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Abstract

Freemium upgrade is a primary monetization lever for mHealth apps, yet whether pay-
ing for premium features actually sustains user engagement remains an open question.
We study this question using large-scale data from a fitness-tracking mobile app and
a staggered difference-in-differences design. Premium adoption generates an imme-
diate increase in food and exercise tracking, caloric budget adherence, and exercise
calories, but these effects attenuate within several weeks and do not translate into sus-
tained weight loss. Sensitivity analysis and matched-sample designs confirm that the
engagement responses are not solely driven by time-varying selection. Heterogeneous
engagement lifts by pre-upgrade exposure are more consistent with hedonic decline
than with sunk-cost effects or motivational mean reversion: users with limited prior
exposure to the free version exhibit substantially larger post-upgrade engagement lifts
than those who have already interacted extensively with it. We further demonstrate
that failing to account for endogeneity and selection in premium adoption leads to a
substantial overstatement of its effects on both engagement and health outcomes.
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1 Introduction

A feature of mobile health (mHealth) applications that distinguishes them from traditional

health and wellness programs is their reliance on the freemium business model (Faulkner

2019), which firms have invested heavily on. In a freemium business model, users can

access many of the basic core features of the technology for free, but need to pay additional

monthly or yearly fees to use enhanced features offered in a premium version. In general,

the freemium subscription-based model has emerged as a popular monetization strategy

for mobile apps (Narang and Shankar 2019). While past research has helped us better

understand the drivers of mHealth adoption (Bojd et al. 2022, Ghose et al. 2022, Kato-Lin

et al. 2016, Tang et al. 2015), we know little about the impact of mHealth premium adoption

on user engagement dynamics. Establishing this link matters because of a persistent problem

faced by mHealth apps: sustained user engagement remains difficult to achieve for most app

companies (Murnane et al. 2015), despite the apparent benefits of mHealth usage (Aswani

et al. 2019, Kapoor et al. 2024, Zhou et al. 2018, Labonté et al. 2022, Uetake and Yang

2018).

Using large-scale data from a popular fitness-tracking mHealth application, we investi-

gate the impact of premium adoption on user engagement and health-related outcomes. Our

empirical analysis focuses on tracking differences in engagement dynamics between premium

and basic version users while addressing potential selection concerns (e.g., more motivated

users might self-select into upgrading). To ensure comparability, we employ a staggered

Difference-in-Differences (DiD) framework that accounts for treatment timing and hetero-

geneity in adoption patterns (Callaway and Sant’Anna 2021). The findings reveal that

premium adopters experience an initial surge in engagement with the app, particularly in

food and exercise tracking, but this effect attenuates over time. Despite an initial increase in

engagement behavior, there is no sustained improvement in long-term engagement or weight

loss outcomes. Moreover, sensitivity analysis (Rambachan and Roth 2023) that explores

potential violations of the underlying assumptions behind Callaway and Sant’Anna (2021)

confirms that certain outcomes (e.g., food tracking and exercise tracking) are more robust

to deviations from the assumptions of conditional parallel trends. This analysis shows the

challenges that selection biases pose when analyzing adoption-based treatments. For further

robustness, we expand the conditioning variable set to include measures of public atten-

tion (i.e., the Google Search Index for keywords related to the app and weight loss) near

the time of registration, and show that the estimates from staggered DiD remain quantita-

tively similar. To account for the most recent engagement and information exposure around

the premium upgrade, we implement a matched-sample design that additionally balances
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users by recent engagement trajectories and information exposure. Across these robustness

exercises, the estimated effects on engagement remain quantitatively similar.1

To better understand the behavioral drivers of post-adoption engagement dynamics, we

discuss how the evidence is inconsistent with moral licensing and goal liberation, then eval-

uate two competing mechanisms: sunk costs and hedonic decline. To explore these potential

mechanisms, we segment users based on their tracking activity prior to the upgrade and

estimate the effects of premium adoption separately for groups with high and low levels of

pre-upgrade activity. We use the fact that the free and premium versions of the app share

many core user-interactive features, with the premium version largely building on the foun-

dation of the free version. If sunk costs dominate, we would expect comparable effects across

both groups, since all users incur the same financial outlay when upgrading. In contrast, if

hedonic decline is more salient, engagement lifts should be attenuated for users who have

already interacted extensively with the free version before upgrading, as the novelty of the

premium features would be attenuated for them. The results are more consistent with the

latter: while both groups exhibit engagement lifts immediately following the upgrade, the

magnitudes are notably larger among users with less prior experience interacting with the

app. As an additional robustness check to account for the most recent engagement and infor-

mation exposure around the premium upgrade, we focus on users who upgraded in weeks 5

and 6 and classify adopters into low- and high-exposure groups based on pre-upgrade track-

ing intensity. For each exposure group, we implement a separate matched-sample design

that matches adopters with similar non-adopters in demographics, initial goals, engagement,

weight-loss outcomes, Google Search Indexes in the first week after registration, and the most

recent engagement and Google Search Indexes in the weeks before the premium upgrade.

Across both groups, low-exposure users exhibit larger immediate engagement increases that

persist longer, whereas high-exposure users show substantially smaller, largely statistically

insignificant engagement lifts compared to similar non-adopters. Because both groups are re-

spectively matched with non-adopters who have similar recent pre-adoption dynamics, these

heterogeneous responses further support a hedonic-decline mechanism rather than purely

motivational mean reversion.

These findings suggest that although the premium upgrade provides an initial behavioral

1We also conduct several robustness exercises in the Online Appendix. In Appendix Section A, we replicate

the staggered DiD analysis using an alternative sample that excludes 21 week-7 adopters and draws a random

5% sample of never-adopters, yielding nearly identical post-upgrade dynamics and tighter pre-trend alignment. In

Appendix Section B, we assess sensitivity to measurement by applying physiologically credible thresholds to food

and weight logs, following conventions in nutrition science; the estimated effects on engagement and health outcomes

remain largely unchanged. Finally, in Appendix Section C, we implement alternative DiD estimators, including

De Chaisemartin and d’Haultfoeuille (2020) and synthetic DiD (Arkhangelsky et al. 2021), which produce treatment

effects that are comparable to our preferred estimates and materially smaller than TWFE benchmarks.
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nudge, the novelty of its features generates less engagement lift among users with high

exposure to the free version before the upgrade. These findings reinforce the idea that

sustained engagement in digital health requires more than a one-time intervention; instead,

interventions must be designed to mitigate hedonic decline and maintain the novelty or

relevance of platform features over time.

1.1 Related Literature

Our research contributes to two main streams of literature: health and marketing, and

freemium design in subscription-based services.

Health and marketing. Our empirical analysis contributes towards a growing interest

in establishing causal effects of wearables and health apps (Ghose et al. 2022, Kapoor et al.

2024, Liu et al. 2024), while discussing plausible mechanisms (e.g., moral licensing, goal

liberation, sunk costs, hedonic decline) behind the observed mHealth engagement dynamics.

More generally, we contribute to the broader discussion about the role of marketing in

supporting health and wellness. Some notable examples include previous studies on social

comparisons (Aral and Nicolaides 2017, Uetake and Yang 2020), self-regulation (Huang et al.

2015), nutrition labeling (Bollinger et al. 2022, Puranam et al. 2017), medical diagnoses (Ma

et al. 2013), AI vs human coaching (Kapoor et al. 2024), taxes (Gordon and Sun 2015,

Khan et al. 2016, Seiler et al. 2021), financial vs non-financial incentives (Narang 2022),

omnichannel grocery shopping (Chintala et al. 2023, Huyghe et al. 2017), variety (Haws

et al. 2017), and healthiness claims (Rao and Wang 2017). We add to this discussion by

offering insights into the role of mHealth and its design in the marketing and health/wellness

ecosystem. We note that the work by Kapoor et al. (2024) is most related to ours. Their

study highlights the impact of AI versus human coaching on weight loss among mHealth

users. Our work complements their study in the following ways. First, our mHealth app’s

premium version (at the time of our data period) did not include coaching of any meaningful

form, so the actual functional benefits associated with premium versus basic are plausibly

more psychologically driven (i.e., the main difference between premium and basic versions

is the fact that users pay for a few additional features on premium), in our case. Second,

many of the behavioral mechanisms we posit (e.g., sunk costs) rely on our results about the

premium version’s impact on engagement over time.

Freemium design. Second, our findings add to the general understanding of freemium

design. Thus far, much of the attention has been centered around advertising and pricing

strategies for the freemium design (Appel et al. 2019, Lambrecht and Misra 2017, Li et al.
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2019) and the extent to which they have an impact on customer engagement. Our empirical

context is unique in the sense that users need to actively exert effort to remain engaged

and to achieve improved health outcomes through the app. Our findings suggest that the

subscription-based model of mHealth apps might in itself have an impact on user engagement

dynamics in the short term, though its impact appears limited over the long term.

2 Empirical Context

We obtained user data from a leading mHealth fitness app company headquartered in the

United States. Upon registering for the app, users are required to enter their basic demo-

graphic information, their current weight, height, goal weight, age, and gender. Based on

this information, the app generates a daily calorie budget. Users can then track the foods

they consume for each meal (the app then supplements caloric values), any exercise they

engage in, and their current weight as long as they wish. At the end of each day, users will

know whether they stay within their daily calorie budget or not. The notification from the

app is purely a simple message, and there is no major change in the app interface if a user

consumes beyond the budget.

In particular, the sample provided by the company consists of users who were active for

at least 30 days and performed at least five weigh-ins, since these are users who are consid-

ered serious in their weight loss effort and are viewed as “focal users” from the company’s

perspective. In total, 11,873 users aiming to lose weight are included in our sample. We

observe their daily activity since registration in late 2015 and over the year 2016. On aver-

age, the users were active for 166 days.2 We focus on the first 15 weeks following each user’s

registration to analyze behavior during a period when users are generally active in weight

loss efforts.3 Among the 11,873 users, 806 users (about 6.8%) upgraded to the premium

version of the app within the first seven weeks since registration, and the remaining 11,067

used the free version during the period.4 Figure 1 shows the total number of users who

upgrade in each week since registration.

Table 1 provides summary statistics for users included in our sample. The users in our

sample consist of 29% males and 71% females. An average user in our sample is around 42

years old, with a starting weight of around 204 pounds, and a target weight of 162 pounds,

2The number of active days is defined as the number of days between the user’s registration date and the last

day the user tracked anything on the app for each user.
3Users who registered on different dates could have different engagement levels, as mentioned by Oblander and

McCarthy (2023). For this reason, we include the registration date as one of the conditioning variables in the Callaway

and Sant’Anna (2021) specification later.
4The proportion of paid users is comparable to FitBit (a competing and popular fitness app), which has a

premium adoption rate of about 4% based on its user/subscriber numbers in 2020.
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aiming to lose around 41 pounds, which is around 19% of the starting weight.5 Over the

course of the first 15 weeks, the suggested budget of calories is, on average, around 1626

calories, and users logged around 809 kcal food calories along with around 110 kcal exercise

calories. On average, users logged at least one food item on 58% of days, recorded at least

one exercise activity on 27% of days, and either tracked food or exercise and remained within

their daily caloric budget on 49% of days. Table 2 column 1 presents estimates from a linear

probability model of whether users upgraded to the premium version of the mHealth app

within the first seven weeks, using the full sample of 11,873 users. The model relates upgrade

decisions to observable user characteristics, including demographics, start date, initial goal

settings, and first-week engagement. These estimates suggest that a typical premium user

can be profiled. In particular, users who upgrade tend to be those who have are older in age,

aim to lose a higher proportion of weight, and logged more exercise calories in the first week.

However, users who have consistently tracked their food calories in the first week appear less

likely to be premium adopters.

Users pay $39.99 for access to the premium version for a year.6 It is important to note

that while the free and premium versions share the core tracking features, including food

calorie tracking, exercise calorie tracking, weight tracking, goal setting, and calorie budgeting,

the premium version offers additional enhancements such as intuitive food logging, a smart

camera for food tracking, detailed nutritional analytics, personalized goal tracking, sync

capabilities with other health apps and wearable devices, community support, and more

advanced tools for meal and exercise planning, along with gamified rewards and celebrations.

These enhancements are designed to provide users with richer insights into their health

behaviors and boost engagement through more tailored feedback and recommendations.

3 Staggered DiD Design

Assessing the impact of premium adoption on user engagement and health-related outcomes

is challenging due to the potential endogeneity of the premium adoption decision. Moreover,

the effect of premium adoption may vary across users. For example, users who are inherently

more motivated might be those who are more likely to adopt the premium version as well

as be more engaged on the app. Therefore, this inherent and unobserved heterogeneous

motivation would confound the actual impact that the premium version has on user engage-

5We define the average normalized distance to the goal weight as the distance to the goal weight divided by the

starting weight for each user.
6During our observation period, the service policy allowed users to cancel the yearly subscription at any time,

but they would not receive a refund for unused periods after cancellation. Essentially, all fees and charges were

non-refundable at that time.
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ment dynamics. Moreover, the users’ adoption decision happens at different timing. Thus,

understanding the causal effect of premium adoption on user engagement and health-related

outcomes requires an empirical framework that accounts for staggered treatment timing

and potential treatment heterogeneity. To this end, we use a staggered DiD design that

accommodates variation in the timing of premium adoption across users. The methodologi-

cal approach follows recent advances in staggered DiD estimation, ensuring that treatment

effects are properly identified while addressing potential biases arising from heterogeneous

adoption dynamics.

We begin by formalizing the empirical problem using the potential outcomes framework,

introducing key notation, and defining treatment assignment in a way that reflects the stag-

gered nature of adoption. The empirical analysis primarily focuses on the method developed

by Callaway and Sant’Anna (2021), which explicitly models group-time average treatment

effects (GATT), thereby allowing us to trace the dynamic evolution of treatment effects.

3.1 Set-Up and Notation

We now formulate our empirical problem using the canonical potential outcomes framework

for staggered DiD. The treatment of interest is premium adoption, and once a user adopts

the premium version, they remain treated in all subsequent periods.

Let Gi denote the group that user i belongs to, which corresponds to the time period in

which they first adopt the premium version. Specifically, Gi = g indicates that the user first

adopts the premium version in period g. For instance, Gi = 2 represents users who adopted

the premium version in the second week since registering for the app. We define a binary

variable Di,g that equals 1 if user i is first treated in period g:

Di,g = 1{Gi = g}.

We index time periods by t, where t represents the number of weeks since the user

registered for the app. In particular, a user at t = 3 corresponds to being in their third

week since registration. Some users never adopt the premium version during the observation

period; for such users, we define their group as Gi = ∞, which means that they remain

untreated throughout.

The primary outcomes of interest, as denoted by Yi,t, include user engagement and health.

In our empirical setting, user engagement is measured through indicators such as food track-

ing, exercise tracking, and adherence to a daily calorie budget. Specifically, the food tracking

indicator reflects whether a user logs their food intake on a given day, while the exercise track-

ing indicator captures whether exercise activity is recorded. Additionally, we consider staying
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within the daily calorie budget, which measures whether a user’s total calorie intake remains

within their recommended limit, as well as exercise calories tracked, a continuous variable

representing the total daily calories burned through physical activity. Beyond engagement

metrics, we also examine health-related outcomes to assess whether increased engagement

translates into tangible health benefits. The weight loss indicator is a binary variable that

tracks whether a user’s recorded weight is lower than their initial weight, whereas the amount

of weight lost (in lbs) provides a continuous measure of cumulative weight reduction. To-

gether, these outcome measures enable us to evaluate the extent to which premium adoption

influences both user engagement behaviors and long-term health improvements. By including

these variables, we determine whether upgrading to the premium version leads to increased

interactions with the app and measurable progress toward health goals.

For each user i at time t, we define two potential outcomes Yi,t(0) being the potential

outcome under no premium adoption, and Yi,t(1) being the potential outcome under premium

adoption. Each user contributes only one observed outcome:

Yi,t = Di,gYi,t(1) + (1−Di,g)Yi,t(0).

For users who never adopt the premium version (Gi = ∞), we observe Yi,t = Yi,t(0) in

all periods. For users who adopt the premium version in period g, the observed outcomes

correspond to untreated potential outcomes prior to g and treated potential outcomes from

g onward.

3.2 Estimation Strategy

To estimate the causal effect of premium adoption on user engagement and health-related

outcomes, we employ a widely used DiD estimator that explicitly accounts for treatment

heterogeneity and dynamic effects over time. In particular, we use the estimator developed

by Callaway and Sant’Anna (2021), which introduces a framework for defining group-time

average treatment effects (GATT). This approach facilitates the estimation of treatment

effects at various points in time and enables their aggregation to form an overall effect. Our

estimation strategy follows best practices outlined by Baker et al. (2025), who emphasize the

importance of accounting for treatment effect heterogeneity in staggered adoption settings.

In line with these recommendations, we avoid traditional two-way fixed effects (TWFE)

estimators, which can introduce bias in the presence of treatment effect dynamics, and

instead employ an estimator that directly addresses variation in treatment timing and effect

heterogeneity. This methodological choice ensures that our findings provide a more accurate

depiction of how engagement and health outcomes evolve following premium adoption.
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Importantly, our application of the Callaway and Sant’Anna (2021) framework directly

addresses the limitations of naive regression approaches. Standard TWFE or naive DiD

regressions typically assume homogeneous treatment effects and aggregate dynamic effects

into a single parameter, thereby failing to capture the evolution of the treatment impact, such

as the initial surge in engagement following premium adoption and its subsequent decay as

users adapt. Consequently, these naive regressions may yield biased or misleading estimates,

with potential issues like negative weighting when treatment effects vary across cohorts.

The approach by Callaway and Sant’Anna (2021) decomposes the overall effect into

group-time average treatment effects, explicitly allowing treatment effects to vary with the

time elapsed since adoption. This dynamic specification not only reflects the short-run

increase in engagement attributable to premium features but also captures the gradual at-

tenuation over time. By adopting this framework, we obtain a more nuanced and accurate

understanding of how the impact of premium adoption evolves.

The core feature of their estimator is the GATT, which measures the effect of treatment

for users who adopt in a given period and are observed at a specific time afterward. Formally,

for users who adopt premium in period g and are observed at time t, the treatment effect is

defined as:

ATT (g, t) = E [Yi,t(1)− Yi,t(0) | Gi = g]

This approach allows treatment effects to be estimated separately for each adoption cohort

and for each time period after adoption, accommodating heterogeneity in how treatment

effects evolve over time. In particular, the estimation is implemented via the following steps:

Partitioning users into cohorts. Each user is assigned to a treatment cohort Gi = g

based on the period in which they first upgrade to premium. Users who never adopt the

premium version during the observation period are classified as never-treated (Gi = ∞) and

form part of the baseline control group.

Estimating group-specific treatment effects. For each treatment cohort g, GATT is

estimated by comparing the observed outcomes of premium users with not-yet-adopters in

the same time period. This is formally expressed as:

ˆATT (g, t) =
1

Ng

∑
i:Gi=g

Yi,t −
∑

i:Gi=∞

ŵi(g) · Yi,t (1)

where Ng is the number of treated individuals in cohort g, and ŵi(g) are the estimated

inverse probability weights that adjust for differences in observed covariates Xi between
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treated and untreated individuals. The weights help account for differences in observed

characteristics between adopters and not-yet-adopters. This technique adjusts for selection

biases by reweighting the not-yet-adopters so as to better resemble the premium users in

terms of observed covariates.

Aggregating group-specific estimates. Once the group-specific treatment effects are

estimated, the overall Average Treatment Effect on the Treated (ATT) is obtained by ag-

gregating across all treatment cohorts. The weighted ATT is computed as:

ˆATT =
∑
g,t

wg
ˆATT (g, t) (2)

where the weights wg reflect the relative size of each treatment group, ensuring that the

aggregate effect appropriately accounts for varying cohort sizes.

Estimating standard errors and confidence intervals. To assess statistical signif-

icance and variability, standard errors are computed via a nonparametric bootstrap pro-

cedure. Additionally, we report pointwise confidence intervals and fixed-length confidence

intervals (FLCI), following the Rambachan and Roth (2023) sensitivity analysis approach,

to evaluate robustness against deviations from the conditional parallel trends assumption.

Event-study representation. To visualize how treatment effects evolve over time, we

estimate event-time treatment effects by normalizing pre-treatment outcomes and tracking

changes in post-treatment periods. This yields dynamic treatment effect curves, illustrating

how premium adoption influences engagement patterns over time. These event-study plots

help assess whether treatment effects persist, decay, or exhibit delayed impacts, providing

deeper insights into user behavior following premium adoption.

3.3 Summary of TWFE Results

Before turning to our preferred estimation approach, we begin with a descriptive benchmark

based on a two-way fixed effects (TWFE) specification. While the TWFE framework offers

a convenient way to summarize average post-adoption shifts in engagement, it does not

account for treatment heterogeneity across adoption cohorts. In particular, if the timing

of premium adoption correlates with unobserved characteristics, such as latent motivation

or prior engagement trajectories, then pooled estimates may obscure meaningful variation

in treatment effects. Moreover, the standard TWFE estimator assumes constant treatment

effects across time and cohorts, which may not hold in settings with staggered adoption.
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To formalize the empirical approach, we estimate the following event-study specification:

Yit =
∑
ℓ

δℓD
ℓ
i,t + αi + γt + εit, (3)

where Yit denotes the outcome of interest for user i in calendar week t; Dℓ
i,t is an event-time

indicator equal to one if the observation falls ℓ weeks before/during/after the user’s premium

upgrade; αi and γt are user and calendar week fixed effects, respectively. Users who never

adopt premium are included as untreated controls.

This specification enables us to track behavioral changes in the weeks surrounding pre-

mium adoption while controlling for individual-level and temporal confounds. However, as

emphasized by Baker et al. (2025), TWFE estimates may conflate treatment effects across

cohorts and time horizons in the presence of treatment effect heterogeneity. For this reason,

we view the TWFE results as a preliminary diagnostic and rely on the group-time aver-

age treatment effects (GATT) framework in subsequent sections to more flexibly capture

dynamic treatment responses.

Table D1 in the Online Appendix presents the results from TWFE specification, which

provides a baseline assessment of how premium adoption influences user engagement. For

each user, we assess engagement using four metrics: (1) the proportion of days per week

the user tracked at least one exercise activity; (2) the proportion of days per week the user

tracked calories for at least one food item; (3) the average number of exercise calories tracked

per week; and (4) the proportion of days per week the user either tracked food or exercise

and remained within their daily calorie budget.

Note that all of our results use estimation samples that remove immediate adopters (i.e.,

those adopted in week 1), and thus are estimated on those adopted in weeks 2-7 and non-

adopters. This sample construction ensures that there is at least one pre-treatment period,

so as to satisfy the requirements of any DiD estimators (including Callaway and Sant’Anna

(2021), which we explain below).

While our preferred approach will ultimately rely on Callaway and Sant’Anna (2021)

, examining the naive TWFE estimates serves as a useful benchmark. These estimates

capture the immediate and sustained changes in engagement post-adoption while controlling

for individual and time-invariant confounds. However, as with any DiD specification that

pools across treatment cohorts, TWFE estimates may obscure treatment heterogeneity across

adoption cohorts, motivating the need for the GATT approach.

The TWFE estimates reveal a sharp increase in engagement during the week of premium

adoption across all four outcomes: exercise tracking, food tracking, adherence to caloric

budgets, and exercise calories. This immediate spike is expected, as premium users gain
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access to enhanced tracking tools and are likely more motivated following their upgrade.

However, engagement levels remain elevated in the short and medium term, though with

slight attenuation over time. Notably, engagement does not fully return to pre-adoption

levels even after 14 weeks, suggesting that at least some behavioral change persists.

The health-related outcomes in Table D2 offer a complementary perspective on the impact

of premium adoption. For each user, we define weight loss outcomes using two metrics: (1)

the proportion of days per week the user exhibited weight loss relative to their initial weight

at registration and (2) the average amount of weight lost (in pounds) compared to their

initial weight per week.

While premium users are more likely to experience positive weight loss post-adoption, the

magnitude of weight loss exhibits a similar pattern of initial improvement followed by grad-

ual stabilization. This suggests that while increased tracking may correlate with healthier

behaviors, it does not necessarily translate into sustained weight loss improvements. More-

over, the pre-trend estimates indicate that premium adopters already exhibit some weight

loss improvements in the weeks leading up to adoption, which underscores the importance

of accounting for selection effects.

These results highlight both the potential and limitations of TWFE estimates in assessing

the impact of premium adoption. The observed engagement increases suggest that premium

features drive meaningful short-term behavioral changes. However, the attenuation of these

effects over time raises questions about the long-term efficacy of premium adoption as a stan-

dalone engagement strategy. In our context, where later adopters show rising pre-adoption

engagement, the TWFE estimates are potentially upward-biased. These findings underscore

the importance of accommodating for treatment heterogeneity, which we explore in greater

depth using the subsequent discussion about the Callaway and Sant’Anna (2021) results.

While no observational design can fully eliminate selection concerns, the staggered DiD

framework provides a more conservative benchmark that explicitly accounts for treatment

timing heterogeneity.

3.4 Summary of Callaway and Sant’Anna (2021) Results

Our discussion is organized based on the outcomes that relate to engagement (Figure 2),

and the outcomes that relate to health (Figure 3). We use the same set of engagement and

health-related outcomes as in the TWFE specification.

To adjust for potential selection bias in users’ premium upgrade decisions, we implement a

doubly robust estimator within the Callaway and Sant’Anna (2021) framework. Specifically,

we estimate the likelihood of upgrading to the premium version using a logistic classifier. The
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model incorporates a range of conditioning variables, including user demographics (starting

weight, initial BMI, height, age, and gender), initial goal settings (goal weight and goal

BMI), early engagement patterns (engagement and weight loss outcomes in the first week

since registration).

Further, premium adopters may differ from non-adopters along unobserved dimensions

(e.g., intrinsic motivation, self-discipline) that could be jointly related to both their decision

to upgrade and their subsequent engagement or health outcomes.

To address these concerns more directly, we enrich the set of conditioning variables used

in the logistic classifier with measures capturing plausibly exogenous short-run fluctuations

in the informational environment faced by users at the time of registration. Specifically,

we construct weekly measures of national Google Trends search intensity for mHealth- and

premium-related keywords, which proxy for changes in the salience of premium availability

driven by nationwide factors such as media coverage, app-store promotion, wellness aware-

ness, or advertising cycles. By capturing aggregate attention shocks that influence adop-

tion decisions, these variables help account for systematic differences across cohorts in the

propensity to upgrade that may differentially shape counterfactual engagement trends for

users registering at different points in time. In other words, national search intensity is

plausibly unrelated to individual users’ latent motivation, so conditioning on it helps isolate

adoption timing variation that is potentially driven by external salience than by intrinsic

motives.

Incorporating these attention measures into the conditioning set strengthens the plausi-

bility of the conditional parallel trends assumption by improving the comparability of treated

users and not-yet-treated controls. In the inverse-probability weighting step of the Callaway

and Sant’Anna (2021) framework, the inclusion of these variables shifts identifying varia-

tion toward comparisons in which adoption timing is more likely driven by external salience

rather than by evolving private predispositions.

Column 2 of Table 2 reports a linear regression of the upgrade decision on user demo-

graphics, initial goal settings, early engagement behavior, and measures constructed from

the weekly Google Trends Search Index, which ranges from 0 to 1. We focus on three key-

words: “app name + premium,” “app name + weight loss”, and “weight loss premium.” The

first term directly reflects awareness of the premium version of the app, whereas the second

captures broader attention to the focal app, and the third proxies for general interest in pre-

mium weight-loss tools. For each user, we compute the average national search intensity for

these keywords during the first week after registration, thereby capturing the informational

environment users face when they initially learn about the app and its upgrade options.

The estimates in Table 2 column 2 indicate that higher search intensity for “app name
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+ premium” in the first post-registration week is positively and significantly associated with

the probability of upgrading during weeks 2–7, even after conditioning on demographics, ini-

tial goal settings, calendar time, and early engagement behavior. This finding is informative

for two reasons. First, it confirms that variation in public attention maps into meaningful

variation in adoption behavior. Second, incorporating this information improves the estima-

tion of the first-stage adoption propensity. By doing so, the inverse-probability weighting

procedure places greater emphasis on periods in which upgrading is more likely to be trig-

gered by external visibility rather than by latent user traits, thereby reducing the extent to

which selection on unobservables contaminates the identifying variation.

Table 3 presents the overall ATT estimates. The results show that the TWFE estimates

can overestimate the overall ATT compared to estimates from Callaway and Sant’Anna

(2021). Also, the upgrading generally leads to more engagement (food tracking, exercise

tracking, staying within the budget, exercise calories), while the effects on weight outcomes

are statistically significant but small in magnitude.

For the cohort-level results, the effects of premium upgrades are consistent across all four

engagement outcome variables. As illustrated in Figure 2, the proportion of days per week

a user tracks food, tracks exercise, and remains within their daily calorie budget, along with

the average exercise calories tracked per week, all show an immediate post-adoption spike,

followed by a gradual reversion toward baseline levels in the weeks that follow.

Compared to users who have not upgraded, those who upgrade are 11.4 percentage points

more likely to track exercise during the first week, with the effect decreasing to 7.9 percentage

points by the seventh week and losing statistical significance thereafter. This indicates that

the initial motivation to monitor physical activity, likely boosted by premium functionalities,

diminishes over time.

A similar temporal pattern emerges for food tracking. Premium adopters are 10.3 per-

centage points more likely to track food in the first week following adoption. This effect

steadily declines to 7.8 percentage points by the seventh week and becomes statistically in-

significant after the eighth week. These results suggest that while premium features initially

promote stronger dietary tracking behavior, this effect also wanes relatively quickly.

The pattern persists in users’ adherence to their daily calorie budget. In the first week,

premium adopters are 7.1 percentage points more likely to both track and remain within

their calorie budget. However, this effect decreases to 6.4 percentage points by the eighth

week and becomes statistically insignificant thereafter. These findings point to a short-

term improvement in caloric discipline following premium adoption, but also underscore the

difficulty in sustaining consistent adherence over the long term.

Moreover, premium adoption also leads to an initial increase in exercise calorie tracking,
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with users recording an additional 49.2 exercise calories in the first week. This increase

declines to 42.8 calories by the seventh week and becomes statistically insignificant thereafter.

The observed short-term spike suggests that premium features may initially encourage more

diligent tracking of physical activity, though this effect, like the others, gradually fades.

Ultimately, these patterns reveal a consistent short-term boost across multiple engage-

ment metrics following premium adoption, followed by a gradual return toward baseline

levels. This pattern points to the difficulty of translating short-term behavioral changes

induced by premium features into sustained long-term habits.

The weight loss outcomes present an interesting contrast to the engagement metrics.

Specifically, there is no significant immediate effect following premium adoption. However, by

the third week post-adoption, users who upgraded to the premium version report, on average,

0.68 pounds more weight loss compared to those who did not upgrade. This difference grows

to 1.34 pounds by the tenth week but becomes statistically insignificant thereafter. The loss

of significance beyond this point may be attributed to premium users discontinuing weight

updates in the app, which aligns with the observed return of engagement levels to baseline

around the ninth week after adoption. Furthermore, there is no significant difference between

premium and non-premium users in the probability of maintaining a weight lower than their

initial weight within any week throughout the observation period. This suggests that the

observed larger weight loss amount among premium users may be driven by a small subset of

individuals experiencing substantial weight reductions. Overall, these results indicate that

while premium adoption may yield modest, delayed improvements in weight loss outcomes,

the overall impact remains limited.

The findings highlight the role of premium adoption as a potentially relevant intervention

for weight loss. However, the lack of a strong weight loss effect despite increased engage-

ment and efforts reinforces the importance of sustaining long-term behavioral changes in

intervention design.

To get a sense of the potential bias from using TWFE, we now compare the estimates

across these approaches. Note that the TWFE estimates reported in Tables D1 and D2

provide a baseline assessment of how engagement and weight outcomes evolve following

premium adoption. These estimates point to substantial increases across all outcomes, with

effects appearing both immediate and persistent. However, when compared to the Callaway

and Sant’Anna (2021) estimates shown in Figures 2 and 3, we see that the TWFE estimates

tend to overstate both the magnitude and duration of the post-adoption response.

For engagement outcomes, TWFE suggests relatively large and stable increases in food

and exercise tracking that persist for at least three months. By contrast, the Callaway

and Sant’Anna (2021) estimates reveal that while engagement does rise sharply following
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premium adoption, these effects attenuate more quickly than the pooled TWFE estimates

imply. This pattern is particularly evident for exercise calories and budget adherence, where

the Callaway and Sant’Anna (2021) effects begin to dissipate within several weeks.

The discrepancy is even more pronounced for weight-related outcomes. While TWFE

estimates in Table D2 suggest steady gains in both weight loss probability and amount lost,

the Callaway and Sant’Anna (2021) estimates in Figure 3 indicate that these effects are

considerably smaller, with confidence intervals that widen over time. By the tenth week

post-adoption, the Callaway and Sant’Anna (2021) estimates for weight loss amount are no

longer statistically distinguishable from zero. Moreover, throughout the entire observation

period, there is no significant difference between premium and non-premium users in the

probability of maintaining a weight lower than their initial weight.

4 Sensitivity Analysis and Robustness

In this section, we examine the robustness of our staggered DiD estimates by assessing poten-

tial violations of key identification assumptions. For additional analysis that explores alter-

native subsamples of adoption cohorts (Section A), sensitivity of our results to food/weight

log accuracy (Section B), as well as estimator choice (Section C), we refer readers to the

Online Appendix.

Before describing the sensitivity analysis, we first describe the relevant assumptions un-

derlying the Callaway and Sant’Anna (2021) estimator. Specifically, we explore the plau-

sibility of the limited anticipation and conditional parallel trends assumptions in Callaway

and Sant’Anna (2021). Given the possibility that adoption timing may be influenced by pre-

adoption engagement or health-related outcomes, we present descriptive analyses to char-

acterize potential selection dynamics and motivate the use of sensitivity tests (Rambachan

and Roth 2023) to further assess validity.

4.1 Assumptions and Potential Biases

The Callaway and Sant’Anna (2021) estimator relies on several key assumptions related to

the nature of treatment assignment, potential outcomes, and identification strategy. These

assumptions collectively ensure that the estimated treatment effects meaningfully capture

the impact of premium adoption on user engagement and health-related outcomes.

Some assumptions, such as the irreversibility of treatment and random sampling, are

relatively straightforward in our empirical setting and are likely to hold. Others, such as

limited treatment anticipation and conditional parallel trends, require closer scrutiny to assess
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whether unobserved confounders or dynamic treatment effects could bias our estimates. Ad-

ditionally, the overlap assumption ensures that treatment assignment remains well-supported

across observed covariates, which we validate by examining propensity score distributions.

Below, we formally state each assumption and discuss its relevance in the context of our

empirical setting.

Irreversibility of treatment. This assumption states that once a user adopts the pre-

mium version, they do not switch back to the basic version in subsequent periods. In our

data, premium subscriptions are annual, and we do not observe any users reverting to the

free version within our entire observation period. Thus, we believe this assumption holds.

Random sampling. This assumption states that conditional on observables, the treat-

ment assignment is as good as random.

Limited treatment anticipation. This assumption posits that users do not fully antici-

pate their eventual adoption of the premium version before actually adopting. If anticipation

occurs, it could influence pre-adoption engagement levels. To investigate this, we examine

pre-trends in user engagement. Specifically, we discuss the extent to which engagement

outcomes differ in the weeks leading up to adoption.

Conditional parallel trends based on never-treated group. This assumption re-

quires that, conditional on covariates, the outcome trajectories of never-treated users provide

a valid counterfactual for treated users. Given potential deviations from this assumption,

we perform robustness checks to assess the sensitivity of our results.

Conditional parallel trends based on not-yet-treated groups. This assumption ex-

tends the previous one to users who eventually adopt but have not yet done so in a given

period. As with the previous assumption, we discuss possible violations and conduct the

relevant sensitivity checks.

Overlap. This assumption requires that each adoption cohort contains sufficient obser-

vations and that the propensity scores are non-degenerate. To validate this, we plot the

distribution of predicted propensity scores for each cohort.

In Figure 4, each plot corresponds to a different adoption cohort (weeks 2 to 7), showing

the density of the predicted propensity score. The densities confirm that the propensity

scores are non-degenerate across adoption cohorts.
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4.2 Pre-Adoption Trajectories

An important concern in our empirical setting is whether the timing of premium adoption is

endogenous to user behavior. To explore these selection dynamics, we examine pre-adoption

trends in our outcomes of interest across different adoption cohorts. To better understand

how engagement and health-related outcomes evolve across different user types, we categorize

individuals into four groups based on their adoption timing.

The first group, early adopters, consists of users who upgrade to the premium version

within the first week of app registration. These users, represented by the red line in our

analysis, likely demonstrate strong initial interest in the premium features and may differ

in their motivations from later adopters. The second group, middle adopters, includes users

who upgrade in weeks 2 and 3. These individuals may have spent some time exploring the

free version before deciding to invest in premium features, suggesting a more deliberative

adoption pattern. The third group, late adopters, represents users who upgrade in weeks 5,

6, and 7. Their delayed adoption suggests that they may have taken longer to assess the

app or may have been gradually increasing their engagement with the app before making

the decision to upgrade. Finally, never adopters (purple line) are users who continue using

the free version throughout the observation period. This group is an important comparison

set: their engagement and health trajectories let us assess how premium adoption affects

user behavior relative to those who never upgrade.

Figure 5 depicts pre-adoption outcome trajectories for these groups, with vertical dashed

lines indicating the time of upgrade for each cohort. Each plot presents the mean outcome for

each group, first averaged within users per week and then across users over each week since

registration. First, the engagement-related outcomes reveal systematic pre-trend dynamics,

indicating the presence of potential selection biases in the timing of premium adoption.

Notably, middle and late adopters display a clear upward trajectory in engagement leading

up to adoption. This pattern suggests that these users may have been increasingly motivated

to engage with the app prior to upgrading, which could bias our estimates if not properly

accounted for. In contrast, never adopters follow a downward trajectory, indicating a gradual

decline in engagement over time. This trend suggests that users who do not upgrade may

systematically differ from those who do, further complicating causal inference by introducing

potential confounding factors related to intrinsic motivation and app usage behavior.

Interestingly, early adopters and never adopters exhibit relatively similar decreasing

trends, though early adopters consistently maintain higher levels of food tracking compared

to never adopters. This similarity implies that early adopters may have different adoption

motives as compared with middle and late adopters, reinforcing the need to account for
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heterogeneous treatment effects when interpreting the impact of premium adoption. These

patterns indicate that middle and late adopters might have greater intrinsic motivation to

upgrade, leading to a positive bias in estimated treatment effects if unaccounted for.

The pre-trend dynamics for health-related outcomes differ from those observed for en-

gagement metrics. Notably, the probability of weight loss leading up to adoption appears

similar across all adoption cohorts, with each group displaying an upward trend. This sug-

gests that, regardless of when users upgrade to the premium version, many were already

experiencing gradual weight loss in the periods prior to adoption. However, when consider-

ing the amount of weight lost, a distinct pattern emerges. Late adopters exhibit a noticeably

steeper upward trend in weight loss compared to both middle adopters and never adopters.

This suggests potential inertia in weight loss efforts, where users who delay premium adop-

tion may have already been making sustained progress toward their weight loss goals before

upgrading.

The pronounced pre-adoption progress among late adopters implies that the estimated

premium adoption effects for this cohort may appear more persistent than for early or middle

adopters. If late adopters were already on a strong weight loss trajectory, their post-adoption

engagement and outcomes might reflect an extension of pre-existing behavioral patterns

rather than a direct causal effect of premium adoption. This highlights the importance

of carefully accounting for pre-trends when interpreting treatment effects on health-related

outcomes.

The observed pre-trends raise important concerns about the conditional parallel trends

assumption in Callaway and Sant’Anna (2021). A key concern in our empirical setting is the

potential endogeneity of premium adoption, particularly if users decide to upgrade based on

their prior engagement levels. If more engaged users are systematically more likely to adopt

the premium version, our treatment effect estimates may be overstated, as the observed post-

adoption engagement increases could partially reflect pre-existing behavioral patterns rather

than a causal impact of premium adoption. Furthermore, the presence of selection dynamics

implies that the estimated effects of the treatment may differ depending on the time of

adoption. Users who adopt early may have different motivations and engagement trajectories

compared to those who adopt later, potentially leading to heterogeneous treatment effects

in adoption cohorts. This variation raises challenges in interpreting the average effect of

treatment, as it can mask important differences in how different groups respond to premium

adoption.

To assess these concerns more systematically, we employ the Rambachan and Roth (2023)

sensitivity test, which allows for controlled deviations from the parallel trends assumption

in staggered DiD settings.
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4.3 Formal Sensitivity Test

The robustness of our staggered DiD estimates depends on the extent to which deviations

from the parallel trends assumption influence treatment effect estimates. To assess the strin-

gency of this assumption for our empirical context, we implement the sensitivity analysis

framework developed by Rambachan and Roth (2023), which provides a structured approach

for evaluating potential violations of parallel trends in event-study-based staggered DiD set-

tings (Roth et al. 2023). For our sensitivity analysis, we focus our analysis on the engagement

outcomes, as the health-related outcomes are inconclusive to begin with even in the absence

of parallel pre-trend violations.

Following Rambachan and Roth (2023), we define M as a deviation parameter that

reflects linear departures from parallel trends and estimate fixed-length confidence intervals

(FLCIs) for a range of M values. When M = 0, the standard parallel trends assumption

holds, whereas larger M values correspond to decreasing reliability about the validity of

this assumption. Figure 7 presents FLCIs across varying M , illustrating how sensitive our

estimates are to deviations from parallel trends, the potential magnitude of selection bias,

and whether engagement or health-related outcomes exhibit greater sensitivity.

The sensitivity analysis establishes the extent to which deviations from the parallel pre-

trend assumption can be accommodated while maintaining statistically significant treatment

effects. Results indicate that for exercise tracking, the estimated effects remain robust to

assumption violations up to M ≤ 1.6, while for food tracking, the threshold is slightly

lower at M ≤ 1.1. This suggests that the significant effects are robust to violations of the

parallel trends assumption up to 1.6 and 1.1 times the maximum deviation observed during

the pre-treatment period, respectively. Adherence to budget constraints and the exercise

calories exhibit slightly larger sensitivity, with significance holding for deviations up to M ≤
1.0. This result suggests that the significant effects are robust to violations of the parallel

trends assumption up to 1.0 times the maximum deviation observed during the pre-treatment

period. These patterns indicate that exercise and food tracking are relatively resilient to

moderate violations, whereas budget adherence and exercise calories exhibit slightly greater

dependence on strict pre-trend alignment. These findings underscore that while our results

are robust to some degrees of violation of the parallel trend assumption, extreme violations

will render the estimates to be insignificant.

4.4 Robustness to Time-Varying Selection

To further assess the role of time-varying selection in shaping treatment timing, we com-

plement the baseline staggered DiD design with a propensity score matching approach that

19



conditions on users’ recent engagement trajectories and Google Search intensities, in addi-

tion to demographics, initial goal settings, and early engagement and weight-loss outcomes.

The pre-adoption patterns documented earlier indicate that many adopters upgrade during

periods of rising activity, suggesting that short-lived motivational surges may jointly influ-

ence both the decision to upgrade and subsequent engagement. Because these dynamics

reflect within-user, time-varying heterogeneity, a matching design that balances users on re-

cent engagement histories and information exposure can help isolate variation that is more

plausibly attributable to upgrading itself.

In this robustness exercise, we focus on adopters in weeks 5 and 6 (102 users), where we

observe both a sufficient sample size and clear evidence of pre-adoption increases in activity.

We estimate a propensity score of premium adoption based on demographic characteristics,

initial goal setting, week 1 engagement, Google Search intensities, and a set of variables cap-

turing recent engagement levels and weight-loss outcomes in weeks 3 and 4. Each adopter is

matched to ten non-adopters with comparable recent engagement dynamics. This procedure

yields a control group that experiences similar short-run momentum at the time treatment

occurs, and the key matching variables are well balanced in the resulting sample. We then

estimate a two-way fixed-effects model on the matched sample to recover event-study coef-

ficients that adjust for these time-varying differences.

The matched-sample results in Figure 8 remain broadly consistent with the baseline

findings. For exercise tracking, food tracking, caloric budgeting, and exercise calories, we

continue to observe an immediate increase following the upgrade, followed by a gradual

attenuation over subsequent weeks. Pre-treatment differences are also noticeably flatter in

the matched specification, indicating that conditioning on recent engagement trajectories

successfully balances short-run trends prior to treatment. Weight-related outcomes display

a similar degree of robustness. The trajectory of weight loss amounts continues to show

a gradual buildup over time, whereas the probability of any weight loss remains largely

unchanged relative to baseline. Across different empirical designs, the qualitative dynamic

patterns are stable.

The matching analysis provides additional reassurance that the main results are not solely

an artifact of short-lived motivational spikes that simultaneously affect adoption timing and

behavior. Conditioning on recent engagement histories reduces sensitivity to such time-

varying selection, yet the key dynamic features of the baseline analysis persist. We view these

patterns as supportive of the interpretation that upgrading generates meaningful short-run

adjustments in engagement, while still acknowledging the limits of observational data for

establishing definitive point-identified causal magnitudes.
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5 Potential Behavioral Mechanisms

5.1 Mechanism Analysis

We begin by positing behavioral mechanisms that may account for the empirical patterns

observed in mHealth engagement dynamics. Specifically, we consider the roles of moral

licensing, goal liberation, sunk costs, and hedonic decline as candidate drivers. We then

develop an empirical test to distinguish between two competing explanations.

Moral licensing. The literature on moral licensing (Chiou et al. 2011, Khan and Dhar

2006, Sachdeva et al. 2009, Wilcox et al. 2009) suggests that after engaging in virtuous

behavior, individuals may feel justified in subsequently reducing effort or engagement. If

subscribing to the premium version of the mHealth app is perceived as a virtuous health

commitment, users may grant themselves implicit permission to decrease tracking efforts

post-upgrade. This mechanism predicts a decline in engagement following premium adop-

tion. However, because our empirical results reveal a short-term increase in engagement

immediately after upgrading, moral licensing does not appear to be the primary driver of

the observed effects.

Goal liberation. The goal liberation hypothesis (Fishbach and Dhar 2005) posits that

individuals who perceive themselves as having made progress toward a goal may subsequently

reduce effort toward achieving it. If premium adoption signals progress toward health and

wellness goals, users may experience a reduced need to actively engage with tracking features,

leading to a decline in engagement. Yet, given the observed immediate engagement increase

post-adoption, goal liberation is unlikely to be the dominant force.

Sunk costs. An alternative explanation is that premium adoption enhances subsequent

engagement through the sunk-cost effect. Upon paying for the premium version, users may

feel psychological pressure to justify their financial investment by increasing engagement.

This mechanism can generate an immediate engagement boost following premium adoption,

although the lift is inherently transient. The transient nature of sunk-cost-driven engagement

has been widely documented across diverse empirical contexts (Arkes and Blumer 1985,

Augenblick 2016, Camerer and Weber 1999, Gourville and Soman 1998, Ho et al. 2018, Goli

et al. 2022).

Hedonic decline. A related but distinct mechanism is hedonic decline, whereby repeated

exposure to the same experience yields diminishing marginal responses (Brickman 1971,
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Galak and Redden 2018, Sevilla et al. 2019). In the context of premium adoption, hedonic

adaptation implies that the novelty and perceived value of premium features attenuate over

time, leading to a gradual reduction in engagement. This framework is consistent with our

empirical findings: premium adoption initially elevates engagement by offering access to

novel features, but user engagement eventually decays with continued exposure.

Among the mechanisms discussed above, both hedonic decline and the sunk-cost effect

predict an immediate boost in engagement from premium adoption, followed by a gradual

decline. To determine which mechanism plays a more dominant role, we exploit the fact that

the free and premium versions of the app share numerous core user-interactive features, with

premium features largely building upon the free version. In particular, the user interface

design remains consistent across versions with respect to food and exercise tracking. That

is, both the aesthetic design and the presentation of consumption and exercise information

are virtually identical across versions.7 Consequently, users who extensively interacted with

the free version before upgrading would likely have already experienced many features similar

to those of the premium version.

Hedonic decline predicts that the engagement lift should be lower among users with

high pre-upgrade exposure, as the novelty of the premium features would be attenuated. In

contrast, the sunk-cost effect implies that the engagement lift should be similar across users,

because all adopters incur the same financial outlay and may feel compelled to justify the

expense. Distinguishing between these mechanisms has important implications for designing

interventions to sustain user engagement over time.

To assess the relative importance of hedonic decline versus the sunk-cost effect, we seg-

ment users based on their pre-adoption exposure and estimate separate treatment effects

for each subgroup. Specifically, premium adopters are classified as low - or high-exposure

users based on whether their pre-upgrade tracking frequency falls below or above the sample

median. Each subgroup is then separately grouped with non-adopters, and we implement

staggered DiD analyses comparing low-exposure adopters versus non-adopters, and high-

exposure adopters versus non-adopters. If the effects are statistically indistinguishable and

of similar magnitude across the two groups, it would suggest that hedonic decline is unlikely

to be the primary driver.

To sharpen inference about underlying mechanisms, we focus on immediate and short-

term treatment effects: the week of adoption and the first week thereafter. This design

choice is motivated by two considerations. First, engagement effects measured during this

7The primary difference between the premium and free versions lies in the display of nutritional information:

the free version presents only total food and exercise calories, whereas the premium version provides a more detailed

breakdown, including macronutrients and micronutrients (e.g., carbohydrates, fats, proteins, vitamins).
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early window are less likely to be confounded by downstream outcomes, such as weight loss,

which typically materialize with delay. Second, isolating early effects provides a cleaner lens

into users’ immediate behavioral responses to premium adoption, before habit formation or

reinforcement mechanisms influence usage trajectories. In each case, treatment effects are

estimated separately for low- and high-exposure adopters to test the competing predictions

from hedonic decline and sunk-cost theories.

Table 4 presents summary statistics for key user characteristics across low- and high-

exposure adopters, along with corresponding t-statistics and p-values from two-sample mean

tests. By construction, low-exposure adopters tracked food or exercise for an average of 9.7

days prior to upgrading, significantly fewer than high-exposure adopters, who tracked for an

average of 27.3 days before upgrading. However, the two groups are otherwise comparable

across a range of characteristics, including demographics, starting weight, and goal progress

on the day of upgrade, suggesting that differences in the effect between the groups are

unlikely to be driven by these characteristics.

Table 5 presents the estimated causal effects on engagement outcomes separately for low-

and high-exposure adopters. Across most outcomes, low-exposure adopters exhibit a signif-

icantly larger post-upgrade lift compared to their high-exposure counterparts, particularly

during the first week after adoption. For instance, food tracking increases by 0.19 among

low-exposure adopters compared to 0.04 among high-exposure adopters. Similar patterns

emerge for exercise tracking and caloric budgeting outcomes. Although week-of-upgrade ef-

fects are directionally consistent, the magnitude separation becomes even more pronounced

by the first week post-upgrade, suggesting that engagement among high-exposure adopters

may decline more rapidly.

These findings are broadly consistent with hedonic decline as the behavioral mechanism.

Users with limited prior exposure to the free version respond to the premium upgrade as if

encountering genuinely new features, whereas users who have already interacted extensively

with those same core features arrive at the upgrade having largely exhausted whatever nov-

elty the premium tier can offer. The attenuation of the engagement lift with prior exposure

is precisely what hedonic decline predicts: the marginal stimulus from a new experience

declines with accumulated exposure to similar ones. The sunk-cost interpretation is unlikely

the primary driver of this pattern. With sunk-cost effects, the act of paying the premium fee

creates psychological pressure to justify the expenditure through increased engagement, and

this pressure should be uniform across users because all adopters incur the same financial

outlay regardless of their prior activity. The fact that high-exposure users exhibit substan-

tially smaller engagement lifts (in many cases statistically indistinguishable from zero) is

therefore difficult to reconcile with sunk costs as the primary driver.
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5.2 Robustness of Mechanism Analysis

To further examine the robustness of the mechanism analysis, we restrict attention to users

who upgraded in week 5 and study whether engagement responses vary systematically with

prior exposure to the free version of the app. This focus allows us to assess whether the post-

adoption decline in engagement is better explained by hedonic decline than by motivational

mean reversion. If hedonic decline plays a meaningful role, one would expect the largest

engagement responses among users with relatively low prior exposure, whereas users with

high prior exposure to the free version before upgrading should show smaller, more transitory

responses.

We begin by computing each user’s pre-adoption exposure levels. Using a median split,

we classify adopters into low- and high-exposure groups based on the number of days they

tracked food or exercise during the four weeks preceding the upgrade. For each group, we

estimate a propensity score of premium adoption using demographic characteristics, ini-

tial goal settings, recent Google Search intensities (week 4), recent engagement trajectories

(weeks 3 and 4), and recent weight-loss outcomes (week 4). We then match each adopter

to non-adopters whose pre-adoption patterns closely resemble those within the correspond-

ing exposure group, ensuring that pre-treatment dynamics do not differ meaningfully across

matched pairs. The resulting matched samples balance the key matching variables for both

adopters and non-adopters.

The event-study results that emerge from this design in Figures 9 and 10 reveal a clear

divergence across exposure groups. For all engagement measures, users with low prior expo-

sure exhibit pronounced increases immediately following the upgrade, with effects that are

both economically sizable and statistically precise. By contrast, high-exposure users display

much smaller and often statistically indistinguishable changes, with post-adoption responses

that remain close to zero throughout the analysis window. These differences are consistent

with the interpretation that the perceived novelty of premium features is greater among users

with limited prior exposure, triggering a more salient engagement response, whereas those

who upgrade after already having high exposure to the free version experience a dampened

response.

These findings provide additional support that hedonic decline, rather than motivational

mean reversion, plays an important role in shaping the observed post-adoption dynamics.

Because the analysis additionally matches users on recent engagement histories, both ex-

posure groups begin with comparable motivational and behavioral trajectories to matched

non-adopters. The fact that only low-exposure adopters exhibit large initial engagement re-

sponses that subsequently attenuate is therefore consistent with a decline in novelty effects.
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In Figures D1 and D2 in the Online Appendix, we obtain very similar results when con-

ducting the matching-based analysis for users who upgraded in week 6: low-exposure users

exhibit sharp increases in exercise tracking, food tracking, caloric budget adherence, and

exercise calories upon upgrading, followed by gradual attenuation, whereas high-exposure

users display much smaller and generally statistically indistinguishable changes throughout

the observable period.

In summary, the week-6 results further support prior exposure as an important channel

underlying the effect of premium adoption on engagement: users with limited exposure to

the free version respond more strongly upon upgrading, whereas highly exposed users ex-

hibit muted responses, consistent with hedonic decline shaping post-adoption engagement

dynamics.

6 Conclusion

This paper examines how premium adoption influences user engagement and health outcomes

in an mHealth setting. Using a staggered difference-in-differences framework, we find that

premium features yield an immediate but short-lived increase in mHealth app engagement,

particularly in food and exercise logging. These engagement gains attenuate within weeks,

consistent with hedonic decline. We observe limited downstream effects on weight loss,

suggesting that elevated engagement does not necessarily translate into sustained health

improvements.

To understand the behavioral mechanisms of this transient engagement response, we

analyze heterogeneity in adoption effects by users’ pre-upgrade exposure levels to the free

version. The engagement lift is disproportionately larger among users with low prior ex-

posure, whereas users who have already interacted extensively with the free version before

upgrading exhibit more muted responses. This asymmetry aligns more closely with hedo-

nic decline, where the novelty of premium features temporarily boosts engagement, than

with sunk cost effects, as sunk costs would predict a similar engagement lift across users

when they pay the same fee to upgrade. In particular, marginal engagement gains taper off

quickly regardless of prior activity, implying that repeated exposure reduces the effectiveness

of premium features in boosting engagement over time.

These findings have implications for digital health design. First, pricing-based one-time

upgrades can generate short-run engagement increases but are unlikely to sustain long-run

adherence in the absence of complementary reinforcement mechanisms. The estimated ef-

fects suggest that engagement gains following upgrading are transient and attenuate quickly

within weeks. Second, the limited association between higher user engagement and weight-
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loss outcomes cautions against equating increased engagement with long-term health im-

provement. The evidence indicates that elevated short-term tracking activity alone does

not reliably translate into sustained weight changes in this setting. Finally, the exposure-

based heterogeneity results suggest that novelty could be a relevant lever for the app. With

the hedonic decline mechanism, prolonged free trials may reduce the incremental impact of

upgrading by exhausting the novelty of premium features before users subscribe. Introduc-

ing new premium features over time may therefore be a more effective lever for sustaining

behavioral change.

We conclude by discussing the limitations of our empirical framework and the scope of

the conclusions that can be drawn from the data. As in many empirical applications of

staggered DiD, our framework relies on a conditional parallel trend assumption. The pre-

adoption engagement trajectories (particularly among middle and late adopters) indicate

that users often upgrade during periods of rising engagement, consistent with time-varying

selection. Although we condition on user characteristics, early and recent engagement mea-

sures and information exposure proxies, and implement formal sensitivity analyses with

extensive robustness checks, these approaches mitigate but cannot fully eliminate concerns

about endogenous treatment timing. Importantly, however, any remaining selection is likely

to bias the estimates upward, as users exhibiting increasing engagement trajectories are more

likely to upgrade. As a result, our findings should be viewed as conservative evidence for

our central conclusion: analyses that ignore individual self-selection into premium adoption

systematically overstate its effects. Accordingly, our contribution lies in documenting a trans-

parent set of empirical results and articulating the limitations of TWFE estimators under

endogenous adoption, rather than in claiming definitive point-identified causal magnitudes.
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FIGURES AND TABLES

Figure 1: Number of Upgrades Each Week Since Registration

Notes: This histogram shows the number of users who adopted the paid premium version of the mHealth app each week after
registration.

Table 1: Summary Statistics for Full Sample

Variable Mean Std. Dev.

Male 0.294 0.456

Age 41.553 14.330

Starting Weight (lb) 204.132 52.628

Target Weight (lb) 162.300 36.207

Initial Distance to Goal Weight (lb) 41.488 32.345

Proportional Distance to Goal Weight 0.189 0.112

Suggested Budget of Calories (kcal) 1626.050 421.538

Food Calories Logged (kcal) 809.441 490.913

Exercise Calories Logged (kcal) 109.809 158.230

Average Proportion of Days Tracked Food 0.584 0.268

Average Proportion of Days Tracked Exercise 0.273 0.254

Average Proportion of Days Tracked and Stayed within Budget 0.485 0.246

Number of Active Days 165.782 82.472

N 11,873

Notes: This table presents summary statistics for key variables in the full sample.
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Table 2: Linear Regression of Upgrade Decision on User Demographics, Initial Goal
Settings, Engagement, and Google Search Intensities

Dependent variable:

Ever Upgraded

Full Sample Restricted Sample

Starting Weight −0.002 −0.003∗∗∗

(0.001) (0.001)

Height −0.001 −0.002

(0.004) (0.003)

Age 0.002∗∗∗ 0.001∗∗∗

(0.0002) (0.0001)

Start Date −0.00003 −0.00002

(0.00004) (0.00004)

Initial Goal Weight 0.002 0.002∗∗

(0.001) (0.001)

Initial Goal BMI −0.009 −0.014∗∗

(0.007) (0.005)

Initial BMI 0.133 0.200∗∗∗

(0.089) (0.071)

Proportional Distance to Goal Weight 0.186∗∗∗ 0.069

(0.056) (0.044)

Male −0.007 −0.010

(0.008) (0.006)

Prop. Days Tracked Food (Week 1) −0.046∗ −0.055∗∗∗

(0.024) (0.019)

Food Calories (Week 1) 0.00001 0.00000

(0.00001) (0.00001)

Prop. Days Tracked Exercise (Week 1) −0.004 −0.009

(0.011) (0.008)

Prop. Days Within Budget (Week 1) −0.016 −0.009

(0.015) (0.012)

Exercise Calories (Week 1) 0.00003∗∗ 0.00002∗

(0.00002) (0.00001)

Prop. Days Lower than Initial Weight (Week 1) 0.010∗ 0.006

(0.006) (0.005)

Average Weight Change (Week 1) 0.00002 −0.001

(0.001) (0.001)

App Name Premium Searches (Week 1) 0.023∗∗

(0.010)

App Name Weight Loss Searches (Week 1) −0.018

(0.027)

Weight Loss Premium Searches (Week 1) −0.011

(0.008)

Constant 0.183 0.233

(0.334) (0.304)

Observations 11,873 11,426

R2 0.017 0.017

Notes: This table reports linear probability model estimates for whether users upgraded
to the premium version of the mHealth app within the first seven weeks. Controls include
demographics, start date, initial goal settings, and first-week engagement. Column 2
additionally includes national Google search intensities for app- and weight-loss-related
keywords in week 1. Column 1 uses the full sample of 11,873 users; Column 2 uses the
TWFE and staggered DiD sample, consisting of adopters in weeks 2–7 and non-adopters.*
denotes p < 0.10, ** denotes p < 0.05, and *** denotes p < 0.01.
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Figure 2: Impact of Premium Adoption on Engagement Outcomes

Notes: This figure compares event-study estimates using the TWFE with those obtained with the Callaway and Sant’Anna
(2021) DiD estimator. The reference period for the TWFE specification is more than three weeks prior to premium adoption.
The comparison group for Callaway and Sant’Anna (2021) DiD estimator is not-yet-treated users. The estimation is based
on the sample that contains users who upgrade to the premium in weeks 2 - 7 and users who do not upgrade over our entire
observation period of 15 weeks.
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Figure 3: Impact of Premium Adoption on Health-Related Outcomes

Notes: This figure compares event-study estimates using the TWFE with those obtained with the Callaway and Sant’Anna
(2021) DiD estimator. The reference period for the TWFE specification is more than three weeks prior to premium adoption.
The comparison group for Callaway and Sant’Anna (2021) DiD estimator is not-yet-treated users. The estimation is based
on the sample that contains users who upgrade to the premium in weeks 2 - 7 and users who do not upgrade over our entire
observation period of 15 weeks.
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Figure 4: Propensity Score Distributions Across Adoption Cohorts

Notes: This figure presents the density of propensity score predicted by the random forest model across adoption cohorts.

Figure 5: Pre-Adoption Trends for Engagement Outcomes

(a) Exercise Tracking (b) Food Tracking

(c) Staying within Budget (d) Exercise Calories

Notes: This figure displays pre-trend plots for the engagement outcomes across adoption cohorts.
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Figure 6: Pre-Adoption Trends for Health Outcomes

(a) Weight Loss Amount (b) Positive Weight Loss

Notes: This figure displays pre-trend plots for weight loss outcomes across adoption cohorts.

Figure 7: Sensitivity Analysis Using Fixed-Length Confidence Intervals

Notes: This figure displays fixed-length confidence intervals (FLCIs) estimated using Rambachan and Roth (2023). The
horizontal axis corresponds to M , and the vertical axis represents the FLCIs given M . The blue-colored interval represents the
case when the standard parallel trends assumption holds (i.e., M = 0), and the red confidence intervals are for deviations from
this assumption.
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Table 3: Overall ATT Estimates: TWFE vs. Callaway and Sant’Anna (2021)

TWFE Estimates

Variable ATT SE 95% CI

Exercise Tracking 0.124 0.017 [0.089, 0.158]

Food Tracking 0.163 0.021 [0.121, 0.204]

Tracking and Staying within Budget 0.124 0.018 [0.089, 0.159]

Average Exercise Calories 47.730 9.958 [28.21, 67.25]

Positive Weight Loss 0.027 0.020 [-0.011, 0.066]

Weight Loss Amount 1.573 0.383 [0.822, 2.325]

Callaway and Sant’Anna (2021) Estimates

Variable ATT SE 95% CI

Exercise Tracking 0.075 0.015 [0.046, 0.104]

Food Tracking 0.062 0.016 [0.030, 0.093]

Tracking and Staying within Budget 0.050 0.013 [0.024, 0.076]

Average Exercise Calories 33.034 9.414 [14.582, 51.485]

Positive Weight Loss 0.005 0.015 [-0.024, 0.035]

Weight Loss Amount 0.329 0.278 [-0.215, 0.873]

Notes: This table reports overall ATT estimates from two models. Panel A uses the two-way fixed
effects (TWFE) approach. Panel B uses the estimator from Callaway and Sant’Anna (2021). Both
are based on users who upgrade to premium between weeks 2–7 and all users who never upgrade during
a 15-week observation period. Standard errors are clustered at the user level.

Table 4: Comparison of Means Between Low- and High-Exposure Adopters

Variable Low Exposure High Exposure T-Statistic P-Value

Number of Prior Days Tracked Food/Exercise 9.721 27.332 -28.555 0.000

Male 0.285 0.299 -0.303 0.762

Age 45.477 48.235 -1.841 0.067

Starting Weight (lb) 214.243 218.262 -0.726 0.468

Height (inch) 66.512 66.342 0.435 0.664

Initial Distance to the Goal Weight (lb) 167.256 164.783 0.643 0.521

Initial Goal BMI 26.386 26.119 0.581 0.562

Current Weight (lb) 211.196 209.764 0.272 0.785

Current Distance to the Goal Weight (lb) 44.813 44.949 -0.037 0.971

Number of Observations 172 187

Notes: This table summarizes the key variables for the low- and high-exposure adopters and reports the corresponding
t-statistics and p-values from two-sample mean tests.
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Figure 8: TWFE Estimates on Matched Sample Balancing on Recent Engagement and
Google Search Intensities

Notes: Each subfigure displays TWFE event-study coefficients for the indicated outcome estimated on the matched sample
(adopters in weeks 5–6 matched to non-adopters on demographics, initial goal settings, week 1 engagement, week 3 and week
4 engagement and weight-loss outcomes, and week 3 and week 4 Google Trends intensities). Red points show pre-treatment
leads; blue points show post-treatment lags. Error bars are 95% confidence intervals with standard errors clustered at the user
level.
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Table 5: Heterogeneous Effects by Pre-Adoption Exposure

Immediate (Week 0) Short-Term (Week 1)

Outcome Estimate Std. Error Estimate Std. Error

Exercise Tracking (Low Exposure) 0.142 0.022 0.164 0.027

Exercise Tracking (High Exposure) 0.091 0.017 0.086 0.020

Food Tracking (Low Exposure) 0.140 0.018 0.165 0.024

Food Tracking (High Exposure) 0.064 0.013 0.043 0.018

Within Budget (Low Exposure) 0.106 0.020 0.117 0.021

Within Budget (High Exposure) 0.034 0.017 0.029 0.019

Exercise Calories (Low Exposure) 65.212 12.296 89.494 18.882

Exercise Calories (High Exposure) 35.673 11.777 24.313 15.847

Notes: This table reports subgroup-specific treatment effects based on pre-adoption engagement levels. Users are classified
as high or low exposure based on whether their food/exercise-tracking activity prior to premium adoption falls above
or below the sample median. Estimates correspond to the immediate (week-of-upgrade) and short-term (one week post-
upgrade) effects of premium adoption, with separate estimations run for each outcome and subgroup. All models control
for user and calendar week fixed effects. Standard errors are clustered at the user level.

Figure 9: TWFE Estimates on Matched Sample Balancing on Additional Recent
Variables and Segmented on Pre-adoption Exposure (Week 5 Adopters Matched with

Non-Adopters)

Notes: Panels compare TWFE event-study estimates for week-5 adopters split by pre-adoption exposure (median split), match-
ing with similar non-adopters, respectively. The matching is based on demographic characteristics, initial goal settings, recent
Google Search intensities (week 4), early and recent engagement trajectories (weeks 3 and 4), and recent weight-loss outcomes
(week 4). Left column shows matched estimates for low pre-adoption exposure; right column shows matched estimates for high
pre-adoption exposure. Points are coefficient estimates; error bars are 95% confidence intervals with standard errors clustered
at the user level.
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Figure 10: TWFE Estimates on Matched Sample Balancing on Additional Recent
Variables and Segmented on Pre-adoption Exposure (Week 5 Adopters Matched with

Non-Adopters) [continued...]

Notes: Panels compare TWFE event-study estimates for week-5 adopters split by pre-adoption exposure (median split), match-
ing with similar non-adopters, respectively. The matching is based on demographic characteristics, initial goal settings, recent
Google Search intensities (week 4), early and recent engagement trajectories (weeks 3 and 4), and recent weight-loss outcomes
(week 4). Left column shows matched estimates for low pre-adoption exposure; right column shows matched estimates for high
pre-adoption exposure. Points are coefficient estimates; error bars are 95% confidence intervals with standard errors clustered
at the user level.
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A Alternative Sample of Adoption Cohorts

Since only 21 individuals adopted in week 7, this section replicates our estimation in 3.4 for
user cohorts who adopted between weeks 2 and 6 and a random sample of 5% users who do
not upgrade over our entire observation period of 15 weeks. The qualitative patterns that
emerge from the alternative sample estimates in Figures A1 and A2 closely resemble those
in our main specification (Figures 2 and 3). A first, encouraging difference is that the pre-
treatment trajectories of treated and control users align almost perfectly in the alternative
sample. That is, every pre-period gatt in Figure A1 fluctuates within a narrow confidence
band around zero, whereas in Figure 2 a mild anticipatory uptick is visible for food tracking.

Turning to the short-run effects on engagement, Figure A1 replicates the same burst-and-
fade profile observed in Figure 2. The initial lift in daily food-logging probability peaks at
roughly 0.09 percentage points in both samples; exercise logging exhibits an identical hump
that returns to baseline within six to seven weeks; and adherence to the calorie budget again
displays only a brief, statistically fragile improvement. If anything, the decline toward zero
is marginally faster once week-7 adopters are excluded. Hence, the evidence for a rapidly
decaying engagement response is robust to this alternative cohort definition.

Figure A2 echos the modest and fading health effects reported in Figure 3. Estimated
impacts on the probability of any weight loss and on cumulative pounds lost remain minimal
and largely drift insignificantly around zero for the full twelve-week horizon, and the tighter
pre-period match rules out the possibility that differential trends mask a delayed benefit.
Therefore, in both the baseline and the restricted sample, the transient surge of participation
does not translate into sustained, compounding improvements in body weight.

Together, the comparison reinforces the main conclusion of the paper. Premium adoption
generates only an ephemeral spike in self-monitoring that dissipates within two months, and
this fleeting behavioral change yields no detectable health gains. The fact that removing
week 7 adopters produces virtually identical post-upgrade trajectories, while simultaneously
strengthening the evidence in favor of parallel pre-trends, further underscores the internal
validity of our main findings.
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Figure A1: Impact of Premium Adoption on Engagement Outcomes

Notes: This table compares event-study estimates using the TWFE with those obtained with the Callaway and Sant’Anna
(2021) DiD estimator. The reference period for the TWFE specification is more than three weeks prior to premium adoption.
The comparison group for Callaway and Sant’Anna (2021) DiD estimator is not-yet-treated users. The estimation is based
on the sample that contains users who upgrade to the premium in weeks 2 - 6 and a random sample of 5% users who do not
upgrade over our entire observation period of 15 weeks. 3



Figure A2: Impact of Premium Adoption on Health-Related Outcomes

Notes: This table compares event-study estimates using the TWFE with those obtained with the Callaway and Sant’Anna
(2021) DiD estimator. The reference period for the TWFE specification is more than three weeks prior to premium adoption.
The comparison group for Callaway and Sant’Anna (2021) DiD estimator is not-yet-treated users. The estimation is based
on the sample that contains users who upgrade to the premium in weeks 2 - 6 and a random sample of 5% users who do not
upgrade over our entire observation period of 15 weeks.
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B Sensitivity to Measurement

This section explores the sensitivity of our main findings to potential accuracy issues with
respect to food calorie and weight loss metrics. Table B1 summarizes the results from this
sensitivity analysis.

Food log accuracy. The food calorie information is provided by users. Users typically
take photos of their food and update them to their app so that the app infers calorie. As such,
there might be questions about the validity of this volunteered information. Unfortunately,
there is no way of knowing what the “ground truth” is for food calorie information in our
specific empirical context. However, we note the following points that might assuage such
concerns. First, our focus of analysis is on the extensive margin of food tracking (i.e.,
whether or not users tracked food consumption). For this reason, any user-generated errors
in the numeric value of food log calories will likely only materialize at the intensive margin,
rather than the extensive margin. Second, and most importantly, we are able to demonstrate
the robustness of the key data patterns using a food log filtering approach originally used in
nutrition sciences. To isolate credible tracking events, we consider an alternative specification
that counts a user as tracking food calories on a given day only if the total food calories
entered that day are credible. Essentially, observations for which daily caloric intake is lower
than 500 kcal/day or greater than 4000 kcal/day are counted as not tracking food calories
on the given day, as caloric intake of this amount per day is considered to be extreme and
incredible (Willett 2012). This filtering rule has been applied in other nutrition science
research involving the same empirical context (Labonté et al. 2022). In this sensitivity
analysis, the dependent variable can be understood as indicating whether a user tracked
food calories within a plausible range on a given day. The results from this analysis confirm
that for the sub-sample of physiologically credible food log entries, the main qualitative
patterns still exist.

Weight log accuracy. Similar to our sensitivity analysis for food calorie reliability, we
also assess the sensitivity of our results related to weight loss. To get a sense of what is
credible, we turn to findings from Finkler et al. (2012), which demonstrate that realistic
weight loss ranges from 0.5 to 1 kg per week. Accordingly, in this analysis, if a user reports
a weight loss exceeding 1 kg compared to the previous week, the reported value is capped at
1 kg (2.2 lbs). From this analysis, we observe that the alternative variable construction for
plausible weight loss yields very similar results as in our baseline results.
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Table B1: Overall ATT Estimates from Alternative Measurements

Callaway and Sant’Anna (2021) Estimates

Variable ATT SE 95% CI

Exercise Tracking 0.0794 0.0176 [0.0449, 0.114]

Food Tracking 0.0784 0.0178 [0.0435, 0.1132]

Tracking and Staying within the Calorie Budget 0.0601 0.0161 [0.0285, 0.0916]

Average Exercise Calories 35.5726 10.5616 [14.8723, 56.273]

Positive Weight Loss 0.0028 0.0194 [-0.0352, 0.0409]

Weight Loss Amount 0.9524 0.2778 [0.4079, 1.497]

Estimates with Alternative Measurements

Exercise Tracking 0.073 0.017 [0.0426, 0.1033]

Food Tracking 0.074 0.018 [0.0387, 0.1093]

Tracking and Staying within the Calorie Budget 0.06 0.0161 [0.0285, 0.0916]

Average Exercise Calories 35.576 10.6087 [14.7832, 56.3687]

Positive Weight Loss 0.0028 0.0194 [-0.0353, 0.0408]

Weight Loss Amount 0.9509 0.2779 [0.4062, 1.4955]

Notes: This table reports overall ATT estimates from alternative measurements. Panel A uses the approach by Callaway
and Sant’Anna (2021), andPanel B uses the estimator from Callaway and Sant’Anna (2021) with alternative measurements.
Both analyses are based on users who upgrade between weeks 2–7 and all those who never upgrade, observed over 15 weeks.
To isolate credible tracking events, the specification in Panel B only counts a user as tracking food calories on a given
day if the user’s total food calories entered on the day are credible. Essentially, observations for which daily caloric intake
is lower than 500 kcal/day or greater than 4000 kcal/day are counted as not tracking food calories on the given day, as
caloric intake of this amount per day is considered to be extreme and incredible (Willett 2012). For weight loss outcomes
in Panel B, if a user reports a weight loss exceeding 1 kg compared to the previous week, the reported value is capped at
1 kg (2.2 lbs), as findings from Finkler et al. (2012) demonstrate that realistic weight loss ranges from 0.5 to 1 kg per week.
Standard errors are clustered at the user level.
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C Alternative Estimators

To explore the sensitivity of our results to different estimation approaches, we consider alter-
native TWFE estimators that differ in reweighting strategies. First, the switcher-difference-
in-differences estimator of De Chaisemartin and d’Haultfoeuille (2020) isolates the average
jump that occurs precisely when a user’s treatment status flips, stripping out periods in which
treated units serve as controls for themselves. Second, the synthetic DiD of Arkhangelsky
et al. (2021) relaxes parallel trends by matching each cohort to a synthetic control whose pre-
paths mimic its own. If the premium effect remains under both estimators, we can discount
artifacts of TWFE weighting and attribute any persistence to genuine behavioral change.

C.1 De Chaisemartin and d’Haultfoeuille (2020) Estimator

One alternative approach, proposed by De Chaisemartin and d’Haultfoeuille (2020), ad-
dresses heterogeneous treatment effects by computing weighted average treatment effects
across treatment cohorts. This method ensures that the estimated treatment effect properly
reflects variations in adoption timing, making it particularly useful in staggered adoption
settings where different users upgrade at different points in time. Note that the assumptions
this estimator requires are subtly different than the ones in Callaway and Sant’Anna (2021),
namely assumptions about sharp design and independent groups.

Sharp design. This assumption implies that the adoption of premium does not vary within
cohort and time. Note that based on our definition of time (i.e., weekly level rather than
daily), the premium adoption treatment will by definition vary within cohort and time (i.e.,
there are multiple days within the same week for which adoption can take place).

Independent groups. This assumption allows for the possibility that the premium adop-
tion treatment and potential user engagement and health-related outcomes of a group may
be correlated over time, but with the main requirement that the potential outcomes and
treatments across different adoption cohorts are independent. What this essentially re-
quires, under our empirical setting, is that the adoption of premium is not strongly driven
by social/peer considerations. As the “social functions and referrals” in the mHealth app
are severely lacking in the user interface design, we believe that user-to-user contamination
is highly unlikely thereby making this assumption trivially satisfied.

Strict exogeneity. While both De Chaisemartin and d’Haultfoeuille (2020) and Callaway
and Sant’Anna (2021) rely on parallel trends (conditional or unconditional), the De Chaise-
martin and d’Haultfoeuille (2020) estimator requires a stronger assumption about strict
exogeneity as compared with Callaway and Sant’Anna (2021). This assumption means that
the unobserved shocks that impact the pre-adoption period outcomes are mean independent
of the adoption sequence. In contrast, Callaway and Sant’Anna (2021) allow for violations
of strong exogeneity if valid control groups (e.g., never-treated or not-yet-treated) can be
used.
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C.1.1 Summary of Results

Across engagement outcomes, the overall ATT estimates from the estimator by De Chaise-
martin and d’Haultfoeuille (2020), shown in Table C1, replicate the qualitative patterns
observed in both TWFE and estimates from Callaway and Sant’Anna (2021): a significant
increase in food and exercise tracking following premium adoption. However, the magni-
tude of these effects is notably more muted relative to TWFE and closely aligns with the
estimates from Callaway and Sant’Anna (2021). This divergence highlights how TWFE
can overstate treatment effects when dynamic effects are pooled across adoption cohorts
with differing underlying trends. By assigning more balanced weights across cohorts, the
De Chaisemartin and d’Haultfoeuille (2020) estimator yields a more conservative assessment
of the post-adoption engagement lift. Finally, we note that the point estimates are highly
comparable and the confidence intervals for the ATT estimates from Callaway and Sant’Anna
(2021) and De Chaisemartin and d’Haultfoeuille (2020) mostly exhibit overlap.

Table C1: Overall ATT Estimates from Alternative DiD estimators

Callaway and Sant’Anna (2021) Estimates

Variable ATT SE 95% CI

Exercise Tracking 0.0794 0.0176 [0.0449, 0.114]

Food Tracking 0.0784 0.0178 [0.0435, 0.1132]

Tracking and Staying within the Calorie Budget 0.0601 0.0161 [0.0285, 0.0916 ]

Average Exercise Calories 35.5726 10.5616 [14.8723, 56.273]

Positive Weight Loss 0.0028 0.0194 [-0.0352, 0.0409]

Weight Loss Amount 0.9524 0.2778 [0.4079, 1.497]

de Chaisemartin and D’Haultfœuille (2020) Estimates

Exercise Tracking 0.088 0.019 [0.051, 0.126]

Food Tracking 0.090 0.022 [0.048, 0.133]

Tracking and Staying within the Calorie Budget 0.070 0.020 [0.032, 0.108]

Average Exercise Calories 31.983 12.322 [7.833, 56.133]

Positive Weight Loss -0.008 0.022 [-0.052, 0.035]

Weight Loss Amount 0.632 0.345 [-0.044, 1.308]

Notes: This table reports overall ATT estimates from the two DiD estimators. Panel A uses the approach by Callaway and
Sant’Anna (2021), and Panel B uses the estimator from De Chaisemartin and d’Haultfoeuille (2020). Panel A analyses
are based on users who upgrade between weeks 2–7 and all those who never upgrade, observed over 15 weeks. Panel B
presents analyses based on users who upgraded between weeks 2 and 3, and all those who never upgrade, observed over 15
weeks. We focus on week 2 and week 3 adopters because the estimator proposed by De Chaisemartin and d’Haultfoeuille
(2020) does not accommodate staggered adoption.

C.2 Synthetic Difference-in-Differences

As a complementary specification test, we estimate ATT with the synthetic difference-
in-differences (SDiD) estimator of Arkhangelsky et al. (2021). SDiD retains the dou-
ble–differencing logic of a classical DiD while using synthetic–control weights to relax parallel-
trend requirements.
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Let Yit denote the outcome for user i on day t, and let Wit = 1 from the upgrade date
onward. For each adoption cohort g we first construct unit and time weights, ωSDiD

i and
λSDiD
t , that align the pre-treatment paths of never-upgraders with those of cohort g up to an

additive constant and that balance pre- and post-period means for every control unit. Using
these weights, we obtain a cohort-specific treatment effect

τ̂SDiD
g = argmin

τ

∑
i,t

(
Yit − µ− αi − βt − τWit

)2
ωSDiD
i λSDiD

t ,

where (µ, αi, βt) are the usual two-way fixed effects. To recover the overall average treatment
effect on the treated, we can aggregate these cohort estimates with cohort-size weights,

τ̂SDiD =

∑
g ng τ̂

SDiD
g∑

g ng

,

where ng is the number of users who upgrade in cohort g. Inference relies on the cohort-level
cluster multiplier bootstrap proposed by Arkhangelsky et al. (2021).

Note that we confine the SDiD exercise to the overall ATT for illustration purposes. Our
main purpose in running the SDiD is to show that the SDiD method provides consistent
estimates compared to other methods we use. Collapsing to a single, cohort-size–weighted
ATT facilitates this comparison. Moreover, generating event-study graphs is computationally
demanding because of the staggered adoption design and the large sample size.

C.2.1 Summary of Results

The SDiD robustness exercise replicates our main findings: a premium upgrade delivers
a short-lived burst in self-monitoring yet fails to translate into sizable health gains. Ta-
ble C2 juxtaposes the overall ATTs from Callaway and Sant’Anna (2021) with those from
Arkhangelsky et al. (2021). Point estimates and standard errors are very similar, but most
SDiD coefficients are slightly larger in magnitude than the estimates from Callaway and
Sant’Anna (2021), but still notably smaller than estimates from TWFE in Table 3. The
slightly larger SDiD estimates, compared to those reported by Callaway and Sant’Anna
(2021), may stem from limitations in the number of covariates we are able to include. In-
corporating additional covariates substantially increases computational burden, which con-
strains model specifications we can consider.
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Table C2: Overall ATT Estimates from Alternative DiD estimators

Callaway and Sant’Anna (2021) Estimates

Variable ATT SE 95% CI

Exercise Tracking 0.0794 0.0176 [0.0449, 0.114]

Food Tracking 0.0784 0.0178 [0.0435, 0.1132]

Tracking and Staying within the Calorie Budget 0.0601 0.0161 [0.0285, 0.0916 ]

Average Exercise Calories 35.5726 10.5616 [14.8723, 56.273]

Positive Weight Loss 0.0028 0.0194 [-0.0352, 0.0409]

Weight Loss Amount 0.9524 0.2778 [0.4079, 1.497]

Synthetic Difference-in-Differences Estimates

Exercise Tracking 0.093 0.014 [0.0663, 0.1199]

Food Tracking 0.094 0.019 [0.0570, 0.1301]

Tracking and Staying within the Calorie Budget 0.075 0.015 [0.0459, 0.1045]

Average Exercise Calories 45.567 10.304 [25.3715, 65.7628]

Positive Weight Loss 0.012 0.020 [-0.0272, 0.0510]

Weight Loss Amount 0.894 0.316 [0.2753, 1.5134]

Notes: This table reports overall ATT estimates from the two DiD estimators. Panel A uses the approach by Callaway
and Sant’Anna (2021), and Panel B uses the estimator from Arkhangelsky et al. (2021). Both analyses are based on users
who upgrade between weeks 2–7 and those who never upgrade, observed over 15 weeks.
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D Additional Tables and Figures

Figure D1: TWFE Estimates on Matched Sample Balancing on Additional Recent
Variables and Segmented on Pre-adoption Exposure (Week 6 Adopters Matched with

Non-Adopters)

Notes: Panels compare TWFE event-study estimates for week-6 adopters split by pre-adoption exposure (median split), match-
ing with similar non-adopters, respectively. The matching is based on demographic characteristics, initial goal settings, recent
Google Search intensities (week 5), early and recent engagement trajectories (weeks 4 and 5), and recent weight-loss outcomes
(week 5). Left column shows matched estimates for low pre-adoption exposure; right column shows matched estimates for high
pre-adoption exposure. Points are coefficient estimates; error bars are 95% confidence intervals with standard errors clustered
at the user level.
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Figure D2: TWFE Estimates on Matched Sample Balancing on Additional Recent
Variables and Segmented on Pre-adoption Exposure (Week 6 Adopters Matched with

Non-Adopters) [continued...]

Notes: Panels compare TWFE event-study estimates for week-6 adopters split by pre-adoption exposure (median split), match-
ing with similar non-adopters, respectively. The matching is based on demographic characteristics, initial goal settings, recent
Google Search intensities (week 5), early and recent engagement trajectories (weeks 4 and 5), and recent weight-loss outcomes
(week 5). Left column shows matched estimates for low pre-adoption exposure; right column shows matched estimates for high
pre-adoption exposure. Points are coefficient estimates; error bars are 95% confidence intervals with standard errors clustered
at the user level.
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Table D1: Naive TWFE Estimates for Engagement Outcomes

Track Exercise Track Food Exercise Calories Within Budget

Pre-Treatment Period (Weeks Before Upgrade)

Three weeks before upgrade 0.0242 0.0686∗∗ 1.851 0.0830∗∗∗

(0.0255) (0.0276) (16.10) (0.0249)

Two weeks before upgrade 0.0753∗∗∗ 0.1179∗∗∗ 22.68∗ 0.1370∗∗∗

(0.0280) (0.0319) (13.71) (0.0267)

One week before upgrade 0.1027∗∗∗ 0.1956∗∗∗ 28.57∗ 0.1768∗∗∗

(0.0286) (0.0340) (15.19) (0.0282)

Immediate Post-Treatment (Week of Upgrade)

Week of upgrade 0.2172∗∗∗ 0.2999∗∗∗ 78.11∗∗∗ 0.2481∗∗∗

(0.0299) (0.0355) (15.54) (0.0300)

Short-Term Post-Treatment (1–6 Weeks After Upgrade)

One week after upgrade 0.2262∗∗∗ 0.3060∗∗∗ 84.24∗∗∗ 0.2548∗∗∗

(0.0305) (0.0379) (16.14) (0.0321)

Two weeks after upgrade 0.1808∗∗∗ 0.3064∗∗∗ 60.87∗∗∗ 0.2525∗∗∗

(0.0314) (0.0388) (16.29) (0.0319)

Three weeks after upgrade 0.2014∗∗∗ 0.3250∗∗∗ 70.67∗∗∗ 0.2617∗∗∗

(0.0316) (0.0399) (16.42) (0.0323)

Four weeks after upgrade 0.2047∗∗∗ 0.3096∗∗∗ 73.02∗∗∗ 0.2601∗∗∗

(0.0313) (0.0408) (16.82) (0.0328)

Five weeks after upgrade 0.1849∗∗∗ 0.3050∗∗∗ 66.62∗∗∗ 0.2575∗∗∗

(0.0310) (0.0408) (16.29) (0.0323)

Six weeks after upgrade 0.1826∗∗∗ 0.2723∗∗∗ 71.63∗∗∗ 0.2515∗∗∗

(0.0326) (0.0407) (16.68) (0.0335)

Medium-Term Post-Treatment (7–12 Weeks After Upgrade)

Seven weeks after upgrade 0.1817∗∗∗ 0.2649∗∗∗ 62.07∗∗∗ 0.2401∗∗∗

(0.0332) (0.0427) (16.33) (0.0345)

Eight weeks after upgrade 0.1598∗∗∗ 0.2595∗∗∗ 41.51∗∗ 0.2352∗∗∗

(0.0337) (0.0425) (16.64) (0.0340)

Nine weeks after upgrade 0.1593∗∗∗ 0.2366∗∗∗ 47.53∗∗∗ 0.2225∗∗∗

(0.0334) (0.0422) (16.56) (0.0344)

Ten weeks after upgrade 0.1497∗∗∗ 0.2180∗∗∗ 44.50∗∗∗ 0.2105∗∗∗

(0.0331) (0.0418) (15.85) (0.0348)

Eleven weeks after upgrade 0.1484∗∗∗ 0.2343∗∗∗ 50.45∗∗ 0.2087∗∗∗

(0.0344) (0.0428) (19.77) (0.0357)

Twelve weeks after upgrade 0.1543∗∗∗ 0.2010∗∗∗ 49.97∗∗∗ 0.1907∗∗∗

(0.0360) (0.0447) (19.02) (0.0372)

Long-Term Post-Treatment (13 Weeks After Upgrade)

Thirteen weeks after upgrade 0.1535∗∗∗ 0.1928∗∗∗ 26.87 0.1677∗∗∗

(0.0413) (0.0481) (24.23) (0.0419)

User FE Yes Yes Yes Yes

Week FE Yes Yes Yes Yes

Observations 171,495 171,495 171,495 171,495

R2 0.60837 0.57058 0.61481 0.55340

Within R2 0.00192 0.00223 0.00095 0.00158

Notes: This table reports event-study estimates from TWFE on engagement outcomes. The data
includes users who upgrade to premium between weeks 2–7 and all users who never upgrade during a
15-week observation period. Standard errors are clustered at the user level. * denotes p < 0.10, **
denotes p < 0.05, and *** denotes p < 0.01.
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Table D2: Naive TWFE Estimates for Weight-Related
Outcomes

Positive Weight Loss Weight Loss Amount

Pre-Treatment Period (Weeks Before Upgrade)

Three weeks before upgrade 0.0560 1.465∗∗∗

(0.0348) (0.5584)

Two weeks before upgrade 0.0633∗ 2.297∗∗∗

(0.0367) (0.6499)

One week before upgrade 0.0636∗ 2.336∗∗∗

(0.0382) (0.7161)

Immediate Post-Treatment (Week of Upgrade)

Week of upgrade 0.0735∗ 2.487∗∗∗

(0.0398) (0.7350)

Short-Term Post-Treatment (1-6 Weeks After Upgrade)

One week after upgrade 0.0815∗∗ 2.699∗∗∗

(0.0391) (0.7563)

Two weeks after upgrade 0.0782∗∗ 3.021∗∗∗

(0.0393) (0.7823)

Three weeks after upgrade 0.0885∗∗ 3.192∗∗∗

(0.0397) (0.7967)

Four weeks after upgrade 0.0849∗∗ 3.369∗∗∗

(0.0387) (0.8162)

Five weeks after upgrade 0.0775∗∗ 3.611∗∗∗

(0.0384) (0.8391)

Six weeks after upgrade 0.0795∗∗ 3.706∗∗∗

(0.0383) (0.8564)

Medium-Term Post-Treatment (7-12 Weeks After Upgrade)

Seven weeks after upgrade 0.0725∗ 3.724∗∗∗

(0.0386) (0.8757)

Eight weeks after upgrade 0.0751∗ 3.811∗∗∗

(0.0391) (0.8918)

Nine weeks after upgrade 0.0813∗∗ 3.741∗∗∗

(0.0387) (0.8803)

Ten weeks after upgrade 0.0727∗ 3.477∗∗∗

(0.0389) (0.8501)

Eleven weeks after upgrade 0.0624 3.269∗∗∗

(0.0388) (0.8550)

Twelve weeks after upgrade 0.0802∗∗ 3.271∗∗∗

(0.0398) (0.8934)

Long-Term Post-Treatment (13+ Weeks After Upgrade)

Thirteen weeks after upgrade 0.0837∗∗ 3.222∗∗∗

(0.0406) (0.9612)

User FE Yes Yes

Week FE Yes Yes

Observations 171,495 171,495

R2 0.61452 0.80565

Within R2 0.00017 0.00149

Notes: This table reports event-study estimates from TWFE on weight loss out-
comes. The data includes users who upgrade to premium between weeks 2–7 and
all users who never upgrade during a 15-week observation period. Standard errors
are clustered at the user level. * denotes p < 0.10, ** denotes p < 0.05, and ***
denotes p < 0.01.
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