Whitney, p = 0.00).

Figure 8: Weekly Steps by category of walkers.
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To evaluate whether our treatments have a differential impact across walker cat-

egories, we split the sample and run the regression using Weekly Steps as the dependent

variable. Table 7 presents the results of the comparison between the treatment period and

the pre-treatment period. Columns 1-3-5-7 display the specifications for the one-week treat-

ments, while columns 2-4-6-8 correspond to the three-week treatments. Specifically, columns

1-2 report results for inactive users, columns 3-4 for somewhat active users, columns 5-6 for

active users, and columns 7-8 for very active users. As indicated by the significant and posi-

tive coefficient of Treated in specifications 1 and 2, inactive users exhibit a significant increase

in Weekly Steps over time. Conversely, for more active users, the effect is reversed: the coeffi-

cient of Treated is negative in columns 5-8. The magnitude of the coefficients increases from

columns 5-6 to 7-8, suggesting that the more active the users, the more susceptible they are

to the overall negative time trend observed in previous analyses. The upward trend among

inactive users, observed when comparing the treatment period to the pre-treatment period,

persists when comparing the post-treatment period to the pre-treatment period. This pat-

tern suggests that the observed changes may be driven by regression to the mean, where users

with unusually low step counts in the pre-treatment period revert to their higher average
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levels, while those with unusually high step counts revert downward over time. Overall, our

findings indicate that customized messages do not have a significant impact on the number

of steps walked by any category of users.

Table 7: Effects on Weekly steps by category: Treatment vs. Pre-treatment.

Weekly steps
Inactive Somewhat active Active Very active

(1) (2) (3) (4) (5) (6) (7) (8)
Treated 643.03∗∗∗ 308.85∗∗∗ 341.33∗∗∗ -45.55 -263.45∗∗∗ -1058.59∗∗∗ -977.76∗∗∗ -2439.21∗∗∗

(7.51) (3.94) (5.13) (-0.68) (-3.30) (-12.95) (-6.52) (-15.75)
Peer 1W × Treated -241.79 -24.66 73.65 42.56

(-1.80) (-0.23) (0.55) (0.15)
Self 1W × Treated -205.66 -79.58 185.18 -127.18

(-1.60) (-0.77) (1.45) (-0.60)
Sunk Cost 1W × Treated -246.13 -37.08 15.31 -336.71

(-1.85) (-0.32) (0.11) (-1.30)
Peer 3W × Treated -6.90 -30.18 -101.64 90.68

(-0.06) (-0.33) (-1.00) (0.42)
Self 3W × Treated 65.22 127.42 286.14∗ 26.72

(0.58) (1.28) (2.43) (0.13)
Sunk Cost 3W × Treated -74.43 -11.91 -3.95 146.66

(-0.70) (-0.13) (-0.04) (0.66)
Constant 2731.69∗∗∗ 2716.12∗∗∗ 3670.22∗∗∗ 3683.41∗∗∗ 6279.67∗∗∗ 6304.07∗∗∗ 11057.91∗∗∗ 11077.18∗∗∗

(107.65) (87.03) (158.80) (130.25) (194.53) (172.63) (176.04) (155.65)
Observations 4,218 6,625 6,291 10,140 5,997 9,940 3,786 6,335
Subjects 1,406 1,325 2,097 2,028 1,999 1,988 1,262 1,267
Week dummies Yes Yes Yes Yes Yes Yes Yes Yes

Notes: OLS model regressions with individual fixed effects. Columns 1-3-5-7 correspond to the one-week treatment
arms, while columns 2-4-6-8 correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%,
0.1% level, respectively. Standard errors are robust and clustered at customerID. All specifications include weekly dummies.

6 Conclusion

We conduct a large-scale field experiment in collaboration with the step-tracking application

WeWard to test the effect of tailored reminders on user engagement with the app and on

actual walking behavior. Specifically, we examine the impact of messages leveraging different

behavioral features—self-comparison, peer-comparison, and sunk-cost—and assess whether

the duration of exposure to these interventions affects user behavior. Our results demonstrate

that certain types of reminders effectively increase engagement with the app. In particular,

peer-comparison messages lead to a higher likelihood of users opening WeWard. These

findings align with recent studies on the role of peer influence in physical activity. For
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example, Franken et al. (2023) show that runners in Strava’s virtual clubs increase their

activity when they receive positive reinforcement, while Gershon et al. (2024) find that

incentivizing gym visits with a friend significantly boosts attendance.

However, while our study confirms that tailored reminders successfully direct user

attention to the app, they have little to no impact on the number of steps walked. Walking

behavior appears more resistant to change, likely due to its strong association with individual

habits and external constraints. Our data reveal that users tend to be more sedentary on

weekends and holidays, suggesting that walking is often integrated into daily routines as a

means of transportation rather than a discretionary health activity.

This divergence between engagement and actual behavioral change underscores a

critical issue in the evaluation of digital health interventions: an over-reliance on engagement

metrics can lead to an overestimation of their real-world impact. While app usage is often

taken as a proxy for success, it does not necessarily translate into meaningful behavioral

modifications, such as sustained increases in physical activity. The distinction between en-

gagement and impact is particularly relevant given the prevailing mindset in digital health

and behavioral technology. Many interventions celebrate high engagement as an achieve-

ment in itself, yet our findings caution against equating time spent on an app with genuine

progress toward health-related goals. In some cases, the most effective interventions are those

that require minimal continued engagement, helping users achieve their objectives efficiently

rather than fostering perpetual interaction.

Our study contributes to this broader discussion by providing empirical evidence

that challenges the assumption that engagement alone is a valid indicator of success. The

effectiveness of digital health interventions should be measured by their ability to drive

meaningful, long-term behavioral change rather than by the frequency of app interactions.

Future research should explore alternative strategies that not only capture users’ attention

but also translate engagement into sustained lifestyle improvements. Additionally, studies

should examine the contextual and structural barriers that make behavioral change difficult,
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ensuring that digital interventions address not only psychological drivers but also practical

constraints. Ultimately, our findings reinforce the need for a paradigm shift in digital health

research and product development: one that prioritizes measurable outcomes over mere

engagement, fosters genuine behavior change rather than dependency, and supports users in

achieving their health goals with minimal friction.
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Appendix

A Additional Figures

Figure A1: Screenshot of the WeWard app.
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Figure A2: Proportion of users in the population by French region.

Notes: Figure A2 illustrates the fraction of users (in ‰) in the population by region. Overall, the user rate is homogeneous. The
lowest user rate is in DROM-COM (i.e. 0.04‰) and the largest is in Hauts-de-France (i.e. 0.21‰).
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Figure A3: Proportion of users opening the app by gender and day of the week.
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Notes: Number of subjects equal to 14,215. Note that, 3,162 users of our sample do
not provide their gender through the app.

Figure A4: Weekly Steps across the experiment window by category of walkers.
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B Additional Tables

Table B1: Summary statistics.

Peer/1W Peer/3W Self/1W Self/3W Sunk-cost/1W Sunk-cost/3W Control N
Female 0.65 0.64 0.65 0.62 0.65 0.64 0.64 14,215
Average number of steps at baseline 6,050 5,994 6,037 6,144 5,989 6,011 6,092 17,377
% of subjects who walk > 10,000 steps 0.12 0.11 0.12 0.13 0.12 0.13 0.12 17,377
% of subjects who walk < 5,000 steps 0.44 0.46 0.45 0.44 0.46 0.45 0.44 17,377
Average number of connections at baseline 3.35 3.30 3.28 3.34 3.26 3.46 3.36 17,377
Probability of opening the app at baseline 0.53 0.52 0.53 0.51 0.52 0.52 0.53 17,377
N 2,223 2,114 2,160 2,201 2,132 2,193 4,354

Table B2: Summary statistics: Strongly committed.

Peer/1W Peer/3W Self/1W Self 3W Sunk-cost/1W Sunk-cost/3W Control N
Female 0.71 0.72 0.73 0.56 0.63 0.68 0.67 495

(0.56) (0.52) (0.38) (0.17) (0.57) (0.87)
Average number of steps at baseline 8,228 8,918 8,837 8,762 8,998 8,972 8,732 553

(0.53) (0.83) (0.90) (0.97) (0.75) (0.77)
% of subjects who walk > 10,000 steps 0.29 0.35 0.33 0.30 0.35 0.25 0.28 553

(0.92) (0.29) (0.48) (0.81) (0.29) (0.62)
% of subjects who walk < 5,000 steps 0.23 0.20 0.21 0.30 0.18 0.11 0.26 553

(0.61) (0.35) (0.42) (0.59) (0.23) (0.01)
Average number of connections at baseline 12.86 14.59 12.50 14.26 11.55 15.47 14.32 553

(0.53) (0.93) (0.44) (0.98) (0.22) (0.61)
N 66 65 67 64 65 80 146

Table B3: Number of connections by category.

Inactive Somewhat active Active Very active

Before the treatment 2.78 3.26 3.77 5.40

In treatment
- one-week 2.77 3.07 3.59 4.58
- three-week 2.77 3.03 3.50 5.39
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Table B4: Distribution of subjects across treatment arms.

Control T1 peer T2 sunk T3 self
one-week three-week one-week three-week one-week three-week

All sample 4,354 2,223 2,114 2,132 2,193 2,160 2,201
Weekly sample
- Inactive
- Somewhat active
- Active
- Very active

2,251
545
587
569
550

1,197
308
291
304
294

1,112
263
288
288
273

1,078
269
266
267
276

1,116
254
295
287
280

1,112
284
290
266
272

1,075
263
265
250
297

Daily sample 146 66 65 65 80 67 64
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Table B5: Effects of treatments on Probability of opening the app: Post-Treatment vs.
Pre-Treatment.

Probability of opening the app
(1) (2) (3) (4)

Post -0.49∗∗∗ -0.47∗∗∗ -1.44∗∗∗ -1.45∗∗∗

(-37.91) (-31.61) (-38.08) (-37.65)
Peer 1W × Post 0.02 0.02

(0.82) (0.82)
Self 1W × Post -0.02 -0.02

(-0.81) (-0.81)
Sunk-cost 1W × Post 0.00 0.00

(0.12) (0.12)
Peer 3W × Post 0.02 0.02

(0.87) (0.88)
Self 3W × Post -0.01 -0.01

(-0.22) (-0.21)
Sunk-cost 3W × Post -0.03 -0.03

(-1.08) (-1.08)

Observations 443,803 286,810 443,803 286,810
Subjects 10,321 9,890 10,321 9,890
Dummies of day Yes Yes

Notes: Logit model regressions with individual fixed effects. Columns 1-3 correspond to the one-week treatment arms,
while columns 2-4 correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1%
levels, respectively.
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Table B6: Effects of treatments on Number of connections: Post-treatment vs. Pre-
treatment.

Number of connections
(1) (2) (3) (4)

Post -0.35∗∗∗ -0.26∗∗ -0.10 -0.32∗

(-4.94) (-3.09) (-0.79) (-2.40)
Peer 1W × Post -0.04 -0.04

(-0.36) (-0.34)
Self 1W × Post 0.06 0.06

(0.58) (0.59)
Sunk Cost 1W × Post 0.09 0.09

(0.96) (0.94)
Peer 3W × Post -0.08 -0.08

(-0.60) (-0.62)
Self 3W × Post -0.09 -0.09

(-0.77) (-0.77)
Sunk Cost 3W × Post -0.04 -0.04

(-0.34) (-0.32)
Constant 4.04∗∗∗ 4.14∗∗∗ 4.08∗∗∗ 4.20∗∗∗

(159.31) (183.73) (60.58) (73.94)
Observations 207,195 142,656 207,195 142,656
Subjects 10,736 10,398 10,736 10,398
Dummies of day Yes Yes

Notes: OLS model regressions with individual fixed effects. Columns 1-3 correspond to the one-week treatment arms,
while columns 2-4 correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1%
levels, respectively. Standard errors are robust and clustered at customerID.
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Table B7: Effects of treatments on Steps walked: Post-treatment vs. Pre-treatment.

Steps walked
(1) (2) (3) (4)

Post -517.93∗∗∗ -181.71∗∗∗ -195.89∗ -206.23∗

(-13.61) (-4.16) (-2.31) (-2.24)
Peer 1W × Post -41.25 -37.86

(-0.54) (-0.49)
Self 1W × Post -11.60 -15.12

(-0.18) (-0.24)
Sunk Cost 1W × Post -31.85 -40.49

(-0.47) (-0.60)
Peer 3W × Post -61.69 -63.02

(-0.81) (-0.83)
Self 3W × Post 11.93 13.14

(0.14) (0.15)
Sunk Cost 3W × Post -10.83 -2.08

(-0.12) (-0.02)
Constant 6311.31∗∗∗ 6355.87∗∗∗ 6724.69∗∗∗ 6735.17∗∗∗

(391.09) (436.29) (140.21) (141.38)
Observations 206,760 142,353 206,760 142,353
Subjects 10,737 10,399 10,737 10,399
Dummies of day Yes Yes

Notes: OLS model regressions with individual fixed effects. Columns 1-3 correspond to the one-week treatment arms,
while columns 2-4 correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1%
levels, respectively. Standard errors are robust and clustered at customerID.
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Table B8: Effects on Weekly Steps: Post-treatment vs. Pre-treatment.

Weekly steps
(1) (2) (3) (4)

Treated -567.76∗∗∗ -197.73∗∗∗ -113.89∗ -57.79
(-13.50) (-4.18) (-2.28) (-1.09)

Peer 1W × Treated 32.67 32.67
(0.40) (0.40)

Self 1W × Treated 9.04 9.04
(0.13) (0.13)

Sunk Cost 1W × Treated -31.93 -31.93
(-0.41) (-0.41)

Peer 3W × Treated -49.25 -49.25
(-0.61) (-0.61)

Self 3W × Treated -47.10 -47.10
(-0.51) (-0.51)

Sunk Cost 3W × Treated -64.76 -64.76
(-0.68) (-0.68)

Constant 6166.54∗∗∗ 6230.98∗∗∗ 6143.06∗∗∗ 6201.02∗∗∗

(332.11) (384.81) (245.57) (267.92)

Observations 33,828 22,216 33,828 22,216
Subjects 10,321 9,890 10,321 9,890
Week dummies Yes Yes

Notes: OLS model regressions with individual fixed effects. Columns 1-3 correspond to the one-week treatment arms,
while columns 2-4 correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1%
levels, respectively. Standard errors are robust and clustered at customerID.
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Table B9: Effects on Daily Steps: Post-Treatment vs. Pre-Treatment.

Weekly steps
(1) (2) (3) (4)

Post -389.72∗ 97.49 -356.62 124.86
(-2.10) (0.43) (-0.99) (0.32)

Peer 1W × Post -430.92 -430.92
(-1.44) (-1.43)

Self 1W × Post -193.60 -193.60
(-0.65) (-0.65)

Sunk Cost 1W × Post -184.56 -184.56
(-0.56) (-0.56)

Peer 3W × Post -1054.22∗∗ -1054.22∗∗

(-3.14) (-3.14)
Self 3W × Post -111.37 -111.37

(-0.32) (-0.32)
Sunk Cost 3W × Post -597.20 -597.20

(-1.30) (-1.30)
Constant 8706.62∗∗∗ 8826.22∗∗∗ 9764.76∗∗∗ 9230.90∗∗∗

(113.45) (117.82) (38.17) (39.37)

Observations 14,792 10,295 14,792 10,295
Subjects 344 355 344 355
Dummies of day Yes Yes

Notes: OLS model regressions with individual fixed effects. Columns 1-3 correspond to the one-week treatment arms,
while columns 2-4 correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%, and 0.1%
levels, respectively. Standard errors are robust and clustered at customerID.
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Table B10: Effects on Weekly Steps by category: Post-treatment vs. Treatment.

Weekly steps
Inactive Somewhat active Active Very active

(1) (2) (3) (4) (5) (6) (7) (8)
Treated 46.93 -84.62 -109.08 -180.71∗ -116.23 -154.57 255.33 118.05

(0.54) (-1.01) (-1.49) (-2.50) (-1.38) (-1.90) (1.61) (0.75)
Peer 1W × Treated -142.73 -19.06 -83.12 39.08

(-1.08) (-0.17) (-0.61) (0.16)
Self 1W × Treated -242.34 -38.87 209.32 -245.78

(-1.89) (-0.35) (1.63) (-1.15)
Sunk Cost 1W × Treated -226.50 -20.19 -6.04 -229.09

(-1.69) (-0.17) (-0.04) (-0.96)
Peer 3W × Treated 65.05 89.06 -189.09 305.06

(0.60) (0.92) (-1.54) (1.27)
Self 3W × Treated 58.64 99.76 283.62∗ 33.54

(0.46) (0.90) (2.04) (0.13)
Sunk Cost 3W × Treated 11.40 130.47 63.20 -4.28

(0.09) (1.24) (0.53) (-0.01)
Constant 3309.75∗∗∗ 3345.70∗∗∗ 4107.99∗∗∗ 4138.74∗∗∗ 6165.49∗∗∗ 6153.73∗∗∗ 9828.06∗∗∗ 9990.47∗∗∗

(90.95) (82.82) (125.73) (122.78) (158.30) (160.88) (142.42) (110.09)
Observations 7,030 6,625 10,485 10,140 9,995 9,940 6,310 6,335
Subjects 1,406 1,325 2,097 2,028 1,999 1,988 1,262 1,267
Week dummies Yes Yes Yes Yes Yes Yes Yes Yes

Notes: OLS model regressions with individual fixed effects. Columns 1-3-5-7 correspond to the one-week treatment
arms while columns 2-4-6-8 correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%,
0.1% level, respectively. Standard errors are robust and clustered at customerID. All specifications include weekly dummies.

Table B11: Effects on Weekly Steps by category: Post-treatment vs. Pre-treatment.

Weekly steps
Inactive Somewhat active Active Very active

(1) (2) (3) (4) (5) (6) (7) (8)
Post 596.11∗∗∗ 659.00∗∗∗ 450.41∗∗∗ 502.31∗∗∗ -147.22∗ -154.21∗ -1233.10∗∗∗ -1074.39∗∗∗

(8.86) (8.99) (7.36) (7.55) (-2.09) (-2.13) (-8.48) (-6.70)
Peer 1W × Post -99.05 -5.60 156.77 3.48

(-1.04) (-0.06) (1.46) (0.01)
Self 1W × Post 36.68 -40.71 -24.13 118.60

(0.38) (-0.50) (-0.24) (0.65)
Sunk Cost 1W × Post -19.63 -16.89 21.34 -107.61

(-0.20) (-0.19) (0.19) (-0.51)
Peer 3W × Post -71.95 -119.24 87.45 -214.38

(-0.62) (-1.24) (0.76) (-0.93)
Self 3W × Post 6.58 27.66 2.53 -6.82

(0.06) (0.27) (0.02) (-0.02)
Sunk Cost 3W × Post -85.82 -142.38 -67.15 150.93

(-0.71) (-1.43) (-0.61) (0.46)
Constant 2731.69∗∗∗ 2716.12∗∗∗ 3670.22∗∗∗ 3683.41∗∗∗ 6279.67∗∗∗ 6304.07∗∗∗ 11057.91∗∗∗ 11077.18∗∗∗

(89.57) (92.60) (128.88) (138.07) (166.37) (186.69) (147.91) (152.96)
Observations 8,436 5,300 12,582 8,112 11,994 7,952 7,572 5,068
Subjects 1,406 1,325 2,097 2,028 1,999 1,988 1,262 1,267
Week dummies Yes Yes Yes Yes Yes Yes Yes Yes

Notes: OLS model regressions with individual fixed effects. Columns 1-3-5-7 correspond to the one-week treatment
arms while columns 2-4-6-8 correspond to the three-week treatment arms. *, **, *** denote significance at the 5%, 1%,
0.1% level, respectively. Standard errors are robust and clustered at customerID. All specifications include weekly dummies.
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