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Leveraging Rational Addiction Theory to Reduce Mobile Usage

Abstract 

The pervasive use of smartphones has raised concerns about their addictive and maladaptive 

nature. This paper introduces an intervention based on rational addiction theory to cost-

effectively nudge consumers to reduce smartphone usage, promoting sustainable digital 

consumption. We examine whether pre-announcing future targets to reduce smartphone 

usage influences current consumption and behavioral change. We develop a mathematical 

model incorporating habit formation, satiation, and projection bias, and test its predictions in 

three pre-registered randomized control trials using objectively measured smartphone usage. 

When future incentives and targets are pre-announced, consumers reduce usage pre-

emptively compared to their baseline, consistent with rational addiction. This occurs only 

when participants are given fixed daily reduction targets, not when incentivized 

proportionally for reductions over time, and seems to reflect forward-looking habit formation, 

as other explanations (e.g., goal priming or capability testing) were unlikely to drive results. 

Interestingly, pre-emptive reductions are stronger among heavy users and those with stronger 

beliefs in meeting their targets. We also find that pre-emptive reductions help consumers 

meet their targets during the incentivized period and might support post-treatment behavioral 

sustenance. Our model fitting results reveal considerable heterogeneity and offer insights into 

how digital detox experiences can be structured to promote sustainable behavior change.

Keywords: smartphone, rational addiction, habits, maladaptive consumption, licensing, 

projection bias, incentives, goals
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Worldwide, there are approximately 7.2 billion smartphone mobile network 

subscriptions. More than half of the world’s population uses social media, typically accessed 

on one’s phone, and an average US teenager spends about 7 hours per day looking at digital 

media (Gitnux 2025). This widespread and sometimes excessive consumption has led to a 

heated debate about the addictiveness of digital devices among regulators, tech companies 

(U.S. Senate Committee on the Judiciary 2024), and researchers concerned about 

maladaptive smartphone usage (Twenge et al. 2020). It is argued that smartphone usage can 

turn into an addictive habit with detrimental consequences similar to other vices (Reimann 

and Jain 2021). Many consumers agree. Half of young adults feel addicted to their phone, and 

have unsuccessfully tried to limit usage (Ofcom 2020). Increases in anxiety, depression, body 

image issues, and suicidal thoughts among teenagers have been attributed to social media 

(Wells et al. 2021), undermining brand image and reputation of major technology firms.

While there is a rich marketing literature on capturing consumers’ attention and 

maximizing online engagement (e.g., Berger, Moe, and Schweidel 2023; Hughes, 

Swaminathan, and Brooks 2019), far less is known about how to encourage responsible and 

sustainable technology consumption, considering consumer welfare. We investigate this gap 

in the smartphone context, building on recent work on digital addiction (Allcott, Gentzkow, 

and Song 2022) and the theory of rational habit formation (Becker and Murphy 1988). 

What is the best way for consumers to reduce smartphone usage, abruptly or 

gradually? What incentive structure—daily targets or period-based rewards—maximizes the 

effectiveness of screen time reduction interventions? How can policymakers and technology 

companies encourage healthier digital behavior while preserving long-term engagement and 

brand loyalty? Our understanding of these questions has remained limited from a theoretical 

and practical perspective. One noteworthy exception is Allcott, Gentzkow, and Song (2022) 

who find limited evidence for rational habit formation and pre-emptive usage reductions in 
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response to future incentives. We extend their work by identifying a practical boundary 

condition under which consumers can be motivated to anticipate and reduce usage pre-

emptively: the granularity of targets. 

We test whether the structure of targets and incentives, specifically, how fixed daily 

targets versus proportional, period-based incentives affect pre-emptive usage reductions. 

Daily targets may be more effective in prompting pre-emptive reductions because individuals 

cannot adjust consumption dynamically once the intervention begins. In line with this, we 

demonstrate that, on average, consumers pre-emptively reduce smartphone usage in 

anticipation of an intervention with fixed daily targets (e.g., “reduce usage by 90 minutes per 

day to receive $X”) compared to their baseline, but not when incentivized proportionally 

based on average reductions over a period of time (e.g., “receive $Y for every hour you 

reduce your average daily screen time below Z hours over a 3-week period”). The pre-

emptive reduction allows consumers to gradually habituate to lower consumption levels, 

facilitating goal achievement during the intervention, and potentially lead to stronger post-

treatment sustenance. This contrasts with research on anticipatory licensing, which suggests 

that knowing about a future deprivation can lead to overconsumption in the present to satiate 

and compensate for future utility losses (Fishbach and Dhar 2005; Khan and Dhar 2006). 

Our empirical studies are grounded in a mathematical model, which studies 

consumption when both habit forming (Gruber and Köszegi 2001) and satiating (Baucells 

and Sarin 2007, 2010) forces are at play. In our model, we derive how consumers with 

varying degree of projection bias (i.e., the extent to which they project current habit stock and 

satiation levels to the future, ranging from myopic to rationally addicted; Loewenstein, 

O'Donoghue, and Rabin 2003) behave when expecting to reduce consumption in the future 

under granular vs. period-based rewards. We then test the model propositions in three pre-

registered randomized control trials (RCTs) with objectively measured daily smartphone use. 
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We also identify sources of heterogeneity. Interestingly, individuals with very high 

smartphone use, who reported the highest perceived smartphone addiction, benefited most 

from reducing usage pre-emptively. This is counterintuitive, as one might expect this group 

to be most resistant to change. These individuals, however, seem to avoid abrupt reductions, 

preferring slower, more gradual adjustments. Additionally, individuals with strong beliefs in 

their ability to lower consumption in the future were more likely to proactively reduce usage 

prior to the intervention. While females reported higher perceived smartphone addiction than 

males, we do not find moderating effects of gender, or of age on pre-emptive reductions. In 

an additional survey of consumers’ lay beliefs, we find that they prefer a preannouncement 

phase (i.e., a nine-day lead time), suggesting that having time to adjust gradually increases 

the appeal of screen time reduction interventions. Finally, we estimate the model parameters 

based on our empirical data and show that although habit formation is dominant (compared to 

satiation), there is considerable heterogeneity in projection bias at the individual level. 

Theoretically, we contribute to Allcott, Gentzkow and Song (2022) and, more 

broadly, to Becker and Murphy’s (1988) rational addiction theory by identifying the 

consumption contexts and boundary condition under which consumers are forward-looking in 

habit formation. We highlight the granular incentive and goal-structure necessary for 

consumers to be more likely to behave like ‘rational addicts.’ This extends research on digital 

addiction, which suggests consumers are generally inattentive to habit formation (Allcott, 

Gentzkow, and Song 2022). Our findings also differ from studies aimed at increasing the 

frequency of socially desirable behaviors (e.g., handwashing in rural India; Hussam et al., 

2022) by focusing on reducing overconsumption. Finally, our methodology differentiates us 

from prior research on rational addiction, which relied on non-experimental time series or 

self-reported consumption data (Baltagi and Griffin 2002; Becker, Grossman, and Murphy 

1994; Gruber and Köszegi 2001; Wang 2014; Kwon et al. 2016).
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Practically, marketers and policymakers can draw on our theoretical framework and 

findings to gain insight into the heterogeneity of responses to behavior change interventions, 

depending on the nature of inter-temporal consumption—habit-forming or satiating—and 

consumers’ projection bias. By identifying these factors, marketers and policymakers could 

cost-effectively motivate certain segments (e.g., heavy users) to reduce overconsumption by 

prompting anticipation of future behavior change. For consumers who would like to reduce 

their own or others’ (e.g., children’s) technology consumption, our results could offer 

guidance on how to structure a ‘digital detox’, potentially leading to more sustainable 

behavior change and better alignment of technology use with preferences. 

The remainder of this manuscript is structured as follows. Based on prior literature, 

we develop a mathematical model and derive predictions for consumption before, during and 

after an intervention aimed at reducing consumption depending on 1) whether the good is 

primarily habit-forming or satiating, 2) whether the consumer is pre-dominantly forward-

looking or myopic with respect to habit formation and satiation, and 3) the target and 

incentive structure. We then present three RCTs testing the model predictions in the 

smartphone context and use the data to estimate the model parameters. Finally, we discuss 

theoretical and practical implications.

Theoretical Development

Consider a mobile consumption stream 𝒄 = (𝑐0,…,𝑐𝑇), where 𝑐𝑡 indicates mobile 

consumption in time period 𝑡 = 0,…,𝑇. Consider a consumer choosing between mobile 

consumption 𝑐𝑡 and consumption of another good 𝑐′𝑡 in period 𝑡, subject to budget constraint 

𝑐𝑡 + 𝑐′𝑡 = 𝐼. We can think of budget 𝐼 as the total time available for mobile consumption and 

alternative activities. The consumer chooses the consumption stream 𝒄 = (𝑐0,…,𝑐𝑇) and  𝒄′

= (𝑐′0,…,𝑐′𝑇) which maximizes total utility over all time periods. The standard economic 

model that assumes separability over time is the discounted utility (DU) model (Koopmans 
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1960; Samuelson 1937). The DU is given by ∑𝑡=0,…,𝑇 𝛿𝑡 𝑢(𝑐𝑡) + 𝑢(𝐼 ― 𝑐𝑡) , where 

0 ≤ 𝛿 ≤ 1 is the discount rate and 𝑢 is the utility of consumption. 

We consider two factors that affect separability of utility over time: 1) habit 

formation, where consumption in the previous period increases marginal utility of 

consumption in the current period (adjacent complementarity); and 2) satiation, where 

consumption in the previous period decreases marginal utility of consumption in the current 

period (adjacent substitutability). In three RCTs, we test if pre-announcing future targets and 

incentives prompts individuals to pre-emptively reduce smartphone usage and whether such 

reductions may lead to sustained behavior change post-treatment. We describe the core 

design next. 

Participants were randomly assigned either to a 1) Anticipated Incentive (AI) 

treatment, 2) Full Incentive (FI) treatment, or 3) Control (C) condition (the second RCT 

focuses on the AI and C condition only, while the third RCT adds an Anticipated 

Proportional Incentive (API) treatment). We tracked daily screen time during a baseline, two 

treatment periods (periods 1 and 2) and a post-treatment period. In the FI treatment, 

participants were incentivized to reduce daily smartphone usage in both treatment periods. In 

the AI treatment, participants were only incentivized to reduce usage in period 2 but informed 

of future targets and incentives at the start of period 1. The C condition received no targets or 

incentives for reducing mobile usage throughout the study. Below, we derive how adjacent 

complementarity versus substitutability influences behavior in different periods, depending 

on consumers’ projection bias. 

The Effect of Habit Formation 

Habit formation implies that greater current consumption increases marginal utility of 

future consumption, which is known as adjacent complementarity (Becker and Murphy 1988; 

Pollak 1970; Wood and Rünger 2016). If a good is habit-forming, greater consumption of the 
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good in the present (say, one’s smartphone) increases demand for future consumption. 

Becker and Murphy (1988) argue that consumers are forward-looking when forming a habit 

(i.e., maximizing lifetime utility by taking into consideration future consumption). For 

instance, a ‘rationally addicted’ consumer who anticipates a future increase in cigarette prices 

will start reducing cigarette consumption in the present to reduce the urge to smoke and curb 

future costs (Gruber and Köszegi 2001). We incorporate the effect of habit formation using 

the approach by Loewenstein, O'Donoghue and Rabin (2003) and Wathieu (1997). The utility 

of consumption 𝑐𝑡 under habit formation is given by 𝑈 = 𝑢(𝑐𝑡,𝑘𝑡), where 𝑘𝑡 is the habit 

stock of mobile usage. Assume that 𝑢′ > 0 and 𝑢′′ < 0 (utility is increasing and concave in 

consumption). However, the higher the stock of mobile usage, the higher is the marginal 

utility (or desire for mobile consumption) in the current period, i.e., ∂
∂𝑘

∂U
∂c

> 0. We assume 

the stock of mobile usage evolves according to the following equation:

𝑘𝑡+1 = 𝛾(𝑐𝑡 + 𝑘𝑡)

𝛾 is the retention rate of the habit stock of mobile usage, where 0 < 𝛾 < 1. When 𝛾 = 

0, the model coincides with the discounted utility model. The lower 𝛾, the weaker the 

influence of past consumption on the stock of accumulated consumption. A similar 

formulation is used by Gruber and Köszegi (2001) and it is isomorphic to Becker and 

Murphy (1988). To solve the models, we assume a specific quadratic form for the utility 

function (Allcott, Gentzkow and Song 2022; Gruber and Köszegi 2001) which allows to 

capture the essential characteristics:1

𝑢(𝑐𝑡,𝑘𝑡) = ― 𝑏1𝑐2
𝑡 + 𝑏2𝑐𝑡𝑘𝑡 + 𝑏3𝑐𝑡  (1)

We assume 𝑏1,𝑏2,𝑏3 > 0 and 𝑐𝑡 < 𝑏3/2𝑏1. This ensures: ∂U
∂c > 0, ∂

2U
∂c2 < 0, and ∂

∂𝑘
∂U
∂c

> 0.

1 We can also have the direct and quadratic effect of habit stock in the equation (i.e., 
𝑢(𝑐𝑡,𝑘𝑡) = ― 𝑏1𝑐2

𝑡 + 𝑏2𝑐𝑡𝑘𝑡 + 𝑏3𝑐𝑡 ― 𝑏4𝑘𝑡 ― 𝑏5𝑘2
𝑡 ) to capture internality as in Becker and 

Murphy (1988) and Loewenstein, O'Donoghue, and Rabin (2003) but our results hold even if 
we include these terms. 
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There are two habit formation models: (i) the rational addiction model (Becker and 

Murphy 1988), where consumers are forward-looking and predict future habit stock 

accurately, and (ii) the myopic habit formation model (Pollak 1970; 1976), where consumers 

extrapolate current habit stock to the future to calculate the optimal consumption. 

Loewenstein, O'Donoghue, and Rabin (2003) explore intermediate cases between myopic 

habit formation and rational addiction by incorporating projection bias (𝛼), which is the 

extent to which consumers can accurately predict future habit stock when optimizing current 

consumption. When consumers incorrectly project current habit stock into the future, they 

exhibit myopic habit formation and projection bias is 1. In contrast, when consumers 

correctly predict future habit stock, they are rationally addicted and projection bias is zero.

Although we assume that mobile consumption 𝑐𝑡 is habit-forming, we assume that the 

consumption of other goods exhibits no intertemporal complementarities (i.e., habit stock and 

retention rate are zero in all time periods). A consumer maximizes the total utility over 

mobile and other consumption given the budget constraint for each period 𝑐𝑡 + 𝑐′𝑡 = 𝐼. For 

simplicity, we indicate the utility for other goods with no intertemporal complementarities 𝑢(

𝑐′𝑡,0) by 𝑢(𝑐′𝑡).2 The optimal consumption stream 𝒄𝒕′  is given by:

For every time period 𝑡′ = 0,…,𝑇,

𝒄𝒕′ = arg max
(𝑐𝑡′ ,…,𝑐𝑇)

𝛼 × ∑𝑡=𝑡′,…,𝑇 𝛿𝑡―𝑡′ 𝑢(𝑐𝑡,𝑘𝑡′) + 𝑢(𝐼 ― 𝑐𝑡)

+ (1 ― α) × ∑𝑡=𝑡′,…,𝑇 𝛿𝑡―𝑡′ 𝑢(𝑐𝑡,𝑘𝑡) + 𝑢(𝐼 ― 𝑐𝑡)
   (2)

subject to 𝑘𝑡+1 = 𝛾(𝑘𝑡 + ct).  

When 𝛼 = 0, a consumer exhibits no projection bias and is fully rationally addicted, thus 

maximizing utility by predicting habit stock 𝑘𝑡 correctly in period t (second term of Eq. 2). 

On the other hand, when 𝛼 = 1, a consumer exhibits full projection bias and is myopic about 

2 The utility from consuming other goods could be represented using a different utility 
function, without affecting our results.
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habit formation, maximizing utility using habit stock in the current period 𝑘𝑡′ (first term of 

Eq. 2). When calculating the optimal consumption stream at 𝑡′, projection bias is not applied 

to the utility of current consumption (𝑐𝑡′), but only to utilities from future consumption. For a 

detailed discussion, see Loewenstein, O'Donoghue, and Rabin (2003, footnote 14).

We compare our AI and FI treatments to the C condition using the habit formation 

model in Eq. 2. We consider four periods (periods 0-3): baseline, period 1, period 2, and post-

treatment. We assume that consumers derive net utility from the incentives by reducing usage 

to ((1 ― 𝛽)𝑐0),  where 𝑐0 is the average baseline usage and 𝛽% is the reduction target 

consumers are incentivized to achieve. During each incentivized period, we assume that 

participants choose between maintaining optimal consumption based on habit stock (i.e., 

same as consumption in the C condition) or reducing consumption to the target level. We 

denote the probability of reducing consumption to ((1 ― 𝛽)𝑐0) in period 𝑡 as 𝑝𝑡. The 𝑝𝑡

∈ [0,1] is higher, the more attractive the incentive is compared to the loss in utility due to 

reducing.3 At the start of period 1, due to randomization, average 𝑐𝐴𝐼
0 = 𝑐𝐹𝐼

0 = 𝑐𝐶
0. 

Suppose a consumer is incentivized to reduce mobile usage by 𝛽% from their baseline 

(i.e., reduce usage to (1 ― 𝛽)𝑐0) in periods 1 and 2) as in the FI condition. If the incentive is 

attractive enough compared to the utility loss due to reducing usage, the probability 𝑝𝑡 of 

choosing (1 ― 𝛽 )𝑐0 becomes higher. For a derivation of optimal consumption in the FI 

condition under habit formation, see Web Appendix A.

In the AI condition, participants are incentivized in period 2 to reduce usage to 

(1 ― 𝛽)𝑐0. While Proposition 1 predicts anticipatory reductions under non-myopic habit-

formation, Proposition 2 highlights the key result: the extent of pre-emptive reductions 

3 The probability can be micro-founded by assuming a modified logit probability 𝑝𝑡 = 2
1+𝑒―𝜆𝜂

―1. The probability 𝑝𝑡→0 when the net utility of reducing usage and receiving incentives (𝜂) 
is zero, and 𝑝𝑡→1 when 𝜂 is extremely positive. 
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depends on target granularity. We prove the propositions by deriving and comparing optimal 

consumption levels across conditions (see Web Appendix A for proofs of all Propositions). 

We assume that net utility from receiving incentives and reducing usage is positive, implying 

that the probability 𝑝𝑡 > 0. 

PROPOSITION 1. If participants exhibit habit formation and are not myopic with respect to 

habit formation (𝛼 < 1), then AI condition participants have lower usage than C condition 

participants in period 1. 

Proposition 1 implies that if AI participants are not myopic (i.e., some degree of 

forward-looking behavior 𝛼 < 1) with respect to habit formation and incentivized sufficiently 

(𝑝𝑡 > 0) to meet the period 2 target (reduce usage to (1 ― 𝛽)𝑐0), they will already start 

reducing their usage in period 1 to lower habit stock, facilitating goal achievement in period 2 

and possibly leading to stronger post-treatment sustenance. The extent of any period 1 

reduction is inversely proportional to the projection bias (𝛼). In addition, the anticipatory 

reduction in period 1 should be stronger for individuals with higher absolute reduction targets 

because meeting such targets is more difficult for them. While all participants had the same 

relative target 𝛽% in the first two RCTs, those with higher baseline usage 𝑐0 faced larger 

absolute reduction targets (𝛽𝑐0), leading to stronger pre-emptive reductions (see Web 

Appendix A for the proof).4 In contrast, individuals who are myopic with respect to habit 

formation (𝛼 = 1) should not reduce period 1 usage compared to the C condition.  

Importantly, we analyze how target structure (i.e., granularity) affects pre-emptive 

reductions. We consider a scenario where period 2 is divided into two sub-periods: 2a and 2b. 

We compare two target schemes: (i) Sub-period Targets: A target of (1 ― 𝛽)𝑐0 is set for each 

sub-period 2a and 2b separately; (ii) Average Period Target: An average target of (1 ― 𝛽)𝑐0 

4  We also show that the extent of pre-emptive reduction increases with baseline 𝑐0. The 
prediction extends to RCT 3 with a fixed reduction target (i.e., 90 minutes per day).
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is set for the entire period 2, that is period 2a and period 2b combined. This helps evaluate 

how the timing and granularity of targets influence the extent of pre-emptive reductions.

PROPOSITION 2. If participants exhibit habit formation and are not myopic with respect to 

habit formation (𝛼 < 1), then AI condition participants have lower usage in period 1 when 

given granular sub-period targets compared to an average target for the entire treatment 

period. 

We prove Proposition 2 in Web Appendix A, with derivations in Web Appendix C. 

The intuition is as follows: When participants are given an average target for the entire 

treatment period, they can delay more drastic reductions until later, reducing usage less in 

period 2a and more in period 2b, to still meet the overall target. This gradual adjustment 

allows their habit stock to decline slowly, leading to a smaller initial reduction in period 2a. 

Consequently, they are less motivated to reduce usage pre-emptively in period 1. In contrast, 

when granular sub-period targets are imposed, it prompts participants to begin reducing usage 

earlier, in period 1, to prepare for period 2, resulting in larger pre-emptive reductions. 

 Since participants in the AI and FI condition lower their usage to meet the period 2 

target, their habit stock will be lower than in the C condition at the beginning of the post-

treatment. As  ∂
∂𝑘

∂U
∂c

> 0, participants in the incentivized conditions are expected to 

maintain a lower post-treatment usage than participants in the C condition.

PROPOSITION 3. If participants exhibit habit formation, then AI and FI condition 

participants will have a lower usage than C condition participants in the post-treatment.

The Effect of Satiation

The AI treatment may backfire if the consumption exhibits the adjacent 

substitutability property—when greater current consumption decreases marginal utility of 

future consumption. Satiation is a counteracting force to habit formation, as current 

consumption negatively impacts future consumption (Baucells and Sarin 2007, Iannaccone 
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1986). Extant physiological and psychological evidence shows that consuming more at a 

given moment can decrease future consumption for a wide range of products and activities, 

particularly those of hedonic nature, including foods, fashion, media, and experiences (Galak, 

Redden, and Kruger 2009; Hetherington, Pirie, and Nabb 2002; Redden and Haws 2013; 

Small et al. 2001). As Coombs and Avrunin (1977, p. 224) succinctly put it, “Good things 

satiate.” In the domain of technology, satiation has been observed in online and mobile 

games (Haenlein, Libai, and Muller 2023; Nevskaya and Albuquerque 2019) and is related to 

the concept of ‘social media fatigue’ (Bright, Kleiser, and Grau 2015). 

A forward-looking consumer, anticipating reduced consumption in period 2, may 

increase consumption, and thus satiation, in period 1 to compensate for future utility losses. 

For example, someone planning to start a diet the following week might overindulge 

beforehand as a form of strategic self-licensing (Fishbach and Dhar 2005; Khan and Dhar 

2006). This anticipatory increase in consumption has been dubbed “the last supper effect” 

(Krpan, Galizzi, and Dolan 2019; Sim, Lee, and Cheon 2018; Urbszat, Herman, and Polivy 

2002). It is straightforward to incorporate adjacent substitutability by assuming 𝑏2 < 0 in Eq. 

1 (we also explore and estimate this model). However, to be consistent with the literature, we 

incorporate satiation based on Baucells and Sarin (2007, 2010):

𝑈(𝑐𝑡,𝑠𝑡) = 𝑣(𝑐𝑡 + 𝑠𝑡) ― 𝑣(st) 

where 𝑠𝑡 is the satiation level that evolves according to the following equation: 

st+1 = 𝛾′(𝑠𝑡 + ct), where 0 < 𝛾′ < 1. 

We assume 𝑣′ > 0 and 𝑣′′ < 0, indicating that the higher the satiation level, the lower is the 

utility of current consumption. We assume a quadratic utility function to solve the model: 𝑣

(𝑐𝑡) = ―𝑏′1𝑐2
𝑡 + 𝑏′2𝑐𝑡 with 𝑏′1,𝑏′2 > 0 and 𝑐𝑡 < 𝑏′2/2𝑏′1. We use the parameter 0 ≤ 𝛼𝑠 ≤

1 to incorporate projection bias in the satiation model. The optimal consumption stream 𝒄𝒕′  

can be calculated similarly under satiation (Web Appendix A: Eq. W4).  
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Based on this setup, we can compare our AI and FI treatments to the C condition 

using the satiation model. As before, we assume that participants choose to meet the target 

and reduce their usage to (1 ― 𝛽)𝑐0 with probability 𝑝𝑡 depending on the attractiveness of the 

incentive relative to the utility loss from reducing consumption. Assuming 𝑝𝑡 > 0, we derive 

Propositions 4 and 5. Under adjacent substitutability, predictions are reversed. Consumers 

who are non-myopic with respect to satiation (i.e., a degree of forward-looking behavior with 

𝛼𝑠 < 1) in the AI condition will anticipate a reduction (or deprivation of consumption) in 

period 2. They will consume more in period 1 to increase satiation and, in turn, experience 

fewer utility losses when reducing consumption in period 2. In contrast, participants who are 

myopic with respect to satiation will not change period 1 usage in anticipation of period 2. 

PROPOSITION 4. If participants exhibit satiation and are not myopic with respect to 

satiation (𝛼𝑠 < 1), then AI condition participants have higher usage than C condition 

participants in period 1.

Since participants in the FI and AI conditions reduce their usage in period 2, they will 

have lower satiation levels. As a result, they will increase consumption in the post-treatment. 

PROPOSITION 5. If participants exhibit satiation, then AI and FI condition participants 

have higher usage than C condition participants in the post-treatment.

We use Propositions 1-5 to formulate the hypotheses in Table 1 depending on 1) 

whether habit formation or satiation dominates, 2) whether a consumer is myopic or forward-

looking in their habit formation and satiation.5 We also derive predictions from the DU model 

as a benchmark in which both habit formation and satiation are absent. 

Table 1: Theoretical Predictions for Mobile Usage across Different Conditions and Periods.

Period 1 Period 2 Post-treatment

5 A consumer can have more than one of these attitudes. Table 1 predicts the average effect.
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Non-Myopic (𝛼 < 1) AI < C, FI < C AI < C, FI < CHabit 
formation

Myopic (𝛼 = 1) AI = C, FI < C AI < C, FI < C
AI < C, FI < C

Non-Myopic (𝛼𝑠 < 1) AI > C, FI < C AI < C, FI < CSatiation

Myopic (𝛼𝑠 = 1) AI = C, FI < C AI < C, FI < C
AI > C, FI > C

Discounted 
utility AI = C, FI < C AI < C, FI < C AI = FI = C

Methodology and Empirical Results

We conducted three RCTs to test the model predictions. Detailed methodology, 

experimental instructions, survey items, and additional analyses are available in Web 

Appendix D. The studies received IRB approval and were pre-registered.6 Instructions, 

surveys, data, and R-code for the three RCTs are available at the following OSF link.

RCT 1: Methodology

We recruited 110 international students at a European university (n = 4,400 

observations; 74 females; Mage = 21.1, SD = 2.25, see Web Appendix D Table W1 for sample 

characteristics) from different courses by promoting the study via email and during lectures. 

Participants who completed all tasks received a €15 Amazon voucher and were eligible for a 

lottery that paid €150. In addition, participants earned a variable payment between €0 and 

€38 based on target achievement. The rewards were distributed at the end of the study.  

Rather than relying on aggregate-level data (Hussam et al., 2022) or problematic self-

reports (Kaye et al., 2020), we objectively measured individual daily screen time over six 

weeks using screen time applications. Participants had to activate a screen time tracking app 

on their smartphones. For iPhone users, we used the inbuilt iOS Screen Time app. For 

6 Pre-registration links: RCT 1, RCT 2, RCT 3. 
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Android users, we used an equivalent app. These apps automatically record mobile screen 

time without the possibility of excluding certain applications or pausing the recording.7 

The study was divided into four periods (see Figure 1): baseline (seven days), 

treatment period 1 (nine days), treatment period 2 (ten days), and post-treatment (14 days).  

While habit formation timelines vary (Camerer and Li 2021), our 19-day treatment aligns 

with prior studies (Allcott, Gentzkow, and Song 2022). The treatment periods differed 

slightly because of constraints of the Screen Time app (screen time had to be reported at 

weekends and we had to give participants sufficient time to respond). At the end of each 

week, participants reported their mobile usage for each of the last seven days in a ‘screen 

time reporting’ survey and uploaded a screenshot of the corresponding usage from the app 

(see Web Appendix D: Figure W2-A, B). During the baseline period, participants were given 

neither a screen time target nor an incentive and used their phones as they normally would.

Figure 1: Experimental Design of RCT 1.

Randomization and intervention

After the baseline period, we randomized participants into three conditions: 

7 Whenever a smartphone screen is activated, screen time is automatically recorded (e.g., 
listening to music while the screen is off, does not count as screen time). 
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anticipated incentives treatment (AI; N = 38 participants, n = 1,520 observations), full 

incentives treatment (FI; N = 39, n = 1,560), and control condition (C; N = 33, n = 1,320). 

We assigned more participants to the treatment conditions (70%) to better detect treatment 

differences. At baseline, there were no differences across conditions for daily screen time and 

key observable characteristics (Web Appendix D: Table W1 and Figure W3). 

At the start of period 1, all participants were informed of their baseline average screen 

time and received a handout outlining the benefits of reducing mobile usage. In the treatment 

conditions, we used the average screen time over the first five days (out of seven) of the 

baseline period to determine each participant’s target.8 Rather than incentivizing complete 

abstinence or extremely low usage (Collis and Eggers 2022; Tromholt 2016; Vanman, Baker, 

and Tobin 2018), we tested a realistic, achievable target of 25% reduction. This target was 

close to the self-reported ideal reduction of 34% in Allcott, Gentzkow, and Song (2022) and 

our own pilot study (32%). A key feature of our intervention was the use of daily targets to 

encourage frequent repetition, critical for habit formation (Wood and Rünger 2016), in 

contrast to Allcott, Gentzkow, and Song (2022), who incentivized participants proportionally 

based on average reductions over the entire treatment period. 

In the treatment conditions, participants first received their individual baseline 

average screen time (“During the last 7 days, your average mobile phone usage was X hrs Y 

minutes per day”), followed by their personalized reduction target (“Your target during the 

NEXT PHASE will be X’ hrs Y’ mins”) and the €2 incentive for meeting it (“During the Z  

days of the NEXT PHASE, if your daily screen time is less than the target, you will receive €2 

8 We collected the first screen time data on day 6 and 7 of the baseline period. Hence, we did 
not have complete data for seven days when randomizing and providing targets on day 8. We 
collected this data in the subsequent week and used it in all analyses. We also performed the 
analyses with the 5-day baseline and results remain unchanged.
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for that particular day”). They were told that the target was a 25% reduction from their 

baseline usage, and that targets were unique to each participant. 

In the AI condition, participants had no target or incentive in period 1 but were 

informed at the start of period 1 about the period 2 target and incentive (“You will have a 

screen time target IN THE NEXT PHASE, which begins in Z’ days”). In period 2, they earned 

€2 each day their screen time was at least 25% below their baseline. In the FI condition, 

participants received the same daily target and incentive as in the AI condition, but in both 

periods. They were informed of the target and incentive at the start of each period. In both 

treatment conditions, participants received two reminder text messages per period about their 

(future) target. In the C condition, participants were told that there was no specific task at this 

point and that we were interested in how phone usage fluctuated. They received the same 

handout on benefits of reducing screen time but were given no targets or incentives. 

In the post-treatment, all participants continued reporting their screen time for seven 

days, followed by a 14-day break with no reporting which was included to test whether the 

behavior sustained after a month of removing incentives and without surveys. Participants 

then completed a second post-treatment screen time report where we collected data for 

another seven days. See Web Appendix D: Figure W4 for the study timeline. 

Surveys and attrition

Besides screen time reports, participants completed a baseline and post-treatment 

survey. The results of self-reported outcomes in RCT 1 and 2 are in Web Appendix D: Tables 

W4 and W10. Since mobile usage has been linked to lower academic performance (Barwick 

et al. 2025; Giunchiglia et al. 2018; Zimmermann and Sobolev 2023) we obtained actual 

GPA at the end of the term. The results are reported in Web Appendix D: Table W6.

To minimize differential attrition, we closely followed up with participants who 

missed screen time reports, keeping attrition during treatment below 6% (see Web Appendix 
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D: Table W2). However, the post-treatment coincided with the onset of COVID-19 

lockdowns, leading to a sharp and noisy increase in mobile usage across all conditions. We 

address this issue separately at the end of the results section.

RCT 1: Results

Before testing the hypotheses, we present the key empirical pattern graphically. 

Figure 2a (top) compares the average change in mobile usage (from baseline) between the AI 

and C conditions. Figure 2b (bottom) compares the FI and C conditions. See Web Appendix 

D: Figure W5a-c for the distribution of individual change in mobile usage across conditions. 

Figure 2a–b: AI and FI Conditions Reduce Mobile Usage During Periods 1 and 2.

Notes: Standard error bars are shown.

We test the hypotheses using difference-in-differences ordinary least squares (OLS) 

regression. We regress mobile usage on (1) the treatment variables (C is the base, AI and FI 
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are dummy variables); (2) the period dummy which captures the change in usage across each 

period (period 0 or baseline is the base); and (3) the interaction between treatment and period 

dummies to capture the change in usage from the baseline period in the particular treatment 

condition. Standard errors are clustered at the subject level to account for potential within-

subject correlation. Regression estimates are presented in Table 2. The treatment dummy 

variables are not significant, indicating no baseline difference in smartphone usage.

Table 2: AI Condition Pre-emptively Reduces Mobile Usage in Period 1.

Dependent variable = Mobile Usage (hour)

Model 1 p-value Model 2 p-value

AI condition .362 (.403) .370 .283 (.389) .468

FI condition .423 (.406) .298 .365 (.417) .382

Period 1 .122 (.154) .430 .120 (.154) .437

Period 2 .443 (.282) .117 .442 (.282) .118

AI condition × Period 1 -.552 (.269) .041 -.545 (.267) .042

FI condition × Period 1 -.836 (.251) .001 -.834 (.252) .001

AI condition × Period 2 -1.098 (.393) .006 -1.091 (.392) .006

FI condition × Period 2 -.761 (.367) .038 -.769 (.367) .037

Gender (male) -.135 (.402) .738

Age (years) .081 (.073) .266

Operating system (iOS) -.061 (.395) -.878

Constant 4.529 (.269) .000 2.958 (1.361) .030

Observations 2,649 2,649

𝑅2 .014 .019

Adjusted 𝑅2 .011 .015

Residual Std. Error 2.262 (df = 2,640) 2.258 (df = 2,637)

F Statistic 4.725 (df = 8; 2,640) 4.677 (df = 11; 2,637)

Notes: The base category is the C condition in the baseline period. Standard errors in 

parentheses are robust and clustered at the subject level. P-values < .05 in bold. 

We now focus on the treatment ×  period interaction. In period 1, participants in the 

FI and AI conditions decreased their usage by .836 hours (p = .001, d = .538) and .552 hours 
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(p = .041, d = .318), respectively, compared to the C condition. Hence, monetary incentives 

were effective in reducing usage in the FI condition during period 1. Importantly, participants 

in the AI condition decreased their usage in period 1, even prior to period 2 when they were 

actually paid. There was no difference between the FI and AI conditions in period 1 

(p = .339), thus anticipated and actual incentives had a similar effect. The pre-emptive 

reduction in the AI condition was not clustered around days immediately before period 2. 

In period 2, participants in the FI and AI conditions decreased usage by .761 hours 

(p = .038, d = .508) and 1.098 hours (p = .006, d = .365), respectively, compared to the C 

condition. There was no difference between the FI and AI conditions in period 2 (p = .350). 

Results are consistent with age, gender, and operating system as controls (Table 2, model 2). 

Heavy users show stronger pre-emptive reduction

As predicted by our model, those with larger reduction targets were more likely to 

pre-emptively reduce their usage in period 1. While all individuals had the same relative 

target (25% reduction), the absolute reduction (in hours) was greater for those with higher 

baseline usage. In the AI condition, those with higher absolute targets showed significantly 

greater reductions in period 1 compared to the baseline (β = -.3, p = .003). In the FI 

condition, we find no such relationship (p = .17). The results hold controlling for gender, 

operating system, and age (Web Appendix D: Figures W7-8). This indicates that pre-emptive 

reductions were highest among heavy users, with potentially the greatest need for reducing 

usage. It is noteworthy that heavy users responded more strongly to future incentives since it 

is contrary to the expectation that heavy users would be harder to shift.

Comparing the effect of anticipated versus actual incentives

On average, participants in the AI condition reduced usage by .45 hours in period 1. 

This is 66% of the .69-hour reduction in the FI condition. To compare AI participants’ 

reduction to similar participants in the FI condition, we employed propensity score matching 
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based on average baseline usage, age, gender, with non-parametric Mahalanobis distance 

matching. On average, by assigning a participant to the AI instead of FI condition, we 

achieved 53% of the FI condition’s reduction in period 1 without paying incentives.9 

Post-treatment effect

As a result of the unexpected COVID-19 lockdown, mobile usage in the post-

treatment was noisy and surged by ~37%, that is 1.67 hours, across conditions. Due to post-

treatment attrition, it was not possible to estimate the treatment effect precisely and the 

results should be interpreted cautiously. We address this limitation in our second and third 

RCTs. An OLS regression showed that the FI condition had a marginally lower usage of .864 

hours compared to the C condition (p = .052, Web Appendix D: Table W3 and Figure W6), 

but the AI condition was not different from the C condition in the post-treatment.

Discussion

RCT 1 shows that participants in the AI condition pre-emptively reduced their usage, 

even prior to the actual incentive period. This reduction was stronger among heavy users (i.e., 

those with higher baseline usage). In RCT 2, we focused only on the AI and C condition. The 

goal was threefold: First, we wanted to replicate the findings. Second, we wanted to estimate 

the post-treatment effect more precisely in the absence of the unforeseeable COVID-19 shock 

and to have sufficient data for model fitting. Third, we wanted to investigate whether beliefs 

about future target achievement predict pre-emptive reductions. We conjectured that forward-

looking participants who expect to succeed in meeting their targets would proactively reduce 

usage in the anticipation period to improve their chances of success in period 2.

RCT 2: Methodology

Sixty-eight new students (n = 3,128 observations; 49 females; Mage = 25.14, 

9 Genetic and coarsened exact matching led to similar results. The average reduction in the 
AI condition was 37-45% of the reduction of the FI condition.  
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SD = 3.91) participated in RCT 2 (Web Appendix D: Table W7 for sample characteristics). 

We estimated the sample size by assuming 80% power at 5% significance, d = .3 in period 1 

(based on AI vs. C in RCT 1) and intra-cluster correlation of .08. The procedures of RCT 2 

were identical to RCT 1, barring some key differences: We increased the target to a 30% 

reduction since we know that participants with higher absolute targets responded more 

strongly to future incentives. We reduced the anticipation period to eight days and increased 

the duration of the incentive period to 14 days. Our post-treatment consisted of (i) an 

immediate phase (9 days) and (ii) a late phase (8 days) with a 35-day winter break between. 

Other instructions and procedures were identical (see Web Appendix D: “RCT 2” for details). 

Surveys and attrition

Participants completed a baseline and post-treatment survey in which we repeated 

some of the RCT 1 measures. Additionally, after period 1, we asked AI participants to 

explain their reasons for reducing their usage in period 1. We measured beliefs about period 2 

target achievement at the beginning and end of period 1 (“Out of the 14 days in period 2, 

please predict how many days you will successfully achieve your target screen time”, 

response scale: 0 – 14 days). Naturally, we elicited these responses only in the AI condition. 

Attrition in RCT 2 is reported in Web Appendix D: Table W8. During all periods, 

attrition was less than ~9% with no differential attrition between conditions, except in the late 

post-treatment (after the 35-day winter break). While the results suggest consistency in the 

late post-treatment period, we nevertheless analyze the data separately.

RCT 2: Results

Figure 3 shows the model-free results. We test the hypotheses with difference-in-

differences OLS regression (Table 3). The treatment and period dummies are not significant, 

indicating no baseline difference and no change in smartphone usage across periods. 
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Figure 3: AI Condition Reduces Usage Before, During and After Being Incentivized. 

Notes: Standard error bars are shown.

We now focus on the treatment ×  period interaction. In period 1, participants in the 

AI treatment reduced their usage by .789 hours (p = .009, d = .234) compared to the C 

condition, replicating the pre-emptive reduction in RCT 1. This reduction was stronger 

among heavy users with higher baseline usage (Web Appendix D: Figures W11 and W12). In 

period 2, participants in the AI treatment reduced their usage by 1.087 hours per day 

(p = .002, d = .377) relative to the C condition. In the immediate post-treatment, i.e., for at 

least nine days after incentives were removed, the AI treatment maintained a lower usage of 

.766 hours per day (p = .038, d = .279) compared to the C condition. The results are 

consistent controlling for age, gender, and operating system (see Table 3, model 2).

In the late post-treatment, AI participants continued to show lower usage than those in 

the C condition. An OLS regression confirmed that this difference was significant (p < .01, 

Web Appendix D: Figure W13 and Table W12). However, given the attrition during this phase, 

these results should be interpreted with caution. Further robustness checks yielded consistent 

results (Web Appendix D: “Late post-treatment analysis of screen time”). 

Next, we provide support for adjacent complementarity and forward-looking behavior 

using 1) within-subject screen time data and 2) beliefs about target achievement. Our findings 
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indicate that participants exhibited adjacent complementarity, not substitutability, and that they 

were forward-looking (i.e., non-myopic with respect to habit formation). This is more 

consistent with predictions of rational addiction models rather than those based on satiation.

Table 3: AI Condition Pre-emptively Reduces and Maintains Lower Mobile Usage.

Notes: The base category is C condition during the baseline period. Standard errors in 

parentheses are robust and clustered at the subject level. P-values < .05 in bold. 

Within-subject evidence for adjacent complementarity

A key feature of habit formation is adjacent complementarity (i.e., lower usage in 

period 𝑡 leads to lower habit stock and therefore lower usage in period 𝑡 + 1). To test 

adjacent complementarity, we analyze whether participants who frequently reduced usage 

during periods 1 and 2, sustained lower usage in the post-treatment. If adjacent 

substitutability plays a role, we should observe the opposite. The change in post-treatment 

Dependent variable = Mobile Usage (hours)
Model 1 p-value Model 2 p-value

AI condition .207 (.483) .668 .294 (.466) .529
Period 1 .101 (.207) .627 .105 (.206) .610
Period 2 -.233 (.240) .334 -.232 (.242) .338
Immediate Post-
treatment (Period 3) -.280 (.244) .251 -.284 (.243) .244

AI condition × Period 1 -.789 (.298) .009 -.773 (.292) .009
AI condition × Period 2 -1.087 (.344) .002 -1.071 (.343) .002
AI condition × Period 3 -.766 (.368) .038 -.738 (.368) .045
Gender (male) -.589 (.448) .190
Age (in years) -.072 (.048) .140
Operating System (iOS) .353 (.605) .561
Constant 5.068 (.331) .000 6.686 (1.636) .000
Observations 2,399 2,399
𝑅2 .036 .079
Adjusted 𝑅2 .033 .075
Residual Std. Error 2.304 (df = 2391) 2.254 (df = 2388)
F Statistic 12.859 (df = 7; 2,391) 20.472 (df = 10; 2,388)
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usage with respect to the baseline was the dependent variable. We regressed it on the change 

in usage in periods 1 and 2 (with respect to baseline) as the independent variable. We cannot 

run this OLS regression directly as period 2 reductions might be correlated with un-

observables and variables that predict post-treatment usage. Therefore, we ran a two-stage 

least squares estimation using condition as an instrument to predict periods 1-2 reductions. 

Controls include gender, age, and operating system (see Web Appendix D for the equation). 

The condition is a good instrumental variable as it meets two criteria: It predicts each 

period’s reduction and target achievement (relevance) and is not correlated with the error 𝜖𝑖 

due to randomization and because participants have no task in the post-treatment (exclusion 

restriction). Results of the two-stage instrumental variable regression are in Table 4. 

Table 4: Instrumental Variable Regression Suggests Adjacent Complementarity.

Dependent variable =
Post-treatment usage – Baseline (hrs)

(1) (2)

Beta (SE) p-value Beta (SE) p-value

Avg. (P1 usage – Baseline) .867 (.385) .025

Avg. (P2 usage – Baseline) .690 (.200) .001
Gender (male) .334 (.269) .215 .257 (.199) .196
Age .031 (.035) .372 .006 (.025) .809
Operating System (1 = iPhone; 
0 = Android) 1.179 (.339) .001 .345 (.326) .291

Constant -2.106 (1.181) .075 -.437 (.965) .651

Observations 1,068 1,068

𝑅2 .079 .288

Adjusted 𝑅2 .075 .286

Residual Std. Error (df = 1063) 1.879 1.651
Notes: Baseline is the average usage during baseline. DV includes immediate and late post-

treatment data. Standard errors in brackets are robust and clustered at the subject level. P-

values < .05 in bold. 

A positive coefficient indicates that a reduction in period 2 (with respect to the 
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baseline) leads to lower post-treatment usage. We find that participants who reduced usage in 

period 1 (anticipation) and period 2 (incentive phase) tended to have lower post-treatment 

use, supporting adjacent complementarity (habit formation) rather than adjacent 

substitutability (satiation). This suggests that mobile usage is predominantly habit-forming, 

highlighting the potential importance of reductions during anticipation and treatment periods 

for post-treatment sustenance (see Web Appendix D: Table W13 for additional results). 

Belief in target achievement: within-subject evidence for forward-looking behavior 

We measured AI participants’ belief in their period 2 target achievement both at the 

start and end of period 1. If participants are forward-looking (𝛼 < 1) with respect to their 

habit-formation, those who predict higher target achievement in period 2 (at the start of 

period 1), should proactively reduce usage in period 1 to lower habit stock and facilitate 

target achievement in period 2 for the predicted number of days. To test this, we regressed 

the number of days AI participants met their target in period 1 on their predicted target 

achievement in period 2 (measured at the start of period 1), controlling for gender, age, and 

operating system (see Table 5).10 Results show that belief in period 2 target achievement 

positively predicts the number of days participants reduced screen time by 30% in period 1 

(p < .001). In other words, participants who expected to achieve their targets for more days in 

period 2, were more likely to pre-emptively reduce their usage in period 1. This is consistent 

with forward-looking (non-myopic) behavior with respect to habit formation (𝛼 < 1). 

Participants’ explanations of Period 1 behavior 

At the end of RCT 2, we asked AI condition participants if they had reduced their 

screen time pre-emptively in period 1, and if so, to explain why. A majority (61.76%) 

reported that they had tried to reduce screen time during period 1 (26.47% indicated no 

10 There was no difference in belief about period 2 target achievement measured at the start 
vs. end of period 1. Belief about period 2 target achievement measured at the end of period 1 
also predicted period 2 target achievement (p < .001). 
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change, 11.76% indicated an increase). Participants provided open-ended explanations of 

their behavior. A content analysis revealed that 33% of explanations aligned with forward-

looking habit formation (verbatim quote: “I knew it was going to be more difficult to reduce 

30% without doing it gradually. Therefore, I used this week to get used to this new usage”). 

Other explanations were either random or focused on personal goals. Four participants 

indicated an increase in screen time during period 1, with explanations related to random 

coincidences (e.g., insomnia, work). None were consistent with satiation. See Web Appendix 

D: Table W9 for the qualitative analysis. 

Table 5: Belief in Period 2 Target Achievement Predicts Period 1 Reduction.

Dependent variable =
Days with ≥ 30% screen time reduction 

(Period 1)
beta (SE) p-value

Belief in period 2 target achievement at 
start of period 1 .726 (.235) .005

Gender (male) 2.268 (1.72) .198
Age -.156 (.194) .429
Operating System (1= iOS; 0 = Android) -1.084 (2.383) .653
Constant 4.095 (8.681) .429
Observations 35

𝑅2 .273

Adjusted 𝑅2 .176

Residual Std. Error (df = 30) 4.558

F Statistic (df = 4; 30) 2.811

Notes: p-values < .05 in bold. 

To assess lay beliefs about pre-emptive behavior when faced with future incentives 

and targets, we conducted an additional survey with a separate student sample in which we 

explained the RCT setup and asked about anticipated behavior. Most respondents expected 

they would begin reducing usage before the incentive period, consistent with forward-looking 

habit formation. Participants also expressed a preference for an anticipation period of on 
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average nine days to prepare and gradually change habits, rather than starting an intervention 

immediately. Details are in Web Appendix D: “Lay Belief Survey”.

Discussion

RCT 2 replicates the results that consumers, especially those with excessive screen 

time, pre-emptively reduce their smartphone usage when anticipating a future reduction 

target. Participants maintained a lower smartphone usage during the incentivized period, and 

frequent target achievement (during both anticipation and incentive periods) led to stronger 

post-treatment sustenance, providing preliminary evidence for adjacent complementarity. 

Our findings contrast with those of Allcott, Gentzkow, and Song (2022), who report 

consumers are inattentive to habit formation. This discrepancy may stem from differences in 

sample composition. We conducted our RCTs with students of a narrow age range. Prior 

research suggests that age can matter in studies on screen time reduction (Pedersen et al. 

2022; Schmidt-Persson et al. 2024). Cultural context and associated mobile usage patterns 

could also play a role. To address this, we used a representative sample of US adults in RCT 

3, allowing for a direct comparison, and to investigate age as a moderating factor. 

A key methodological difference remains, however: we used fixed daily reduction 

targets (i.e., “if your daily screen time is less than the target, you will receive €2 for that 

particular day”), while Allcott, Gentzkow, and Song (2022) proportionally incentivized the 

average reduction over the treatment period (i.e., “you receive $50 for every hour you reduce 

your average daily FITSBY screen time below a Bonus Benchmark of [X] hours per day over 

the 3-week period”).11  Based on Proposition 2, as well as simulations (Web Appendix B and 

C), we argue that pre-emptive reductions will be stronger when participants must meet fixed 

daily targets because these create more immediate pressure to adjust behavior early, leaving 

11 FITSBY refers to Facebook, Instagram, Twitter, Snapchat, web browsers, and YouTube. 
The bonus benchmark [X] refers to a participant’s baseline average FITSBY hours per day. 
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less flexibility to delay reductions. To empirically test this, we added a new condition in RCT 

3 where participants were incentivized proportionally for any reduction over the entire 

treatment period (like Allcott, Gentzkow and Song’s (2022) Bonus Treatment). We also 

included further belief and process measures to explore potential alternative explanations, 

such as goal priming, practicing, and potential device substitution. 

RCT 3: Methodology

We recruited a representative sample (N = 1,047) of US residents (factors: gender, 

age, ethnicity) using Prolific. Out of those, 455 were excluded based on a screening survey. 

We screened out individuals (i) without or with more than one smartphone (n = 181), (ii) with 

neither iOS nor Android operating system (n = 5), (iii) without a phone-embedded screen 

time app (n = 119), and (iv) with a daily mobile usage of less than three hours (n = 264). We 

also screened out three individuals who did not commit to completing the study. After these 

exclusions, 595 participants were invited to complete the baseline survey, of whom 436 

responded and were randomized. A total of 404 participants (56% females, Mage = 42.75) 

completed the randomization and period 1 survey. These constitute our analysis sample (total 

observations n = 13,332). Demographics are shown in Web Appendix D: Table W15. We 

observed 5.6% attrition of observations across the study. The average attrition did not exceed 

11% in any period. Importantly, there was no differential attrition between conditions (Web 

Appendix D: Table W16). Participants received the standard Prolific payrate for completing 

each survey, and a $4 bonus for completing all surveys. Participants were also entered in a 

lottery for $250. In addition, 75% of participants received variable incentives up to $36. 

Experimental design and procedure

Figure 4 displays the experimental design of our six-week study. Participants 

completed a screening survey, and five screen time reporting surveys administered at one-

week intervals. As in the previous RCTs, participants reported their daily smartphone usage 
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over the past week and submitted a screenshot of the respective graph from their screen time 

app. Participants also reported their weekly social media usage. 

Figure 4: Experimental design of RCT 3.

We measured the average baseline usage for six days and then randomized 

participants into four conditions: control, full incentive, anticipated incentive, and anticipated 

proportional incentive (API) condition, with 22.5%, 22.5%, 27.5% and 27.5% probability, 

respectively. We stratified based on age, gender, baseline usage, and operating system. We 

allocated slightly more participants to the AI and API conditions to have sufficient power to 

detect differences during period 1.12 All participants were informed about their average daily 

screen time during the baseline and read a note about benefits of reducing mobile usage. 

Participants in the C condition were then informed that they had no specific instructions or 

targets. Participants in the FI condition were told they could earn a screen time bonus of $2 

per day during periods 1 and 2 (for 18 days), if they reduced their daily usage by 90 minutes13 

12 Assuming d = .2 (from RCT 2, period 1), ICC = .08, 80% power, and α = .05, the required 
sample was 85 per condition. 
13 We used a fixed 90-minute reduction target (vs. a percentage like 30%) to enable 
comparability between the AI and API condition and test robustness to target structure. The 
90-minute target was chosen for its achievability and consistency with the first two RCTs. 
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from their baseline, up to a maximum of $36. In the AI condition, participants were given the 

same daily target and incentive information as in the FI condition but were told that the bonus 

period started in period 2, with a maximum payment of $24:

“Starting in one week (date) and continuing for the next 12 days (until date), you 
can earn money for reducing your mobile screen time by 90 minutes from your baseline, 

which is your average screen time from the first week of the study (X hours Y minutes). For 
each of the 12 days (dates) that your mobile screen time is below your target (TARGET: X’ 

hours Y’ minutes) you will receive $2. […] You can earn a maximum amount of $24 (i.e., $2 
per day for 12 days), if your mobile screen time is below your target each day.”

In the API condition, participants were also told they had been selected for a screen 

time bonus, starting in period 2. However, they were not given a specific daily target. Instead, 

they were incentivized at a rate of $16 per hour for any reductions in Period 2 usage relative 

to their baseline, up to a maximum of $24 for reducing usage by 1.5 hours or more. The 

$16/hour rate was chosen to match the maximum payment in the AI condition:

“Starting in one week (date) and continuing for the next 12 days (until date), you will earn 
$16 for every hour you reduce your average screen time relative to your baseline mobile 

usage of X hours Y minutes, up to a maximum payout of $24.”

We then gave several examples of how much participants could earn for reducing by 

a certain number of minutes on average (e.g., API condition: “If you reduce your mobile 

screen time during the bonus period on average by 30 minutes from your baseline, you will 

earn $8”). See Web Appendix D, Table W14 for the instruction wording in all conditions. 

We then asked participants in the API condition by how much they would want to reduce 

their average mobile usage. The average (M = 96.09, SD = 92.93) was not different from the 

90-minute reduction target in the other treatment conditions; t(101 = .663, p < .509, d = .066). 

Participants in all treatment conditions answered questions probing their 

understanding of the instructions (baseline and target usage, bonus start and amount) and 

rated the attractiveness of the incentive and difficulty of the task. There was no difference in 

perceived difficulty between the treatment conditions (F(2, 283) = 1.37, p = .256, η² =.009), 

but in the API condition the incentive was rated more attractive than in the AI and FI 
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condition (F(2, 283) = 22.25, p < .001, η² = .136), possibly because they were given an 

hourly pay rate ($16 vs. $2 per day), a higher numerical value that may have led to a framing 

effect. After the incentive period, participants entered a one-week post-treatment period. 

They were told that there were no further incentives and had to acknowledge this. 

Survey measures 

Our intervention may prime a pre-existing goal among participants to reduce their 

smartphone usage, potentially leading to a pre-emptive usage reduction. To explore this 

alternative explanation, we included two goal salience measures (rating and ranking) for all 

participants, both at baseline and after they received the period 1 instructions. Since both 

items showed similar results, we only present one of them here (“How important is the goal 

of reducing your smartphone usage to you?” 1 – 7 Likert Scale).   

To better understand the motivations behind pre-emptive behavior changes, we 

included a set of items in survey 4 (administered after period 1) for participants in the AI and 

API condition. Specifically, participants rated (1 – 5 Likert scale) the extent to which several 

reasons explained changes in their smartphone usage during period 1. These included: 1) 

practice (testing whether they were capable of reducing usage before the bonus period), 2) 

forward-looking habit formation (reducing early to make it easier to sustain lower usage in 

the bonus period), 3) satiation (increasing usage beforehand to feel less cravings during the 

bonus period), and 4) myopia (no need to prepare for the bonus period). For exact item 

wording, see Web Appendix D “Process measures in the AI and API condition.” 

We also assessed potential substitution effects by asking participants to estimate the 

percentage of their overall screen time attributed to different devices (smartphone, laptop/PC, 

TV, tablet, other) before and after the study. For details, see Web Appendix D: “Device 

Substitution.” Finally, we included measures of life satisfaction (Cantril, 1965), subjective 

Page 33 of 125

Journal of Marketing

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

Author Accepted Manuscript



Peer Review Version

wellbeing, smartphone addiction (both from Allcott, Gentzkow, and Song (2022)), and social 

comparison at baseline, after the incentive and post-treatment period. 

RCT 3: Results

Baseline usage (p = .857) and demographics did not differ across conditions (Web Appendix 

D, Table W14). Figure 5 shows the average usage reduction (from baseline) during all 

periods in each condition (see Web Appendix D: Figure W15 for day-level plots). The 95% 

CI is based on standard errors clustered at subject level.

 Figure 5: Average Usage Reduction from Baseline Across Conditions and Periods.

We test the hypotheses using difference-in-differences OLS regression. We regress 

mobile usage on (1) the treatment variables (AI is the base, C, API, and FI are dummies); (2) 

the period dummies which capture change in usage across each period (period 0 or baseline is 

the base); and (3) the interaction between treatment and period dummies to capture change in 

usage from baseline in the particular treatment condition. Standard errors are clustered at the 

subject level to account for potential within-subject correlation. We use the AI condition as 

base to compare it to other treatment conditions, particularly the API condition. Regression 

estimates are in Table 2. Model 2 adds controls (age, gender, and operating system).  

The treatment dummies are not significant, indicating no baseline differences. The 

period dummies are significant. Consistent with our hypothesis, the AI condition reduced 

their usage pre-emptively in period 1 compared to their baseline (p = .017) and continued 
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having a lower usage in period 2 (p < .001) and the post-treatment (p < .001). In contrast, the 

API condition did not reduce usage pre-emptively in period 1 (p = .617). They reduced their 

usage during period 2 (p < .001), and their post-treatment reduction was marginally 

significant (p = .091). The FI condition significantly reduced their usage during the 

incentivized periods 1 and 2 as well as in the post-treatment period. 

Table 6: AI Condition Reduces Usage in Periods 1, 2 and Post-treatment.

Dependent Variable: Mobile Usage (hours)
Model 1 p-value Model 2 p-value

API .250 (.429) .561 .259 (.427) .545
Control .386 (.470) .412 .401 (.474) .398
FI .324 (.493) .512 .321 (.492) .515
Period 1 -.364 (.152) .017 -.361 (.153) .018
Period 2 -1.010 (.215) .000 -1.003 (.214) .000
Period 3 -.854 (.208) .000 -.843 (.207) .000
Age .012 (.011) .248
Gender (Male) -.086 (.331) .795
Operating System (iOS) -.150 (.355) .673
API x Period 1 .292 (.208) .161 .290 (.208) .164

Control x Period 1 .276(.261) .290 .264 (.261) .312
FI x Period 1 -.815 (.252) .002 .814 (.252) .002
API x Period 2 -.100 (.291) .730 -.107 (-.290) .712
Control x Period 2 .900 (.279) .002 .894 (.278) .002
FI x Period 2 -.316 (.331) .340 -.319 (.330) .334
API x Period 3 .487 (.300) .105 .474 (.298) .112
Control x Period 3 .715 (.293) .015 .707 (.292) .016
FI x Period 3 -.032 (.385) .935 -.040 (.384) .918
Constant 7.732 (.294) .000 8.384 (.668) .000
Observations 12,583 12,583
R2 .019 .022
Adjusted R2 .018 .020
Residual Std. Error 3.847 (df = 12567) 3.843 (df = 12564)
F Statistic 16.562 (df = 15; 12567) 15.470 (df = 18; 12564)

Notes: p-values < .05 in bold. 

While the AI condition pre-emptively reduced their usage in period 1 compared to 
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their baseline, this reduction was not significant compared to the C condition (p = .290, 

d = .128) which also reduced their usage from baseline, and when compared to the API 

condition (p = .161, d = .106). The FI condition had a lower usage than all other conditions in 

period 1 (p’s < .01, FI vs. C: d = .395). During period 2, the AI, API and FI conditions 

significantly reduced their usage compared to the C condition (p’s < .01, FI vs. C: d = .416, 

AI vs. C: d = .350, API vs. C: d = .460). During the post-treatment, the AI condition 

significantly reduced their usage compared to the C condition (p = .016, d = .274) while the 

FI condition reduced usage marginally compared to the C condition (p = .052, d = .222). The 

API condition did not differ from the C condition in the post-treatment (p = .432, d = .175). 

We find consistent results with target achievement as a binary dependent variable 

(i.e., reduction ≥ 90 minutes vs. not). Web Appendix D: Table W17 reports the regression 

results. The AI condition had higher target achievement in period 1, period 2 and the post-

treatment compared to their baseline. In addition, in period 1, the AI condition had a 

marginally higher target achievement than the C condition (p = .07).

Heavy users showed higher pre-emptive reduction in the AI condition

As in our previous RCTs, heavy users with higher baseline usage showed a stronger 

pre-emptive reduction in period 1 (b = -.05, p < .001). Heavy users also felt more addicted to 

their smartphone at baseline (p < .001), with addiction levels generally being higher for 

females (p = .003) and younger participants (r = -.269 p < .001). However, age, gender, and 

baseline willingness to reduce did not predict the period 1 reduction in the AI condition (Web 

Appendix D: Figure W16 and Table W21). 

Participants in treatment conditions reduced social media usage

We explored if participants reduced social media usage during the treatment periods, 

as a pilot study identified this as the app category consumers most wanted to cut back on. At 

baseline, participants had an average social media usage of approximately 20 hours 
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(M = 19.85, SD = 17.69) per week, accounting for about 37% of total screen time. There 

were no baseline differences between conditions. Higher social media usage was associated 

with younger age, female gender and having an Android phone. 

Participants in the treatment conditions reduced their average weekly social media 

usage by 1.95 hours (p = .02) during periods 1 and 2, and 2.26 hours (p = .019) during the 

post-treatment compared to the baseline. There were no differences between the treatment 

conditions, indicating no differential effect of the AI, FI or API condition on social media 

reductions. The C condition showed no change in social media usage across periods. We 

report on social media usage in Web Appendix D: Table W18. 

These results were consistent with participants’ self-reported social media usage. Those 

in the treatment conditions reported greater reductions in social media and messaging app 

usage compared to the C condition (F(3, 358) = 6.30, p < .001 η² =.050). For further discussion 

of self-reported social media use (vs. entertainment, productivity, and gaming apps), refer to 

Web Appendix D: “Self-reported Social Media Goals and Usage Changes.”

Adjacent complementarity: treatment period reduction predicts post-treatment reduction

As in our previous RCTs, we employed instrumental variable regression to assess 

whether reductions in periods 1 and 2 predicted post-treatment reductions. Our findings again 

indicated adjacent complementarity, showing that reductions in both period 1 (marginally at 

p = .089) and period 2 (p = .006) were associated with decreased usage in the post-treatment 

period in the AI condition vis-à-vis C condition (Web Appendix D: Table W19-20). 

Furthermore, the pre-emptive reduction in period 1 predicted period 2 usage (p < .001).

Exploring reasons for pre-emptive reductions 

We calculated a goal salience difference score by subtracting the responses given 

after the treatment instructions from the responses given during the baseline survey 

(M = 1.44, SD = 1.52). There was a significant difference between conditions 
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(F(3, 366) = 19.12, p < .001, η² = .135). Post-hoc comparisons with Bonferroni correction 

showed that goal salience increased more in the treatment conditions than in the C condition 

(all p’s < .001). Moreover, goal salience in the API condition increased more than in the AI 

condition (p < .001). However, despite showing the strongest increase in goal salience, the 

API condition did not reduce their usage pre-emptively. The goal salience ranking measure 

led to similar results (Web Appendix D: Table W22-23). Hence, an increase in goal salience 

cannot fully explain why participants in the AI condition reduced their usage pre-emptively 

compared to their baseline, while participants in the API condition did not. 

After the anticipation period, we surveyed participants in the AI and API conditions 

with a set of questions aimed at understanding the usage patterns during period 1. 

Specifically, we asked them to rate several reasons for either maintaining or changing their 

usage in Period 1. We then examined whether agreement with these reasons predicted Period 

1 usage using an OLS regression. Our results revealed that different explanations were 

associated with a reduction in the AI and API condition (Web Appendix D: Table W24). 

In the AI condition, agreement with the statement capturing forward-looking habit 

formation was significantly associated with lower Period 1 usage (b = -.479, p = .006), while 

practice was not (p = .330). In the API condition, we find the opposite. Higher agreement 

with the practice statement was significantly associated with a lower period 1 usage (b = -

.297, p = .023), while forward-looking habit formation was not (p = .273). In both conditions, 

agreement with the satiation explanation was associated with higher period 1 usage, that is 

less reduction (AI: b = .544, p = .001; API: b = .289, p = .019). Surprisingly, we also find that 

in both conditions, individuals who felt no need to prepare beforehand, had a lower period 1 

usage (AI: b = -.251, p = .048; API: b = -.293, p = .012).14 In summary, different explanations 

14 This might be due to the item wording capturing easiness of reduction, rather than myopia 
per se: “I can easily lower my mobile usage to achieve the desired reduction in the bonus 
period – there was no need to prepare beforehand.”
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appear to have motivated pre-emptive reductions in the AI and API conditions.

Substitution with other devices or offline activities?

We asked participants about the percentage of time they spend on different devices 

(Smartphone, Laptop/PC, TV, Tablet, Other) in the baseline and post-treatment survey. 

While these results are self-reported, we found no evidence of large-scale substitution. On the 

contrary, the percentage of screen time attributed to smartphone use showed a slight increase 

(Mbsl = 51.93, SD = 21.92 vs. Mpost = 53.72, SD = 24.27, t(362) = -2.39, p = .017, d = .126). 

No significant changes were observed for laptop, TV, or tablet usage, nor did the condition 

have a significant impact. We also asked participants whether they had spent more or less 

time on various activities over the past four weeks (1 = a lot less time, 5 = a lot more time). 

Participants reported spending more time with family and friends (M = 3.23, SD = 0.76, 

t(361) = 5.87, p < .001, d = .308) and engaging in non-screen activities (M = 3.38, SD = 0.85, 

t(361) = 8.50, p < .001, d = .447), significantly above the scale midpoint 3 = same amount of 

time). Overall, substitution seems to be small, and participants reported spending more time 

socializing or engaging in non-screen activities (Web Appendix D: “Device Substitution”). 

Finally, reductions in period 1 (p = .006) and period 2 (p <.001) significantly predicted a 

reduction in perceived smartphone addiction, however, they were not associated with changes 

in life satisfaction or subjective wellbeing (Web Appendix D: Tables W25-28). 

Model Fitting Results

            To explore the heterogeneity of forward-looking behavior and habit formation at the 

individual level, we fitted the habit formation and satiation model to the data. 

Equations 

 We solved for the optimal consumption under both habit formation and satiation. The 

optimal period 1 and post-treatment consumption in the AI condition under habit formation is 

given by Equations W3, W2 (respectively) and satiation by Equations W6, W5 (respectively) 
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in Web Appendix A. To estimate the parameters of the habit formation and satiation model, 

we reformulate the equations to match our experimental set-up. We focus on RCTs 2 and 3 

for our estimation as we have more robust post-treatment data. Our experimental periods in 

RCTs 2 and 3 are not of the same length. To maintain consistency with our model, we 

consider equal-sized time periods of six days for our estimation. From the perspective of our 

model, RCTs 2 and 3 span five time periods: t = 0 (baseline), t = 1 (period 1), t = 2 (first half 

of period 2), t = 3 (second half of period 2), and t = 4 (post-treatment).15 In the optimal 

consumptions equations for habit formation, we indicate 𝑏2

4𝑏1
 by 𝐻, which represents the 

strength of habit formation or adjacent complementarity (or how much the stock of 

accumulated consumption affects current consumption).16 For identifying 𝛾 (habituation 

retention factor), 𝛾′ (satiation retention factor), and 𝛼 (projection bias), we assume the 

discount factor 𝛿 = 1 (as the period length is only 6 days). But for robustness, we also 

estimate the parameters assuming 𝛿 = 0.9. The reformulated optimal consumption equations 

in period 1 and post-treatment are as follows. For a participant 𝑖 in day 𝑗 of time period 𝑡,

Under habit formation:

• Period 1: 𝑐1𝐴𝑖𝑗 = 𝐼𝑖

2
+𝐻𝑘1𝐴𝑖 + (1 ― 𝛼)𝐻𝛾𝑐2𝐴𝑖 + (1 ― 𝛼)𝛾2𝐻𝑐3𝐴𝑖 +(1 ― 𝛼)𝛾3𝐻𝑐4𝐴𝑖

+ 𝜖𝑖𝑗   (3) 

• Post-treatment: 𝑐4𝐴𝑖𝑗 = 𝐼𝑖

2
+𝐻 × (𝛾𝑐3𝐴𝑖 + 𝛾2𝑐2𝐴𝑖 + 𝛾3(𝑐1𝐴𝑖 + 𝑘1𝐴𝑖)) + 𝜖𝑖𝑗   (4)

Under satiation:

• Period 1: 𝑐1𝐴𝑖𝑗 = 𝐼𝑖

2
― (𝑠1𝐴𝑖+(1―𝛼𝑠)(𝛿𝛾′𝑐2𝐴𝑖+𝛿2𝛾′2𝑐3𝐴𝑖+𝛿3𝛾′3𝑐4𝐴𝑖))

2
+ 𝜖′

𝑖𝑗         (5) 

• Post-treatment: 𝑐4𝐴𝑖𝑗 = 𝐼𝑖

2
― 𝛾′𝑐3𝐴𝑖+𝛾′2𝑐2𝐴𝑖+𝛾′3(𝑐1𝐴𝑖+𝑠1𝐴𝑖)

2
+ 𝜖′

𝑖𝑗           (6)

where 𝑐𝐴𝑖𝑡 is the average consumption of AI condition participant 𝑖 in period 𝑡. 𝜖𝑖𝑗 and 𝜖′𝑖𝑗 are 

15 When there are more than six days in a given period, we use the last six days of period 1, 
the first twelve days of period 2, and the first six days of post-treatment. However, the results 
remain unchanged when using alternative days within in the same period.
16  We cannot separately estimate diminishing marginal utility (𝑏1) and adjacent 
complementarity (𝑏2). We can only estimate them together. When 𝐻 > 0, adjacent 
complementarity is implied under the assumption that the utility is concave. 
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zero mean, normally distributed noise, capturing daily deviations from optimal consumption 

in period 1 and post-treatment due to idiosyncratic factors. To minimize the effect of such 

random daily variations, we study the effect of habit stock accumulation between adjacent 

periods rather than adjacent days within a specific period. As the period 0 habit stock is 

unobserved, we initialize period 1 habit stock based on the observed period 0 (baseline) usage.

We discuss how Equations 3 to 6 help estimate the parameters of the habit formation 

and satiation model. We assume the budget I to be the maximum usage of a participant over 

the entire experimental period. For the habit formation model, three parameters must be 

identified: adjacent complementarity (H),habit retention (γ), and projection bias with 

respect to habit formation (α). In Equation 4, usage during the second half of the treatment 

period (𝑐3𝐴) affects post-treatment usage (𝑐4𝐴) through both habit retention (𝛾) and adjacent 

complementarity (𝐻). Usage in the first half of the treatment period (𝑐2𝐴) and in the pre-

treatment period (𝑐1𝐴) also influences post-treatment usage, but in a nonlinear way—𝑐2𝐴 is 

mediated by H and γ², while 𝑐1𝐴  is mediated by H and γ³. The degree to which post-treatment 

usage (𝑐4𝐴) remains low compared to the usage in the second half of the treatment period 

reflects the stickiness of the treatment effect and identifies the combined role of habit 

retention and adjacent complementarity (𝐻, 𝛾). Comparing the stickiness of post-treatment 

usage relative to the second half of the treatment period, with the stickiness relative to the 

first half of the treatment period and pre-treatment period allows for identification of habit 

retention 𝛾. Finally, projection bias with respect to habit formation (𝛼) is identified by 

comparing pre-emptive reductions in usage during period 1 with the reductions observed 

during the treatment (period 2) and subsequent periods. 

For the satiation model, two parameters must be identified: the satiation retention 

factor (𝛾′) and projection bias with respect to satiation (𝛼𝑠). The extent to which post-

treatment usage increases (𝑐4𝐴) compared to usage during the treatment and pre-treatment 
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periods helps identify the satiation retention factor 𝛾′ (Eq. 6). An increase in usage during 

period 1, driven by anticipation of reduced usage in period 2 (i.e., during treatment), helps 

identify projection bias with respect to satiation (𝛼𝑠) (Eq. 5).

We estimate the model with the maximum likelihood technique (Web Appendix E). 

We minimize the sum of squares between the empirically observed and theoretically predicted 

consumption for each participant based on Eqs. 3 - 4 and 5 - 6. The observed consumption c2A 

incorporates the implied probability (pt) of meeting the target and thus the effect of incentives. 

Estimation Results

When comparing the fit of both models at the individual level, the habit formation 

model fits the data better with a lower Akaike Information Criterion (AIC) for 94% of 

participants in RCT 2 and 91% in RCT 3. In contrast, the satiation model is a better fit for 

only 6% of participants in RCT 2 and 9% in RCT 3. The estimated habit formation and 

satiation parameters for each participant in RCTs 2 and 3 are listed in Web Appendix E: 

Tables W29-30. The average AIC of the habit formation model was significantly lower than 

of the satiation model in both RCTs (p < .01). 

While habit formation was dominant, there was considerable heterogeneity in 

projection bias. The average projection bias under habit formation was .54 in both RCTs. It 

was significantly higher than zero and lower than one (both p’s < .01), suggesting that 

participants were not myopic with respect to habit formation and displayed considerable 

forward-looking tendencies. See Table 7 for the parameters. 

We further explore heterogeneity in projection bias under habit formation. 37.5% of 

participants in RCT 2 and 36.4% in RCT 3 had a projection bias below .5, indicating 

behavior more consistent with rational addiction than myopia. About 52% of participants in 

both RCTs were weakly forward-looking, while the remaining 12% were purely myopic (𝛼 
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close to 1) with respect to habit formation (Web Appendix E: Figure W17-18). Estimating the 

model at the aggregate level yielded similar results (Web Appendix E: Tables W32-33). 

Table 7: Individual Level Estimates of the Habit Formation Model (AI Condition). 

We also test the robustness of our estimates. First, we replicate the results using an 

alternative assumption of 𝛿 = 0.9. While this led to a slightly lower estimate of projection 

bias (or more forward-looking behavior), the overall results remain consistent (Web 

Appendix E: Table W34). Additionally, we categorized participants based on how attractive 

they found the monetary incentive. Among those who rated it ≥ 4 on a 7-point scale (75% of 

participants, Web Appendix E: Figure W19), indicating high attractiveness to reduce usage, 

we find consistent results (Web Appendix E: Table W35). 

In addition, we tested a different model specification. We built a model that allows for 

habit formation and satiation depending on the sign of H (assuming that 𝑏2 in Equation 1 can 

take a positive or negative sign). We assumed both habit formation and satiation to affect 

total utility in a similar way. With this formulation, participants exhibited habit formation 

both at the aggregate (i.e., H > 0, p < .001) and individual level (H > 0 for 84% of 

participants; Web Appendix E: Table W36). For model estimates in the API condition, see 

Web Appendix E: Table W37.

General Discussion

In this research, we theoretically and empirically explored smartphone usage before, 

during and after a behavior change intervention aimed at reducing consumption. We 

Habit Formation Model RCT 2 RCT 3

Mean (SE) Median Mean (SE) Median

H (Adjacent complementarity) .17 (.034) .11 .2 (.016) .16
𝜸 (Habituation retention factor) .41 (.07) .37 .42 (.03) .36
𝜶 (Projection bias) .54 (.07) .78 .54 (.03) .61
SSE (Sum of square errors) 14.37 45.38
AIC (Akaike information) 30.11 33.01
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disentangle the predictions of habit formation and satiation models under varying projection 

bias. Across three RCTs, we find that, on average, consumers appeared to behave more in 

line with forward-looking habit formation, lowering smartphone usage pre-emptively relative 

to their baseline levels, before receiving incentives. While participants in RCTs 1 and 2 

reduced usage relative to the control condition, the effect was weaker in RCT 3, where the 

control condition also reduced their usage during period 1. This may reflect a combination of 

increased awareness due to self-tracking and receiving information about benefits of reducing 

screen time. We therefore interpret the pre-emptive reduction in RCT 3 more cautiously. 

In general, our results are more consistent with the predictions of rational addiction 

theory rather than myopic habit formation or satiation (although they do not constitute 

definite proof). Nearly 35% of participants had a low projection bias (< 50%) and 

demonstrated behavioral patterns aligned with what we would call “rational addicts.” On 

average, consumers pre-emptively reduced their mobile screen time by approximately half an 

hour per day, which is more than 30% of the reduction of consumers that were actually paid. 

These findings suggest that offering incentives during the treatment period, may lead to lower 

usage in the un-incentivized anticipation and post-treatment periods. Consistent with adjacent 

complementarity, consumers who reduced their usage more frequently during the anticipation 

and treatment period, sustain a lower screen time for at least some days after the intervention. 

We identified considerable heterogeneity. As predicted by our model, heavy mobile 

users showed stronger pre-emptive reductions, suggesting that anticipated treatments may be 

especially effective for those most in need of curbing screen time, since they benefit from 

additional time to adjust their behavior gradually. This is interesting, as one might instead 

expect heavy users to be most resistant to change. In addition, consumers with strong beliefs 

in future goal achievement were more likely to reduce consumption pre-emptively. 
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We replicate the results in two distinct samples: a young, international student 

population and a representative sample of US residents. While age and gender did not 

moderate the effects in our studies, future research could explore how people from different 

cultural backgrounds with distinct mobile usage patterns (e.g., non-WEIRD samples) or even 

younger age groups (e.g., children) respond to anticipated treatments.  

We contribute to literature that has used monetary incentives to inculcate beneficial 

habits (Acland and Levy 2015; Charness and Gneezy 2009; Loewenstein, Price, and Volpp 

2016; ) by demonstrating the conditions under which behavior change can be initiated even 

before incentives are paid, potentially offering a more cost-effective approach. First, it is 

crucial that the consumption is more habit-forming than satiating (as with mobile usage), 

since otherwise, anticipating the intervention could backfire by increasing consumption. 

Second, building on Allcott, Gentzkow, and Song (2022), we test a boundary 

condition that affects the pre-emptive usage reduction. Daily consumption targets (AI 

condition) seem to be more effective than proportional period-wise incentives (API 

condition) in prompting pre-emptive reductions because API participants can adjust 

consumption dynamically during the treatment period, eliminating the need for early 

reductions. Finally, consumers hold accurate lay beliefs about the benefits of initiating 

behavior change pre-emptively and prefer a nine-day anticipation period for gradual 

adjustment. This approach may lead to more sustained behavior change (Somasundaram, 

Koch, and Lim 2023).

While our findings generally align with rational addiction theory, alternative 

mechanisms might contribute to the observed reduction. We examined goal priming, and 

practice effects. Although these are plausible explanations, our data show that pre-emptive 

reductions were not clustered around the days immediately before the incentive period, and 

self-reported practice did not predict pre-emptive reductions in the AI condition. Goal 
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salience increased across all treatment conditions, but did not predict pre-emptive usage 

reductions, suggesting that it alone cannot account for the effect. 

Our findings have practical implication. Cost-effective, scalable solutions to excessive 

mobile consumption are needed since concerns about digital addiction have been growing 

(Alter 2017; Zimmermann and Somasundaram 2024). As with the general population, 89% of 

our participants wanted to reduce their mobile usage and 76-87% tried to do so in the past. 

Given that it would require a significant compensation for the average consumer to forgo a 

single social media platform (Brynjolfsson, Collis, and Eggers 2019; Mosquera et al. 2020), 

adding an anticipation period could potentially be an attractive modification of time-limit 

interventions as it might be less costly and heavy users benefit most. Nevertheless, the 

feasibility and cost-effectiveness of implementing such interventions remain open questions 

which future research could build upon.

Policymakers and consumer advocacy groups could take our findings into account 

when providing recommendations on how to reduce mobile usage. For instance, the 

American Academy of Pediatrics (2019) has recently announced recommendations to place 

consistent limits on children’s screen time to avoid the risk of sleep problems and negative 

effects on school performance. While many pieces of advice exist, few provide evidence-

based recommendations on how this could be achieved effectively. Parents seeking effective 

ways to reduce their children’s screen time and companies that offer solutions for “digital 

addiction” could possibly benefit from implementing anticipation periods. 

Beyond smartphones, our findings suggest broader applications for addressing 

overuse and dependency on digital technology (e.g., gaming) and other consumer behaviors, 

if they are habit forming and consumers are non-myopic with respect to habit formation. For 

example, financial incentives have been used to reduce smoking, with participants paid for 

cessation over a three-month period (Volpp et al. 2009). However, consumption patterns 
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often reverted once incentives were removed (Wood and Neal 2016). Incentivizing behavior 

at a finer temporal granularity (e.g., daily or weekly) may strengthen habits, with recent 

evidence showing promising results (Kendzor et al., 2024).

We conclude with caveats and avenues for future research. We focused on overall 

mobile screen time because it did not require the development of a tracking application that 

participants needed to download. This allowed us to collect data from all smartphone types (it 

was not restricted solely to Android devices due to privacy restrictions on iOS). Overall 

screen time is a stable measure of mobile usage, unaffected by trends or changes in specific 

apps which mitigates potential issues of within-device substitution (Collis and Eggers 2022).  

Our data showed that participants in the treatment conditions significantly reduced their 

social media usage over the treatment periods (compared to the C condition)—the app 

category they ideally wanted to reduce. However, our method did not allow us to conduct 

analyses of specific app usage (e.g., TikTok) which future research could explore. 

When scaling our results to the general population, it is important to note that our 

sample consisted of individuals with relatively high smartphone usage and high willingness 

to reduce usage. This sample may be subject to self-selection bias. Although we did not 

disclose the study’s purpose during recruitment, it is possible that individuals who believed 

they could perform well were more likely to enroll. Similarly, during the treatment periods, 

participants who felt less confident in their ability may more likely to drop out (although 

attrition was low and balanced across conditions during the treatment periods). We also 

emphasize that the observed period 1 and post-treatment effects should be interpreted as 

suggestive evidence, given the nonsignificant (AI vs. C) contrast in period 1 of RCT 3, 

potential attrition effects, and external shocks in earlier studies. The persistence of reduced 

usage, feasibility and cost-effectiveness of our anticipation intervention in broader population 

remain open questions, which the future research could explore.
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While our study focused on incentivizing usage reductions, future research could also 

explore the possibility of penalizing excessive usage through pricing mechanisms and shed 

light on differences between willingness to accept for giving up on excessive consumption 

versus willingness to pay for excessive consumption and pre-emptive behavior change. 

Future research could further test the interplay between adjacent substitutability and 

complementarity over different time frames using more nuanced models (e.g., Landry’s 

(2019) model predicts short-term substitutability and long-term complementarity). Our model 

is based on a finite time horizon, which enables us to derive closed-form solutions for the 

optimal consumption equations. This offers analytical tractability but comes with a 

limitation: it overlooks forward-looking behavior in the final period. As a result, it may 

underestimate habit retention, since individuals anticipating the end of the incentive scheme 

might increase usage post-treatment because they are aware that no further incentives follow. 

Finally, while most of our participants only possessed one phone (92-96%) and we excluded 

participants with more than one phone in RCT 3, our experimental setting did not allow us to 

measure objectively if consumers substituted their mobile usage with other digital devices, 

such as tablets or laptops. Our survey results indicated that across-device substitution was 

unlikely to be the main strategy to reduce smartphone usage. Nevertheless, future research 

could explore substitution effects further.
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Web Appendix A: Derivation and Proofs of Optimal Consumption Under Habit 

Formation and Satiation Models 

 

To prove the propositions, we first derive the optimal consumption plan for the different 

conditions in our core design (i.e., C, FI, and AI condition) for different periods under habit 

formation and satiation models. For simplicity, we assume all periods have equal length and 

there are T+1 periods. We indicate the baseline by 𝑡𝑡 = 0, period 1 by 𝑡𝑡 =  1, period 2 by 

𝑡𝑡 =  2, and post-treatment by 𝑡𝑡 = 3. We derive the optimal consumption below and use it to 

prove the propositions presented in the following section. 

Predictions of the Habit Formation Model with Projection Bias 

Consider consumption of goods 1 and 2 in period 𝑡𝑡 indicated by 𝑐𝑐𝑡𝑡 and 𝑐𝑐′𝑡𝑡, respectively. 

Consumption of good 1 is habit-forming, while consumption of good 2 does not exhibit 

intertemporal complementarities. The maximization problem of a consumer is as follows. For 

every time period 𝑡𝑡′ = 0, … ,𝑇𝑇: 

𝒄𝒄𝒕𝒕′ = arg max
�𝑐𝑐𝑡𝑡′ ,…,𝑐𝑐𝑇𝑇�

𝛼𝛼 ×� � 𝛿𝛿𝑡𝑡−𝑡𝑡′ 
𝑡𝑡=𝑡𝑡′,…,𝑇𝑇

�𝑢𝑢(𝑐𝑐𝑡𝑡 ,𝑘𝑘𝑡𝑡′) + 𝑢𝑢(𝐼𝐼 − 𝑐𝑐𝑡𝑡)��

+(1 − α) × � � 𝛿𝛿𝑡𝑡−𝑡𝑡′ 
𝑡𝑡=𝑡𝑡′,…,𝑇𝑇

�𝑢𝑢(𝑐𝑐𝑡𝑡 ,𝑘𝑘𝑡𝑡) + 𝑢𝑢(𝐼𝐼 − 𝑐𝑐𝑡𝑡)��

 

subject to 𝑘𝑘𝑡𝑡+1 = 𝛾𝛾(𝑘𝑘𝑡𝑡 + ct). Below, we calculate the optimal consumption in the C, FI, and 

AI condition. 

Optimal consumption in the C condition 

We indicate the optimal consumption in the C condition for different periods by 

𝑐𝑐0, … , 𝑐𝑐3. The optimization equation is as follows: 

max
(𝑐𝑐0,…,𝑐𝑐3)

� 𝛿𝛿𝑡𝑡�(1 − 𝛼𝛼)𝑢𝑢(𝑐𝑐𝑡𝑡 ,𝑘𝑘𝑡𝑡) + 𝛼𝛼𝛼𝛼(𝑐𝑐𝑡𝑡 ,𝑘𝑘0)� + 𝛿𝛿𝑡𝑡𝑢𝑢(𝐼𝐼 − 𝑐𝑐𝑡𝑡)
𝑡𝑡=0,…,3

 

subject to 𝑘𝑘𝑡𝑡+1 = 𝛾𝛾(𝑘𝑘𝑡𝑡 + ct).                                                                  
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We represent the first constraint by replacing 𝑘𝑘𝑡𝑡+1 = 𝛾𝛾(𝑘𝑘𝑡𝑡 + ct) in the maximization 

equation. We start by calculating the optimal consumption in the final period. The first order 

condition (FOC) for optimal consumption in period 3 (𝑐𝑐3) is as follows: 

𝑢𝑢′(𝑐𝑐3,𝑘𝑘3) = 𝑢𝑢′(𝐼𝐼 − 𝑐𝑐3) 

We assume a quadratic utility function 𝑢𝑢(𝑐𝑐𝑡𝑡 ,𝑘𝑘𝑡𝑡) = −𝑏𝑏1𝑐𝑐𝑡𝑡2 + 𝑏𝑏2𝑐𝑐𝑡𝑡𝑘𝑘𝑡𝑡 + 𝑏𝑏3𝑐𝑐𝑡𝑡 as in 

Gruber and Koszegi (2001) and Allcott, Gentzkow, and Song (2022).1 Therefore, the FOC 

becomes: 

−2𝑏𝑏1𝑐𝑐3 + 𝑏𝑏2𝑘𝑘3 + 𝑏𝑏3 = −2𝑏𝑏1(𝐼𝐼 − 𝑐𝑐3) + 𝑏𝑏3 

𝑐𝑐3 =
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘3

4𝑏𝑏1
 

The FOC for optimal consumption 𝑐𝑐2 is as follows:  

𝛿𝛿2[𝑢𝑢′(𝑐𝑐2,𝑘𝑘2) − 𝑢𝑢′(𝐼𝐼 − 𝑐𝑐2)] + 𝛿𝛿3𝛾𝛾(1 − 𝛼𝛼)�𝑢𝑢′�𝑐𝑐3, 𝛾𝛾(𝑘𝑘2 + 𝑐𝑐2)�� = 0 

𝑐𝑐2 =
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘2 + (1 − 𝛼𝛼)𝛾𝛾𝛾𝛾𝑏𝑏2𝑐𝑐3

4𝑏𝑏1
 

Similarly, we can obtain optimal consumption 𝑐𝑐1 and 𝑐𝑐0:  

𝑐𝑐1 =
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘1 + (1 − 𝛼𝛼)(𝛾𝛾𝛾𝛾𝑏𝑏2𝑐𝑐2 + 𝛾𝛾2𝛿𝛿2𝑏𝑏2𝑐𝑐3)

4𝑏𝑏1
 

𝑐𝑐0 =
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘0 + (1 − 𝛼𝛼)(𝛾𝛾𝛾𝛾𝑏𝑏2𝑐𝑐1 + 𝛾𝛾2𝛿𝛿2𝑏𝑏2𝑐𝑐2 + 𝛾𝛾3𝛿𝛿3𝑏𝑏2𝑐𝑐3)

4𝑏𝑏1
 

Note that 𝑐𝑐3 − 𝑐𝑐2 > 0 when 𝑘𝑘2 <
𝑏𝑏2𝛾𝛾𝑐𝑐2−0.5×(1−𝛼𝛼)𝐼𝐼𝐼𝐼𝑏𝑏2𝛾𝛾−

(1−𝛼𝛼)𝑏𝑏2𝛾𝛾𝑐𝑐2
4𝑏𝑏1

𝑏𝑏2−𝑏𝑏2𝛾𝛾+
𝑏𝑏2
2𝛾𝛾2𝛿𝛿(1−𝛼𝛼)

4𝑏𝑏1

               (W1) 

Thus, when habit stock is lower than a specific value, we have an increasing 

consumption pattern (i.e., 𝑐𝑐2 < 𝑐𝑐3). We can similarly demonstrate this for the difference 

between other consumption levels (𝑘𝑘1 must be lower than a bound for 𝑐𝑐2 − 𝑐𝑐1 > 0, and so on). 

 
1 We can also have the direct and quadratic effect of habit stock in the equation (i.e., 𝑢𝑢(𝑐𝑐𝑡𝑡 ,𝑘𝑘𝑡𝑡) =
−𝑏𝑏1𝑐𝑐𝑡𝑡2 + 𝑏𝑏2𝑐𝑐𝑡𝑡𝑘𝑘𝑡𝑡 + 𝑏𝑏3𝑐𝑐𝑡𝑡 − 𝑏𝑏4𝑘𝑘𝑡𝑡 −𝑏𝑏5𝑘𝑘𝑡𝑡2) to capture internality as in Becker and Murphy (1988) and 
Loewenstein, O'Donoghue, and Rabin (2003), but this has no effect on our results. Our propositions 
hold even if we include these terms. 
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In other words, if habit stock is below a certain level, optimal consumption is increasing. This 

result is consistent with the literature (Becker and Murphy 1988; see Lemma 1 of Loewenstein, 

O'Donoghue, and Rabin 2003).  

Optimal consumption in the FI condition 

Let the optimal consumption of participants in the FI condition be c0𝐹𝐹 , … , 𝑐𝑐𝑇𝑇𝐹𝐹. In the 

optimal consumption equation, participants choose whether to meet the target (i.e., reduce their 

usage to (1 − 𝛽𝛽)𝑐𝑐0𝐹𝐹) or not. Thus, in periods 1 and 2, consumption will either be (1 − 𝛽𝛽)𝑐𝑐0 or 

the optimal consumption 𝑐𝑐𝑡𝑡, determined by the habit stock 𝑘𝑘𝑡𝑡 (which is similar to the C 

condition). The choice between these two consumption levels is determined by probability 𝑝𝑝𝑡𝑡 

which depends on the net utility, which is a function of the incentive’s attractiveness, and the 

difficulty of achieving the reduction given an individual’s habit stock 𝑘𝑘𝑡𝑡.2  

max
(𝑐𝑐0𝐹𝐹,…,𝑐𝑐3𝐹𝐹)

𝑢𝑢(𝑐𝑐0𝐹𝐹 , 𝑘𝑘0𝐹𝐹) + 𝛾𝛾�(1 − 𝛼𝛼)𝑢𝑢(𝑐𝑐1𝐹𝐹 , 𝑘𝑘1𝐹𝐹) + 𝛼𝛼𝛼𝛼(𝑐𝑐1𝐹𝐹 , 𝑘𝑘0𝐹𝐹)�

+ 𝛾𝛾2�(1 − 𝛼𝛼)𝑢𝑢(𝑐𝑐2𝐹𝐹 , 𝑘𝑘2𝐹𝐹) + 𝛼𝛼𝛼𝛼(𝑐𝑐2𝐹𝐹 , 𝑘𝑘0𝐹𝐹)�+𝛾𝛾3�(1 − 𝛼𝛼)𝑢𝑢(𝑐𝑐3𝐹𝐹 , 𝑘𝑘2𝐹𝐹) + 𝛼𝛼𝛼𝛼(𝑐𝑐3𝐹𝐹 , 𝑘𝑘0𝐹𝐹)�

+ � 𝛿𝛿𝑡𝑡 𝑢𝑢(𝐼𝐼 − 𝑐𝑐𝑡𝑡𝑡𝑡)
𝑡𝑡=0,…,3

 

The optimal consumption 𝑐𝑐0𝐹𝐹 in the FI condition is identical to the optimal consumption 

𝑐𝑐0 in the C condition during the baseline period, as participants are randomly assigned and 

receive the FI instructions only at the end of period 0.  

The optimal consumption during period 1 is given by 𝑐𝑐1𝐹𝐹 = (1 − 𝛽𝛽)𝑐𝑐0 with probability 

𝑝𝑝1𝐹𝐹 , and it is 𝑐𝑐1 (optimal consumption in control) with probability 1 − 𝑝𝑝1𝐹𝐹. Note that with 

probability 𝑝𝑝1𝐹𝐹, a participant will not reduce their consumption level 𝑐𝑐1𝐹𝐹 below (1 − 𝛽𝛽)𝑐𝑐0 

optimally when the habit stock is not too high (this occurs only when the consumption pattern 

is decreasing; see discussion below Eq. W1). Thus, the expected consumption in period 1 is:  

 
2 The probability 𝑝𝑝𝑡𝑡 can be micro-founded by assuming a modified logit probability 𝑝𝑝𝑡𝑡 =

2
1+𝑒𝑒−𝜆𝜆𝜆𝜆

− 1. The probability 𝑝𝑝𝑡𝑡 → 0 when net utility of reducing and receiving incentives (𝜂𝜂) 
is zero and 𝑝𝑝𝑡𝑡 → 1 when 𝜂𝜂 is extremely positive. 
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𝑐𝑐1𝐹𝐹  = 𝑝𝑝1𝐹𝐹(1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝1𝐹𝐹)𝑐𝑐1. 

The probability 𝑝𝑝1𝐹𝐹 is a function of habit stock 𝑘𝑘1 and the perceived attractiveness of 

the incentives to reduce usage. When the incentive is attractive and the required reduction is 

less painful, then 𝑝𝑝1𝐹𝐹 will be higher. Similarly, the optimal consumption during period 2 is 

given by 𝑐𝑐2𝐹𝐹 = (1 − 𝛽𝛽)𝑐𝑐0 with probability 𝑝𝑝2𝐹𝐹, and by 𝑐𝑐2 with probability 1 − 𝑝𝑝2𝐹𝐹. The 

expected consumption in period 2 is:  

𝑐𝑐2𝐹𝐹 = 𝑝𝑝2𝐹𝐹(1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝2𝐹𝐹)𝑐𝑐2𝐹𝐹 . 

The optimal consumption in the post-treatment is given by:  

𝑐𝑐3𝐹𝐹 =
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘3𝐹𝐹

4𝑏𝑏1
 

FI versus C condition  

When the initial habit stock is small, optimal consumption 𝑐𝑐0, … , 𝑐𝑐3 is increasing (see 

discussion below Eq. W1). When 𝑝𝑝1𝐹𝐹 > 0 and 𝑝𝑝2𝐹𝐹 > 0 (when net utility of reducing is 

positive), this implies that 𝑐𝑐1𝐹𝐹 < 𝑐𝑐1 and 𝑐𝑐2𝐹𝐹 < 𝑐𝑐2.  Note that as 𝑐𝑐1𝐹𝐹 < 𝑐𝑐1 and 𝑐𝑐2𝐹𝐹 < 𝑐𝑐2, since 

𝑘𝑘1𝑓𝑓 = 𝑘𝑘1 (as the baseline is identical), we get 𝑘𝑘3𝐹𝐹 < 𝑘𝑘3 and thus, 𝑐𝑐3𝑓𝑓 < 𝑐𝑐3. 

Optimal consumption in the AI condition 

Let the optimal consumption of participants in the AI condition be c0𝐴𝐴, … , 𝑐𝑐3𝐴𝐴. A 

participant’s optimal consumption is given by: 

Max
(𝑐𝑐0𝐴𝐴,…,𝑐𝑐3𝐴𝐴)

𝑢𝑢(𝑐𝑐0𝐴𝐴, 𝑘𝑘0𝐴𝐴) + (𝛿𝛿(𝛼𝛼𝛼𝛼(𝑐𝑐1𝐴𝐴,𝑘𝑘1𝐹𝐹) + (1 − 𝛼𝛼)𝑢𝑢(𝑐𝑐1𝐴𝐴,𝑘𝑘0𝐴𝐴)) + 𝛿𝛿2(𝛼𝛼𝛼𝛼(𝑐𝑐2𝐴𝐴, 𝑘𝑘2𝐴𝐴)

+ (1 − 𝛼𝛼)𝑢𝑢(𝑐𝑐2𝐴𝐴, 𝑘𝑘0𝐴𝐴)) + 𝛿𝛿3(𝛼𝛼𝛼𝛼(𝑐𝑐3𝐴𝐴,𝑘𝑘3𝐴𝐴) + (1 − 𝛼𝛼)𝑢𝑢(𝑐𝑐3𝐴𝐴,𝑘𝑘0𝐴𝐴))

+ � 𝛿𝛿𝑡𝑡 𝑢𝑢(𝐼𝐼 − 𝑐𝑐𝑡𝑡𝑡𝑡)
𝑡𝑡=0,…,3

 

The optimal consumption 𝑐𝑐0𝐴𝐴 in the AI condition is identical to the optimal 

consumption 𝑐𝑐0 in the C condition during the baseline as participants are randomly assigned 
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and receive the AI instructions only at the end of period 0. The optimal consumption during 

period 3 is given by: 

𝑐𝑐3𝐴𝐴 = 2𝑏𝑏1𝐼𝐼+𝑏𝑏2𝑘𝑘3𝐴𝐴
4𝑏𝑏1

              (W2) 

As in the FI condition, the optimal consumption during period 2 is given by 𝑐𝑐2𝐴𝐴 =

(1 − 𝛽𝛽)𝑐𝑐0 with probability 𝑝𝑝2𝐴𝐴, and by 𝑐𝑐2 with probability 1 − 𝑝𝑝2𝐴𝐴.  Again, as discussed under 

the FI condition, with probability 𝑝𝑝1𝐹𝐹, a participant will not reduce their consumption level 𝑐𝑐2𝐴𝐴 

optimally below (1 − 𝛽𝛽)𝑐𝑐0 when the habit stock is not too high. The expected optimal 

consumption in period 2 is:  

𝑐𝑐2𝐴𝐴 = 𝑝𝑝2𝐴𝐴(1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝2𝐴𝐴)𝑐𝑐2. 

The optimal consumption during period 1(𝑐𝑐1𝐴𝐴) is: 

𝑐𝑐1𝐴𝐴 = 2𝑏𝑏1𝐼𝐼+𝑏𝑏2𝑘𝑘1𝐴𝐴+(1−𝛼𝛼)(𝛾𝛾𝛾𝛾𝑏𝑏2𝑐𝑐3𝐴𝐴+𝛾𝛾2𝛿𝛿2𝑏𝑏2𝑐𝑐2𝐴𝐴)
4𝑏𝑏1

        (W3) 

Substituting 𝑐𝑐3𝐴𝐴 = 2𝑏𝑏1𝐼𝐼+𝑏𝑏2𝑘𝑘3𝐴𝐴
4𝑏𝑏1

 and 𝑘𝑘3𝐴𝐴 = 𝛾𝛾𝑐𝑐2𝐴𝐴 + 𝛾𝛾2𝑐𝑐1𝐴𝐴 + 𝛾𝛾3𝑘𝑘1𝐴𝐴, we get: 

𝑐𝑐1𝐴𝐴

=
(8𝑏𝑏12 + (1 − 𝛼𝛼)2𝑏𝑏1𝑏𝑏2𝛿𝛿𝛿𝛿)𝐼𝐼 + 𝑘𝑘1𝐴𝐴(4𝑏𝑏1𝑏𝑏2 + (1 − 𝛼𝛼)𝛾𝛾4𝛿𝛿𝑏𝑏2) + 𝑐𝑐2𝐴𝐴(1 − 𝛼𝛼)(𝛾𝛾2𝛿𝛿𝑏𝑏2 + 4𝑏𝑏1𝑏𝑏2𝛾𝛾2𝛿𝛿2)

16𝑏𝑏12 − 𝛾𝛾3𝛿𝛿𝑏𝑏2(1 − 𝛼𝛼)
 

AI versus C condition  

If the habit stock 𝑘𝑘1 is small, then optimal consumption in the C condition 𝑐𝑐0, … , 𝑐𝑐3 is 

increasing. This implies that 𝑐𝑐2𝐴𝐴 < 𝑐𝑐2, when 𝑝𝑝2𝐴𝐴 > 0. The expression for 𝑐𝑐1, when the 

expression for 𝑐𝑐3 and 𝑘𝑘3 is substituted, is: 

𝑐𝑐1

=
(8𝑏𝑏12 + (1 − 𝛼𝛼)2𝑏𝑏1𝑏𝑏2𝛿𝛿𝛿𝛿)𝐼𝐼 + 𝑘𝑘1(4𝑏𝑏1𝑏𝑏2 + (1 − 𝛼𝛼)𝛾𝛾4𝛿𝛿𝑏𝑏2) + 𝑐𝑐2(1 − 𝛼𝛼)(𝛾𝛾2𝛿𝛿𝑏𝑏2 + 4𝑏𝑏1𝑏𝑏2𝛾𝛾2𝛿𝛿2)

16𝑏𝑏12 − 𝛾𝛾3𝛿𝛿𝑏𝑏2(1 − 𝛼𝛼)
 

Comparing the above expression to the expanded expression of 𝑐𝑐1𝐴𝐴, we observe that 𝑘𝑘1 =

𝑘𝑘1𝐴𝐴 and 𝑐𝑐2𝐴𝐴 < 𝑐𝑐2, when 𝑝𝑝2𝐴𝐴 > 0. Therefore, 𝑐𝑐1𝐴𝐴 < 𝑐𝑐1. 

Pre-emptive reduction conditional on baseline usage 
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Additionally, we examine how the reduction in the AI condition 𝑐𝑐0𝐴𝐴 − 𝑐𝑐1𝐴𝐴 changes 

depending on baseline consumption and the target. Substituting 𝑐𝑐2𝐴𝐴 = 𝑝𝑝2𝐴𝐴(1 − 𝛽𝛽)𝑐𝑐0 +

(1 − 𝑝𝑝2𝐴𝐴)𝑐𝑐2 in the expression above, we obtain:  

𝑐𝑐0𝐴𝐴 − 𝑐𝑐1𝐴𝐴 = 𝑐𝑐0𝐴𝐴 −

(8𝑏𝑏12 + 2𝑏𝑏1𝑏𝑏2𝛿𝛿𝛿𝛿)𝐼𝐼 + 𝑘𝑘1(4𝑏𝑏1𝑏𝑏2 + (1 − 𝛼𝛼)𝛾𝛾4𝛿𝛿𝑏𝑏2) + (𝑝𝑝2𝐴𝐴(1 − 𝛽𝛽)𝑐𝑐0𝐴𝐴 +
(1 − 𝑝𝑝2𝐴𝐴)𝑐𝑐2)(1 − 𝛼𝛼)(𝛾𝛾2𝛿𝛿𝑏𝑏2 + 4𝑏𝑏1𝑏𝑏2𝛾𝛾2𝛿𝛿2)

16𝑏𝑏12 − (1 − 𝛼𝛼)𝛾𝛾3𝛿𝛿𝑏𝑏2
 

𝑐𝑐0𝐴𝐴 − 𝑐𝑐1𝐴𝐴

=

𝑐𝑐0�16𝑏𝑏12 − (1 − 𝛼𝛼)𝛾𝛾3𝛿𝛿𝑏𝑏2 − (1 − 𝛼𝛼)𝑝𝑝2𝐴𝐴(1 − 𝛽𝛽)(𝛾𝛾2𝛿𝛿𝑏𝑏2 + 4𝑏𝑏1𝑏𝑏2𝛾𝛾2𝛿𝛿2)� −
(8𝑏𝑏12 + 2𝑏𝑏1𝑏𝑏2𝛿𝛿𝛿𝛿)𝐼𝐼 − 𝑘𝑘1(4𝑏𝑏1𝑏𝑏2 + (1 − 𝛼𝛼)𝛾𝛾4𝛿𝛿𝑏𝑏2)) − (1 − 𝑝𝑝2𝐴𝐴)𝑐𝑐2(1 − 𝛼𝛼)(𝛾𝛾2𝛿𝛿𝑏𝑏2 + 4𝑏𝑏1𝑏𝑏2𝛾𝛾2𝛿𝛿2)

16𝑏𝑏12 − (1 − 𝛼𝛼)𝛾𝛾3𝛿𝛿𝑏𝑏2
   

We observe that  𝜕𝜕(𝑐𝑐0𝐴𝐴−𝑐𝑐1𝐴𝐴)
𝜕𝜕𝜕𝜕

> 0.  

We calculate:  

𝑐𝑐0𝐴𝐴 − 𝑐𝑐1𝐴𝐴
𝑐𝑐0𝐴𝐴

=
−(8𝑏𝑏12 + 2𝑏𝑏1𝑏𝑏2𝛿𝛿𝛿𝛿)𝐼𝐼 − 𝑘𝑘1(4𝑏𝑏1𝑏𝑏2 + (1 − 𝛼𝛼)𝛾𝛾4𝛿𝛿𝑏𝑏2))

16𝑏𝑏12 − 𝛾𝛾3(1 − 𝛼𝛼)𝛿𝛿𝑏𝑏2
𝑐𝑐0−1

+
�16𝑏𝑏12 − (1 − 𝛼𝛼)𝛾𝛾3𝛿𝛿𝑏𝑏2 − (1 − 𝛼𝛼)(1 − 𝛽𝛽)(𝛾𝛾2𝛿𝛿𝑏𝑏2 + 4𝑏𝑏1𝑏𝑏2𝛾𝛾2𝛿𝛿2)�

16𝑏𝑏12 − 𝛾𝛾3(1 − 𝛼𝛼)𝛿𝛿𝑏𝑏2

−
(1 − 𝑝𝑝2𝐴𝐴)(𝑐𝑐2/𝑐𝑐0𝐴𝐴)(1 − 𝛼𝛼)(𝛾𝛾2𝛿𝛿𝑏𝑏2 + 4𝑏𝑏1𝑏𝑏2𝛾𝛾2𝛿𝛿2)

16𝑏𝑏12 − (1 − 𝛼𝛼)𝛾𝛾3𝛿𝛿𝑏𝑏2
 

𝜕𝜕
𝜕𝜕𝑐𝑐0

𝑐𝑐0𝐴𝐴−𝑐𝑐1𝐴𝐴
𝑐𝑐0𝐴𝐴

> 0 if 16𝑏𝑏12 − 𝛾𝛾3(1 − 𝛼𝛼)𝛿𝛿𝑏𝑏2 > 0. The expression 16𝑏𝑏12 − (1 − 𝛼𝛼)𝛾𝛾3𝛿𝛿𝑏𝑏2 is 

positive, otherwise the optimal consumption 𝑐𝑐1𝐴𝐴 would be negative. Therefore, 𝜕𝜕
𝜕𝜕𝑐𝑐0

𝑐𝑐0𝐴𝐴−𝑐𝑐1𝐴𝐴
𝑐𝑐0𝐴𝐴

>

0. This means that AI participants with larger baseline usage should reduce their usage more 

during period 1 in anticipation of the target in period 2. 
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Predictions of Satiation with Projection Bias 

We incorporate projection bias into Baucells and Sarin’s satiation model (2007, 2010). 

We formulate the maximization problem as follows. For every time period 𝑡𝑡′ = 0, … ,𝑇𝑇, 

max
(𝑐𝑐𝑡𝑡′,…𝑐𝑐𝑇𝑇)

∑ 𝛿𝛿𝑡𝑡𝛼𝛼𝑠𝑠 ��𝑣𝑣(𝑐𝑐𝑡𝑡 + 𝑠𝑠𝑡𝑡′) − 𝑣𝑣(𝑠𝑠𝑡𝑡′)�� + (1 − 𝛼𝛼𝑠𝑠) ��𝑣𝑣(𝑐𝑐𝑡𝑡 + 𝑠𝑠𝑡𝑡) − 𝑣𝑣(𝑠𝑠𝑡𝑡)��
+δ𝑡𝑡𝑣𝑣(𝐼𝐼 − 𝑐𝑐𝑡𝑡)

𝑡𝑡=𝑡𝑡′,…,𝑇𝑇    

                                                                                                                                  (W4) 

subject to st+1 = 𝛾𝛾′(𝑠𝑠𝑡𝑡 + ct). We assume a quadratic utility function for 𝑣𝑣, that is 𝑣𝑣(𝑐𝑐𝑡𝑡) =

−𝑏𝑏′1𝑐𝑐𝑡𝑡2 + 𝑏𝑏′2𝑐𝑐𝑡𝑡, with 𝑏𝑏′1, 𝑏𝑏′2 > 0 and 𝑐𝑐𝑡𝑡 < 2𝑏𝑏′1/𝑏𝑏′2.                                

Optimal consumption in the C condition 

We begin with the FOC for consumption in period 3 (𝑐𝑐3): 

𝛼𝛼𝑠𝑠 𝑣𝑣′�(𝑐𝑐3 + 𝑠𝑠3)� + (1 − 𝛼𝛼𝑠𝑠)𝑣𝑣′(𝑐𝑐3 + 𝑠𝑠1) = 𝑣𝑣′(𝐼𝐼 − 𝑐𝑐3) 

Substituting a quadratic utility, we obtain: 

𝑐𝑐3 =
𝐼𝐼 − 𝑠𝑠3

2
 

The FOC for consumption in period 2 (𝑐𝑐2) is as follows: 

𝑣𝑣′�(𝑐𝑐2 + 𝑠𝑠2)� + 𝛼𝛼𝑠𝑠𝛾𝛾′[𝑣𝑣′(𝑐𝑐3 + 𝑠𝑠3) − 𝑣𝑣′(𝑠𝑠3)] = 𝑣𝑣′(𝐼𝐼 − 𝑐𝑐2) 

𝑐𝑐2 =
𝐼𝐼 − 𝑠𝑠2 − (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿𝛿𝛿′𝑐𝑐3

2
 

The FOC for consumption in period 1 (𝑐𝑐1) is as follows: 

𝑣𝑣′(𝑐𝑐1 + 𝑠𝑠1) + 𝛼𝛼𝑠𝑠𝛾𝛾′[𝑣𝑣′(𝑐𝑐2 + 𝑠𝑠2) − 𝑣𝑣′(𝑠𝑠2)] + 𝛼𝛼𝑠𝑠𝛾𝛾′2[𝑣𝑣′(𝑐𝑐3 + 𝑠𝑠3) − 𝑣𝑣′(𝑠𝑠3)] = 𝑣𝑣′(𝐼𝐼 − 𝑐𝑐1) 

𝑐𝑐1 =
(𝐼𝐼 − 𝑠𝑠1) − (1 − 𝛼𝛼𝑠𝑠)(𝛿𝛿𝛿𝛿′𝑐𝑐2 + 𝛿𝛿2𝛾𝛾′2𝑐𝑐3)

2
 

Optimal consumption in the FI condition 

In the optimal consumption equation, participants choose whether to meet the target 

(i.e., reduce their usage to (1 − 𝛽𝛽)𝑐𝑐0𝐹𝐹) or not. Accordingly, in periods 1 and 2, consumption 

will either be (1 − 𝛽𝛽)𝑐𝑐0 or the optimal consumption 𝑐𝑐𝑡𝑡 in the C condition, determined by the 
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satiation level 𝑠𝑠𝑡𝑡 (as in the C condition). The choice of the consumption is determined by 

probability 𝑝𝑝𝑡𝑡 which depends on the net utility, which is a function of the incentive’s 

attractiveness, the difficulty of reducing usage, and the satiation level 𝑠𝑠𝑡𝑡. The maximization 

problem is given by: 

Max
(𝑐𝑐𝑡𝑡′F,…𝑐𝑐𝑇𝑇𝑇𝑇)

� 𝛿𝛿𝑡𝑡𝛼𝛼𝑠𝑠 ��𝑣𝑣(𝑐𝑐𝑡𝑡 + 𝑠𝑠𝑡𝑡′) − 𝑣𝑣(𝑠𝑠𝑡𝑡′)�� + (1 − 𝛼𝛼𝑠𝑠) ��𝑣𝑣(𝑐𝑐𝑡𝑡 + 𝑠𝑠𝑡𝑡) − 𝑣𝑣(𝑠𝑠𝑡𝑡)�� + δ𝑡𝑡𝑣𝑣(𝐼𝐼
𝑡𝑡=𝑡𝑡′,…,𝑇𝑇

− 𝑐𝑐𝑡𝑡), 

In period 1 and 2, participants choose between 𝑐𝑐𝑡𝑡𝑡𝑡 and 𝑐𝑐𝑡𝑡 with probability level 𝑝𝑝𝑡𝑡𝑡𝑡 

depending on the satiation level and attractiveness of incentives. 

The optimal consumption during period 1 is given by 𝑐𝑐1𝐹𝐹 = (1 − 𝛽𝛽)𝑐𝑐0 with probability 

𝑝𝑝1𝐹𝐹 , and by 𝑐𝑐1 with probability 1 − 𝑝𝑝1𝐹𝐹. Note that with probability 𝑝𝑝1𝐹𝐹, participants will not 

optimally reduce their consumption below (1 − 𝛽𝛽)𝑐𝑐0 when satiation is not sufficiently high. 

The expected consumption in period 1 is: 

𝑐𝑐1𝐹𝐹 = 𝑝𝑝1𝐹𝐹(1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝1𝐹𝐹)𝑐𝑐1.  

The expected consumption in period 2 is similarly given by:   

𝑐𝑐2𝐹𝐹 = 𝑝𝑝2𝐹𝐹(1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝2𝐹𝐹)𝑐𝑐2𝐹𝐹 .  

The FOC for optimal consumption in period 3 is given by: 

(1 − 𝛼𝛼𝑠𝑠)𝑣𝑣′�(𝑐𝑐3𝐹𝐹 + 𝑠𝑠3𝐹𝐹)� + 𝛼𝛼𝑠𝑠𝑣𝑣′(𝑐𝑐3𝐹𝐹 + 𝑠𝑠1𝐹𝐹) = 𝑣𝑣′(𝐼𝐼 − 𝑐𝑐3𝐹𝐹) 

𝑐𝑐3𝐹𝐹 =
𝐼𝐼 − 𝑠𝑠3𝐹𝐹

2
 

Optimal consumption in the AI condition 

The FOC for optimal consumption in period 3 is given by: 

(1 − 𝛼𝛼𝑠𝑠)𝑣𝑣′�(𝑐𝑐3𝐴𝐴 + 𝑠𝑠3𝐴𝐴)� + α𝑠𝑠𝑣𝑣′(𝑐𝑐3𝐴𝐴 + 𝑠𝑠1𝐴𝐴) = 𝑣𝑣′(𝐼𝐼 − 𝑐𝑐3𝐴𝐴) 

                                           𝑐𝑐3𝐴𝐴 = 𝐼𝐼−𝑠𝑠3𝐴𝐴
2

                                                  (W5) 
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The optimal consumption during period 2 is given by 𝑐𝑐2𝐴𝐴 = (1 − 𝛽𝛽)𝑐𝑐0 with probability 

𝑝𝑝2𝐴𝐴 and by 𝑐𝑐2 with probability 1 − 𝑝𝑝2𝐴𝐴. The expected consumption in period 2 is:  

𝑐𝑐2𝐴𝐴 = 𝑝𝑝2𝐴𝐴(1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝2𝐴𝐴)𝑐𝑐2𝐴𝐴.  

As discussed previously, participants will not reduce their consumption level below 

(1 − 𝛽𝛽)𝑐𝑐0 when satiation is not sufficiently high. 

The FOC for optimal consumption in period 1 is given by: 

𝑣𝑣′(𝑐𝑐1𝐴𝐴 + 𝑠𝑠1𝐴𝐴) + (1 − 𝛼𝛼𝑠𝑠)𝛾𝛾′[𝑣𝑣′(𝑐𝑐2𝐴𝐴 + 𝑠𝑠2𝐴𝐴) − 𝑣𝑣′(𝑠𝑠2𝐴𝐴)] + (1

− 𝛼𝛼𝑠𝑠)𝛾𝛾′2[𝑣𝑣′(𝑐𝑐3𝐴𝐴 + 𝑠𝑠3𝐴𝐴) − 𝑣𝑣′(𝑠𝑠3𝐴𝐴)] = 𝑣𝑣′(𝐼𝐼 − 𝑐𝑐1𝐴𝐴) 

                                        𝑐𝑐1𝐴𝐴 = (𝐼𝐼−𝑠𝑠1𝐴𝐴)−(1−𝛼𝛼𝑠𝑠)(𝛿𝛿𝛿𝛿′𝑐𝑐2𝐴𝐴+𝛿𝛿2𝛾𝛾′2𝑐𝑐3𝐴𝐴)
2

                                      (W6) 

Substituting the value of 𝑐𝑐3𝐴𝐴 = (𝐼𝐼−𝑠𝑠3𝐴𝐴)
2

, and 𝑠𝑠3𝐴𝐴 = 𝛾𝛾′(𝑐𝑐2𝐴𝐴 + 𝛾𝛾′(𝑐𝑐1𝐴𝐴 + 𝑠𝑠1𝐴𝐴)) we get: 

𝑐𝑐1𝐴𝐴

=
2(1 − 𝑠𝑠1𝐴𝐴) − 2(1 − 𝛼𝛼𝑠𝑠)𝑐𝑐2𝐴𝐴𝛿𝛿𝛾𝛾′ − (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′2 + (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′3𝑐𝑐2𝐴𝐴 + (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′4𝑠𝑠1𝐴𝐴

4 − (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′4
 

In the above expression, the net effect of 𝑐𝑐2𝐴𝐴 is negative i.e., −2(1 − 𝛼𝛼𝑠𝑠)𝑐𝑐2𝐴𝐴𝛿𝛿𝛾𝛾′ + (1 −

𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′3𝑐𝑐2𝐴𝐴 < 0.  

Proofs of Propositions 1 to 5 

Proof of Proposition 1 

To prove Proposition 1, we assume that the incentive is attractive such that 𝑝𝑝2𝐴𝐴 > 0. 

We now compare the optimal consumptions 𝑐𝑐1𝐴𝐴 in the AI and 𝑐𝑐1 in the C condition under habit 

formation. If habit stock 𝑘𝑘1 is small, then the optimal consumption in the C condition 𝑐𝑐0, … , 𝑐𝑐3 

is increasing (see Eq. W1 and discussion below it). This implies that 𝑐𝑐2𝐴𝐴 < 𝑐𝑐2 as 𝑝𝑝2𝐴𝐴 > 0. The 

expression for 𝑐𝑐1, when the expression for 𝑐𝑐3 and 𝑘𝑘3 is substituted, is as follows.  

𝑐𝑐1

=
(8𝑏𝑏12 + (1 − 𝛼𝛼)2𝑏𝑏1𝑏𝑏2𝛿𝛿𝛿𝛿)𝐼𝐼 + 𝑘𝑘1(4𝑏𝑏1𝑏𝑏2 + (1 − 𝛼𝛼)𝛾𝛾4𝛿𝛿𝑏𝑏2) + 𝑐𝑐2(1 − 𝛼𝛼)(𝛾𝛾2𝛿𝛿𝑏𝑏2 + 4𝑏𝑏1𝑏𝑏2𝛾𝛾2𝛿𝛿2)

16𝑏𝑏12 − 𝛾𝛾3𝛿𝛿𝑏𝑏2(1 − 𝛼𝛼)
 

Page 61 of 125

Journal of Marketing

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

Author Accepted Manuscript



Peer Review Version

11 
 

Comparing the above expression to the expression of 𝑐𝑐1𝐴𝐴 below  

𝑐𝑐1𝐴𝐴

=
(8𝑏𝑏12 + (1 − 𝛼𝛼)2𝑏𝑏1𝑏𝑏2𝛿𝛿𝛿𝛿)𝐼𝐼 + 𝑘𝑘1𝐴𝐴(4𝑏𝑏1𝑏𝑏2 + (1 − 𝛼𝛼)𝛾𝛾4𝛿𝛿𝑏𝑏2) + 𝑐𝑐2𝐴𝐴(1 − 𝛼𝛼)(𝛾𝛾2𝛿𝛿𝑏𝑏2 + 4𝑏𝑏1𝑏𝑏2𝛾𝛾2𝛿𝛿2)

16𝑏𝑏12 − 𝛾𝛾3𝛿𝛿𝑏𝑏2(1 − 𝛼𝛼)
 

we can see that 𝑘𝑘1 = 𝑘𝑘1𝐴𝐴 and 𝑐𝑐2𝐴𝐴 < 𝑐𝑐2. Since 𝛼𝛼 < 1, we get 𝑐𝑐1𝐴𝐴 < 𝑐𝑐1. However, when 𝛼𝛼 = 1, 

𝑐𝑐1𝐴𝐴 = 𝑐𝑐1. 

Proof of Proposition 2 

 To prove Proposition 2, we divide period 2 into two sub-periods: 2a and 2b. We consider 

four different target structures for participants in AI condition: 

i. Constant sub-period targets (CT): Target of (1 − 𝛽𝛽)𝑐𝑐0 in both period 2a and 2b 

ii. Decreasing sub-period targets (DT): Target of (1 − 𝛽𝛽)𝑐𝑐0 − ∆ in period 2a and 

(1 − 𝛽𝛽)𝑐𝑐0 + ∆ in period 2b, where ∆ > 0 and (1 − 𝛽𝛽)𝑐𝑐0 + ∆ < 𝑐𝑐0 

iii. Increasing sub-period targets (IT): Target of (1 − 𝛽𝛽)𝑐𝑐0 + ∆ in period 2a and 

(1 − 𝛽𝛽)𝑐𝑐0 − ∆ in period 2b, where ∆ > 0 and (1 − 𝛽𝛽)𝑐𝑐0 + ∆ < 𝑐𝑐0 

iv. Average period target (PT): An average target of (1 − 𝛽𝛽)𝑐𝑐0 for the entire period 2, 

that is period 2a and period 2b combined. 

We show in Web Appendix C that when participants are engaging in a habit-forming 

activity and are forward-looking with respect to habit formation, the DT strategy leads to the 

highest pre-emptive reductions in period 1, followed by CT, and finally IT:  𝑐𝑐1𝐴𝐴𝐷𝐷𝐷𝐷 < 𝑐𝑐1𝐴𝐴𝐶𝐶𝐶𝐶 < 𝑐𝑐1𝐴𝐴𝐼𝐼𝐼𝐼  

(see Web Appendix C for details). When participants are given an average period target (PT), 

they may attempt to achieve the average target in the following ways: (a) by evenly meeting 

the average target in both periods 2a and 2b (similar to CT) or, (b) by reducing more in 

period 2a and less in the period 2b (similar to DT), or (c) by reducing less in period 2a and 

more in period 2b (similar to IT). We demonstrate in Web Appendix C that under an average 

period target, the optimal behavior to adopt is to reduce less in period 2a and more in period 
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2b (similar to IT). Thus, as PT participants will adopt the IT strategy optimally, the pre-

emptive reduction with a PT incentive structure is lower than with a CT incentive structure 

i.e., 𝑐𝑐1𝐴𝐴𝐶𝐶𝐶𝐶 <  c1A𝑃𝑃𝑃𝑃, thereby proving Proposition 2. 

Proof of Proposition 3 

To prove Proposition 3, we compare the optimal consumption in period 3 in the FI and 

AI condition with the C condition under habit formation. The optimal consumption in period 3 

in the FI, AI and C conditions is: 

𝑐𝑐3𝐹𝐹 =
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘3𝐹𝐹

4𝑏𝑏1
=

2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝛾𝛾(𝑐𝑐2𝐹𝐹 + 𝛾𝛾(𝑐𝑐1𝐹𝐹 + 𝑘𝑘1𝐹𝐹))
4𝑏𝑏1

 

𝑐𝑐3𝐴𝐴 =
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘3𝐴𝐴

4𝑏𝑏1
=

2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝛾𝛾(𝑐𝑐2𝐴𝐴 + 𝛾𝛾(𝑐𝑐1𝐴𝐴 + 𝑘𝑘1𝐴𝐴))
4𝑏𝑏1

 

𝑐𝑐3 =
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘3

4𝑏𝑏1
=

2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝛾𝛾(𝑐𝑐2 + 𝛾𝛾(𝑐𝑐1 + 𝑘𝑘1))
4𝑏𝑏1

 

If habit stock 𝑘𝑘1 is small, the optimal consumption 𝑐𝑐0, … , 𝑐𝑐3 is increasing (see Eq. W1 

and discussion below it). When the monetary incentives are attractive and 𝑝𝑝2𝐴𝐴 > 0, it implies 

that 𝑐𝑐1𝐹𝐹 < 𝑐𝑐1  and 𝑐𝑐2𝐹𝐹 < 𝑐𝑐2.  Similarly, 𝑐𝑐1𝐴𝐴 < 𝑐𝑐1 (see Proposition 1) and 𝑐𝑐2𝐴𝐴 < 𝑐𝑐2. Note that as 

𝑘𝑘1𝑓𝑓 = 𝑘𝑘1𝐴𝐴 = 𝑘𝑘1 (baseline is identical across conditions), from the above expressions, we get 

𝑐𝑐3𝑓𝑓 < 𝑐𝑐3 and 𝑐𝑐3𝐴𝐴 < 𝑐𝑐3.  

Proof of Proposition 4 

To prove Proposition 4, we assume the incentive is attractive such that 𝑝𝑝2𝐴𝐴 > 0. Given 

this assumption, we can derive the optimal consumption under satiation for the C and AI 

condition for different experimental periods. Under satiation, the optimal consumption in 

period 1 for the C condition is given by: 

𝑐𝑐1 =
(𝐼𝐼 − 𝑠𝑠1) − (1 − 𝛼𝛼𝑠𝑠)(𝛿𝛿𝛿𝛿′𝑐𝑐2 + 𝛿𝛿2𝛾𝛾′2𝑐𝑐3)

2
 

Comparing this to the 𝑐𝑐1𝐴𝐴 expression in the AI condition:  
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𝑐𝑐1𝐴𝐴 =
(𝐼𝐼 − 𝑠𝑠1𝐴𝐴) − (1 − 𝛼𝛼𝑠𝑠)(𝛿𝛿𝛿𝛿′𝑐𝑐2𝐴𝐴 + 𝛿𝛿2𝛾𝛾′2𝑐𝑐3𝐴𝐴)

2
 

Expanding the expressions above by substituting 𝑐𝑐3 = 𝐼𝐼−𝑠𝑠3
2

, 𝑐𝑐3𝐴𝐴 = 𝐼𝐼−𝑠𝑠3𝐴𝐴
2

, 𝑠𝑠3 = 𝛾𝛾′(𝑐𝑐2 +

𝛾𝛾′(𝑐𝑐1 + 𝑠𝑠1)),   and 𝑠𝑠3𝐴𝐴 = 𝛾𝛾′(𝑐𝑐2𝐴𝐴 + 𝛾𝛾′(𝑐𝑐1𝐴𝐴 + 𝑠𝑠1𝐴𝐴)), we obtain: 

𝑐𝑐1 =
2(1 − 𝑠𝑠1) − (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′2 + (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′4𝑠𝑠1 − 2(1 − 𝛼𝛼𝑠𝑠)𝑐𝑐2𝛿𝛿𝛾𝛾′ + (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′3𝑐𝑐2

4 − (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′4
 

𝑐𝑐1𝐴𝐴

=
2(1 − 𝑠𝑠1𝐴𝐴) − (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′2 + (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′4𝑠𝑠1𝐴𝐴 − 2(1 − 𝛼𝛼𝑠𝑠)𝑐𝑐2𝐴𝐴𝛿𝛿𝛾𝛾′ + (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′3𝑐𝑐2𝐴𝐴

4 − (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′4
 

Comparing the above expressions for 𝑐𝑐1 and 𝑐𝑐1𝐴𝐴, we observe that the first three terms  

are identical: 2(1 − 𝑠𝑠1) − (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′2 + (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′4𝑠𝑠1 = 2(1 − 𝑠𝑠1𝐴𝐴) − (1 −

𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′2 + (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′4𝑠𝑠1𝐴𝐴 because 𝑠𝑠1 = 𝑠𝑠1𝐴𝐴. Now comparing the last two terms, as 𝑐𝑐2 >

𝑐𝑐2𝐴𝐴, we observe that −2(1 − 𝛼𝛼𝑠𝑠)𝑐𝑐2𝛿𝛿𝛾𝛾′ + (1 − 𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′3𝑐𝑐2 < −2(1 − 𝛼𝛼𝑠𝑠)𝑐𝑐2𝐴𝐴𝛿𝛿𝛾𝛾′ + (1 −

𝛼𝛼𝑠𝑠)𝛿𝛿2𝛾𝛾′3𝑐𝑐2𝐴𝐴. Therefore, c1𝐴𝐴 > 𝑐𝑐1 when 𝛼𝛼𝑠𝑠 < 1. On the other hand, when 𝛼𝛼𝑠𝑠 = 1, 𝑐𝑐1𝐴𝐴 = 𝑐𝑐1. 

Proof of Proposition 5 

Under satiation, we compare the optimal consumption in period 3 in the FI, AI and C 

condition. The optimal period 3 consumption is given by: 

𝑐𝑐3𝐹𝐹 =
𝐼𝐼 − 𝑠𝑠3𝐹𝐹

2
=
𝐼𝐼 − 𝛾𝛾′(𝑐𝑐2𝐹𝐹 + 𝛾𝛾′(𝑐𝑐1𝐹𝐹 + 𝑠𝑠1𝐹𝐹))

2
 

𝑐𝑐3𝐴𝐴 =
𝐼𝐼 − 𝑠𝑠3𝐴𝐴

2
=
𝐼𝐼 − 𝛾𝛾′(𝑐𝑐2𝐴𝐴 + 𝛾𝛾′(𝑐𝑐1𝐴𝐴 + 𝑠𝑠1𝐴𝐴))

2
 

𝑐𝑐3 =
𝐼𝐼 − 𝑠𝑠3

2
=
𝐼𝐼 − 𝛾𝛾′(𝑐𝑐2 + 𝛾𝛾′(𝑐𝑐1 + 𝑠𝑠1))

2
 

First, we compare 𝑐𝑐3 and 𝑐𝑐3𝐹𝐹. Note that 𝑐𝑐1𝐹𝐹 < 𝑐𝑐1,  𝑐𝑐2𝐹𝐹 < 𝑐𝑐2 as 𝑝𝑝1𝐹𝐹 > 0 and 𝑝𝑝2𝐹𝐹 > 0. Therefore, 

𝑐𝑐3𝐹𝐹 > 𝑐𝑐3. 
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We now compare 𝑐𝑐3 and 𝑐𝑐3𝐴𝐴. We expand the expressions for 𝑐𝑐3𝐴𝐴 and 𝑐𝑐3: 

𝑐𝑐3𝐴𝐴 =
𝐼𝐼 − 𝛾𝛾𝑐𝑐2𝐴𝐴 − 𝛾𝛾2((𝐼𝐼 − 𝑠𝑠1𝐴𝐴) − (1 − 𝛼𝛼𝑠𝑠)(𝛿𝛿𝛿𝛿′𝑐𝑐2𝐴𝐴 + 𝛿𝛿2𝛾𝛾′2𝑐𝑐3𝐴𝐴)

2 + 𝑠𝑠1𝐴𝐴)
2

 

Rewriting the expression, we obtain:  

𝑐𝑐3𝐴𝐴 =
2𝐼𝐼 − 2𝛾𝛾′𝑐𝑐2𝐴𝐴 − 𝛾𝛾′2(1 − 𝑠𝑠1𝐴𝐴) + 𝛾𝛾′3(1 − 𝛼𝛼𝑠𝑠)𝛿𝛿𝑐𝑐2𝐴𝐴 + 2𝑠𝑠1𝐴𝐴

4
 

Similarly,  

𝑐𝑐3 =
2𝐼𝐼 − 2𝛾𝛾′𝑐𝑐2 − 𝛾𝛾′2(1 − 𝑠𝑠1) + 𝛾𝛾′3(1 − 𝛼𝛼𝑠𝑠)𝛿𝛿𝑐𝑐2 + 2𝑠𝑠1

4
 

We know that 𝑠𝑠1 = 𝑠𝑠1𝐴𝐴. Also 𝑐𝑐2𝐴𝐴 < 𝑐𝑐2 (as 𝑝𝑝2𝐴𝐴 > 0), and therefore −2𝛾𝛾′𝑐𝑐2𝐴𝐴 + 𝛾𝛾′3(1 −

𝛼𝛼𝑠𝑠)𝛿𝛿𝑐𝑐2𝐴𝐴 > −2𝛾𝛾′𝑐𝑐2 + 𝛾𝛾′3(1 − 𝛼𝛼𝑠𝑠)𝛿𝛿𝑐𝑐2. Thus, 𝑐𝑐3𝐴𝐴 > 𝑐𝑐3. 
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Web Appendix B: Optimal Incentive Strategies for Pre-emptive Usage Reductions 

 

In practice, a variety of strategies could be employed to incentivize usage reductions. 

In this section, we discuss and simulate the features of incentive schemes that are optimal in 

stimulating a pre-emptive reduction of usage. We consider several possible incentive designs: 

Consumers could be incentivized to meet daily targets which are either more difficult or 

easier to achieve (i.e., high initial reduction targets followed by lower targets or vice versa) 

rather than maintaining constant daily targets, as in our RCTs. Alternatively, consumers 

could be incentivized based on their average reduction over the entire treatment period (either 

through a fixed overall target for the entire treatment period or by incentivizing any usage 

reduction proportionally, as in Allcott, Gentzkow, and Song (2022) and our RCT 3’s API 

condition). We theorize that daily targets of decreasing difficulty level or constant daily 

targets are more effective at inducing pre-emptive reductions than daily targets of increasing 

difficulty level or average-based incentives (for a mathematical discussion of optimal 

strategies, see Web Appendix C).  

For the estimated aggregate-level parameters, by fixing the average reduction target 

for the treatment period to 30%, we simulated the extent of pre-emptive usage reduction for 

different incentive designs. For simplicity (as we will assume in our model estimation), we 

assume the treatment period has two sub-periods. We evaluate the following strategies:  

1) Constant target: 30% reduction in both sub-periods;  

2) Decreasing target: 40% reduction in sub-period 1 and 20% reduction in sub-period 2;  

3) Increasing target: 20% reduction in sub-period 1 and 40% reduction in sub-period 2.  

Based on the results, we also discuss the expected anticipatory behavior when no 

specific target but a proportional incentive for the average reduction during a treatment 

period is used (as in Allcott, Gentzkow, and Song 2022). In Figure W1, we plot the pre-
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emptive usage reduction expected for each of the incentive strategies with respect to a control 

condition without a reduction target for different levels of projection bias (see Web Appendix 

C for equations). We observe that decreasing targets lead to stronger pre-emptive reductions 

than constant targets and increasing targets. The differences in pre-emptive reductions 

between groups are high when projection bias is close to zero (i.e., when participants are 

rationally addicted) and decrease with increasing projection bias. Without loss of generality, 

we can extend the findings to a treatment period of many days, in which case the pre-emptive 

reduction would be stronger across all groups. 

Figure W1: Simulation of Pre-emptive Usage Reductions for Different Incentive Strategies. 

 

Notes: Pre-emptive usage reduction is compared to a control group. We assume H = .17, and 

𝛼𝛼 = .64 for the simulation (based on parameter estimates from RCT 2 model fitting results). 

         The intuition for the simulation result is as follows. When individuals are confronted 

with more difficult initial targets, they must reduce usage more during the anticipation period 

to habituate to a lower usage during the treatment period. On the other hand, when 

individuals are facing easier initial targets, or when they can choose the reduction amount 
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each day (e.g., when incentivized based on average usage), they are less likely to reduce their 

usage pre-emptively because they can adapt more slowly to a lower usage during the 

treatment.  

        This crucial distinction in incentive design helps explain the disparity between our 

results and those of Allcott, Gentzkow, and Song (2022). While we find evidence of pre-

emptive usage reductions, they find that individuals did not reduce usage in anticipation of an 

upcoming incentive period. Participants in their study were incentivized proportionally for 

any reduction in usage averaged over a three-week time period, whereas our participants were 

required to meet a specific daily reduction target.3 As a result, participants in Allcott, 

Gentzkow, and Song (2022) might have chosen to gradually reduce their usage throughout 

the treatment period (similar to the simulated increasing-target group) to meet their desired 

average. Since participants were paid proportionally for any level of reduction from their 

baseline, the pre-emptive reduction effect is expected to be smaller.   

We conclude that to foster a substantial pre-emptive reduction in domains 

characterized by forward-looking habit formation (with a lower projection bias), the 

implementation of daily targets, especially with ambitious initial targets, is essential. Daily 

targets, where each day serves as a unique unit for achievement, are more effective in 

stimulating pre-emptive reductions compared to incentives based on long-term averages.  

  

 
3 Consider a person with a baseline usage of four hours. In our study, the person is asked to 
reduce usage by 1 hour every day during the treatment period to receive the incentive for the 
day. Allcott, Gentzkow, and Song (2022) incentivized the average usage reduction over the 
entire treatment period at a rate of $50 per hour. The target was not proportional to the 
baseline usage. Somebody with a 30-minute average reduction over the treatment period can 
still receive $25 and somebody even with a 6-minute reduction can receive $5.   
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Web Appendix C: Mathematical Discussion of Different Incentive Strategies 

To discuss the pre-emptive reduction under different incentive strategies in the AI 

condition, we divide period 2 into two sub-periods: 2a and 2b. Since our estimation showed 

consumers are forward-looking with respect to their habit formation, we study the predictions 

of the habit formation model (with 𝛼𝛼 < 1) for four different target-incentive strategies 

described below: 

i. Constant sub-period targets (CT): Target of (1 − 𝛽𝛽)𝑐𝑐0 in both period 2a and 2b 

ii. Decreasing sub-period targets (DT): Target of (1 − 𝛽𝛽)𝑐𝑐0 − ∆ in period 2a and 

(1 − 𝛽𝛽)𝑐𝑐0 + ∆ in period 2b, where ∆> 0 and (1 − 𝛽𝛽)𝑐𝑐0 + ∆< 𝑐𝑐0 

iii. Increasing sub-period targets (IDT): Target of (1 − 𝛽𝛽)𝑐𝑐0 + ∆ in period 2a and 

(1 − 𝛽𝛽)𝑐𝑐0 − ∆ in period 2b, where ∆> 0 and (1 − 𝛽𝛽)𝑐𝑐0 + ∆< 𝑐𝑐0 

iv. Average period target (PT): An average target of (1 − 𝛽𝛽)𝑐𝑐0 for the entire period 2, 

that is period 2a and period 2b combined. 

We discuss the predictions of the habit formation model with projection bias. For 

simplicity, we refer to consumption in the AI condition in different periods as 𝑐𝑐0𝐴𝐴 =

𝑐𝑐0, 𝑐𝑐1𝐴𝐴, 𝑐𝑐2𝑎𝑎𝑎𝑎, 𝑐𝑐2𝑏𝑏𝑏𝑏, and 𝑐𝑐3𝐴𝐴 and Control condition in different periods as 𝑐𝑐0, 𝑐𝑐1, 𝑐𝑐2𝑎𝑎, 𝑐𝑐2𝑏𝑏, and 𝑐𝑐3.  

Optimal consumption in period 1 is given by: 

𝑐𝑐1𝐴𝐴 =
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘1 + 𝑏𝑏2(1 − 𝛼𝛼)(𝛾𝛾𝛾𝛾𝑐𝑐2𝑎𝑎𝑎𝑎 + 𝛾𝛾2𝛿𝛿2𝑐𝑐2𝑏𝑏𝑏𝑏 + 𝛾𝛾3𝛿𝛿3𝑐𝑐3𝐴𝐴)

4𝑏𝑏1
 

We now compare the different target-incentive structures. We assume habit stock is 

not too high and that optimal consumption without constraints is increasing. Considering a 

probability 𝑝𝑝𝑡𝑡𝑡𝑡 of meeting the target in AI condition and 𝑐𝑐2𝑎𝑎 and 𝑐𝑐2𝑏𝑏  being the consumption 

in the C condition in period 2a and period 2b, the expected consumption in AI condition in 

periods 2a and 2b under each target-incentive structure will be as follows: 
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𝑐𝑐2𝑎𝑎𝑎𝑎𝐶𝐶𝐶𝐶 = 𝑝𝑝2𝑎𝑎𝑎𝑎𝐶𝐶𝐶𝐶 (1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝2𝑎𝑎𝑎𝑎𝐶𝐶𝐶𝐶 )𝑐𝑐2𝑎𝑎 

𝑐𝑐2𝑏𝑏𝑏𝑏𝐶𝐶𝐶𝐶 = 𝑝𝑝2𝑏𝑏𝑏𝑏𝐶𝐶𝐶𝐶 (1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝2𝑏𝑏𝑏𝑏𝐶𝐶𝐶𝐶 )𝑐𝑐2𝑏𝑏 

𝑐𝑐2𝑎𝑎𝑎𝑎𝐷𝐷𝐷𝐷 = 𝑝𝑝2𝑎𝑎𝑎𝑎𝐷𝐷𝐷𝐷 ((1 − 𝛽𝛽)𝑐𝑐0 − ∆) + (1 − 𝑝𝑝2𝑎𝑎𝑎𝑎𝐷𝐷𝐷𝐷 )𝑐𝑐2𝑎𝑎 

𝑐𝑐2𝑏𝑏𝑏𝑏𝐷𝐷𝐷𝐷 = 𝑝𝑝2𝑏𝑏𝑏𝑏𝐷𝐷𝐷𝐷 ((1 − 𝛽𝛽)𝑐𝑐0 + ∆) + (1 − 𝑝𝑝2𝑏𝑏𝑏𝑏𝐷𝐷𝐷𝐷 )𝑐𝑐2𝑏𝑏 

𝑐𝑐2𝑎𝑎𝑎𝑎𝐼𝐼𝐼𝐼 = 𝑝𝑝2𝑎𝑎𝑎𝑎𝐼𝐼𝐼𝐼 �(1 − 𝛽𝛽)𝑐𝑐0 + ∆� + (1 − 𝑝𝑝2𝑎𝑎𝑎𝑎𝐼𝐼𝐼𝐼 )𝑐𝑐2𝑎𝑎 

𝑐𝑐2𝑏𝑏𝑏𝑏𝐼𝐼𝐼𝐼 = 𝑝𝑝2𝑏𝑏𝑏𝑏𝐼𝐼𝐼𝐼 �(1 − 𝛽𝛽)𝑐𝑐0 − ∆� + (1 − 𝑝𝑝2𝑏𝑏𝑏𝑏𝐼𝐼𝐼𝐼 )𝑐𝑐2𝑏𝑏 

Given this, the optimal consumption in period 1 under each target-incentive structure 

is given by: 

𝑐𝑐1𝐴𝐴𝐶𝐶𝐶𝐶

=
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘1𝐴𝐴 + 𝑏𝑏2(1 − 𝛼𝛼)(𝛾𝛾𝛾𝛾(𝑝𝑝2𝑎𝑎𝑎𝑎𝐶𝐶𝐶𝐶 (1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝2𝑎𝑎𝑎𝑎𝐶𝐶𝐶𝐶 )𝑐𝑐2𝑎𝑎) + 𝛾𝛾2𝛿𝛿2(𝑝𝑝2𝑏𝑏𝑏𝑏𝐶𝐶𝐶𝐶 (1 − 𝛽𝛽)𝑐𝑐0 + (1 − 𝑝𝑝2𝑏𝑏𝑏𝑏𝐶𝐶𝐶𝐶 )𝑐𝑐2𝑏𝑏) + 𝛾𝛾3𝛿𝛿3𝑐𝑐3𝐴𝐴)

4𝑏𝑏1
 

𝑐𝑐1𝐷𝐷𝐷𝐷

=
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘1𝐴𝐴 + 𝑏𝑏2(1 − 𝛼𝛼)(𝛾𝛾𝛾𝛾(𝑝𝑝2𝑎𝑎𝑎𝑎𝐷𝐷𝐷𝐷 ((1 − 𝛽𝛽)𝑐𝑐0 − ∆) + (1 − 𝑝𝑝2𝑎𝑎𝑎𝑎𝐷𝐷𝐷𝐷 )𝑐𝑐2𝑎𝑎) + 𝛾𝛾2𝛿𝛿2(𝑝𝑝2𝑏𝑏𝑏𝑏𝐷𝐷𝐷𝐷 ((1 − 𝛽𝛽)𝑐𝑐0 + ∆) + (1 − 𝑝𝑝2𝑏𝑏𝑏𝑏𝐷𝐷𝐷𝐷 )𝑐𝑐2𝑏𝑏) + 𝛾𝛾3𝛿𝛿3𝑐𝑐3𝐴𝐴)

4𝑏𝑏1
 

𝑐𝑐1𝐼𝐼𝐼𝐼

=
2𝑏𝑏1𝐼𝐼 + 𝑏𝑏2𝑘𝑘1𝐴𝐴 + 𝑏𝑏2(1 − 𝛼𝛼)(𝛾𝛾𝛾𝛾(𝑝𝑝2𝑎𝑎𝑎𝑎𝐼𝐼𝐼𝐼 ((1 − 𝛽𝛽)𝑐𝑐0 + ∆) + (1 − 𝑝𝑝2𝑎𝑎𝐼𝐼𝐼𝐼 )𝑐𝑐2𝑎𝑎𝑎𝑎) + 𝛾𝛾2𝛿𝛿2(𝑝𝑝2𝑏𝑏𝐼𝐼𝐼𝐼 ((1 − 𝛽𝛽)𝑐𝑐0 − ∆) + (1 − 𝑝𝑝2𝑏𝑏𝐼𝐼𝐼𝐼 )𝑐𝑐2𝑏𝑏𝑏𝑏) + 𝛾𝛾3𝛿𝛿3𝑐𝑐3𝐴𝐴)

4𝑏𝑏1
 

Consumption 𝑐𝑐3A in the expressions above can vary depending on 𝑘𝑘3A and therefore 

depending on the strategy. However, the effect is insignificant, as it is scaled by 𝛾𝛾3𝛿𝛿3 and 𝛾𝛾 

is not very high (𝛾𝛾 = 0.47) in our estimation.   

Typically, in period 2a, it is expected that 𝑝𝑝2𝑎𝑎𝑎𝑎𝐼𝐼𝐼𝐼 > 𝑝𝑝2𝑎𝑎𝑎𝑎𝐶𝐶𝐶𝐶 > 𝑝𝑝2𝑎𝑎𝑎𝑎𝐷𝐷𝐷𝐷  and in period 2a, it is 

expected that 𝑝𝑝2𝑏𝑏𝑏𝑏𝐷𝐷𝐷𝐷 > 𝑝𝑝2𝑏𝑏𝑏𝑏𝐶𝐶𝐶𝐶 > 𝑝𝑝2𝑏𝑏𝑏𝑏𝐼𝐼𝐼𝐼  because of the size of the reduction. If we assume that the 

monetary incentives are attractive (as we find in our studies),𝑝𝑝2𝑎𝑎𝑎𝑎 > 0 and 𝑝𝑝2𝑏𝑏𝑏𝑏 > 0 across 

all conditions. In that case, when comparing the other terms, as 𝛼𝛼 < 1, it is clear that 𝑐𝑐1𝐴𝐴𝐷𝐷𝐷𝐷 <

𝑐𝑐1𝐴𝐴𝐶𝐶𝐶𝐶 < 𝑐𝑐1𝐴𝐴𝐼𝐼𝐼𝐼  as 𝛾𝛾, 𝛿𝛿 < 1. Thus, the DT strategy leads to the highest pre-emptive reduction, 

followed by CT, and finally IT.  
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We now examine the impact of an average period target (strategy iv) on the pre-

emptive reduction. This strategy entails giving participants an average target of (1 − 𝛽𝛽)𝑐𝑐0 for 

the entire treatment period (PT). For simplicity, we assume that the monetary incentives are 

attractive, and participants want to reach (1 − 𝛽𝛽)𝑐𝑐0 (our results do not change even if we 

assume a probability 𝑝𝑝𝑡𝑡 of meeting the target). Given this setup, participants may attempt to 

achieve the average target in the following ways:  

(a) by evenly meeting the average target in both periods 2a and 2b (similar to CT), 

(b) by reducing more in period 2a and less in period 2b (similar to DT),  

(c) by reducing less in period 2a and more in period 2b (similar to IT).  

We demonstrate below that, under an average period target, the optimal behavior to 

adopt is to reduce less in period 2a and more in period 2b (similar to IT). To show this, we 

first compare the utility losses incurred when a participant with an average period target 

adopts the IT strategy versus when they adopt a DT strategy: 

𝐼𝐼𝐼𝐼 − 𝐷𝐷𝐷𝐷 = 𝑢𝑢�(1 − 𝛽𝛽)𝑐𝑐0 + ∆, 𝑘𝑘2𝑎𝑎𝑎𝑎� − 𝑢𝑢�(1 − 𝛽𝛽)𝑐𝑐0 − ∆, 𝑘𝑘2𝑎𝑎𝑎𝑎�

+ 𝑢𝑢�(1 − 𝛽𝛽)𝑐𝑐0 − ∆, 𝛾𝛾(𝑘𝑘2𝑎𝑎𝑎𝑎 + (1 − 𝛽𝛽)𝑐𝑐0 + ∆)�

−  𝑢𝑢�(1 − 𝛽𝛽)𝑐𝑐0 + ∆, 𝛾𝛾(𝑘𝑘2𝑎𝑎𝑎𝑎 + (1 − 𝛽𝛽)𝑐𝑐0 − ∆)� 

We expand using the quadratic form for the utility function and solve it to get: 

𝐼𝐼𝐼𝐼 − 𝐷𝐷𝐷𝐷 = 2𝑏𝑏2𝑘𝑘2𝑎𝑎𝑎𝑎∆(1 − 𝛾𝛾) > 0 

Thus, when a participant is given an average period target, they will adopt a IT 

strategy rather than a DT strategy. In other words, they will try to reduce their usage less 

initially, postponing larger reductions to later in the treatment period.  
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We now compare the utility loss if a participant with an average period target adopts 

CT versus a IT strategy: 

𝐼𝐼𝐼𝐼 − 𝐶𝐶𝐶𝐶 = 𝑢𝑢�(1 − 𝛽𝛽)𝑐𝑐0 + ∆,𝑘𝑘2𝑎𝑎𝑎𝑎� − 𝑢𝑢�(1 − 𝛽𝛽)𝑐𝑐0,𝑘𝑘2𝑎𝑎𝑎𝑎�

+ 𝑢𝑢�(1 − 𝛽𝛽)𝑐𝑐0 − ∆, 𝛾𝛾(𝑘𝑘2𝑎𝑎𝑎𝑎 + (1 − 𝛽𝛽)𝑐𝑐0 + ∆)�

−  𝑢𝑢�(1 − 𝛽𝛽)𝑐𝑐0, 𝛾𝛾(𝑘𝑘2𝑎𝑎𝑎𝑎 + (1 − 𝛽𝛽)𝑐𝑐0)� 

We expand using the quadratic form for the utility function and solve it to get: 

𝐼𝐼𝐼𝐼 − 𝐶𝐶𝐶𝐶 = 𝑘𝑘2𝑎𝑎𝑎𝑎 − ∆𝛾𝛾 − 𝛾𝛾𝑘𝑘2𝑎𝑎𝑎𝑎 

The above expression is greater than zero because if 𝐼𝐼𝐼𝐼 − 𝐶𝐶𝐶𝐶 < 0, then expanding the above 

term ∆ > (1 − 𝛾𝛾)�𝑐𝑐1𝐴𝐴 + 𝛾𝛾(𝑐𝑐0 + 𝑘𝑘0𝐴𝐴)�. Taking the upper bound ∆= 𝛽𝛽𝑐𝑐0, this would imply 

(𝛽𝛽−𝛾𝛾)𝑐𝑐0 > (1 − 𝛾𝛾)(𝑐𝑐1𝐴𝐴 + 𝛾𝛾𝑘𝑘0𝐴𝐴). This is not possible as our reduction 𝛽𝛽 ≤ 0.3. Therefore, 

𝐼𝐼𝐼𝐼 − 𝐶𝐶𝐶𝐶 > 0. 

Thus, when participants are given an average reduction target over the entire period, 

they will try to adopt an approach like IT. They will reduce their usage less in period 2a, 

allowing their habit stock to lower gradually, and aim for greater reductions in period 2b to 

meet the average target. As a result, the initial reduction in period 2a is smaller, which in turn 

implies that the pre-emptive reduction in period 1 is smaller under a PT strategy compared to 

DT or CT.  

This underscores the importance of daily targets, particularly decreasing daily targets, 

for stimulating pre-emptive reductions. The bonus treatment in Allcott, Gentzkow, and Song 

(2022) can be viewed as a variation of the PT strategy. In their study, participants were 

eligible for a maximum payment of $150 if they reduced their average usage by at least 1.5 

hours over three weeks. Participants were paid proportional to their average reduction, even if 

they failed to reduce their average usage by 1.5 hours. Given that participants were rewarded 

for any reduction from baseline, rather than for meeting specific daily goals, the pre-emptive 

reduction is expected to be smaller.  
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Web Appendix D: Methodology & Additional Analyses 

RCT 1 

Screen time data collection and verification checks 

Participants had to activate a screen time tracking application on their smartphone 

(iPhone: ‘Apple Screen Time’, Android: ‘Screen Time - Restrain yourself & parent control’). 

To receive the reward, they were not allowed to deactivate the app throughout the study.4 

Screen time was recorded automatically by the app whenever the mobile screen was activated 

(e.g., listening to music while the screen is “off” does not count as screen time; using a 

navigation app on the other hand counts as screen time). 

Participants had to complete six weekly screen time reports one week apart. Every 

Saturday, participants received a ‘screen time reporting’ survey which asked them to 

manually enter their daily mobile screen time for each of the previous seven days, as elicited 

via the app (Figure W2-a). Participants also uploaded a screenshot of their usage from the app 

(Figure W2-b) for verification. We verified participants’ self-reported screen time compared 

to each screenshot. To ensure screen time had been reported accurately, the screenshot had to 

show the participant’s name consistently across all weekly reports (blacked out in Figure W2-

a, b). The screenshot had to show the ‘Last 7 Days’ bar chart and the weekly average screen 

time (e.g., 1h 46m per day). In case of discrepancy, participants were contacted via email and 

text message for clarification. Daily screen time constituted our main dependent variable. 

Incentives  

Participants who completed all tasks were eligible to receive a €15 Amazon voucher 

and a variable payment between €0 and €38 based on performance. Additionally, 10% of 

 
4 In case participants deactivated the screen time app, the entire history of usage was deleted 
automatically, allowing us to identify and exclude participants who deactivated their app. 
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participants who completed all study requirements were eligible to win a lottery of €150. The 

rewards were calculated and distributed at the end of the study after all data collection. 

Figure W2-A: Bars with Daily Screen Time.  Figure W2-B: Typical Screenshot Submitted. 

  

Baseline characteristics after randomization 

In the baseline survey, we asked questions about demographics and mobile usage, 

such as the estimated daily mobile screen time, the number of smartphones owned, monthly 

data allowance etc. All variables along with the relevant statistics are presented in Table W1. 

The sample was balanced across conditions on these characteristics. Importantly, there was 

no difference in baseline screen time across conditions, see Figure W3.  

Figure W3: Baseline Screen Time Across Conditions (Hours Per Day). 
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Table W1: Baseline Characteristics of Participants Across Conditions. 
 

Full 
sample Control FI AI Test statistic 

Demographics      

Age 21.11 
(2.24) 

21.15 
(2.23) 

21.10 
(2.19) 

21.10 
(2.36) 

F(2, 107) = .01, 
p = .994 

Female 67.27% 66.67% 69.23% 65.79% χ2(2) = .11, p = .946 

Years living in 
country of university 

5.35 
(7.85) 

5.76 
(7.83) 

6.71 
(8.69) 

3.61 
(6.78) 

F(2, 107) = 1.58, 
p = .210 

Bachelor 65.45% 72.73% 64.10% 60.53% χ2(2) = 1.21, p = .546 
Located on main 
campus  69.09% 57.58% 76.92% 71.05% χ2(2) = 3.23, p = .198 

  
Smartphone variables 

     

iOS (Apple iPhone) 86.36% 84.85% 84.62% 89.47% χ2(2) = .47, p = .788 
Owner of two phones 3.77% 0% 7.69% 2.78% χ2(2) = 2.96, p = .227 
Post-paid phone plan 56.36% 57.58% 56.41% 55.26% χ2(4) = .09, p = .999 

Monthly data 
allowance 

3.44 
(.89) 

3.44 
(.84) 

3.51 
(.94) 

3.37 
(.91) 

F(2, 98) = .22, 
p = .799 

Estimated percentage 
of screen time spent 
on mobile 

60.72 
(15.48) 

64.09 
(14.49) 

59.87 
(16.03) 

58.68 
(15.66) 

F(2, 107) = 1.17, 
p = .313 

Estimated percentage 
of mobile screen time 
spent on social media 

55.52 
(17.60) 

52.75 
(16.47) 

55.17 
(16.77) 

58.28 
(19.35) 

F(2, 107) = .88, 
p = .417 

Willingness to reduce 
mobile usage 

4.9 
(1.47) 

5.18 
(1.64) 

4.82 
(1.44) 

4.82 
(1.34) 

F(2, 107) = .89, 
p = .415 

Has previously 
attempted to reduce 
mobile usage 

76.36% 78.79% 74.36% 76.32% χ2(2) = .19, p = .907 
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Timeline and attrition 

Figure W4: Study Timeline. 

 

 

See Table W2 for the attrition during the study across conditions. N denotes the 

number of participants who reported data out of 110 participants. Attrition was low during 

the treatment periods, but increased during the post-treatment periods, especially the late 

post-treatment, due to the unexpected arrival of the COVID-19 pandemic and the subsequent 

university closure. We provide further analyses of the post-treatment in a separate section.  

Table W2: Proportion of Participants Reporting Mobile Usage in Different Survey Rounds. 

Screen Time Reports N Total Proportion 
(N/110) Control AI FI 

Completed baseline 110 1.00 1.00 1.00 1.00 

Completed report 1 usage 
(period 1) 109 .99 0.97 1.00 1.00 

Completed report 2 usage 
(period 1 & 2) 109 .99 .97 1.00 1.00 

Completed report 3 usage 
(period 2) 105 .95 1.00 .95 .92 

Completed report 4 usage 
(period 2 & post-treatment 103 .94 1.00 .92 .90 

Completed report 5 usage 
(immediate post-treatment) 95 .86 .85 .89 .85 

Completed report 6 usage 
(late post-treatment) 55 .50 .36 .66 .46 
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Distribution of change in mobile usage for each participant across conditions 

Figures W5a-d plot the cumulative distribution functions (CDFs) of average usage 

with each dot representing one participant. In the baseline (Figure W5a), the CDFs overlap, 

indicating the average baseline usage was similar across conditions. Figures W5b-d plot the 

change in average usage relative to the baseline and reveal the proportion of participants that 

reduced usage. In period 1 (Figure W5b), the CDFs for FI and AI consistently lie above the C 

condition, indicating a higher proportion of FI and AI participants decreased their usage 

compared to the C condition. In period 2 (Figure W5c), the CDFs for FI and AI participants 

consistently lie above the C condition, indicating a higher proportion decreased their usage 

compared to the C condition. In the post-treatment (Figure W5d), the CDFs of FI, AI, and C 

conditions shifted to the right because participants increased usage due to the COVID-19 

pandemic. We still notice that the FI condition lies above the C condition, indicating 

participants in the FI condition sustained a lower usage than the C condition. 

Figure W5a-d: Cumulative Distribution Functions: a. Usage in baseline. b. Usage reduction 

from baseline in period 1. c. Usage reduction from baseline in period 2. d. Usage reduction 

from baseline in post-treatment. 
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Average change in mobile usage across conditions 

Figure W6a (top) compares the average change in mobile usage (from baseline) 

between the FI and C condition. Figure W6b (bottom) compares the average change in 

mobile usage (from baseline) between the AI and C condition. There was no difference in 

baseline mobile usage across conditions (p = .56). 

Figure W6a–b: Average Change in Daily Mobile Usage from Baseline Across Conditions. 

 

 

Notes: Standard error bars are shown. 
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Which participants responded to the AI treatment? 

In Figure W7, we observe that an equal proportion of participants in the AI and C 

condition (AI: 66%, C: 73%) reduced their mobile usage by at least 25% between zero and 

two days. However, a significantly higher proportion of participants in the AI condition 

(23.7%) reduced their mobile usage by at least 25% between five to nine days compared to 

the C condition (6.1%, p = .03). Frequent reduction was achieved by 23.7% of participants 

who met their target for at least five days. 

Figure W7: Target Achievement Days in the AI and C Condition in Period 1. 

 

Next, we identify the participant group who responded more strongly to the 

anticipation treatment. In Figure W8, we plot the target (in hours) on the x-axis and the 

number of days the target was achieved on the y-axis. While all individuals were given the 

same relative target in terms of percentage (i.e., a 25% reduction), the absolute value of this 

reduction (in hours) was higher for individuals with higher baseline usage. We find a 
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downward sloping relationship in the AI condition. Figure W8 shows that the absolute 

reduction required to meet the target significantly predicts the percentage of usage reduction 

in the AI condition (β = -.3, p = .003), but not in the FI condition (p = .17). The results do not 

change when we add controls (gender, operating system, and age). This indicates that the pre-

emptive usage reduction in the AI condition was stronger for participants with higher 

(absolute) reduction targets (i.e., those with higher baseline smartphone usage). Results are 

equivalent when we focus on the number of days in period 1 participants reduced their usage 

by ≥ 25% as dependent variable. The absolute reduction target positively and significantly 

predicts the number of days the target was achieved in period 1 (β = 1.61, p = .03). In the FI 

condition we find no relationship between target magnitude and target achievement (p = .91). 

Figure W8: Scatterplot of AI Participants with Reduction Target in Hours on the X-Axis, % 

Usage Reduction and Period 1 Target Achievement on the Y-Axis. 

 

Post-treatment analysis of screen time 

In the post-treatment period, the FI condition had a marginally lower usage by.864 

hours compared to the C condition (p = .052) and .763 hours compared to the AI condition 

(p = .061, see Table W3 for the OLS regression). Thus, participants in the FI condition 

decreased their usage in periods 1 - 2 and maintained a lower usage than the C condition even 
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without incentives. Participants in the AI condition did not sustain a lower usage during the 

post-treatment period. However, due to post-treatment attrition, it is not possible to estimate 

the treatment effect precisely. Hence, these results should be interpreted cautiously.  

Table W3: Difference-in-Difference OLS Estimation of Post-treatment Usage. 

Notes: *p = .10; **p < .05; ***p < .01. Standard errors (clustered at the subject level) are 

shown in parentheses. Reference categories are C condition and baseline period. 

Baseline vs. post-treatment comparison of additional survey measures 

Reducing mobile phone usage might benefit a person’s level of productivity, focus 

and smartphone-related anxiety (Ward et al. 2017). Thus, we measured these variables before 

and after the treatment period. In addition, we elicited participants’ time preference using two 

intertemporal choice items (Loewenstein and Prelec 1992) before and after the treatment 

 Dependent Variable = Mobile Usage (hour) 

AI condition .362 (.403) 

FI condition .423 (.406) 

Period 1 .122 (.154) 

Period 2 .443 (.282) 

Post-treatment Period (Period 3) 1.675*** (.349) 

AI condition × Period 1 -.552** (.269) 

FI condition × Period 1 -.836*** (.251) 

AI condition × Period 2 -1.098*** (.393) 

FI condition × Period 2 -.761** (.367) 

AI condition × Period 3 -.101 (.462) 

FI condition × Period 3 -.864* (.443) 

Constant 4.529*** (.269) 

Observations 3,569 

𝑅𝑅2 .086 

Adjusted 𝑅𝑅2 .083 

Residual Std. Error (df =3557) 2.367 

F Statistic (df = 11; 3557) 30.460*** 
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period. We used two items from the Cognitive Reflection Test (Frederick 2005) to measure 

any change in cognitive reflection. We measured cognitive reflection because prior research 

(Frederick 2005) has found that individuals with higher CRT scores exhibit lower present 

bias and fewer self-control problems. Based on this, we explored whether CRT might be 

associated with more forward-looking behavior and stronger responses to incentives. Table 

W4 tabulates all self-reported items measured at baseline and/or the post-treatment period. 

Toward the end of period 2 (first week of March 2020), COVID-19 cases appeared in 

the university and started receiving considerable news coverage. We expected this to affect 

the consumption of social media and other news sources via mobile, so we asked participants 

how concerned they were about the COVID-19 pandemic and whether they thought it had 

increased their phone usage. On average, participants were quite concerned (M = 4.19, 

SD = 1.94 on a seven-point scale) about COVID-19. Interestingly, controlling for baseline 

mobile usage, participants in the FI condition were less worried about the COVID-19 

pandemic compared to the AI (p = .023) and C condition (p = .065). Thus, the FI treatment—

through reducing mobile usage—may have reduced concern about COVID-19.  

In the FI condition, participants predicted their success in achieving the target for 

period 1 and 2 (“Predicted”). They also predicted the success of a randomly selected person 

with the same instructions (“Predicted Others”). In the AI condition, participants only 

completed this prediction task for period 2. Table W5 shows the results. Participants tended 

to be overconfident in both conditions and periods. In the FI condition, participants 

overestimated their target achievement in Period 1 (t(37) = 5.27, p < .001) and in Period 2 

(t(31) = 3.40, p = .001) in comparison to the actual group mean. Similarly, in the AI 

condition, participants overestimated their target achievement compared to the group mean 

(t(33) = 3.60, p < .001). 
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Table W4: Self-Reported Measures Across Conditions and Survey Rounds. 
 Baseline Post-treatment 
Item All C AI FI Test statistic All C AI FI Test statistic 
Productivity:           
Do you think your mobile phone usage hinders 
your productivity? (1=not at all, 7=very much) 

5.08 
(1.45) 

5.27 
(1.33) 

4.71 
(1.54) 

5.28 
(1.45) 

F(2, 107) = 
1.91, p = .153 

4.40 
(1.74) 

4.39 
(1.91) 

4.28 
(1.85) 

4.54 
(1.48) 

F(2, 100) = .19, 
p = .828 

How focused are you these days considering 
your work? (1=not at all, 7=extremely focused) 

4.44 
(1.19) 

4.64 
(1.11) 

4.29 
(1.29) 

4.41 
(1.16) 

F(2, 107) = 
.76, p = .471 

4.28 
(1.31) 

4.30 
(1.26) 

4.17 
(1.34) 

4.37 
(1.35) 

F(2, 100) = .21, 
p = .813 

 
Nomophobia: How anxious would you feel if 
you forgot to bring your mobile phone for a 
day? (1=not anxious at all, 7=very anxious) 

4.47 
(1.72) 

4.73 
(1.81) 

4.37 
(1.70) 

4.36 
(1.69) 

F(2, 107) = 
.51, p = .602 

4.34 
(1.78) 

4.63 
(1.88) 

4.28 
(1.56) 

4.14 
(1.91) 

F(2, 100) = .68, 
p = .510 

 
Inter-temporal choices: Which option do you prefer?  
Item 1: A: 10€ today B:11€ in one week  
Item 2: A: 10€ in 4 weeks B:11€ in 5 weeks 

       

Impatient (% always option A)  24.24 44.74 35.90 

χ2(6) = 6.49,  
p = .371 

 30.30 42.86 37.14 

χ2(6) = 8.65,  
p = .194 

Patient (% always option B)  45.45 23.68 30.77  39.39 20.00 45.71 
Present-biased (% option A in Item 1, option 
B in item 2)  9.09 18.42 15.38  9.09 20.00 5.71 

Anti-present-biased (% option B in Item 1, 
option A in item 2)  21.21 13.16 17.95  21.21 17.14 11.43 

Cognitive Reflection Test:  
Racquet and tennis ball problem (% correct) 43.64 45.45 44.74 41.03 χ2(2) = .17,  

p = .918 
     

Lily pad problem (% correct)      66.02 63.64 71.43 62.86 χ2(2) = .69,  
p = .706 

COVID-19 related items:           
How concerned are you about the Corona virus 
outbreak? (1=not at all, 7=very concerned) 

     4.19 
(1.94) 

4.39 
(1.86) 

4.62 
(2.00) 

3.57 
(1.83) 

F(2, 100) = 
2.96, p = .056 

Do you think the Corona virus outbreak 
increased your phone usage?  
(1=not at all, 7=very much) 

     4.05 
(2.34) 

3.93 
(2.37) 

4.34 
(2.47) 

3.88 
(2.21) 

F(2, 100) = .39, 
p = .677 
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Table W5: Actual and Predicted Target Achievements. 
Condition Period 1 Period 2 

 N Actual Predicted Predicted 
Others N Actual Predicted Predicted 

Others 

FI 38 3.87 
(2.75) 

5.8          
(2.29) 

4.9         
(1.54) 32 4.22 

(3.57) 
5.5            

(2.54) 
4.9         

(1.93) 

AI - - - - 34 4.24 
(3.46) 

6.35         
(2.41) 

5.06       
(2.07) 

Notes: Standard deviation in brackets.  

Target achievement and grade point average 

We found no significant difference in grade point average (GPA) between conditions. 

But target achievement in both periods was positively associated with GPA. Every additional 

day of target achievement (i.e., reduced usage by at least 25%) in both periods was associated 

with an increase in GPA by .035 (p = .03) on a 10-point scale.5 While this evidence is 

correlational, it may suggest that students who reduced their usage (and achieved targets) 

obtained a higher GPA. Of course, it is entirely plausible that high-GPA students responded 

more strongly to the treatment. Table W6 shows the regression results.  

Table W6: OLS Estimation of Association Between Targets Achievement and GPA. 
 Dependent Variable = GPA 

# Days target achieved in Period 1 & 2 .035** (.017) 

Master -.708*** (.170) 

Weekday baseline usage -.114** (.046) 

Constant 8.788*** (.230) 

Observations 104 

𝑅𝑅2 .224 

Adjusted 𝑅𝑅2 .201 

Residual Std. Error .827 (df = 100) 

F Statistic 9.610*** (df = 3; 100) 
Notes: *p < .1; **p < .05; ***p < .01. Standard errors (clustered at the subject level) are 

shown in parentheses. Reference category is Bachelor students. 

 
5 In RCT 2, as participants were from different programs, we did not perform a similar 
analysis. 
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RCT 2                                                                                                

We recruited sixty-eight participants (49 females; Mage = 25.14, SD = 3.91) from the 

same European university but using a different cohort. Participants received the same 

instructions about incentives and activation of the screen time app as in RCT 1. Participants 

completed six weekly screen time reports and additional surveys delivered via email. The 

rewards were calculated and distributed at the end of the study after all data collection. The 

study lasted for six weeks (Nov 2020 - Jan 2021, see timeline in Figure W9). 

Figure W9: Study timeline. 

 

Changes to experimental design compared to RCT 1 

The procedure was identical to RCT 1 apart from the following changes. The aim was 

to strengthen the anticipatory usage reduction in period 1 and to support habit formation in 

period 2 for a lasting post-treatment reduction. See Figure W10 for the experimental design. 

1) Randomization: Instead of three conditions, we focused only on the AI condition and 

compared it to the C condition. Hence, after the 7-day baseline period, participants were 

randomly assigned to either the AI (N = 35) or C condition (N = 33).  

2) Target: The target in the AI condition was a 30% reduction from the average baseline 

usage and therefore slightly higher than in RCT 1.  

3) Duration of periods: We reduced the duration of period 1 (anticipation period) to eight 

days and extended the duration of period 2 (incentive period) to 14 days.  

 

Page 85 of 125

Journal of Marketing

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

Author Accepted Manuscript



Peer Review Version

35 
 

Figure W10: Experimental Design of RCT 2. 

 

There were no differences between conditions at baseline on key observable 

characteristics, including the average baseline screen time (see Table W7).  

Table W7: Baseline Characteristics of Participants Across Conditions. 
 

Full 
sample Control AI Test statistic 

Age 25.14 (3.91) 24.78 (2.90) 25.48 (4.69) t(66) = .73, p = .466 
Female 72.06% 72.73% 71.43% χ2(1) = .014, p = .905 
iOS (Apple iPhone) 86.76% 90.91% 82.86% χ2(1) = .95, p = .327 
Owner of two phones 7.35% 6.06% 8.57% χ2(1) = .15, p = .692 
Post-paid phone plan 57.35% 48.48% 65.71% χ2(2) = 3.53, p = .171 
Estimated % of 
screen time on phone 

52.86 
(19.78) 

54.84 
(20.40) 

51.00 
(19.28) t(66) = -.79, p = .426 

Estimated % social 
media of mobile 
screen time  

52.35 
(22.01) 

57.12 
(21.28) 

47.85 
(22.03) t(66) = -1.76, p = .082 

Willingness to reduce 
mobile usage 5.11 (1.40) 5.24 (1.45) 5.00 (1.37) t(66) = -.70, p = .482 

Has attempted to 
reduce mobile usage 83.82% 84.85% 82.86% χ2(1) = .04, p = .824 

Average baseline 
screen time 5.22 (2.17) 5.11 (2.08) 5.34 (2.27) t(66) = .43, p = .667 
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Attrition 

See Table W8 for the attrition in RCT 2. N denotes the number of participants out of 

68 who reported their usage for a particular period. Attrition was low during the treatment 

periods and the immediate post-treatment, but it increased during the late post-treatment. As 

there was differential attrition between the AI and C condition in the late post-treatment, we 

provide additional analysis in a separate section below.  

Table W8: Proportion of Participants Reporting their Mobile Usage in Different Rounds. 

Screen time reports N 
Total 

Proportion 
(N/110) 

Control AI 

Completed baseline survey 68 1.00 1.00 1.00 

Completed report 1 usage 
(baseline) 68 1.00 1.00 1.00 

Completed report 2 usage 
(baseline & period 1) 67 .99 1.00 .97 

Completed report 3 usage 
(period 1 & period 2) 66 .97 1.00 .94 

Completed report 4 usage 
(period 2) 64 .94 .97 .91 

Completed report 5 usage 
(period 2 & post-treatment) 64 .94 1.00 .89 

Completed report 6 usage 
(immediate post-treatment) 62 .91 .97 .86 

Completed report 7 usage  
(late post-treatment) 49 .72 .82 .63 

 

Which participants responded to the AI treatment? 

In Figure W11, we plot the proportion of participants who reduced their usage by 

30% or more for different number of days in both the AI and C condition. As in RCT 1, we 

find that 60% of participants reduced their usage by 30% or more on at least 2 days (out of 8 

days) in the AI condition compared to 36% in the C condition (p = .05).  

We replicate the finding from RCT 1 that participants with higher baseline usage and 

therefore higher absolute targets respond more strongly to the anticipation treatment. Figure 
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W12 plots AI participants’ reduction target in hours on the x-axis and the percentage usage 

change in period 1 (from baseline) on the y-axis. The reduction target significantly predicts 

the percentage usage reduction in the AI condition (b = -.12, p = .03).  

Figure W11: Target Achievement Number of Days in the AI and C Condition in Period 1.  

 

Figure W12: Scatterplot of AI Participants with Reduction Target in Hours the X-axis, 

Change in Period 1 % Usage from the Baseline on the Y-axis. 
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Qualitative analysis of reasons for reducing screen time in period 1 

After period 1, we asked AI participants whether they had tried to change their mobile 

screen time during the previous (anticipation) period. The majority (61.76%) reported that 

they had tried to reduce their screen time during period 1. 26.47% indicated they had not 

changed their screen time, 11.76% indicated they had increased their screen time. Those who 

indicated they had reduced their screen time were asked to provide an explanation in a text 

box. A content analysis of the responses revealed that one third of the explanations were 

directly related to the anticipation of targets and incentives in period 2 (see Table W9 for 

verbatim quotes). Other responses were related to random coincidences (23%), personal goal 

achievement (38%) or expectations of positive outcomes (14%). 

Table W9: Explanations for Reducing Screen Time During Period 1. 

Theme Example quotes 
Anticipation of 
period 2 (33%) 

“I knew it was going to be more difficult to reduce 30% without doing it 
gradually. Therefore, I used this week to get use to this new usage.” 
“I tried to change my screen time a bit to practice for my target this upcoming 
week. I didn't quite do it, but thought it would be good to start mentally 
preparing.” 

 “I tried to decrease my screen time to better prepare for this next phase.” 
Personal goal 
achievement 
(38%) 

“I wanted to focus on only one thing at a time and avoid multitasking. Also to 
challenge myself and actually achieve my goals.” 
“Because I felt I was using my phone too much and it was distracting me from 
my duties.” 
“Personal goal to not spend too much time on my phone” 

Expectation of 
positive 
outcomes (14%) 

“I feel more productive if I reduce my screen time.” 
“To increase productivity” 
“Because I needed to stay focused on my masters” 

Random 
coincidences 
(23%) 

“I was sick and tried to sleep more.” 
“Consciously, I didn't really try to reduce it but I think that it was greatly 
affected by the workload I was given for the week and therefore, I had less free 
time to be on my phone.” 
“I didn’t actively try to, it just happened to be less.” 
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Table W10: Baseline vs. Post-treatment Comparison of Additional Survey Measures. 

 Baseline Post-treatment 

Item All C AI Test 
statistic All C AI Test 

statistic 
Attention and Procrastination 
Do you think your mobile phone distracts you from more 
important things? (1=not at all, 7=very much) 

 
5.32 

(1.48) 

 
5.57 

(1.48) 

 
5.08 

(1.46) 

 
t(66) = 1.37, 

p = .174 

 
5.01 

(1.58) 

 
5.30 

(1.55) 

 
4.72 

(1.58) 

 
t(64) = 1.49, 

p = .140 
How often do you have difficulty keeping your attention when 
you are doing boring or repetitive work? (1=never, 7=very 
often) 

 
5.60 

(1.31) 

 
5.85 

(1.03) 

 
5.37 

(1.54) 

 
t(66) = 1.49, 

p = .140 

 
5.24 

(1.14) 

 
5.36 

(1.14) 

 
5.24 

(1.17) 

 
t(64) = .43,  

p = .672 
When you have a task that requires a lot of thought, how often 
do you avoid or delay getting started? (1=never, 7=very often) 

4.92 
(1.63) 

5.09 
(1.70) 

4.74 
(1.59) 

t(66) = .87, 
p = .387 

4.88 
(1.33) 

5.24 
(1.35) 

4.52 
(1.25) 

t(64) = 2.27, 
p = .027 

Nomophobia 
How anxious would you feel if you forgot to bring your mobile 
phone for a day? (1=not anxious at all, 7=very anxious) 

4.94 
(1.85) 

5.21 
(1.79) 

4.69 
(1.90) 

t(66) = 1.17, 
p = .246 

4.34 
(1.78) 

4.73 
(1.70) 

4.70 
(1.53) 

t(64) = .07,  
p = .939 

Fear of missing out 
When I have a good time, it is important for me to share the 
details online. (1=not at all true of me, 7=extremely true of me) 
Self-control 

3.07 
(1.61) 

3.36 
(1.64) 

2.83 
(1.58) 

t(66) =1.37, 
p = .175 

2.79 
(1.62) 

 
2.85 

(1.60) 
 

2.79 
(1.67) 

t(64) = .15,  
p = .881 

I am good at resisting temptation (1=not at all, 7=very much) 4.08 
(1.31) 

4.18 
(1.29) 

3.97 
(1.36) 

t(66) = .65, 
p = .515 

4.23 
(1.44) 

4.12 
(1.65) 

4.33 
(1.24) 

t(64) = -.59, 
p = .558 

I have a hard time breaking bad habits (1=not at all, 7=very 
much) 

4.36 
(1.38) 

4.48 
(1.25) 

4.20 
(1.49) 

t(66) = .85, 
p = .398 

4.29 
(1.41) 

4.39 
(1.32) 

4.21 
(1.53) 

t(64) = .52,  
p = .608 

I am able to work effectively toward long-term goals. (1=not at 
all, 7=very much) 

4.92 
(1.37) 

4.91 
(1.51) 

4.97 
(1.27) 

t(66) = .19, 
p = .854 

4.85 
(1.38) 

4.67 
(1.53) 

5.06 
(1.22) 

t(64) = 1.15, 
p = .253 

COVID Concern 
How concerned are you about the Covid-19 situation? (1=not at 
all concerned, 7=very concerned) 

    4.80 
(1.34) 

4.75 
(1.39) 

4.84 
(1.32) 

t(64) = .27,  
p = .786 
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In the AI condition, participants predicted the number of days (out of 14) they 

expected to meet the usage reduction target at the beginning of the anticipation period, and 

again at the beginning of the incentive period. Table W11 shows the results.  

Table W11: Actual and Predicted Target Achievements in the AI condition. 

Actual target 
achievement 

Predicted at start of 
anticipation period 

Predicted at start of 
incentive period 

7.02 (5.02) 8.22 (3.36) 7.97 (4.18) 

Notes: Standard deviation in brackets. 

Late post-treatment analysis of screen time 

The late post-treatment results are reported in Figure W13 and Table W12. AI 

condition participants used their phone on average 1.1 hours less per day than in the C 

condition. Although the OLS regression supports this, we have ~30% missing observations in 

the late post-treatment and differential attrition (41% missing observations in the AI condition 

vs. 18% in the C condition (p = .006)). We conducted additional analysis controlling for 

attrition using Heckman selection. Even after correcting for selection, the AI condition had a 

lower usage in the late post-treatment. Nevertheless, since we have differential attrition, it is 

difficult to conclude that the AI condition had a lower usage than the C condition in the late 

post-treatment. Therefore, these results should be interpreted cautiously.  
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Figure W13: Average Change in Mobile Usage (in Hours) in the Late Post-Treatment 

Compared to Baseline. 

 

Table W12: AI Condition Maintains Lower Mobile Usage in the Late Post-Treatment. 

 Dependent Variable = 
Late post-treatment usage – Baseline usage (hrs) 

AI condition -1.109*** (.405) 

Constant .400 (.263) 

Observations 380 

𝑅𝑅2 .073 

Adjusted 𝑅𝑅2 .071 

Residual Std. Error 1.935 (df = 378) 

F Statistic 29.872*** (df = 1; 378) 

Notes: * p < .10; **p < .05; ***p < .01. Standard errors (clustered at the subject 

level) are shown in parentheses. 
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Adjacent complementarity - instrumental variable regression results 

Formula for the instrumental variable regression:  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒𝑖𝑖𝑖𝑖 = 𝛼𝛼 + 𝛽𝛽1� 𝐴𝐴𝐴𝐴𝐴𝐴.  𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃  2 𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒 ̂ 𝑖𝑖 � + �𝛽𝛽𝑗𝑗
𝑗𝑗=2

 (𝑂𝑂𝑂𝑂ℎ𝑒𝑒𝑒𝑒 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) + 𝜖𝜖𝑖𝑖 

𝐴𝐴𝐴𝐴𝐴𝐴.𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑥𝑥 𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒𝑖𝑖 = 𝛼𝛼1 + 𝛽𝛽′(𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑛𝑛𝑖𝑖) + �𝛽𝛽′𝑗𝑗
𝑗𝑗=2

 (𝑂𝑂𝑂𝑂ℎ𝑒𝑒𝑒𝑒 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) + 𝜖𝜖′𝑖𝑖 

where 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒𝑖𝑖𝑖𝑖 = 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑒𝑒𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑖𝑖 

and 𝐴𝐴𝐴𝐴𝐴𝐴.𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑥𝑥 𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑒𝑒𝑖𝑖 = 𝐴𝐴𝐴𝐴𝐴𝐴 (𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝑥𝑥 𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑒𝑒𝑖𝑖𝑖𝑖 − 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑒𝑒𝑖𝑖), where 𝑥𝑥 = 1,2.  

 

Table W13: Instrumental Variable Regression with Change in Period 1 and 2 Usage (from 

Baseline) Predicting Change in Post-Treatment Usage. 

 
 

Dependent variable =  
Immediate post-treatment usage – 

baseline 
Avg. (P1 & P2 usage – Baseline) .603** (.268) 

Gender .191 (.223) 

Age -.023 (.029) 

Operating system (1 = iOS; 0 = Android) .356 (.447) 

Constant 2.093 (1.45) 

Observations 564 
𝑅𝑅2 .475 
Adjusted 𝑅𝑅2 .471 
Residual Std. Error (df = 1063) 1.465 
Notes: * p < .10; ** p < .05; *** p < .01. Baseline is the average usage during baseline. 

Standard errors (in parentheses) are robust and clustered at the subject level. 

Lay belief survey with an independent sample 

We conducted an online survey with an independent sample from the same student 

population (N = 86, 87% female, Mage = 20.09, SD = .93) to understand (i) whether 

participants hold accurate lay beliefs about forward-looking habit formation, (ii) their 
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preferred length of an anticipation period and (iii) potential substitution behavior. Participants 

first read a description of the experimental setup of the AI condition in RCT 2. They then 

predicted how they would behave during period 1 (option 1: I will use my mobile phone as 

much as I can now, because I will use it less during the incentivized period (forward-looking 

satiation); option 2: I will already start reducing my usage now to make it easier to meet the 

target in the incentivized period (forward-looking habit formation); option 3: I will use my 

mobile phone just like before, because the incentives only start in 10 days from now 

(myopic)). 

More than half of participants selected the option indicating forward-looking habit 

formation (59.3%) while only a small minority selected forward-looking satiation (4.65%). 

The remaining 36.05% chose the option indicating myopia. We also asked participants to 

indicate whether they would like to change the lead time before period 1 (scale: 0-30 days). 

The ideal lead time participants indicated was on average 8.86 days (SD = 7.32). These 

results indicate that individuals have a lay belief about forward-looking habit formation and 

prefer having an anticipation period to prepare and gradually change habits.  

We also asked participants what strategies they would employ to reduce their mobile 

usage (Figure W14). The largest proportion of participants chose reducing social networking 

(43%), followed by reducing distractions from the mobile (18.65%). Only 12.8% indicated 

they would substitute mobile usage with a laptop or tablet. Hence, while there might be some 

across-device substitution, we believe it is unlikely to be the main strategy.  
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Figure W14: Reducing Social Networking Is Main Strategy to Reduce Screen Time. 
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RCT 3 

Table W14: RCT 3 Period 1 Instructions in the FI, AI And API Condition. 

FI Condition AI Condition API Condition 
Congratulations! You 
have been selected to 
receive a Screen Time 
Bonus.  
  
Starting from 
Wednesday (DATE), and 
continuing for the next 18 
days (until DATE), you 
can earn money for 
reducing your mobile 
screen time by 90 
minutes from your 
baseline, which is your 
average screen time from 
the first week of the study 
(X hours Y minutes).  
 
For each of the 18 days 
(from DATE - DATE) 
that your mobile screen 
time is below your 
target (TARGET: X’ hrs 
Y’ minutes) you will 
receive $2.  
 
Your mobile screen time 
during the first week of 
the study (or baseline) 
was X hours Y minutes. 
 
Your target screen time, 
starting Wednesday, 
is X’ hours Y’ minutes 
(90 minutes lower than 
your baseline). 
 
You can earn 
a maximum amount of 
$36 (i.e.,$2 per day for 18 
days), if your mobile 
screen time is below your 

Congratulations! You have 
been selected to receive 
a Screen Time Bonus.  
 
HOWEVER, the Screen Time 
Bonus starts in one week 
from now. So for the time 
being, there is no specific 
task.  
   
Starting in one week 
(DATE), and continuing for 
the next 12 days (until 
DATE), you can 
earn money for reducing your 
mobile screen time by 90 
minutes from your baseline, 
which is your average screen 
time from the first week of the 
study (X hours Y minutes).  
 
For each of the 12 days (from 
DATE - DATE) that your 
mobile screen time is below 
your target (TARGET: X’ 
hours Y’ minutes  you will 
receive $2.  
 
Your mobile screen time 
during the first week of the 
study (or baseline) was X 
hours Y minutes. 
 
Your target screen 
time, starting in one week, 
is X’ hours Y’ minutes (90 
minutes lower than your 
baseline). 
 
You can earn 
a maximum amount of 
$24 (i.e.,$2 per day for 12 

Congratulations! You have 
been selected to receive 
a Screen Time Bonus.  
 
HOWEVER, the Screen 
Time Bonus starts in one 
week from now. So for the 
time being, there is no 
specific task. 
   
Starting in one week 
(DATE), and continuing for 
the next 12 days (until 
DATE), you will earn $16 
for every hour you reduce 
your average screen 
time relative to your baseline 
mobile usage of  X hours Y 
minutes, up to a maximum 
payout of $24. 
 
There is no specific target 
for you—your earnings 
depend on how much you 
reduce your screen time. The 
more you reduce, the more 
you earn (up to a maximum 
of $24). You can choose to 
reduce your usage by any 
amount. 
  
For example: 
• If you reduce your mobile 

screen time during the 
bonus period on 
average by 30 
minutes from your 
baseline, you will 
earn $8.  

• If you reduce your mobile 
screen time during the 
bonus period on 
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target each day. 
  
For example: 
• If on any given day 

your screen time 
is only 30 minutes 
lower than your 
baseline, you will not 
receive a bonus for 
that day. 

• However, if you 
reduce your screen 
time by the full 90 
minutes or more, you 
will earn $2 for that 
day. 

  
Summary:  
• Baseline: X hours Y 

minutes 
• Target: X’ hours Y’ 

minutes (90 minutes 
lower than baseline)  

• Bonus Period: 
DATES  

• Earnings: $2 per day if 
your mobile screen 
time is 90 minutes 
below your baseline, 
up to $36 total. 

 

days), if your mobile screen 
time is below your target each 
day. 
  
For example: 
• If on any given day your 

screen time is only 30 
minutes lower than your 
baseline, you will not 
receive a bonus for that 
day. 

• However, if you reduce 
your screen time by the 
full 90 minutes or more, 
you will earn $2 for that 
day. 

Summary:  
• Baseline: X hours Y 

minutes 
• Target: X’ hours Y’ 

minutes (90 minutes lower 
than baseline)  

• Bonus Period: DATES 
• Earnings: $2 per day if 

your mobile screen time is 
90 minutes below your 
baseline, up to $24 total. 

  
Note: This target does NOT 
apply IMMEDIATELY but 
starts in the next phase, one 
week from now.  
 
We are letting you know 
about your target in 
advance so you can prepare 
for it. 

average by 15 
minutes from your 
baseline, you will 
earn $4. 

• However, if your average 
screen time during the 
bonus period exceeds 
your baseline usage, you 
will not earn any bonus 
($0). 

  
Important: You reward is 
based on your average 
screen time over the entire 
12-day period, not on 
individual days. If your 
screen time is higher on some 
days, you can make up for it 
by reducing it more on other 
days.  
 Summary:  
• Baseline: X hours X 

minutes 
• Bonus Period: DATES 
• Earnings: $16 for every 

hour reduced, up to a 
maximum of $24. 

  
Note: This screentime 
bonus does NOT apply 
IMMEDIATELY but starts 
in the next phase, one week 
from now.  
 
You don't have a specific 
target, but we are letting 
you know about the screen 
time bonus in advance so 
you can prepare for it. 
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Sample description and attrition 

Table W15: Demographics and Smartphone Variables Across Conditions. 
 

Full 
sample Control FI AI API Test statistic 

Demographics 
Age 42.75 

(14.49) 
44.27 

(13.89) 
41.82 

(15.75) 
41.96 

(14.69) 
43.07 

(13.80) 
F(3, 400) = .57,  

p = .632 
Gender       

Male 42.33% 38.20% 45.45% 41.59% 43.86% χ2(6) = 1.70,  
p = .945 Female 55.45% 59.55% 53.41% 55.75% 53.51% 

Non-binary 2.23% 2.25% 1.14% 2.65% 2.63% 
Educational level       

High School or less 11.14% 13.48% 11.36% 14.16% 6.14% 

χ2(12) = 9.95,  
p = .620 

Some college 18.81% 22.47% 18.18% 17.70% 17.54% 
Associate’s degree 13.12% 14.61% 11.36% 11.50% 14.91% 
Bachelor’s degree 38.12% 35.96% 34.09% 38.05% 42.98% 

Graduate degree  18.81% 13.48% 25.00% 18.58% 18.42% 
Income level       

Low (< $30,000) 21.53% 16.85% 25.00% 23.01% 21.05% 

χ2(12) = 7.57,  
p = .818 

Lower-middle 
($30,000-$49,999) 21.29% 22.47% 21.59% 23.01% 18.42% 

Middle  
($50,000-$74,999) 22.52% 21.35% 19.32% 24.78% 23.68% 

Upper-middle 
($75,000-$124,999) 21.53% 24.72% 25.00% 15.04% 22.81% 

High (> $125,000) 12.12% 14.61% 9.09% 14.16% 14.04% 
Race/ethnicity        

White/Caucasian 72.03% 76.40% 76.14% 67.26% 70.18% 

χ2(9) = 8.98,  
p = .439 

Black/African 
American 11.14% 13.48% 7.95% 9.73% 13.16% 

Asian  6.19% 5.62% 4.55% 7.96% 6.14% 
Other 10.64% 4.49% 11.36% 15.04% 10.53% 

Nr. of people above 
18 years in same 
household 

2.18  
(1.08) 

2.14 
(.95) 

2.07 
(1.11) 

2.33 
(1.13) 

2.15 
(1.09) 

F(3, 399) = 1.08, 
p = .359 

Smartphone variables 

iOS (Apple iPhone) 63.61% 59.55% 64.77% 66.37% 63.16% χ2(3) = 1.07,  
p = .785 

Tablet regular usage 36.62% 40.45% 31.82% 42.48% 31.58% χ2(3) = 4.35,  
p = .226 

Estimated % of 
screen time spent on 
smartphone 

51.94 
(21.93) 

49.22 
(21.61) 

51.29 
(21.34) 

54.21 
(21.61) 

52.32 
(22.95) 

F(3, 400) = .89,  
p = .444 
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Ideal smartphone 
usage reduction  
(scale: 0-100%) 

36.36 
(21.91) 

36.35 
(25.15) 

33.61 
(18.35) 

40.52 
(23.63) 

33.48 
(18.88) 

F(3, 201) = 1.30, 
p = .276 

Willingness to 
reduce mobile usage 
(1-7 scale) 

4.28 
(1.50) 

4.32 
(1.62) 

4.16 
(1.56) 

4.32 
(1.46) 

4.31 
(1.41) 

F(3, 400) = .24,  
p = .867 

Previously attempts 
to reduce mobile 
usage (% yes) 

55.45% 59.55% 55.68% 60.18% 47.37% χ2(3) = 4.64,  
p = .200 

 
 

Table W16: Percentage of Missing Observations Across Conditions and Periods. 
 

Condition Period 1 Period 2 Post-treatment 

Control 7.5% 2.6% 10.5% 

AI 2.6% 10% 12.3% 

API 2.3% 7.7% 13.5% 

FI 2.5% 4.3% 6.7% 
 

Figure W15 (a) – (c): Day-level Mobile Usage Reduction Compared to Control Condition 

During Period 1, 2 and Post-treatment in the AI (a), API (b), and FI (c) Condition. 
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Goal achievement (90 minutes lower than baseline usage) as dependent variable  

Table W17: OLS regression Predicting Goal Achievement Across Conditions. 

 

Dependent Variable: 

Goal Achievement (1/0) 

 
beta p-value 

API -.015 (.019) .428 

C -.009 (.021) .665 

FI   .004 (.021) .844 

Period 1 .105(.028)*** .000 

Period 2 .273(.037)***  .000 

Period 3 .169(.033)*** .000 

Age  -.0001(.001) .909 

Gender (Male) .013(.021)  .541 

iPhone  -.015(.021) .471 

API x Period 1 -.012(.036) .742 

C x Period 1 -.066(.037)* .07 

FI x Period 1 .153(.044)*** .000 

API x Period 2 .011(.049) .011 

C x Period 2 -.22(.044)***  .000 

FI x Period 2 -.012(.052) .815 

API x Period 3 -.023(.044) .598 

C x Period 3 -.109(.04)*** .009 

FI x Period 3 .006(.05) .911 

Constant .178(.038)*** .000 

Observations 13,332 

R2 .058 

Adjusted R2 .056 

Residual Std. Error .448 (df = 13313) 

 

  

Page 101 of 125

Journal of Marketing

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

Author Accepted Manuscript



Peer Review Version

51 
 

Social Media Usage 

Table W18: Average Social Media Usage (Hours Per Week) Per Period in Control and 

Treatment Conditions. 

 Control 
Condition 

Treatment 
Conditions FI AI AC 

Baseline  20.9 (17.13) 19.5 (17.86) 18.92 (18.71) 20.69 (17.16) 18.89 (17.96) 

Period 1 19.1 (13.23) 19.36 (17.71) 17.14 (16.55) 21.31 (17.04) 19.15 (19.12) 

Period 2 21 (15.05) 16.7 (15.23) 17.25 (15.36) 17.75 (15.59) 15.07 (14.74) 

Post-
treatment 18.6 (14.7) 16.41 (15.92) 17.01 (17.97) 16.4 (13.43) 15.88 (16.75) 

 

Self-reported Social Media Goals and Usage Changes 

In the baseline survey, participants reported their ideal usage change for different app 

categories: social media and messaging, entertainment apps, productivity apps, and gaming 

apps. There were no significant differences between conditions at baseline (all p’s = ns). 

Participants reported wanting to reduce usage of social media, entertainment, and gaming apps 

(all p’s < .001), ratings were significantly below the scale midpoint (“same as I do now”). There 

was no significant desire to change usage of productivity apps. Additionally, participants 

expressed stronger desire to reduce social media compared to entertainment and gaming apps 

(p’s < .001). 

In the endline survey, participants self-reported how much they had changed their usage 

in each app category over the past four weeks. Those in the treatment conditions reported 

reducing social media and messaging app usage more than those in the C condition 

(F(3, 358) = 6.30, p < .001). Post-hoc comparisons with Bonferroni correction showed 

significant differences between the C and treatment conditions (C vs. FI: p = .022, C vs. AI: 
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p = .053, C vs. API: p < .001). There were no significant differences between conditions for 

entertainment, gaming, or productivity apps. 

Comparing ideal usage change (at baseline) with self-reported usage change (at endline) 

revealed that participants did not reduce their usage of social media, entertainment, or gaming 

apps as much as they had initially intended (all p’s < .001). In contrast, there was no significant 

difference between ideal and actual change for productivity apps (p = .424).  

Participants estimated the percentage of their overall mobile screen time attributed to 

different app categories (social media & messaging, entertainment, productivity, utility, and 

others), both before the study and at the end. We calculated a difference score and found a 

significant effect of condition for the social media category (F(3, 358) = 4.96, p = .002), but no 

significant differences for other app categories. While participants in the C condition increased 

their percentage of social media usage (C: 40.4% vs. 42.5%, p = .046), participants in the FI 

and API condition reduced it (FI: 40.5% vs. 37%, p = .009, API: 35.8% vs. 33.8%, p = .039). 

There was no significant change in the AI condition.   

In summary, these findings suggest that social media was the primary category 

consumers wanted to cut back on, and while the intervention facilitated a reduction more than 

in other app categories, participants still fell short of their initial (possibly over-ambitious) goals 

to reduce social media. 
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Adjacent Complementarity: Results of Instrumental Variable Regression 

Table W19: Period 1 Reduction Marginally Predicts Post-Treatment Usage Reduction. 

 

Dependent Variable:  

Post-treatment usage reduction 

 
beta Std. error p-value 

Intercept .234 .387 .546 

Period 1 .474 .378 .089 

Age -.009 .006 .190 

Gender (Male) -.272 .195 .164 

iPhone -.319 .207 .124 

Residual Std. Error 1.75 (df = 326) 

Multiple R2 .276 

R2 adjusted .267 

Wald Test 1.801 (df = 4, 326), p = .128 

 

Table W20: Period 2 Reduction Significantly Predicts Post-Treatment Usage Reduction. 

 

Dependent Variable: 

Post-treatment usage reduction 

 
beta Std. error p-value 

Intercept .322 .342 .347 

Period 2 .506** .184 .006 

Age -.006 .006 .269 

Gender (Male) -.206 .170 .227 

iPhone -.170 .173 .328 

Residual std. error 1.482 (df = 323) 

Multiple R2 .479 

R2 adjusted .473 

Wald Test 3.286 (df = 4, 323), p = .012 
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Heterogeneity in Period 1 Reduction (Period 1 usage – Baseline) 

Note that participants with higher baseline usage would also have a higher absolute target. 

Figure W16: Absolute Target Predicts Period 1 Usage Reduction in the AI Condition. 

 

Table W21: AI Condition Participants with Higher Target (and Baseline Usage) Reduce 

Usage More in Period 1. 

 

Dependent Variable:   
Period 1 Usage - Baseline Usage (hours) 

 Beta Std. Error p-value 
Target in hours     -.127*** .026 .000 
Age .0005 .006 .937 
Male -.004 .171 .982 
iPhone .039  .178 .826 
Constant             .357                     .358              .321 
Observations 365 
R2 .063 
Adjusted R2 .053 
Residual Std. 
Error 

1.614 (df = 360) 

F statistic 6.086*** (df = 4; 360) 
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Goal salience measures 

Two questions tapping into goal salience were asked in the baseline survey and after 

participants received the instructions for period 1 in all conditions. Specifically, we asked 

participants the following question: “How important is the goal of reducing your smartphone 

usage to you?” 1 = not at all important, 7 = extremely important. The results predicting the 

difference score (subtracting the baseline goal salience from the goal salience measured after 

the treatment instructions were given) with the conditions and control variables are presented 

in Table W22. In all treatment conditions, the goal of reducing one’s smartphone usage became 

more important compared to the C condition.  

Table W22: Goal Salience Increases in All Treatment Conditions Compared to the Control. 

 
Dependent Variable:  

Goal Salience (Treatment – Baseline)   

 beta Std. error p-value 
Intercept  .474 .304 .120 
API 1.558*** .209 .000 
AI .826*** .209 .000 
FI 1.224*** .221 .000 
Age .006 .005 .216 
Gender (Male) -.031 .149 .832 
iPhone -.335* .156 .032 
Residual Std. Error 1.417 (df = 363) 
R2 .151 
Adjusted R2 .137 
F-statistic F (6, 363) = 10.79, p < .001 

 

Participants also ranked five goals that people commonly pursue (exercise more, eat 

healthily, save for retirement, drink less alcohol, reduce phone usage) in order of personal 

importance. A lower number indicates a higher rank of the goal ‘reduce phone usage’, and 

greater importance. We again created a difference score for the ‘reduce phone usage’ goal 
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subtracting the baseline goal ranking from the goal ranking after receiving the treatment 

instructions to capture the change in goal ranking. This difference score was negative (M = -

.367, SD = 1.056), and significantly different from zero (t (369) = -6.691, p < .001), 

indicating that, across all conditions, the goal of reducing one’s smartphone usage 

significantly increased in the importance ranking from the baseline. 

We used regression analysis to predict the difference in goal rank using the 

conditions, as well as controls (see table W23). We find that, compared to the C condition, 

the FI condition’s goal rank increased (p = .011). The API condition’s goal rank marginally 

increased compared to C condition (p = .050). The AI condition’s goal rank did not increase 

compared to the C condition (p = .413). There was no difference between the AI and API 

condition’s goal rank increase (p = .228). Thus, the increase in goal ranking of ‘reduce phone 

usage’ cannot fully explain why we find a pre-emptive reduction in the AI condition but not 

in the API condition in period 1. Overall, these results indicate that goal salience is not a key 

mechanism explaining participants’ pre-emptive usage reduction in the AI condition.  

Table W23: Goal Ranking of ‘Reduce Phone Usage’ Increases in FI and API Condition. 

 

Dependent Variable:  
Goal Ranking (Treatment – Baseline) 

 beta Std. error p-value 
Intercept  -.109 .226 .629 
API -.305 .155 .050 
AI -.127 .156 .413 
FI -.420* .164 .011 
Age -.001 .004 .821 
Gender (Male) -.130 .111 .241 
iPhone .074 .116 .523 
Residual Std. Error 1.051 (df = 363) 
R2 .027 
Adjusted R2 .011 
F-statistic F (6, 363) = 1.671, p = .127 
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Process measures in the AI and API condition 

The following process measure items were asked after the anticipation period 1 (only 

in the AI and API condition). Responses were given on a 5-point Likert Scale (1 = not at all, 5 

= very much).  

1. Practice: I wanted to test whether I was capable of reducing my mobile usage before 

the bonus kicked in.  

2. Forward-looking habit formation: I decided to reduce my mobile usage early, 

thinking it would make it easier to maintain a lower usage once the bonus kicks in. 

3. Satiation: I wanted to maximize my mobile usage before the bonus kicked in, so I would 

feel less craving. 

4. Myopia: I can easily lower my mobile usage to achieve the desired reduction in the 

bonus period – there was no need to prepare beforehand. 

Table W24 presents the regression results predicting period 1 usage, separately, in the 

AI condition and in the API condition, with the agreement to the process explanations, 

including controls.  
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Table W24: Period 1 Usage Is Associated with Agreement to Forward-Looking Habit 

Formation Explanation in the AI but Not API Condition. 

 Dependent Variable:  
Period 1 Usage (hours) 

 AI Condition API Condition 
 Beta Std. Error p-value Beta Std. Error p-value 
Intercept .292 .709 .681 .411 .752 .586 
Forward-looking  
habit formation -.479** .168 .006 -.137 .124 .273 

Practice -.164 .167 .330 -.297* .129 .023 
Myopia -.251* .125 .048 -.293* .115 .012 
Satiation .544*** .153 .001 .289* .121 .019 
Age .015 .009 .129 .013 .010 .196 
Gender (Male) .310 .288 .285 -.022 .276 .938 
iPhone -.475 .308 .126 .135 .283 .633 
Residual Std. Error 1.424 (df = 93) 1.363 (df = 98) 
R2 .276 .164 
Adjusted R2 .222 .105 
F-statistic F(7, 93) = 5.087, p < .001 F(7, 98) = 2.753, p = .012 

 

Device Substitution 

In the baseline survey, participants estimated the percentage of their total screen time 

attributed to different devices (Smartphone, Laptop/PC, TV, Tablet, Other). The same 

question was repeated in the endline survey, covering the past four weeks. While these results 

are self-reported, we found no evidence of large-scale substitution. On the contrary, the 

percentage of screen time attributed to smartphone usage showed a slight increase, 

Mbaseline = 51.93, SD = 21.92 vs. Mendline = 53.72, SD = 24.27, t(362) = -2.39, p = .017. No 

significant changes were observed for laptop, TV, or tablet usage, nor did the conditions have 

a significant impact. 

In the endline survey, we further asked participants directly whether, over the past 

four weeks, they had spent more or less time on devices other than their phone (e.g., laptop, 

Page 109 of 125

Journal of Marketing

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60

Author Accepted Manuscript



Peer Review Version

59 
 

PC, tablet, TV) compared to the four weeks before joining the study. More than half (52%) 

reported no change in their usage, while 26.52% indicated an increase, and 21.27% reported a 

decrease. Participants in the treatment conditions were more likely to report spending more 

time on other devices compared to those in the C condition (C: 13.10%, FI: 30.38%, AI: 32%, 

API: 29.29%), though these differences were only marginally significant (χ²(6) = 11.05, 

p = .087). Additionally, we asked participants to estimate how much more or less time they 

had spent on other devices. On average, participants reported a daily increase of 12.32 

minutes, with no significant differences between the conditions. 

We also asked participants whether they had spent more or less time on various 

activities over the past four weeks, including social activities with friends and family, non-

screen activities alone, watching TV, and using digital devices other than their phone (1 = a 

lot less time, 5 = a lot more time). Participants reported spending significantly more time with 

family and friends (M = 3.23, SD = .76, t(361) = 5.87, p < .001) and engaging in non-screen 

activities (M = 3.38, SD = .85, t(361) = 8.50, p < .001, significantly above the scale midpoint 

3 = same amount of time). In contrast, time spent watching TV (M = 2.97, SD = .87, p = 

.467) and on other digital devices (M = 3.05, SD = .89, p = .287) did not significantly differ 

from the midpoint. We found no significant differences between conditions for time spent 

with family and friends (F(3, 358) = 1.68, p = .170) or on other digital devices 

(F(3, 358) = .99, p = .398). However, participants in the AI and API conditions reported a 

significant increase in personal non-screen activities compared to the C condition 

(F(3, 358) = 6.33, p < .001). Additionally, participants in the FI condition reported a 

significant increase in TV watching compared to the C group (F(3, 358) = 2.90, p = .035).  
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Overall, these results suggest that while some substitution effects across digital 

devices may have been occurring, they were not the primary drivers of our findings. Rather, 

participants appear to have spent more time on alternative offline activities, such as 

socializing with others or engaging in personal non-screen activities. 

Smartphone Addiction Scale 

Table W25: Baseline Usage Predicts Higher Perceived Smartphone Addiction at Baseline. 

 

Dependent Variable: Smartphone 
Addiction (Baseline) 

 beta Std. error p-value 
Baseline usage .036*** .010 .001 
Age -.014*** .002 .000 
Male -.211*** .071 .003 
iPhone -.057 .074 .442 
Constant 3.025*** .158 .000 
Observations 404 
R2 .119 
Adjusted R2 .11 
Residual Std. Error .706 (df = 399) 
F Statistic 13.462*** (df = 2, 399) p < .001 

 

Table W26: Period 1 Reduction Predicts Reduction in Perceived Addiction. 

 

Dependent Variable: Smartphone 
Addiction (Baseline - Post-treatment) 

 beta Std. error p-value 
Period 1 usage - baseline -.044*** .016 .006 
Age -.004 .002 .051 
Male -.073 .053 .172 
iPhone -.086 .056 .125 
Constant .376*** .099 .000 
Observations 355 
R2 .041 
Adjusted R2 .030 
Residual Std. Error .499 (df = 350) 
F Statistic 3.757** (df = 4, 350), p = .005 
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Table W27: Period 2 Reduction Predicts Reduction in Perceived Addiction. 

 

Dependent Variable: Smartphone Addiction 
(Baseline - Post-treatment) 

 beta Std. error p-value 
Period 2 usage - baseline -.051*** .013 .000 
Age -.004* .002 .026 
Male -.083 .053 .118 
iPhone -.084 .055 .118 
Constant .373*** .099 .000 
Observations 343 
R2 .064 
Adjusted R2 .053 
Residual Std. Error .487 (df = 338) 
F Statistic 5.832*** (df = 4, 338), p < .001 

 

Life Satisfaction (Cantril Life Satisfaction Ladder) 

Table W28: Period 1 And Period 2 Reduction Does Not Lead to Changes in Life Satisfaction. 

 

Dependent Variable:  
Life Satisfaction (Baseline – Post-treatment)    

 Model 1 Model 2 

 beta Std. error p-value beta Std. error p-value 
Period 1 usage - baseline -.034 .033 .307    
Period 2 usage - baseline    -.003 .211 .269 
Age .004 .004 .341 .002 .004 .569 
Male -.006 .112 .955 .054 .114 .635 
iPhone .168 .116 .148 .099 .118 .402 
Constant -.320 .206 .121 -.234 .211 .269 
Observations 336 336 
R2 .011 .003 
Adjusted R2 .000 .000 
Residual Std. Error 1.013 (df = 331) 1.027 (df = 329) 
F Statistic .963 (df = 4, 331), p = .428 .282 (df = 4, 329), p = .889 
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Web Appendix E: Model Estimation  

Model Estimation Procedure 

We estimate the habit formation and satiation models using maximum likelihood by 

assuming normally distributed standard errors 𝜖𝜖𝑖𝑖𝑖𝑖 and 𝜖𝜖′𝑖𝑖𝑖𝑖. Below, we first discuss the 

estimation of the habit formation model. A similar process is applied for estimating the 

satiation model. Consider that 𝑐𝑐𝑡𝑡
𝑖𝑖𝑖𝑖 is the period t consumption of a participant 𝑖𝑖 on day 𝑗𝑗. 

𝐹𝐹𝐹𝐹𝐹𝐹 𝑡𝑡 = 1,3:  𝑐𝑐𝑡𝑡
𝑖𝑖,𝑗𝑗 = 𝑓𝑓(𝜃𝜃𝑖𝑖) + 𝜖𝜖𝑖𝑖𝑖𝑖   

where 𝑓𝑓 corresponds to the optimal consumption equation in the particular period for the 

habit formation model. 𝜃𝜃𝑖𝑖 corresponds to the vector of parameters of the habit formation 

model (𝐻𝐻, 𝛾𝛾, 𝛼𝛼) for a particular participant 𝑖𝑖 and 𝜖𝜖𝑖𝑖𝑖𝑖  is the independently and normally 

distributed random variable with mean 𝐸𝐸�𝑐𝑐𝑡𝑡
𝑖𝑖𝑖𝑖� = 𝑓𝑓(𝜃𝜃𝑖𝑖) and 𝑉𝑉𝑉𝑉𝑉𝑉�𝑐𝑐𝑡𝑡

𝑖𝑖𝑖𝑖� = 𝜎𝜎2.   

The likelihood function given the consumption 𝑐𝑐𝑡𝑡
𝑖𝑖𝑖𝑖 is: 

𝐿𝐿�𝜃𝜃𝑖𝑖�𝑐𝑐𝑖𝑖𝑖𝑖� = Π𝑡𝑡=1,3Π𝑗𝑗=1,…,𝑛𝑛(𝑡𝑡)𝑝𝑝�𝑐𝑐𝑡𝑡
𝑖𝑖,𝑗𝑗�𝑓𝑓(𝜃𝜃𝑖𝑖),𝜎𝜎2� 

                                                 = Π𝑡𝑡=1,3Π𝑗𝑗=1,…,𝑛𝑛(𝑡𝑡)
1

𝜎𝜎√2𝜋𝜋
𝑒𝑒−�𝑐𝑐𝑡𝑡

𝑖𝑖,𝑗𝑗−𝑓𝑓(𝜃𝜃𝑖𝑖)�
2

/2𝜎𝜎2  

where 𝑛𝑛(𝑡𝑡) is the number of observations in period 𝑡𝑡 in the particular RCT. We indicate 𝑁𝑁 =

𝑛𝑛(𝑡𝑡1) + 𝑛𝑛(𝑡𝑡2). We take a natural logarithm of the likelihood function to get:  

ln �𝐿𝐿�𝜃𝜃𝑖𝑖�𝑐𝑐𝑖𝑖𝑖𝑖�� = −
𝑁𝑁
2

ln(2𝜋𝜋) − 𝑁𝑁𝑁𝑁𝑁𝑁(𝜎𝜎) −
∑ ∑𝑗𝑗=1,…,𝑛𝑛(𝑡𝑡) �𝑐𝑐𝑡𝑡

𝑖𝑖,𝑗𝑗 − 𝑓𝑓(𝜃𝜃𝑖𝑖)�
2

𝑡𝑡=1,3

2𝜎𝜎2
 

Finding the first order conditions, the maximum likelihood estimate is given by: 

𝜃𝜃𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑥𝑥𝜃𝜃𝑖𝑖(ln �𝐿𝐿�𝜃𝜃𝑖𝑖�𝑐𝑐𝑡𝑡
𝑖𝑖𝑖𝑖�� = arg min

𝜃𝜃𝑖𝑖
� � �𝑐𝑐𝑡𝑡

𝑖𝑖𝑖𝑖 − 𝜃𝜃𝑖𝑖�
2

j=1,..,n(t)𝑡𝑡=1,3

 

Note that 𝜃𝜃𝑀𝑀𝑀𝑀𝑀𝑀 is the same as the least square estimate. 
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To find the maximum likelihood estimate 𝜎𝜎𝑀𝑀𝑀𝑀𝑀𝑀  of σ, we evaluate 𝜕𝜕(ln�𝐿𝐿(𝜃𝜃𝑖𝑖|𝑐𝑐𝑖𝑖𝑖𝑖)�
𝜕𝜕𝜕𝜕

 = 0 when 𝜃𝜃 =

𝜃𝜃𝑀𝑀𝑀𝑀𝑀𝑀, and obtain:  

𝜎𝜎𝑀𝑀𝑀𝑀𝑀𝑀 =
1
𝑁𝑁�

� � �𝑐𝑐𝑡𝑡
𝑖𝑖𝑖𝑖 − 𝜃𝜃𝑖𝑖�

2

j=1,..,n(t)𝑡𝑡=1,3

� 

Substituting the above into the log-likelihood function, we obtain:  

ln �𝐿𝐿�𝜃𝜃𝑖𝑖�𝑐𝑐𝑖𝑖𝑖𝑖�� = −
𝑁𝑁
2

ln(2𝜋𝜋 + 1) −
𝑁𝑁
2
𝑙𝑙𝑙𝑙(𝜎𝜎) −

∑ ∑𝑗𝑗=1,…,𝑛𝑛(𝑡𝑡) �𝑐𝑐𝑡𝑡
𝑖𝑖,𝑗𝑗 − 𝑓𝑓(𝜃𝜃𝑖𝑖)�

2
𝑡𝑡=1,3

𝑁𝑁
 

The AIC is −2ln (𝐿𝐿(𝜃𝜃𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀|𝑐𝑐𝑖𝑖𝑖𝑖𝑡𝑡 )+2(#parameters+1). The lower the AIC, the better the model 

fits the data.   

Individual level estimation 

For each participant, we focus on six data points in period 1 and six data points in the 

post-treatment. We minimize the mean square error by considering the optimal consumption 

equations in period 1 and the post-treatment. In the optimal consumption equation, we input 

the observed period 2 consumption for each participant (period 2 is divided into two sub-

periods of six days). Note that each participant’s period 2 consumption already incorporates 

the effect of monetary incentives (i.e., if participants found the monetary incentives attractive, 

then 𝑝𝑝𝑡𝑡 is going to be higher and period 2 consumption is going to be lower). For I, we 

incorporate the maximum consumption of each participant during the experimental period. 

The optimization routine (constroptim in R) for each participant is repeated for five different 

starting values for the parameters to ensure robustness of the fitted values. 
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Model Estimation Results 

Individual level parameter estimates of AI participants in RCT 2 

In Table W29, we find that, except for five participants, the habit formation model fits 

the data better than the satiation model at the individual level.  

Table W29: Individual Level Estimates of the Habit Formation and Satiation Model for AI 

Participants in RCT 2.  

  Habit formation model Satiation model 
      # 𝑯𝑯 𝜸𝜸 𝜶𝜶 SSE AIC 𝜸𝜸′ 𝜶𝜶𝒔𝒔 SSE AIC 

1 0.14 0.62 0.43 8.94 28.29 0.00 0.27 85.34 53.37 
2 0.13 0.03 0.12 11.17 30.96 0.00 0.28 145.23 59.75 
3 0.11 0.50 0.46 15.84 35.16 0.00 0.98 83.01 53.04 
4 0.13 0.48 0.82 13.96 33.65 0.00 0.98 211.98 64.29 
5 0.00 0.00 0.02 24.51 40.40 0.48 1.00 13.22 30.99 
6 0.02 1.00 1.00 2.72 14.04 0.00 0.75 8.59 25.81 
7 0.14 0.72 0.87 12.06 31.89 0.00 0.96 69.75 50.95 
8 0.14 0.93 0.94 6.51 24.48 0.00 0.83 121.24 57.58 
9 0.00 1.00 1.00 11.78 31.60 0.00 0.71 27.17 39.64 

10 0.40 0.37 0.85 20.23 38.10 0.00 0.97 119.22 57.38 
11 0.27 0.45 0.95 26.73 41.44 0.00 0.24 172.83 61.84 
12 0.18 0.10 0.05 2.72 14.01 0.00 0.31 32.18 41.66 
13 0.00 0.00 0.04 21.58 38.87 0.00 0.73 28.49 40.20 
14 0.15 0.00 0.02 18.19 36.82 0.21 1.00 48.23 46.52 
16 0.11 1.00 1.00 31.05 43.23 0.00 0.63 74.33 51.71 
17 0.05 1.00 1.00 9.65 29.21 0.00 0.95 19.50 35.65 
18 0.00 0.00 0.02 11.15 30.94 0.24 1.00 31.73 41.49 
19 0.03 1.00 1.00 3.79 17.99 0.00 0.85 104.68 55.82 
20 0.43 0.00 0.01 51.63 49.34 0.32 1.00 331.80 69.66 
21 0.66 0.11 0.02 22.77 39.51 0.00 0.71 142.05 59.48 
22 0.00 0.00 0.01 10.67 30.41 0.11 1.00 10.28 27.97 
23 0.08 0.83 0.89 4.68 20.53 0.00 0.26 94.31 54.57 
24 0.26 0.84 0.45 13.65 33.37 0.00 0.72 55.54 48.21 
25 0.00 0.11 0.06 14.27 33.90 0.22 1.00 138.91 59.21 
26 0.00 0.00 0.04 45.29 47.77 0.46 1.00 21.34 36.74 
27 0.05 1.00 1.00 6.25 24.00 0.00 0.94 17.12 34.09 
28 0.43 0.16 0.06 10.01 29.66 0.00 0.28 13.60 31.33 
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29 0.00 0.05 1.00 5.86 23.22 0.38 1.00 24.99 38.63 
30 0.00 0.00 0.09 22.69 39.47 0.52 1.00 9.49 27.01 
31 0.08 0.78 0.87 9.53 29.06 0.00 0.30 121.74 57.63 
33 0.02 0.38 0.90 3.12 15.66 0.00 0.31 54.44 47.97 
34 0.60 0.03 0.80 1.22 4.42 0.00 0.72 1.25 2.64 

 
Notes: Lower AIC between the habit formation and satiation model is indicated in red. 

Distribution of projection bias under habit formation (RCT 2) 

The habit formation model outperformed the satiation model for 27 out of 32 

participants, indicating better fit. For these 27 participants, we plot the distribution of the 

projection bias parameter (Figure W17). Approximately 37.5% of participants exhibited a 

projection bias of less than 50%, suggesting that their behavior aligned more with the rational 

addiction model. On the other hand, 62.5% had a projection bias greater than 50%, indicating 

behavior more in line with myopic habit formation. Specifically, seven participants displayed 

fully myopic behavior, while one subject appears to have been fully rationally addicted. 

Figure W17: Cumulative Proportion of AI Participants with Different Levels of Projection 

Bias Under Habit Formation. 
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Individual level parameter estimates of AI participants in RCT 3 

Table W30: Individual Level Estimates of the Habit Formation and Satiation Model for AI 

Participants in RCT 3.  

  Habit formation model Satiation model 
      # 𝑯𝑯 𝜸𝜸 𝜶𝜶 SSE AIC 𝜸𝜸′ 𝜶𝜶𝒔𝒔 SSE AIC 

1 0.22 0.47 0.04 29.03 42.43 0.00 0.83 924.87 81.96 
2 0.12 0.80 0.35 7.64 26.41 0.00 0.25 119.25 57.38 
4 0.00 0.30 0.62 33.57 44.17 0.54 1.00 46.21 46.01 
6 0.00 0.66 0.21 60.30 51.20 0.59 1.00 36.45 43.16 
7 0.45 0.00 0.07 44.10 47.44 0.50 1.00 272.85 67.32 

10 0.13 0.00 0.61 78.08 54.30 0.57 1.00 147.57 59.94 
11 0.17 0.72 0.53 18.65 37.12 0.00 0.18 437.35 72.98 
12 0.15 0.76 0.26 36.48 45.17 0.00 0.32 370.26 70.98 
13 0.08 0.99 0.45 6.11 23.73 0.00 0.29 126.24 58.07 
14 0.05 0.66 0.23 7.54 26.26 0.00 0.99 211.07 64.23 
17 0.00 0.70 0.86 546.15 77.64 0.00 0.06 153.62 60.42 
18 0.16 0.00 0.59 33.84 44.27 0.41 1.00 61.67 49.47 
19 0.18 0.70 0.91 14.32 33.94 0.00 0.18 496.06 74.49 
20 0.14 0.69 0.29 17.13 36.10 0.00 0.25 202.20 63.72 
21 0.33 0.33 0.79 12.34 32.16 0.00 0.72 340.40 69.97 
22 0.30 0.63 0.96 9.52 29.05 0.00 0.83 246.36 66.09 
23 0.27 0.36 0.71 31.53 43.42 0.00 0.82 454.17 73.43 
24 0.28 0.67 0.99 25.67 40.95 0.00 0.30 268.33 67.11 
25 0.00 0.52 0.07 7.26 25.79 0.45 1.00 7.52 24.23 
26 0.02 1.00 1.00 30.77 43.13 0.00 0.70 156.49 60.64 
27 0.15 0.00 0.03 63.52 51.82 0.57 1.00 118.79 57.34 
28 0.10 1.00 0.60 23.44 39.86 0.00 0.38 206.15 63.95 
29 0.29 0.57 0.74 62.45 51.62 0.00 0.83 631.01 77.38 
30 0.17 0.74 0.44 19.67 37.76 0.00 0.75 431.22 72.81 
32 0.00 0.08 0.04 47.29 48.28 0.00 0.24 52.34 47.50 
33 0.26 0.00 0.09 110.62 58.48 0.12 1.00 279.20 67.59 
34 0.21 0.00 0.17 23.49 39.89 0.23 1.00 147.15 59.91 
35 0.30 0.00 0.63 49.60 48.86 0.26 1.00 250.20 66.27 
36 0.39 0.48 0.96 15.68 35.03 0.00 0.26 277.11 67.50 
37 0.10 0.96 0.76 35.71 44.91 0.00 0.75 417.43 72.42 
38 0.02 0.00 0.02 32.86 43.91 0.28 1.00 195.14 63.29 
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39 0.08 1.00 1.00 53.13 49.68 0.00 0.73 168.81 61.55 
40 0.26 0.27 0.73 70.75 53.12 0.00 0.72 376.55 71.18 
41 0.17 0.56 0.90 12.72 32.53 0.00 0.25 209.18 64.13 
42 0.13 0.93 0.22 98.99 57.15 0.00 0.30 1097.47 84.02 
43 0.46 0.33 0.86 46.99 48.21 0.00 0.83 1951.51 90.92 
45 0.26 0.00 0.07 172.36 63.80 0.73 1.00 185.23 62.67 
46 0.07 0.54 0.01 82.94 55.03 0.00 0.70 211.06 64.23 
47 0.33 0.45 0.77 79.80 54.56 0.00 0.27 703.21 78.68 
48 0.00 0.10 0.31 88.08 55.75 0.59 1.00 95.19 54.68 
50 0.05 0.23 0.99 22.92 39.59 0.00 0.15 166.48 61.39 
51 0.04 1.00 1.00 7.60 26.35 0.00 0.95 39.32 44.07 
52 0.27 0.01 0.57 36.52 45.18 0.00 0.72 717.97 78.93 
53 0.37 0.10 0.05 0.77 -1.09 0.00 0.72 78.87 52.42 
54 0.00 0.05 0.01 90.60 56.09 0.51 1.00 44.28 45.49 
55 0.20 0.52 0.72 27.93 41.96 0.00 0.25 254.06 66.46 
57 0.05 1.00 1.00 10.63 30.37 0.00 0.39 35.78 42.94 
58 0.00 0.30 0.61 71.58 53.26 0.38 1.00 152.50 60.33 
59 0.00 0.29 0.61 18.74 37.18 0.10 1.00 38.12 43.70 
60 0.08 0.00 0.10 2.59 13.45 0.05 1.00 42.19 44.91 
61 0.06 0.00 0.01 18.55 37.05 0.61 1.00 53.66 47.80 
62 0.21 0.00 0.56 7.39 26.01 0.10 1.00 242.11 65.88 
63 0.14 0.87 0.63 38.75 45.89 0.00 0.75 547.63 75.68 
64 0.00 0.32 0.61 16.68 35.77 0.26 1.00 50.78 47.14 
65 0.04 0.89 0.87 36.52 45.18 0.00 0.73 203.95 63.82 
67 0.07 0.98 0.61 30.02 42.83 0.00 0.73 85.19 53.35 
68 0.07 0.94 0.38 7.08 25.50 0.00 0.38 204.56 63.86 
69 0.09 0.88 0.06 9.49 29.01 0.00 0.75 60.41 49.22 
71 0.29 0.00 0.65 35.01 44.67 0.23 1.00 268.13 67.11 
72 0.08 0.96 0.45 12.08 31.90 0.00 0.84 159.91 60.90 
73 0.13 0.49 0.81 140.52 61.35 0.00 0.18 412.74 72.28 
74 0.00 0.65 0.11 35.12 44.71 0.00 0.31 22.14 37.17 
75 0.24 0.14 0.65 8.82 28.13 0.00 0.99 116.35 57.09 
76 0.16 0.58 0.15 22.15 39.18 0.00 0.27 218.43 64.65 
78 0.12 1.00 0.64 9.79 29.39 0.00 0.75 228.25 65.17 
79 0.00 0.74 0.20 7.67 26.46 0.00 0.24 16.77 33.84 
80 0.19 0.57 0.70 69.97 52.98 0.00 0.18 521.72 75.09 
81 0.35 0.00 0.66 40.56 46.44 0.65 1.00 92.43 54.33 
82 0.28 0.40 0.81 48.88 48.68 0.00 0.13 609.30 76.96 
84 0.13 0.00 0.00 100.25 57.30 0.61 1.00 123.48 57.80 
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85 0.34 0.07 0.03 49.88 48.92 0.00 0.84 654.67 77.82 
86 0.15 0.86 0.62 41.77 46.79 0.00 0.73 452.19 73.38 
87 0.02 1.00 1.00 76.62 54.07 0.00 0.26 140.60 59.36 
88 0.26 0.41 0.05 21.68 38.93 0.00 0.32 416.41 72.39 
89 0.11 0.00 0.00 24.10 40.20 0.05 1.00 90.57 54.08 
90 0.12 0.36 0.89 47.04 48.22 0.00 0.85 741.16 79.31 
91 0.19 0.15 0.07 8.82 28.13 0.00 0.24 80.83 52.72 
92 0.10 0.30 0.10 98.42 57.08 0.00 0.75 227.75 65.15 
93 0.19 0.65 0.32 67.07 52.48 0.00 0.30 1264.62 85.72 
96 0.34 0.31 0.14 33.99 44.32 0.00 0.72 312.65 68.95 
97 0.08 1.00 1.00 102.50 57.57 0.00 0.24 270.70 67.22 
98 0.09 0.61 0.95 8.20 27.26 0.00 0.24 24.27 38.28 
99 0.27 0.45 0.22 29.55 42.64 0.00 0.27 466.42 73.75 

101 0.01 1.00 1.00 19.76 37.81 0.00 0.26 110.99 56.52 
102 0.08 1.00 1.00 7.82 26.69 0.00 0.85 33.65 42.20 
103 0.34 0.29 0.74 20.83 38.44 0.00 0.16 257.80 66.63 
104 0.22 0.00 0.60 152.85 62.36 0.41 1.00 199.10 63.53 
105 0.00 0.52 0.07 15.52 34.91 0.18 1.00 23.37 37.83 
106 0.00 0.39 0.70 66.18 52.32 0.00 0.70 56.77 48.48 
107 0.09 0.11 0.56 92.09 56.28 0.00 1.00 207.11 64.01 
108 0.14 0.94 0.58 32.74 43.87 0.00 0.30 304.42 68.63 
109 0.20 0.60 0.31 27.56 41.80 0.00 0.26 276.31 67.47 
110 0.00 0.24 0.61 30.50 43.02 0.22 1.00 129.96 58.41 
111 0.10 0.85 0.29 8.86 28.18 0.00 0.28 414.76 72.34 
112 0.21 0.53 0.06 15.67 35.03 0.00 0.37 294.94 68.25 
113 0.05 0.96 0.78 31.75 43.50 0.00 0.70 103.52 55.69 

Notes: Lower AIC between the habit formation and satiation models is indicated in red. 

Distribution of projection bias under habit formation (RCT 3) 

The habit formation model outperformed the satiation model for 87 of 96 participants, 

indicating better fit. For these 87 participants, we plot the distribution of the projection bias 

parameter (Figure W18). Approximately 36.4% exhibited a projection bias of less than 50%, 

suggesting that their behavior aligned more with the rational addiction model. On the other 

hand, 63.6% had a projection bias greater than 50%, indicating that their behavior was more in 

line with myopic habit formation. Specifically, nine participants displayed fully myopic 
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behavior with respect to habit formation, while one participant appears to have been fully 

rationally addicted. 

Figure W18: Cumulative Proportion of AI Participants with Different Levels of Projection 

Bias Under Habit Formation in RCT 3. 

 

Table W31: Summary of Individual Level Estimates of the Satiation Model. 

 

Aggregate-level estimation 

At the aggregate level, we do not have a good proxy for 𝐼𝐼. As a result, to estimate the 

model at the aggregate level, as in Allcott, Gentzkow, and Song (2022), we consider the 

Satiation Model RCT 2 RCT 3 

 Mean (SE) Median Mean (SE) Median 

𝜸𝜸′ (Habituation retention factor) .08 (.03) ~0 .11 (.02) ~0 
𝜶𝜶𝒔𝒔 (Projection bias) .70 (.05) .76 .65 (.028) .75 
SSE (Sum of square errors) 81.53  278.61  
AIC (Akaike information) 48.02  62.103  
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treatment effect or the change in consumption during period 1, period 2 and post-treatment in 

the AI condition vis-a-vis C condition. The difference between the optimal consumption in 

the AI and C condition helps to net out I from the empirical Equations 3 and 4. Indicating 

optimal consumption in period 𝑖𝑖 in the C condition using 𝑐𝑐𝑖𝑖 and in the AI condition using 𝑐𝑐𝐴𝐴𝐴𝐴, 

the new empirical equations are as follows:  

• Period 1: 𝑐𝑐1𝐴𝐴𝐴𝐴𝐴𝐴 − 𝑐𝑐1 = 𝐻𝐻(𝑘𝑘𝐴𝐴1𝑖𝑖 − 𝑘𝑘𝐶𝐶1𝑖𝑖) + (1 − 𝛼𝛼)𝐻𝐻𝐻𝐻(𝑐𝑐2𝐴𝐴𝐴𝐴 − 𝑐𝑐2𝑖𝑖)  + (1 −

𝛼𝛼)𝛾𝛾2𝐻𝐻(𝑐𝑐3𝐴𝐴𝐴𝐴 − 𝑐𝑐3𝑖𝑖) + (1 − 𝛼𝛼)𝛾𝛾3𝐻𝐻(𝑐𝑐4𝐴𝐴𝐴𝐴 − 𝑐𝑐4𝑖𝑖) + 𝜖𝜖𝑖𝑖𝑖𝑖   (3)       

• Post-treatment:        𝑐𝑐4𝐴𝐴𝐴𝐴𝐴𝐴 − 𝑐𝑐1 = 𝐻𝐻 × (𝛾𝛾(𝑐𝑐3𝐴𝐴𝐴𝐴 − 𝑐𝑐3𝑖𝑖) + 𝛾𝛾2𝑐𝑐2𝐴𝐴𝐴𝐴 − 𝑐𝑐2𝑖𝑖) + 𝛾𝛾3(𝑐𝑐1𝑖𝑖 −

𝑐𝑐1𝐴𝐴𝐴𝐴  + 𝑘𝑘1𝑖𝑖 − 𝑘𝑘1𝐴𝐴𝐴𝐴) )) + 𝜖𝜖𝑖𝑖𝑖𝑖                 

We consider the difference in optimal consumption in the AI and C condition in 

period 1 and the post-treatment. We consider six days of period 1 and six days of the post-

treatment for all 113 AI participants (a total of 1,376 data points). We plug in the difference 

in period 2 consumption between the AI and C condition to the optimal consumption 

equations to estimate the parameters. The aggregate level parameters are consistent with the 

individual level parameters. The projection bias is .47. Based on the AIC criterion, the habit 

formation model fits the data better than the satiation model. 

Table W32: Aggregate Level Estimation of the Habit Formation Model in RCT 3. 
 

 

 

 

 

 

 

Habit formation model  
H (adjacent complementarity) .61 

𝜸𝜸 (Habituation retention factor) .64 
𝜶𝜶 (Projection bias) .57 
SSE (Sum of square errors) 5752 
AIC (Akaike information crit.) 4659 
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Table W33: Aggregate Level Estimation of the Satiation Model in RCT 3. 

 

 

 

 

Robustness Checks  

For robustness checks, we exclusively focus on the RCT 3 data. 

Discount factor 𝛿𝛿 = .9 

We estimate the habit formation model at the aggregate and individual level when the 

discount factor is .9. The projection bias parameter tends to become smaller. Almost 45% of 

participants had a projection bias parameter smaller than .5 (or were more rationally 

addicted). 

Table W34: Aggregate and Individual Level Estimate of the Habit Formation Model in RCT 

3 with 𝛿𝛿 = .9. 

 

 

 

Satiation model  
𝜸𝜸′ (Satiation retention factor) ~0 
𝜶𝜶𝒔𝒔 (Projection bias) 0.43 
SSE (Sum of square errors) 22299.77 
AIC (Akaike information) 6495.28 

  Habit formation model RCT 3 with delta = 0.9 

 Aggregate level Individual level 

  Mean (SE) Median 

H (adjacent complementarity) .61 .21 (.16) .17 

𝜸𝜸 (Habituation retention factor) .65 .42 (.33) .39 

𝜶𝜶 (Projection bias) .47 .47 (.35) .53 

SSE (Sum of square errors) 5736.07 45.38  

AIC (Akaike information)  4656.103 33.01  
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Focusing only on participants who perceive monetary incentives to be highly attractive 

We find that 85 out of 113 participants in the AI condition find the monetary incentive 

attractive (rating ≥ 4 on a 7-point Likert scale). 

Figure W19: Histogram of Attractiveness of Monetary Incentives. 

 

When we focus on the 85 participants with a high attractiveness rating of the 

monetary incentives, we observe that the parameter estimates are similar to the numbers in 

Table 7 in the main manuscript. However, the projection bias is slightly higher, although the 

difference is not statistically significant. 

Table W35: Aggregate and Individual Level Estimate of the Habit Formation Model in 

RCT 3 for those with High Monetary Incentive Attractiveness (Rating ≥ 4 on a 1–7 Scale).  

 

  Habit formation model  

 Aggregate level Individual level 

  Mean (SE) Median 

H (adjacent complementarity) .71 .37 (.02) .5 

𝜸𝜸 (Habituation retention factor) .59 .28 (.03) .17 

𝜶𝜶 (Projection bias) .67 .67 (.04) .77 

SSE (Sum of square errors) 4040.5 47.5  

AIC (Akaike information)  3437.83 44.35  
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Allowing for habit formation and satiation in the same model 

We can incorporate both habit formation and satiation in the same model by allowing 

𝑏𝑏2 in Equation 1 to take values above and below zero. If b2 < 0, the stock of past 

consumption reduces marginal utility of current consumption (satiation). If 𝑏𝑏2 > 0, the stock 

of past consumption increases marginal utility of current consumption (habit formation). In 

the empirical Equations 3 - 4, this implies that 𝐻𝐻 > 0 is habit formation and 𝐻𝐻 < 0 is 

satiation. In RCT 3, we find that 95 out of 113 participants (84%) have H > 0, exhibiting habit 

formation. On the other hand, 18 out of 113 participants (16%) have H < 0, therefore 

exhibiting satiation. The average H > 0 (p <.001), thus habit formation is the dominant 

phenomenon.  

Table W36: Individual-Level Results of Fitting Habit Formation and Satiation in the Same 

Model (RCT 3) 

 

 

 

 
 
 

 
 
Fitting the model at the individual level in the API condition 

We find that the estimates in the API condition are similar to those in the AI 

condition. This suggests that participants in the API condition may have followed a strategy 

to reduce their usage by making adjustments to their usage within period 2.  

 

Model parameters Mean (Std. error) Median 

H (adjacent complementarity) .17 (.020) .16 

𝜸𝜸 (Habituation retention factor) .47 (.034) .50 

𝜶𝜶 (Projection bias) .61 (.03) .75 

SSE (Sum of square errors) 32.78  

AIC (Akaike information) 38.71  
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Table W37: Individual-Level Results of Fitting Habit Formation in the API Condition. 
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Model parameters Mean (Std. error) Median 

H (adjacent complementarity) .21 (.014) .17 

𝜸𝜸 (Habituation retention factor) .49 (.03) .51 

𝜶𝜶 (Projection bias) .56 (.03) .64 

SSE (Sum of square errors) 39.32  

AIC (Akaike information) 38.71  
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