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1 Introduction

Habits shape many social, economic, and health behaviors (Pollak, 1970; Becker, 1992).

Empirical work has mostly focused on distinguishing habits from other sources of behavioral

persistence, such as fixed preferences or persistent economic conditions. Yet for both theory

and policy, the central question is not only whether habits exist, but also how they are

established and sustained.

How habits form matters. Cigarette smoking might sustain itself through repeated con-

sumption, whereas a lasting taste for a new food can form after a single experience. Both

produce persistent behavior, but their implications for taxes and incentives differ (Becker,

Grossman and Murphy, 1994; Hintermann and Lange, 2013). Consider annual vaccination:

if a first visit establishes the habit, incentives should target initial take-up; if repetition

sustains it, incentives should recur. Distinguishing these mechanisms requires exogenous

variation in multiple periods of past consumption—for example, separate variation in initial

and subsequent vaccination decisions—which few empirical settings provide.

This paper develops a framework to characterize and distinguish competing mechanisms

of habit formation. We define a habit as a positive causal effect of past consumption on

current consumption and organize habit-forming mechanisms into two classes. The first,

which we call reinforcement models, includes rational addiction, switching costs, and related

mechanisms in which recent consumption affects current behavior more strongly than distant

consumption (Klemperer, 1987; Becker and Murphy, 1988). The second, threshold models,

includes experience-good and learning mechanisms in which a habit is established once con-

sumption exceeds a critical threshold (Dupas, 2014; Banerjee et al., 2021). In a two-period

setting, these classes are observationally equivalent because initial consumption is also the

most recent. We show that with three periods, separating the mechanisms is possible, pro-

vided there is exogenous variation in early, late, and repeated consumption. This variation

identifies two distinguishing features: recency, whether recent actions matter more than ear-

lier ones, and frequency, whether repetition further strengthens the habit. Reinforcement

models predict both effects; threshold models predict neither.

We apply this framework to study habit formation in health screenings, drawing on a
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large-scale randomized controlled trial among 4,799 university employees. Employees were

randomly divided into two waves: 3,275 (“Wave 1”) were offered financial incentives to

complete an annual biometric health screening each year for three years (2016–2018), while

the other 1,524 employees (“Wave 2”) were invited to participate only in the final two years.

Crucially, incentives were re-randomized at the start of each year, generating the exogenous

variation in early, late, and repeated screening that our framework requires.1

The reduced-form effects of the incentives provide a first indication of the underlying

mechanism. In Wave 1, the initial (2016) incentive had a large contemporaneous effect,

boosting first-year screening rates by 12.4 percentage points. Screening rates remained 4.5

percentage points higher one year later and 4.4 percentage points higher two years later.

The second-year (2017) incentive also produced a large contemporaneous effect but, unlike

the initial incentive, generated little persistence. Wave 2 confirms the persistent effect of a

first incentive in an independent sample: its initial (2017) incentive raised screening rates by

27.7 percentage points that year and by 8.0 percentage points one year later. In both waves,

roughly one-third of the initial boost persisted, indicating substantial habit formation. The

persistent effect of the initial incentive, together with the absence of persistence from the

subsequent incentive, is suggestive of the underlying mechanism: this pattern is difficult to

reconcile with reinforcement models, in which repeated exposure progressively strengthens

habits. However, because the second-year incentive in Wave 1 induced screening among both

first-time and repeat participants, the reduced-form estimates do not separately identify the

effects of initial and repeated screening.

To separate these effects, we use the randomized incentives as instruments for screening

participation in two complementary ways. Our first approach estimates parametric bench-

marks: for the reinforcement class, an addiction model in which past consumption accumu-

lates into a geometrically depreciating habit stock; for the threshold class, a zero-threshold

(experience-good) model in which any prior screening suffices to establish the habit. By im-

posing structure, these specifications deliver powerful tests of their respective mechanisms.

These parametric estimates reveal strong habit formation from initial exposure and reject
1Our preregistered analysis plan specified estimation of the contemporaneous effects of incentives on

screening completion. The analysis of persistence and habit formation mechanisms was not prespecified.
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the addiction model in favor of the zero-threshold model. The key distinguishing prediction of

the addiction model is that more recent consumption should have a larger effect. Estimating

this specification on Wave 1, we find the opposite: completing a screening in 2016 raised

the probability of screening in 2018 by 33.1 percentage points, whereas completing one in

2017 raised it by a statistically insignificant 6.3 percentage points. Under the zero-threshold

specification, by contrast, completing at least one prior screening raised subsequent screening

rates by 32.4–36.1 percentage points, a 90–111 percent increase relative to the control-group

screening rate. When we allow a second prior screening to have an additional effect beyond

the first, the estimated incremental effect is small and statistically indistinguishable from

zero, as the zero-threshold model predicts.

Our second approach relaxes these parametric assumptions and estimates a general re-

cency–frequency specification that relates third-year screening to mutually exclusive histories

of prior behavior: screened only in the first year, only in the second year, or in both years.

This specification places minimal functional-form restrictions on the data while preserving

the key distinction between the two classes: reinforcement models predict recency and fre-

quency effects, whereas the zero-threshold model predicts neither.

The general specification yields the same verdict as the parametric tests. Screening

only in the first year, only in the second year, or in both years raised third-year screening

by amounts that are large, similar in magnitude, and statistically indistinguishable. This

pattern is precisely the equality the zero-threshold model implies, and it is inconsistent with

reinforcement models, which predict a larger effect of second-year screening (recency) and

a larger effect of screening in both years (frequency). Taken together, the evidence rejects

reinforcement in favor of a threshold mechanism of habit formation in annual screenings:

a single screening is sufficient to establish and sustain the habit, and additional screenings

provide no incremental reinforcement.

Our randomized design is essential for reaching this conclusion. Observational (OLS)

estimates point to a very different conclusion: they exhibit strong recency and frequency

effects, consistent with a reinforcement mechanism, and reject the key restrictions implied

by the threshold model. This contrast likely reflects persistent unobserved differences in

individuals’ propensity to screen. Research design thus matters not only for distinguishing
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habits from other sources of behavioral persistence, but also for identifying how those habits

form. In this setting, standard observational evidence would recover the wrong model of

habit formation.

Finally, we show how understanding the mechanisms of habit formation can inform the

design of cost-effective interventions. A naive evaluation that ignores habit formation would

credit the initial Wave 1 incentive with a 12.4 percentage point increase in screening for

a single year. Accounting for the habit it created, however, raises the total effect to 21.3

percentage points over the three-year program period, 71% higher than the one-year estimate.

Notably, this persistence is confined to the first “dose” of the intervention: the second

dose increased contemporaneous completion rates by 20.3 percentage points but had no

detectable effect on subsequent screenings. Habit formation in this setting thus raises the

cost-effectiveness of the first incentive but not the second, contrary to the predictions of

reinforcement models, in which repeated participation amplifies the long-run effect of both

incentives.

A large literature in economics documents habit formation. Many studies explicitly or

implicitly feature reinforcement models, a classic case being cigarette addiction (Becker,

Grossman and Murphy, 1994; Gruber and Köszegi, 2001). This class of models has also

been applied to other settings including gym attendance, energy conservation, voting, hand

washing, and social media use.2 Models of switching costs and inertia can likewise be viewed

as special cases of reinforcement models.3 Other studies instead emphasize mechanisms

resembling threshold models, notably experience-good models in which agents learn about

a good’s benefits through initial consumption. These models have been applied to brand

persistence in food consumption, pharmaceutical demand, and health insurance enrollment.4

In the simplest case, a single exposure to an experience good can generate persistently higher

subsequent consumption (Dupas, 2014).

In most of these studies, reinforcement or threshold mechanisms are assumed rather than

empirically distinguished, although observed patterns may sometimes be consistent with
2These include Charness and Gneezy (2009), Allcott and Rogers (2014), Fujiwara, Meng and Vogl (2016),

Hussam et al. (2022), and Allcott, Gentzkow and Song (2022).
3These include, for example, Farrell (2007), Handel (2013), and Polyakova (2016).
4These include Ackerberg (2001), Ackerberg (2003), Crawford and Shum (2005), Dickstein (2021), and

Banerjee et al. (2021).
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either class, as noted by Hussam et al. (2022). A notable exception, and the paper closest to

ours, is Carrera et al. (2019), who study an employer-provided gym membership and develop

a model that generates either reinforcement or threshold dynamics depending on parameter

values. Empirically, however, they find limited persistence following an eight-week incentive

program, suggesting that exercise habits rarely become self-sustaining.

Our approach to studying habit formation differs from the existing literature in two key

respects. First, we organize a wide range of previously studied mechanisms into two broad

classes and show how recency and frequency can be used to characterize and distinguish

them empirically. Second, we recast habit estimation as an instrumental variables (IV)

problem. This brings the standard IV apparatus to bear, making transparent the variation

required to identify recency and frequency effects—namely, valid instruments for early, late,

and repeated actions.5 This perspective also highlights the additional conditions required

to interpret multivariate IV estimates as local average treatment effects when multiple en-

dogenous treatments are present (Bhuller and Sigstad, 2024). More broadly, the framework

offers a general strategy for uncovering the mechanisms of habit formation that extends nat-

urally to non-experimental settings outside health. Quasi-experimental shocks could reveal,

for example, whether voting habits strengthen with repetition, helping determine whether

mobilization efforts should focus on converting first-time voters or on repeatedly contacting

the same individuals over time (Gerber, Green and Shachar, 2003; Fujiwara, Meng and Vogl,

2016). Exogenous variation in purchases over time could likewise distinguish switching costs

from experience-good learning in brand choice, helping determine whether firms compete to

attract first-time buyers or instead profit from consumer lock-in (Ackerberg, 2003; Farrell,

2007).

Our paper also contributes to work on financial incentives for health behaviors by bring-

ing insights from the habit formation literature to low-frequency behaviors. Most studies

of habit formation in health behaviors focus on high-frequency activities, such as gym at-

tendance, exercise, healthy eating, and daily hand-washing.6 By contrast, the literature
5Fully specified structural models also seek to identify the effect of past behavior on current behavior,

and may generate other distinguishing predictions, such as different patterns of decay over time (Ackerberg,
2001; Osborne, 2011).

6These include Volpp et al. (2008), Charness and Gneezy (2009), Acland and Levy (2015), Royer, Stehr
and Sydnor (2015), Loewenstein, Price and Volpp (2016), Patel et al. (2016), Rohde and Verbeke (2017),
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on incentives for low-frequency behaviors such as vaccinations, cancer and cardiovascular

screenings, and workplace health screenings has largely overlooked the possibility of habit

formation.7 An exception is Schneider et al. (2023), who find that a $24 financial incen-

tive for an initial COVID-19 vaccine dose in Sweden did not significantly affect uptake of

subsequent doses. We study much larger incentives ($75–$200) for another low-frequency

(annual) behavior, biometric health screenings, and find economically large and statistically

significant persistence effects, showing that even infrequent health behaviors can become

habitual.8

The remainder of the paper is organized as follows. Section 2 presents a general model of

habit formation and shows how its predictions differ depending on the underlying mechanism.

Section 3 provides background on our empirical setting and describes our data. Section 4

outlines our empirical strategy. Section 5 presents our results, and Section 6 concludes.

2 Model

This section develops a framework for distinguishing competing mechanisms of habit for-

mation. Following the economics literature, we define habit formation as a positive causal

effect of past consumption on current consumption (Becker, 1992; Royer, Stehr and Sydnor,

2015). We derive testable restrictions that separate two broad classes—reinforcement and

threshold models—using experimental variation in early, late, and repeated actions. The key

distinction is whether additional or more recent past actions continue to strengthen current

demand after a habit has been established. In reinforcement models, past actions accumulate

into a stock that places greater weight on more recent behavior. In threshold models, the

stock depends only on whether prior actions have exceeded a critical level; once that level is

reached, additional actions—regardless of their timing—have no further effect on demand.

These classes encompass leading explanations for behavioral persistence. The reinforce-

Carrera et al. (2018), Beshears et al. (2020), Carrera et al. (2019), Aggarwal, Dizon-Ross and Zucker (2022),
and Hussam et al. (2022).

7These include Stone et al. (2002), Alsan, Garrick and Graziani (2019), Jones, Molitor and Reif (2019),
Song and Baicker (2019), and Campos-Mercade et al. (2021).

8Even outside the realm of health, few studies have examined habit formation in infrequent behaviors.
Two prominent exceptions include Gerber, Green and Shachar (2003) and Fujiwara, Meng and Vogl (2016),
who study habit formation in voting.
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ment class includes the canonical addiction model of Becker and Murphy (1988) and, as

we show below, nests switching-cost and inertia models as special cases (Handel, 2013;

Polyakova, 2016). The threshold class captures experience-good and learning models, as

well as models with fixed entry costs, where behavior changes discretely once a critical level

is reached (Ackerberg, 2003; Dupas, 2014; Carrera et al., 2019; Banerjee et al., 2021).9

We proceed in three steps. First, we define the two general classes of mechanisms—

reinforcement and threshold—through restrictions on the habit stock. Second, we derive

predictions from one parametric benchmark in each class: a geometrically depreciating ad-

diction model for reinforcement and a zero-threshold model for threshold behavior. Third,

we show that both benchmarks can be tested in a non-parametric, recency–frequency speci-

fication that relates current behavior to three mutually exclusive histories of past behavior:

early-only, late-only, and repeated consumption.

2.1 Setup

In each period t ≤ T , consumers choose consumption of a habit-forming good at, sold at

price pt, and a composite numeraire good ct. Flow utility is given by U(at, St, ct, zt), where zt
is an exogenous utility shifter. Past consumption of the habit-forming good affects current

utility through the habit stock St, which depends on past consumption and the initial stock:

St = g(at−1, at−2, . . . , a1;S0) (1)

Each period, consumers maximize utility subject to their budget constraint:

max
at,ct

U(at, St, ct, zt), (2)

s.t. wt = ct + ptat, (3)

9While these threshold mechanisms differ in their underlying microfoundations (e.g., some emphasize
learning while others emphasize fixed costs), they generate the same predictions for screening completion in
our experimental setting and are therefore observationally equivalent here.
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where income wt is divided between the two goods. For simplicity, we assume consumers are

myopic: they ignore the effect of current consumption on future utility through St+1.10

For tractability, we treat at as continuous and assume a concave, quadratic utility

function—a common specification in the addiction literature (Becker, Grossman and Mur-

phy, 1994; Gruber and Köszegi, 2001; Reif, 2019).11 As shown in Appendix A.1, solving the

consumer’s optimization problem (2) subject to the budget constraint (3) yields the following

demand equation:

at = κ+ θSt + πpt + δzt, (4)

where κ is a constant, π captures price sensitivity, and δ reflects the effect of zt on demand.

The parameter of interest, θ, captures the effect of past consumption on current demand:

θ > 0 implies habit formation, while θ < 0 indicates satiation or fatigue. Appendix A.1

derives conditions for θ > 0, which we take to be the relevant case in our empirical setting.

Identifying θ requires exogenous variation in the stock St. Our randomized incentives provide

this variation by shifting prior consumption.12

2.2 Reinforcement Models

We define reinforcement models as those where the habit stock, St, increases with past actions

and places greater weight on more recent actions than on more distant ones. Formally:

Definition 1 (Reinforcement)

∂St
∂at−1

>
∂St
∂at−k

≥ ∂St
∂at−j

≥ 0, for all j > k > 1

This definition characterizes the reinforcement class. To obtain a parametric benchmark with

sharp empirical restrictions, we specialize this class to the standard geometric depreciation
10In forward-looking models, current demand may also depend on expected future consumption. In our

setting, however, future incentives were not known in advance, so consumers could not condition current
choices on future incentive realizations. We therefore abstract from forward-looking behavior.

11Appendix A.2 presents a generalized reinforcement model that relaxes the quadratic utility assumption,
while Appendix A.3 solves a discrete-choice version of the model that yields a similar estimating equation.

12Equation (4) is a Frisch demand equation, which holds the marginal utility of income constant. Although
the randomized incentives are monetary, they represent less than 1% of annual income for the median
participant, so any associated income effects are likely negligible.
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specification from the addiction literature (Becker and Murphy, 1988):

St = (1− d)St−1 + at−1, (5)

where d ∈ (0, 1] is the rate of depreciation. Stable demand requires θ/d < 1, which ensures

that the effect of past consumption on demand does not grow without bound. When depre-

ciation is complete (d = 1), the habit stock depends only on consumption in the immediately

preceding period. In a discrete choice setting, this special case corresponds to a switching-

cost or inertia model in which consumers incur a cost whenever their current action differs

from that of the previous period (see, e.g., Handel, 2013; Polyakova, 2016).

Both waves of our empirical setting (Section 3) begin with no prior screening exposure,

so S0 = 0. Consider first a two-period setting (T = 2), as in Wave 2. Combining equations

(4) and (5) yields:

a2 = κ+ θa1 + πp2 + δz2. (6)

Extending to three periods (T = 3)—as in Wave 1 of our application—and substituting

recursively yields:13

a3 = κ+ θa2 + θ(1− d)a1 + πp3 + δz3. (7)

This benchmark delivers two key empirical implications. First, recency matters: more

recent consumption has a larger effect on current demand than more distant consumption,

because the habit stock depreciates over time (d > 0). Second, frequency matters: repeated

consumption further increases current demand, because past actions accumulate in the habit

stock (provided d < 1).

2.3 Threshold Models

We define threshold models as those where the habit stock depends only on whether cumula-

tive past consumption exceeds a critical level. Once past consumption exceeds the threshold

a ≥ 0, the stock remains fixed and does not depreciate. Formally:

13Alternatively, third-period demand can be expressed solely in terms of current and past exogenous
variables, yielding the “reduced-form” persistence model described in Section 4.1.
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Definition 2 (Threshold)

St =


1 if

t−1∑
τ=1

aτ > a,

0 otherwise.

In a two-period setting with initial stock S0 = 0, the threshold model yields the same

qualitative prediction as the addiction model: first-period consumption raises second-period

demand. The models diverge, however, in settings with at least three periods. Substituting

the law of motion into the demand equation yields:

a3 = κ+ θ1(a1 + a2 > a) + πp3 + δz3. (8)

Two testable implications distinguish threshold behavior from reinforcement. First, re-

cency does not matter: conditional on exceeding the threshold, consumption in period 1

and period 2 have identical effects on current demand. Second, frequency does not matter

once the threshold is reached: additional past consumption beyond the threshold has no

incremental effect on current demand.

This definition characterizes the threshold class. For the empirical benchmark, we focus

on the zero-threshold case, in which one prior action is sufficient to establish the habit. This

benchmark corresponds to experience-good models with rapid learning, where consumers

learn their preferences after initial consumption (Erdem and Keane, 1996; Ackerberg, 2003;

Israel, 2005), and to fixed-entry-cost models, where a one-time cost paid upon initial partic-

ipation lowers the effective cost of subsequent participation.

2.4 Unified Recency–Frequency Specification

The reinforcement and threshold models generate distinct predictions for how third-period

demand depends on the recency and frequency of past consumption. This subsection trans-

lates those predictions into a non-parametric specification saturated in prior screening histo-

ries. To match our empirical setting, we present a discrete version of the model in the main

text and provide a formal derivation in Appendix A.3. Appendix A.4 develops a continuous

version that yields qualitatively similar results.
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Define four mutually exclusive histories of past consumption: no prior consumption,

early-only consumption, late-only consumption, and repeated consumption. Let the no-

prior-consumption group be the omitted category. We denote these categories as:

D0 ≡ 1{a1 = 0, a2 = 0},

D1 ≡ 1{a1 = 1, a2 = 0},

D2 ≡ 1{a1 = 0, a2 = 1},

D3 ≡ 1{a1 = 1, a2 = 1},

The corresponding treatment effects compare third-period demand for each history to third-

period demand for the no-prior-consumption group:

βj ≡ E[a3 | Dj = 1]− E[a3 | D0 = 1], j ∈ {1, 2, 3} (9)

The three coefficients have a direct interpretation: β1 measures the effect of early-only con-

sumption, β2 the effect of late-only consumption, and β3 the effect of repeated consumption,

each relative to no prior consumption.

The reinforcement and threshold model classes impose distinct restrictions on these co-

efficients. Under reinforcement, later consumption should matter more than earlier con-

sumption because the habit stock depreciates. Thus, reinforcement predicts a recency effect:

β2 > β1. Reinforcement also predicts a frequency effect: β3 ≥ β2 and β3 > β1. The standard

addiction benchmark, which assumes geometric decay of the habit stock, delivers the same

recency restriction and a sharper frequency restriction:

β2 > β1 (recency), (10)

β3 = β1 + β2 (frequency). (11)

Under a threshold model, behavior depends only on whether prior consumption exceeds the

threshold. Timing is therefore irrelevant, so there is no recency effect (β1 = β2). Whether a

frequency effect arises depends on the threshold. In the zero-threshold benchmark (a = 0),
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any prior consumption suffices to establish the habit, so early-only, late-only, and repeated

consumption all have the same effect on third-period demand:14

β1 = β2 = β3 (no recency and no frequency). (12)

3 Institutional Setting

The Illinois Workplace Wellness Study is a large-scale randomized controlled trial conducted

at the University of Illinois Urbana-Champaign to evaluate workplace wellness programs

(Jones, Molitor and Reif, 2019; Reif et al., 2020). We use its annually rerandomized incentives

for biometric health screenings to study habit formation. The habit we study is completion

of the on-campus biometric health screening, which the university offered for the first time

as part of this wellness program. In 2016, 4,834 benefits-eligible employees were randomly

assigned to one of two study waves. Wave 1 (N = 3, 300) was invited to complete annual

health screenings in 2016, 2017, and 2018 and was eligible for the broader workplace wellness

program. Wave 2 (N = 1, 534) was invited to complete health screenings only in 2017 and

2018 and was not eligible for the broader wellness program. We limit our analysis to subjects

who remained continuously enrolled through the end of the intervention, yielding a final

sample size of 4,799 (3,275 in Wave 1 and 1,524 in Wave 2).

The biometric health screening is the focal behavior of our analysis. Participants invited

to a screening completed it on campus during the fall. At each screening, clinicians measured

height, weight, waist circumference, and blood pressure, and administered a fingerstick blood

test to assess cholesterol, triglyceride, and glucose levels. Results were provided within

minutes and reviewed with a health coach.

Wave 1 members who completed a 2016 or 2017 health screening were also invited to

complete an online health risk assessment (HRA), which made them eligible for additional

wellness activities, including a walking program, weight management classes, and a tobacco

cessation program. Overall, 34 percent of Wave 1 members completed at least one activity.
14With a = 1, only individuals with a1 = a2 = 1 cross the threshold, implying β3 > 0 and β1 = β2 = 0.

With a ≥ 2, no possible consumption history crosses the threshold, so β1 = β2 = β3 = 0. We show in
Section 5.2 that both alternative thresholds are inconsistent with our data.

12



Wave 2 members were not offered the HRA or these activities. These additional program

components are not the focus of our analysis, which centers on screening completion, but

they are part of the broader wellness intervention available to Wave 1.

Figure 1 summarizes the experimental design. Financial incentives for screening com-

pletion were assigned several weeks before each screening sign-up period using stratified

individual-level randomization (Jones, Molitor and Reif, 2019). The key design feature is

that screening incentives were rerandomized each year. As a result, each year’s incentive

assignment was independent of previous incentives, prior screening decisions, and other past

outcomes. In 2016, Wave 1 employees were assigned with equal probability to incentives of

$0, $100, or $200.15 In 2017 and 2018, employees in both waves were assigned with equal

probability to receive $0 or $125 (in 2017) and $0 or $75 (in 2018), conditional on complet-

ing a screening. Together, these annual rerandomizations constitute five distinct randomized

experiments: three for Wave 1 (2016, 2017, 2018) and two for Wave 2 (2017, 2018). This re-

peated rerandomization generates exogenous variation in early, late, and repeated screening,

providing exactly the empirical variation required by the framework in Section 2.

4 Empirical Strategy

Our empirical strategy proceeds in two steps. Section 4.1 estimates reduced-form effects

of incentives on screening completion, distinguishing the “direct effect” (their impact on

same-year completion) from the “persistence effect” (their impact on future completion).

Section 4.2 then uses instrumental variables (IV) to estimate habit formation—the causal

effect of past screening completion on current screening—using the randomized incentives as

instruments for past screening, operationalizing the model classes derived in Section 2.

Both steps rely on the random assignment of incentives. To assess this assumption,

we test whether each year’s assigned incentive can be predicted by other years’ incentives,

baseline characteristics, and survey variables. Table 1 reports mean values of these variables
15The 2016 incentives were paid only to employees who completed both a health screening and an online

HRA. Of the 1,888 participants in the analysis sample who completed a health screening, 1,838 also completed
an online HRA. In 2017, HRA completion was not required to receive the assigned incentive, and in 2018
the HRA was not offered.
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across treatment arms.16 Joint balance tests for each of the five experiments, represented by

pairs of adjacent columns (columns (1)–(2), (3)–(4), etc.), yield p-values of 0.29 or greater,

indicating no systematic differences across treatment arms and supporting the validity of

random assignment.

4.1 Reduced Form

We estimate the effects of incentives on screening completion using the following reduced-

form specification:

SCREENt
i = α +

T∑
τ=1

δτ INCENTIVEτi + γXi + εi. (13)

The outcome, SCREENt
i, is an indicator equal to 1 if individual i completed a health screen-

ing in event year t ∈ {1, 2, 3}, where event year 1 corresponds to 2016 for Wave 1 and 2017

for Wave 2. The variables of interest are the incentives INCENTIVEτi , indicators equal to 1

if individual i was assigned a non-zero screening incentive in year τ . We pool the $100 and

$200 arms of the 2016 incentive into a single indicator, since these two arms produced similar

direct effects on 2016 screening (Jones, Molitor and Reif, 2019). We estimate equation (13)

separately for each wave and screening year, yielding five separate regressions (Figure 1).

The coefficient δτ captures the average treatment effect of incentives assigned in year τ ,

with three distinct interpretations depending on the relative timing of t and τ . When t = τ ,

δτ identifies the direct effect of incentives on contemporaneous screening. When t > τ , it

captures the persistence effect on future screening. When t < τ , δτ provides a falsification

test: because future incentives were unknown to participants at the time of decision-making,

the coefficient should equal zero.

Because multiple incentives enter the regression simultaneously, each δτ represents a

weighted average of treatment effects across different histories of prior incentives (Muralid-

haran, Romero and Wüthrich, 2023). This weighted average is policy relevant, as many

real-world programs offer incentives repeatedly over time. In supplemental analyses, we
16The survey variable “ever screened” is a broad self-reported measure that indicates yes to any of several

preventive screening questions, and is not the same as completion of the on-campus biometric screening used
in our analysis.
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extend equation (13) to allow for interactions across years.

Random assignment ensures unbiased estimation without controls, so our baseline spec-

ification omits Xi. To improve precision, we also report supplemental “post-Lasso” spec-

ifications that select controls using the double-selection method of Belloni, Chernozhukov

and Hansen (2014), following the implementation in Jones, Molitor and Reif (2019). The

set of candidate control variables includes baseline demographics, health survey responses,

health behaviors, and claims-based measures of medical spending and usage, along with their

pairwise interactions.17 We report heteroskedasticity-robust standard errors (Abadie et al.,

2023).

4.2 Habit Formation

We now turn to estimating habit formation—the causal effect of past screening comple-

tion on current screening completion—using past incentives as instruments for past screen-

ing. Section 2 derived testable restrictions that distinguish reinforcement from threshold

models. The remainder of this subsection operationalizes those restrictions: Sections 4.2.1

and 4.2.2 specify estimating equations for each model class, Section 4.2.3 presents a unified,

recency–frequency specification that nests both, and Section 4.2.4 discusses identification.

4.2.1 Reinforcement Model

To test the reinforcement benchmark, we estimate the addiction specification from Sec-

tion 2.2, regressing current screening on up to two lags of past screening:

SCREENt
i = κ+ θ1SCREENt−1

i + θ2SCREENt−2
i + γXi + εi. (14)

The control vector Xi contains the contemporaneous incentive indicator, INCENTIVEti,

given its strong predictive power for screening completion. We also estimate a supplemental

post-Lasso specification that adds the controls selected in Section 4.1 for the same screening

outcome.
17Missing values are imputed using means or modes, and missingness indicators are included among the

candidate controls. See Jones, Molitor and Reif (2019) for a detailed description of these control variables.
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Because the waves differ in the number of screening years, and hence in the available

lags, we estimate equation (14) separately by wave, yielding three regressions: for Wave 1,

we regress 2017 screening on its one available lag and 2018 screening on both lags; for Wave 2,

which was first invited in 2017, we regress 2018 screening on its one available lag.

The focal parameters θ1 and θ2 measure the effects of screening one and two years earlier,

respectively. In the single lag regression, the key question is simply whether past screening

increases current screening (θ1 > 0), that is, whether habit formation is present. With two

lags, the regression further provides a direct test of reinforcement because the addiction

model predicts a recency effect, with more recent screening exerting a larger effect than

earlier screening: θ1 > θ2.

4.2.2 Threshold Model

To test the threshold benchmark, we estimate the zero-threshold specification from Sec-

tion 2.3. This model yields two testable predictions, which we examine in turn: additional

screenings beyond the first have no incremental effect (no frequency effect), and the timing

of the initial screening is irrelevant (no recency effect).

We test the absence of a frequency effect by regressing 2018 screening on indicators for

any prior screening (EVERi) and for screening in both prior years (TWICEi):

SCREEN2018
i = κ+ θ3EVERi + θ4TWICEi + γXi + εi. (15)

We test the absence of a recency effect by regressing 2018 screening on indicators for screening

in 2016 (SCREEN2016
i ) and first-time screening in 2017 (ONLY2017

i ):18

SCREEN2018
i = κ+ θ5SCREEN2016

i + θ6ONLY2017
i + γXi + εi. (16)

In both equations, the control vector Xi contains the contemporaneous (2018) incentive

indicator, INCENTIVE2018
i . We also estimate supplemental post-Lasso versions of both

18Technically, this test is best interpreted as a joint test of recency and frequency. Those who screen in
2016 can repeat in 2017, and thus θ5 could also capture frequency effects. Even so, it remains a valid test of
the zero-threshold model, which implies neither recency nor frequency effects.
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equations.

We estimate each equation separately by wave and, to gain statistical power, on the

pooled Waves 1 and 2 sample, where Xi additionally includes wave fixed effects and their in-

teraction with the 2018 incentive indicator. For Wave 2, whose participants have SCREEN2016
i =

0 by design, both specifications collapse to the single-lag version of equation (14), which can

detect habit formation but cannot distinguish reinforcement from threshold mechanisms.

The focal parameters are θ4, θ5, and θ6. The threshold model predicts no frequency effect

(θ4 = 0): conditional on having been screened at least once, a second prior screening yields

no additional boost to subsequent demand. It likewise predicts no recency effect (θ5 = θ6):

a first-time screening has the same effect on subsequent demand regardless of whether it

occurs in 2016 or 2017.

4.2.3 Recency and Frequency

Finally, we estimate the unified three-period specification from Section 2.4, which nests both

the reinforcement and threshold classes, regressing 2018 screening on mutually exclusive

indicators for prior screening histories:

SCREEN2018
i = κ+ β1ONLY2016

i + β2ONLY2017
i + β3TWICEi + γXi + εi. (17)

We estimate equation (17) on the pooled Waves 1 and 2 sample. The control vector Xi is

the same as in the pooled threshold specifications: the contemporaneous (2018) incentive

indicator, wave fixed effects, and their interaction. We also estimate a supplemental post-

Lasso version.

The focal parameters β1, β2, and β3 measure the effects of screening only in 2016, only

in 2017, and in both prior years. Because Wave 2 participants have SCREEN2016
i = 0 by

design, β1 and β3 are identified entirely from Wave 1, while β2 is identified using variation

from either wave.

These parameters, estimated from a single regression, provide a unified test of the re-

inforcement and threshold mechanisms, as derived in Section 2.4. Reinforcement implies a

recency effect (β2 > β1) and a frequency effect (β3 > β1 and β3 ≥ β2), with the addiction
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model further sharpening the frequency restriction to β3 = β1 + β2. By contrast, the zero-

threshold model implies β1 = β2 = β3: any prior screening is sufficient, and neither recency

nor frequency matters for current demand.

4.2.4 Identification

Ordinary least squares (OLS) estimation of equations (14)–(17) will be biased if past screen-

ing completion is correlated with unobserved determinants of current screening. This bias is

likely positive, since persistent factors such as health preferences increase screening propen-

sity across periods, though it could be negative if people prefer to space screenings over

time.

To address this endogeneity, we instrument past screening completion using the ran-

domly assigned incentives from prior years and estimate all models by two-stage least squares

(2SLS). The instrument set varies across specifications. In the reinforcement specification

(equation (14)), the endogenous regressors are lagged screening indicators, and we use the

corresponding year-specific incentives as excluded instruments. In the threshold and uni-

fied specifications (equations (15), (16), and (17)), the endogenous regressors are nonlinear

functions of past screening histories (e.g., EVER, TWICE), and we use the full set of prior

randomized incentives and their interactions as instruments. In pooled specifications, we

further interact instruments with wave fixed effects to allow first-stage relationships to differ

across waves, reflecting the fact that the incentive regime differs between Wave 1 and Wave

2. We report first-stage F -statistics using the method of Sanderson and Windmeijer (2016),

which provides separate weak-identification tests for each endogenous regressor.

The main identifying assumption is that incentives affect future screening only through

their effect on past screening completion. We discuss potential violations of this exclusion

restriction in Section 5.2. In models with a single endogenous treatment, the 2SLS estimate

can be interpreted as a local average treatment effect (LATE) among compliers, i.e., indi-

viduals whose screening decisions respond to incentives, under the standard monotonicity

assumption.

In models with multiple endogenous treatments, a LATE interpretation of 2SLS estimates

requires more than the standard monotonicity assumption. Bhuller and Sigstad (2024) show
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that multivariate 2SLS coefficients identify positively weighted averages of individual treat-

ment effects if and only if average conditional monotonicity and no cross effects hold. Average

conditional monotonicity requires that, holding the other predicted treatment fixed, instru-

ment variation does not on average reduce uptake of a given treatment. No cross effects rules

out heterogeneous cross-responses to the instruments. In our setting, for example, although

the 2016 incentive may affect 2017 screening through habit formation, no cross effects re-

quires that this spillover occur in the same relative way across individuals. While no cross

effects is a non-trivial assumption, Bhuller and Sigstad (2024) derive observable implications

of these identifying restrictions, allowing researchers to assess whether individuals respond

to the instruments in a manner consistent with a multivariate LATE interpretation.

We test these observable implications in our data and find no evidence that the identifying

restrictions underlying the multivariate 2SLS estimates are violated. In twelve subsamples

defined by pre-determined characteristics, individuals take up the screening histories the

instruments predict for them (supporting average conditional monotonicity) and no others

(joint cross-effect p-values 0.38–0.99); an outcome-based version of the test likewise fails

to reject (p-values 0.28 and 0.17).19 Moreover, complier characteristics are similar across

the three prior-screening history categories, and the overidentified specifications pass tests of

overidentifying restrictions (p-values 0.34–0.78), consistent with stable effects across complier

populations. Finally, our conclusions do not hinge on multi-treatment 2SLS: the reduced-

form estimates in Table 2 and single-endogenous-regressor specifications estimated separately

(Appendix Table A.5) require only standard single-treatment LATE assumptions and exhibit

the same pattern—large, persistent effects of initial screening and no detectable incremental
19Let D1, D2, and D3 denote the three mutually exclusive screening-history indicators in equation (17),

and let P1, P2, and P3 denote predicted histories, obtained by projecting each indicator on the instrument
set in the full sample. If average conditional monotonicity and no cross effects both hold, then within any
subsample defined by pre-determined characteristics, the regressions

Dk = αk +
∑3

l=1
ηklPl + φkX + εk, k = 1, 2, 3,

where X denotes the specification’s exogenous controls, must yield non-negative own-treatment coefficients
(ηkk ≥ 0) and zero cross-treatment coefficients (ηkl = 0 for l 6= k) (Bhuller and Sigstad, 2024, Proposition
4). The full sample recovers ηkk = 1 and ηkl = 0 by construction, so only subsamples are informative; ours
split the sample in two on each of six pre-determined characteristics: sex, age (50 and over), race (white),
faculty status, salary (below median), and self-reported prior screening. The outcome-based test replaces
the dependent variables with Y Dk and (1 − Y )Dk, where Y denotes 2018 screening; it is informative even
in the full sample, where we implement it (p = 0.28 and 0.17, respectively).
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effect of repeated screening.

5 Results

5.1 Reduced Form Effects of Incentives

We begin with reduced-form evidence on how financial incentives affect health screening

completion both contemporaneously (direct effects) and in subsequent years (persistence

effects). The central pattern is that the first incentive individuals are offered generates

substantial persistence, whereas subsequent incentives do not. This pattern provides the

first indication that habit formation in our setting operates through initial exposure rather

than repeated reinforcement.

Figure 2 illustrates this pattern graphically. For Wave 1, the initial 2016 incentive in-

creased screening completion from 49.4% to 61.8% (panel A). This effect persisted: screening

rates in the treated group remained 4.5 percentage points higher in 2017 and 4.4 percentage

points higher in 2018. A similar pattern appears in Wave 2. The initial 2017 incentive

increased screening completion by 27.7 percentage points in that year and by 8.0 percentage

points in 2018. By contrast, the second incentive offered to Wave 1 in 2017 had a large

contemporaneous effect but little subsequent persistence. The falsification comparisons in

panels B, C, and E show no meaningful differences in screening rates prior to incentive

assignment, consistent with successful annual rerandomization.

Table 2 confirms these patterns in regression form, reporting estimates of equation (13)

for each wave and screening year. The diagonal entries show large direct effects of incentives

on contemporaneous screening completion. The upper-diagonal (bold-faced) entries show

that persistence is concentrated in first-time incentives. Across the two waves, first-year

incentives increased future screening completion by 4.4 to 8.9 percentage points, whereas the

second incentive offered to Wave 1 had a small and statistically insignificant persistence effect

of 1.2 percentage points. Thus, the reduced-form evidence points to a sharp asymmetry:

incentives have durable effects when they induce initial participation, but not when they

induce repeated participation.20

20Post-Lasso specifications yield similar results (Table A.1). Tables A.2 and A.3 re-estimate equation (13)
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5.2 Habit Formation

We next interpret the persistence documented in Section 5.1 through the lens of habit for-

mation. We proceed in three steps: we first test the reinforcement model, then the threshold

model, and finally the unified specification that nests both.

5.2.1 Reinforcement Model

Table 3 reports estimates of the reinforcement model described in Section 2.2. Panel A

presents IV estimates that instrument for past screening completion with randomly assigned

past incentives. Panel B reports the corresponding OLS estimates.

Columns (1) and (3) of Panel A report single-lag IV estimates from equation (14). For

Wave 1, completing the 2016 screening raised the probability of completing the 2017 screening

by 36.0 percentage points, a 90 percent increase relative to the control-group rate of 39.9

percent (Figure 2). For Wave 2, completing the 2017 screening raised the probability of

completing the 2018 screening by 32.4 percentage points, essentially doubling the control-

group rate of 32.5 percent. Both effects are statistically significant (p < 0.01) and similar in

magnitude, a notable replication given that the waves differed in the timing and conditions

of their first screening invitations.

Column (2) of Panel A exploits the three-period structure of Wave 1 to test the recency

prediction of the reinforcement model implied by equation (7): more recent consumption

should have a larger effect on current demand than more distant consumption. Specifically,

completing the 2017 screening should have a larger effect on 2018 completion than completing

the 2016 screening, i.e., θ1 > θ2.

The estimates strongly contradict this prediction. Completing the 2016 screening in-

creases the probability of completing the 2018 screening by 33.1 percentage points (p < 0.01),

whereas completing the 2017 screening increases it by only 6.3 percentage points and is

statistically insignificant (p = 0.39). The more recent effect is not only smaller but also

statistically distinguishable from the earlier effect: the 95 percent confidence interval for the

for 2018 screening completion in the Wave 1 sample, adding interactions that allow each incentive’s effect to
vary with assignments in other years (Muralidharan, Romero and Wüthrich, 2023). The interaction terms
are statistically insignificant, though imprecisely estimated, and the main effects remain qualitatively stable,
continuing to support a persistent effect of the 2016 incentive but not the 2017 incentive.
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2017 effect, [−8.0, 20.5], does not contain the 2016 point estimate, and a Wald test rejects

equality of the two coefficients at the 10 percent level (p = 0.088). These results imply that

habit formation is driven primarily by the initial screening rather than by reinforcement

from repeated participation.

Panel B of Table 3 reports the corresponding OLS estimates. All are positive and statis-

tically significant, but OLS is upward biased because unobserved determinants of screening

participation—such as health preferences—are persistent over time. As a result, OLS yields

the misleading conclusion that more recent screening has a stronger effect than earlier screen-

ing, a result directly contradicted by the IV estimates.

5.2.2 Threshold Model

Table 4 reports estimates of the threshold model described in Section 2.3. All specifications

use 2018 screening completion as the outcome. Panel A presents IV estimates, and Panel B

reports the corresponding OLS estimates.

Columns (1)–(3) of Panel A estimate a restricted version of equation (15) that includes

only an indicator for having ever completed a screening prior to 2018. For Wave 1, Wave 2,

and the pooled sample, having ever been screened increases the probability of completing

the 2018 screening by 32.4 to 36.1 percentage points, an increase of 100–111 percent relative

to the 32.5 percent screening rate among participants never assigned a prior-year incentive,

with all estimates statistically significant at the 1 percent level. These results indicate strong

habit formation following initial exposure but do not, on their own, distinguish between

the reinforcement and threshold mechanisms. For Wave 2, which has only two screening

opportunities, this specification coincides with the single-lag model in Table 3.

Columns (4) and (5) of Panel A relax the restriction that additional screenings have no

further effect by separately estimating the incremental effect of completing a second screen-

ing (equation (15)), providing a direct test of frequency. In both the Wave 1 and pooled

specifications, this incremental effect is small and statistically insignificant. Conditional on

at least one prior screening, completing a second screening does not increase the probability

of screening in 2018. This finding is consistent with the threshold model’s no-frequency

prediction that habit formation operates through initial exposure rather than repeated rein-
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forcement.

Columns (6)–(8) test the model’s no-recency implication by distinguishing between first-

time screening in 2016 and first-time screening in 2017 (equation (16)). In the pooled sample

(column 8), the estimated effects are similar in magnitude, and we cannot reject equality

between them (p = 0.41), consistent with the model’s predictions. Column (6), which uses

only Wave 1 data, is less precise because most Wave 1 participants screened in 2017 had

also been screened in 2016. Since Wave 2 has no 2016 screening by design, the specifica-

tion in column (7) collapses to a single-lag model and recovers the same habit-formation

parameter estimated in column (2). Column (6), which uses only Wave 1 data, is less precise

because most participants who screened in 2017 had also screened in 2016, leaving few first-

time screeners in that year. Panel B reports the corresponding OLS estimates. Unlike the

IV estimates, OLS implies that both having ever been screened and having been screened

twice have large and statistically significant effects on 2018 completion (columns (4) and

(5)). The threshold model’s no-frequency prediction—that additional screenings provide no

incremental benefit conditional on prior screening—is therefore rejected under OLS. This

contrast with the IV estimates underscores the importance of accounting for endogeneity in

past screening behavior.

5.2.3 Recency and Frequency

Table 5 reports estimates from the unified, three-period model in equation (17), which relates

2018 screening completion to mutually exclusive prior screening histories. This specification

nests the reinforcement and threshold models and allows us to test their restrictions directly

within a common framework.

Column (1) reports IV estimates. All three coefficients are positive and statistically

significant, indicating substantial habit formation regardless of whether prior screening oc-

curred only in 2016, only in 2017, or in both years. The estimated effects are 44.0 percentage

points for screening only in 2016, 31.6 percentage points for screening only in 2017, and 40.3

percentage points for screening in both years.

These estimates permit direct tests of the competing models. Reinforcement models

predict that more recent and more frequent past screening should have larger effects on
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current behavior, implying β3 ≥ β2 > β1. The IV estimates do not support this pattern:

the coefficients are similar in magnitude and do not exhibit the ordering implied by recency

or frequency effects. A sharper prediction arises from the canonical addiction model, which

implies additivity, β3 = β1 + β2. This restriction is also rejected (p = 0.017), indicating

that repeated participation does not generate additive reinforcement effects. By contrast,

the threshold model predicts that all three coefficients are equal (β1 = β2 = β3). We fail to

reject this restriction in the IV estimates (p = 0.678), consistent with habit formation driven

by initial exposure rather than reinforcement.

Column (2) reports the corresponding OLS estimates. Although all three coefficients

remain positive and statistically significant, the implied pattern differs sharply from the IV

results. Under OLS, the threshold model is strongly rejected (p < 0.001), and the ordering of

the coefficients follows the pattern predicted by reinforcement models (β3 ≥ β2 > β1). This

pattern suggests that serial correlation in unobserved determinants of screening behavior

biases OLS estimates upward, producing spurious evidence of reinforcement.

Overall, the unified, recency–frequency framework consolidates the evidence from the

preceding analyses: once past screening completion is instrumented using randomized incen-

tives, the data reject reinforcement and support a threshold model in which initial exposure

increases subsequent participation.

5.3 Robustness

5.3.1 Alternative Explanations for Reduced Form Patterns

We consider alternative interpretations of the persistence patterns documented above. First,

the weak persistence of the 2017 incentive in Wave 1 could reflect an unusually poor screening

experience in that year. However, this explanation is difficult to reconcile with the positive

persistence effect of the same 2017 screening on Wave 2 subjects. Second, the 2017 incentive

might have had a weaker direct effect in Wave 1, mechanically limiting persistence. But the

contemporaneous effect of the 2017 incentive in Wave 1 was not smaller than that of the

2016 incentive, which did generate substantial persistence. Taken together, these patterns

support a conclusion that persistence in this setting is driven primarily by initial exposure.
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5.3.2 Assessing the Exclusion Restriction

For persistence to reflect habit formation, the exclusion restriction requires that financial

incentives affect future screening only through their effect on prior screening completion. A

potential concern is that subjects may not have fully understood or paid attention to changes

in their incentives across years. For example, individuals assigned a high incentive in 2016

may have expected this incentive to always persist. In that case, incentives could affect

future screening through mistaken beliefs rather than through past screening completion,

violating the exclusion restriction.

To investigate that possibility, we consider a null hypothesis under which persistence is

driven entirely by inattention to changes in incentives across years, with beliefs corrected

by experiencing the 2017 payment. Under this null, the effect of the 2016 incentive on 2018

completion should be smaller in the subsample assigned to the $0 incentive in 2017, since

individuals who attended the 2017 screening expecting a high payment would have learned

they were mistaken, thereby reducing their likelihood of returning in 2018.21 We therefore

estimate equation (13) for 2018 screening, omitting the 2017 incentive indicator, on the full

Wave 1 sample and on this subsample.

Table A.6 reports the results. Column (1) shows that the 2016 incentive raised the 2018

completion rate by 4.4 percentage points in the full sample. Restricting the sample to those

assigned the $0 incentive in 2017 (column (2)) raises the point estimate to 5.4 percentage

points, providing no evidence that confusion about incentive payments was driving our per-

sistence estimates. Estimates from specifications that include post-Lasso controls are similar

(Table A.7). Thus, we conclude that inattention does not explain our results.

A related concern is that the Wave 1 persistence estimates may reflect not only screen-

ing completion, but also the bundled HRA and broader wellness activities for which Wave

1 members were eligible upon screening completion. Wave 2 provides a way to assess this

interpretation: Wave 2 members were not offered the HRA or the additional wellness activ-

ities. Yet the Wave 2 first-screening incentive still generates a comparable persistence effect

into 2018, suggesting that the habit-formation result is not driven by the Wave 1 bundle.
21The 2017 screening completion rate was 33.8% among the 1,091 people assigned to the high-incentive

group in 2016 and the low-incentive group in 2017.
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5.4 Discussion

In our setting, overlooking habit formation significantly underestimates the effectiveness

of financial incentives. Consider the initial (2016) incentive offered to Wave 1. Absent

habit formation, one would conclude that this incentive increased completion rates by 12.4

percentage points (or 407 additional screenings, had all 3,275 Wave 1 participants been

incentivized) for one year, as shown in column (1) of Table 2. Accounting for persistence

nearly doubles this estimate: the cumulative effect across all three screenings is a 21.3

percentage point increase (or 697 people), a 71% increase relative to the one-year estimate.

These estimates capture only the habit-formation effect observed over the three-year program

period. Because persistence shows little decay over this period, the long-run impact of the

initial incentive would likely be larger if the program were extended.

However, this amplification is confined to initial exposure. A second incentive generates

large contemporaneous responses but had no detectable effect on future screening behavior.

As a result, while ignoring habit formation leads to substantial underestimation of the returns

to initial incentives, it is unlikely to similarly bias estimates of repeated incentives. This

pattern contrasts sharply with reinforcement models, which predict that habit formation

should amplify the long-run effects of both initial and subsequent incentives.

6 Conclusion

We show that even infrequent health behaviors, such as annual health screenings, can become

strongly habitual. Completing a health screening for the first time raises the probability of

completing a future screening by 32.4–36.1 percentage points—an effect that replicates across

two waves—but additional screenings do not further reinforce this habit. This pattern is

inconsistent with reinforcement models in which more recent or more frequent past behavior

progressively strengthens current demand. Instead, it supports a threshold model in which

a single exposure is sufficient to establish and sustain a habit.

Our empirical design disentangles these mechanisms by combining multiple rounds of

rerandomized incentives with an IV approach that treats past screening as endogenous.

This design allows us to separately identify the effects of initial and subsequent screenings,
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and thereby to test competing models of habit formation. Prior studies usually assume

one mechanism rather than identify it: much of the existing literature imposes either a

reinforcement or threshold-like mechanism, while our design provides direct tests between

them. The setting also broadens the evidence on habit formation in health behavior, which

has largely focused on high-frequency activities such as exercise, healthy eating, and hand

washing. We show that even low-frequency behaviors can become habitual.

From a policy perspective, our results suggest that, in the case of annual health screenings,

incentives aimed at inducing initial participation may have larger and more durable effects

than repeated incentives targeting experienced individuals. At the same time, our findings

identify the form of the habit more clearly than its precise microfoundations. One plausible

interpretation is experiential learning: individuals may update beliefs about the costs or

benefits of screening after participating once. However, other mechanisms, such as fixed

start-up costs that do not depend on beliefs, could generate similar dynamics. Distinguishing

among these microfoundations—for example by measuring beliefs directly and tracing how

they evolve with experience—is an important direction for future research. Such evidence

would clarify why a single exposure is sufficient to establish a lasting habit and would help

determine when initial incentives can generate persistent behavior change.
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Figure 1: Experimental Design of the Illinois Workplace Wellness Study
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Notes: The figure depicts treatment assignments over time for subjects continuously enrolled through the end of the intervention. In 2016, the 4,799
subjects were randomly assigned to either Wave 1 or Wave 2. Wave 1 was invited to complete a biometric health screening in 2016, 2017, and 2018,
while Wave 2 was invited only in 2017 and 2018. Subjects were randomly assigned to either a control ($0 incentive) or treatment (> $0 incentive)
group a few weeks before each screening. Incentives were re-randomized annually.
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Figure 2: Health Screening Completion Rates, by Incentive Groups
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Notes: The figure panels report raw screening completion rates, by year and incentive level. Each panel reflects a specific wave and year of the
incentive. Error bars show 95% confidence intervals of differences in screening rates between high- and low-incentive groups. Comparisons made one
to two years after the assignment of incentives are labeled “persistence,” while those made one to two years before the assignment are labeled
“falsification.”
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Table 1: Balance Table

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10)

Wave 1 screening incentives Wave 2 screening incentives

First (2016) Second (2017) Third (2018) First (2017) Second (2018)

$200/$100 $0 $125 $0 $75 $0 $125 $0 $75 $0

A. Screening Incentive Variables

First-year screening incentive 1.00 0.00 0.67 0.67 0.67 0.67 1.00 0.00 0.47 0.53
Second-year screening incentive 0.50 0.50 1.00 0.00 0.51 0.49 0.47 0.53 1.00 0.00
Third-year screening incentive 0.50 0.50 0.51 0.49 1.00 0.00

B. Stratification Variables

Male [admin] 0.43 0.43 0.43 0.43 0.43 0.43 0.43 0.42 0.43 0.42
Age 50+ [admin] 0.32 0.33 0.33 0.32 0.32 0.33 0.32 0.32 0.32 0.32
Age 37–49 [admin] 0.33 0.33 0.33 0.33 0.33 0.33 0.34 0.34 0.34 0.34
White [admin] 0.83 0.84 0.84 0.83 0.83 0.84 0.84 0.84 0.86 0.82
Salary Q1 (bottom quartile) [admin] 0.24 0.24 0.24 0.24 0.25 0.24 0.24 0.25 0.25 0.24
Salary Q2 [admin] 0.26 0.26 0.26 0.26 0.26 0.26 0.26 0.25 0.25 0.26
Salary Q3 [admin] 0.25 0.26 0.25 0.25 0.25 0.25 0.25 0.25 0.24 0.26
Faculty [admin] 0.20 0.20 0.20 0.20 0.20 0.20 0.20 0.19 0.20 0.20
Academic staff [admin] 0.44 0.44 0.44 0.44 0.44 0.44 0.44 0.44 0.44 0.44

C. 2016 Health Survey Variables

Ever screened [survey] 0.89 0.90 0.88 0.90 0.89 0.89 0.88 0.89 0.88 0.89
Physically active [survey] 0.39 0.37 0.38 0.39 0.38 0.39 0.35 0.37 0.36 0.36
Trying to be active [survey] 0.82 0.80 0.81 0.81 0.81 0.81 0.83 0.81 0.81 0.84
Current smoker (cigarettes) [survey] 0.07 0.06 0.07 0.06 0.06 0.07 0.06 0.09 0.07 0.07
Current smoker (other) [survey] 0.09 0.07 0.09 0.08 0.08 0.09 0.07 0.10 0.09 0.08
Former smoker [survey] 0.19 0.20 0.18 0.21 0.18 0.21 0.20 0.19 0.19 0.20
Drinker [survey] 0.64 0.65 0.64 0.65 0.66 0.64 0.64 0.67 0.65 0.66
Heavy drinker [survey] 0.05 0.04 0.05 0.05 0.05 0.05 0.05 0.05 0.04 0.06
Chronic condition [survey] 0.72 0.74 0.73 0.72 0.72 0.73 0.74 0.72 0.73 0.73
Excellent or v. good health [survey] 0.59 0.61 0.60 0.61 0.61 0.59 0.59 0.59 0.57 0.60
Not poor health [survey] 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99 0.99
Physical problems [survey] 0.39 0.39 0.39 0.39 0.39 0.39 0.39 0.40 0.38 0.40
Lots of energy [survey] 0.33 0.33 0.33 0.33 0.35 0.30 0.31 0.31 0.29 0.33
Bad emotional health [survey] 0.29 0.29 0.29 0.28 0.28 0.30 0.30 0.32 0.31 0.30
Overweight [survey] 0.52 0.56 0.54 0.53 0.53 0.53 0.55 0.54 0.52 0.56
High BP/cholesterol/glucose [survey] 0.29 0.31 0.30 0.29 0.29 0.30 0.32 0.29 0.31 0.30
Sedentary [survey] 0.55 0.53 0.55 0.54 0.56 0.53 0.56 0.53 0.53 0.56

Sample size 2,187 1,088 1,639 1,636 1,638 1,637 762 762 762 762
Joint balance test (p-value) 0.61 0.98 0.56 0.81 0.29

Notes: The table reports group means. The joint balance test row reports the p-value from testing whether assignment to a positive screening incentive in
the specified year (column label) is predicted by the row variables, excluding the incentive variable itself.
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Table 2: Effect of Financial Incentives on Health Screening Completion

(1) (2) (3) (4) (5)

Wave 1 Wave 2

2016 2017 2018 2017 2018

2016 incentive ($200/$100) 0.124** 0.045* 0.044*
(0.018) (0.018) (0.017)

2017 incentive ($125) –0.001 0.203** 0.012 0.276** 0.089**
(0.017) (0.017) (0.017) (0.024) (0.024)

2018 incentive ($75) 0.002 –0.004 0.192** –0.013 0.149**
(0.017) (0.017) (0.017) (0.024) (0.024)

Mean outcome 0.576 0.429 0.368 0.390 0.365
Sample size 3,275 3,275 3,275 1,524 1,524
Notes: This table reports estimates of δτ from equation (13). The dependent variable is an indicator for
whether a screening was completed in the year specified in the column header. Gray-shaded estimates
indicate the contemporaneous (direct) effect of the incentive on screening completion. Bold-faced estimates
indicate the persistence effect of the incentive on future screening completion, and plain-text estimates report
a falsification test of an unannounced incentive on past screening completion. Estimates from post-Lasso
versions of these specifications are reported in Table A.1. Robust standard errors are reported in parentheses,
and */** indicates significance at the 5%/1% level.
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Table 3: Reinforcement Model Estimates

(1) (2) (3)

Wave 1 Wave 2

Screened 2017 Screened 2018 Screened 2018

A. IV estimates

Screened 2016 θ1: 0.360** θ2: 0.331**
(0.128) (0.127)

Screened 2017 θ1: 0.063 θ1: 0.324**
(0.073) (0.075)

First-stage F (Screened 2016) 45.6 48.1
First-stage F (Screened 2017) 182.5 131.6
Mean outcome 0.429 0.368 0.365
Sample size 3,275 3,275 1,524

B. OLS estimates

Screened 2016 θ1: 0.467** θ2: 0.183**
(0.014) (0.016)

Screened 2017 θ1: 0.430** θ1: 0.552**
(0.017) (0.022)

Mean outcome 0.429 0.368 0.365
Sample size 3,275 3,275 1,524

Notes: This table reports IV and OLS estimates of θ1 and θ2 from equation (14). The dependent variable is
an indicator for whether the 2017 (or 2018) screening was completed. Reinforcement models like addiction
predict θ1 > θ2. All regressions control for the contemporaneous incentive indicator. Estimates from post-
Lasso versions of these specifications are reported in Table A.4. Robust standard errors are reported in
parentheses, and */** indicates significance at the 5%/1% level.
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Table 4: Threshold Model Estimates

(1) (2) (3) (4) (5) (6) (7) (8)
Wave 1 Wave 2 Waves 1 & 2 Wave 1 Waves 1 & 2 Wave 1 Wave 2 Waves 1 & 2

A. IV estimates

Screened ever 0.361** 0.324** 0.334** 0.432* 0.337**
(0.130) (0.075) (0.065) (0.216) (0.071)

Screened twice –0.065 –0.011
(0.158) (0.104)

Screened 2016 0.389** 0.419**
(0.133) (0.123)

Screened 2017 only 0.180 0.324** 0.308**
(0.224) (0.075) (0.072)

First-stage F (endog. 1) 14.9 131.6 44.1 11.8 51.7 22.3 60.0
First-stage F (endog. 2) 17.0 71.8 29.6 131.6 63.6
Mean outcome 0.368 0.365 0.367 0.368 0.367 0.368 0.365 0.367
Sample size 3,275 1,524 4,799 3,275 4,799 3,275 1,524 4,799

B. OLS estimates

Screened ever 0.444** 0.552** 0.480** 0.229** 0.362**
(0.013) (0.022) (0.011) (0.017) (0.014)

Screened twice 0.384** 0.310**
(0.019) (0.018)

Screened 2016 0.449** 0.464**
(0.014) (0.014)

Screened 2017 only 0.408** 0.552** 0.503**
(0.033) (0.022) (0.018)

Mean outcome 0.368 0.365 0.367 0.368 0.367 0.368 0.365 0.367
Sample size 3,275 1,524 4,799 3,275 4,799 3,275 1,524 4,799

Notes: This table reports IV and OLS estimates of equations (15) and (16). The dependent variable is an indicator for whether the 2018 screening was
completed. Columns (1)–(3) estimate the effect of having ever been screened prior to 2018. Columns (4)–(5) distinguish between being screened once
and being screened twice. Columns (6)–(8) separately estimate the effects of screening in 2016 and screening in 2017 only. Under the zero-threshold
model, screening demand increases after an initial screening, but subsequent screenings do not further increase demand. All regressions control for
the contemporaneous (2018) incentive indicator; pooled specifications additionally include wave fixed effects and their interaction with the incentive.
Estimates from post-Lasso versions of these specifications are reported in Table A.8. Robust standard errors are reported in parentheses, and */**
indicates significance at the 5%/1% level. The first-stage F statistics correspond to the first and second endogenous regressors in each specification.
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Table 5: Recency and Frequency Estimates

(1) (2)

IV OLS

Screened 2016 only β1: 0.440** β1: 0.188**
(0.139) (0.018)

Screened 2017 only β2: 0.316** β2: 0.503**
(0.075) (0.018)

Screened twice β3: 0.403** β3: 0.628**
(0.133) (0.015)

Tests of model restrictions (p-values)
Reinforcement: β1 + β2 = β3 0.017 0.021
Threshold: β1 = β2 = β3 0.678 0.000

First-stage F (Screened 2016 only) 92.2
First-stage F (Screened 2017 only) 70.3
First-stage F (Screened twice) 91.3
Mean outcome 0.367 0.367
Sample size 4,799 4,799

Notes: This table reports IV and OLS estimates of β1, β2, and β3 from equation (17). Recency effects arise
when β2 > β1, and frequency effects arise when β3 ≥ β2 and β3 > β1. The dependent variable is an indicator
for whether the 2018 screening was completed. All regressions control for the contemporaneous (2018)
incentive indicator, interacted with wave. The model restrictions correspond to a reinforcement model with
geometric depreciation (e.g., addiction) and a zero-threshold model (e.g., experience goods). Estimates from
post-Lasso versions of these specifications are reported in Table A.9. Robust standard errors are reported in
parentheses, and */** indicates significance at the 5%/1% level.
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Online Appendix
“How Do Habits Form? Experimental Evidence from Health Screenings”

Damon Jones, David Molitor, and Julian Reif

A Habit Formation Model Derivations

A.1 Deriving the Habit-Demand Equation
This subsection derives the demand equation (4) presented in Section 2.1 and shows how
the habit stock enters current demand in reduced form. Following Reif (2019), we solve the
consumer’s optimization problem assuming that utility is concave and quadratic:

U(at, St, ct, zt) =− 1
2
(
uaaa

2
t + ussS

2
t + uccc

2
t + uzzz

2
t

)
+ uasatSt + uacatct + uazatzt

+ uscStct + uszStzt + uczctzt + uaat + usSt + ucct + uzzt

(A.1)

Habit formation is driven by the parameter uas, which captures the strength of intertemporal
complementarity and is assumed to be positive. Assuming agents are myopic, we have the
following utility maximization problem:

max
at,ct

U(at, St, ct, zt)

s.t. wt = ct + ptat
(A.2)

Maximizing utility with respect to ct and subject to the budget constraint yields:

ct = −λ+ uc + uacat + uscSt + uczzt
ucc

(A.3)

where λ is the marginal utility of income. Substituting (A.3) into the utility function (A.1)
yields a reduced-form utility that depends only on at, St, and zt:

U∗(at, St, zt) = −1
2
(
baaa

2
t + bssS

2
t + bzzz

2
t

)
+ basatSt+ bazatzt+ bszStzt+ baat+ bsSt+ bzzt+ bk

(A.4)
where each b-parameter is a function of the original u-parameters. In particular,

bas = uacusc + uasucc
ucc

The first-order condition for at, together with (A.3), yields demand equation (4):

at = κ+ θSt + πpt + δzt
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where:

κ = ba
baa

θ = bas
baa

> 0

π = −λ
baa

< 0

δ = baz
baa

The parameter θ captures the strength of habit formation by measuring the effect of the
habit stock St on current demand. A sufficient condition for θ > 0 is bas > 0, which holds if
uacusc ≥ 0; one simple special case is additive separability in at and ct.

A.2 A General Reinforcement Model with Continuous at
We now relax the benchmark addiction model to show that its key recency and frequency
implications do not depend on quadratic utility or geometric depreciation. We assume quasi-
linear utility together with two maintained assumptions on preferences: current consumption
and the habit stock are complements (∂2u/∂a∂S > 0), and utility is concave in current con-
sumption (∂2u/∂a2 < 0).1

max
at,ct

U(at, St, ct, zt) = u(at, St, zt) + ct

s.t. wt = ct + ptat

The first-order conditions are:

∂u

∂a
= p

c = w − pa

To derive the effect of past consumption on current consumption, differentiate the first-order
condition with respect to St:

∂2u

∂a2
∂at
∂St

+ ∂2u

∂a∂S
= 0

1Quasilinearity allows us to abstract from income effects and is closely related to the setup in the previous
subsection, since that analysis likewise focused on a Frisch demand function that holds the marginal utility
of income constant.
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so that:

∂at
∂St

= −∂
2u/∂a∂S

∂2u/∂a2

> 0

where the inequality follows from the maintained assumptions that ∂2u/∂a∂S > 0 and
∂2u/∂a2 < 0.

Next, differentiate the first-order condition with respect to at−k:

∂2u

∂a2
∂at
∂at−k

+ ∂2u

∂a∂S

∂St
∂at−k

= 0

which implies:

∂at
∂at−k

= −∂
2u/∂a∂S

∂2u/∂a2
∂St
∂at−k

= ∂at
∂St

∂St
∂at−k

Since ∂at

∂St
> 0, Definition 1 implies that more recent actions have a larger effect on current

demand than more distant actions. In particular:

∂at
∂at−1

>
∂at
∂at−2

,

which is the continuous analogue of the recency prediction, β2 > β1, in the discrete three-
period setting.

A natural continuous analogue of completing both prior actions is to increase both lagged
actions by a common amount. Define:

β∗3 ≡
dat
dε
, at−1 7→ at−1 + ε, at−2 7→ at−2 + ε.

By the chain rule:
β∗3 = ∂at

∂at−1
+ ∂at
∂at−2

Since ∂at

∂at−1
> 0 and ∂at

∂at−2
≥ 0, it follows that:

β∗3 ≥
∂at
∂at−1

,

β∗3 >
∂at
∂at−2

,

which are the continuous analogs of the frequency predictions, β3 ≥ β2 and β3 > β1, in the
discrete three-period setting.
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A.3 Binary Choice and the Recency/Frequency Restrictions
Sections 2.2 and 2.3 present the recency and frequency restrictions implied by the rein-
forcement and threshold models for continuous consumption. This subsection considers the
binary choice case and derives the discrete testable restrictions presented in Section 2.4. Let
at ∈ {0, 1} be a binary choice made every period. We assume utility takes a quasilinear form
and augment it with an additional random utility shock, vt, associated with choosing at = 1:

Ũ(at, St, ct, zt) =u(at, St, zt) + ct − vtat
=u(at, St, zt) + wt − ptat − vtat

where in the second line, we’ve substituted for consumption using the budget constraint
ct + ptat = wt. The random shock vt has a CDF Fv(·). In each period, a myopic agent will
choose at = 1 if the decision yields higher utility:

at = 1
(
Ũ(1, St, w − pt, zt)− Ũ(0, St, wt, zt) > 0

)
= 1(u(1, St, zt)− u(0, St, zt)− pt > vt)
= 1(4u(St)− pt > vt)

where we’ve defined 4u(St) ≡ u(1, St, zt) − u(0, St, zt). It follows that the probability of
choosing at = 1 is:

Pr(at = 1) = E[1(4u(St)− pt > vt)]
= Fv(4u(St)− pt)

(A.5)

We proceed in two steps. First, we derive qualitative restrictions under weak assump-
tions on preferences. We then impose additional structure to obtain a sharper additivity
restriction.

As a first step, we assume that at and St are complementary (∂2u/∂a∂S > 0), which in
turn implies that u(at, St, zt) has an increasing differences property:

4u(S ′t) > 4u(St), for S ′t > St

Following the main text, define mutually exclusive indicators for past consumption histories:

D0 ≡ 1{a1 = 0, a2 = 0}
D1 ≡ 1{a1 = 1, a2 = 0}
D2 ≡ 1{a1 = 0, a2 = 1}
D3 ≡ 1{a1 = 1, a2 = 1}.

Define corresponding treatment effects as:

βj ≡ E[a3 | Dj = 1]− E[a3 | D0 = 1]
= Fv(4u(Sj3)− pt)− Fv(4u(0)− pt)

, j ∈ {1, 2, 3} (A.6)

where Sj3 is the stock conditional on Dj = 1. Assume that, for each j ∈ {0, 1, 2, 3}, (p3, z3)
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is identically distributed across the {Dj} cells and that the utility shock v3 has the same
distribution Fv across cells.2

Under the addiction model, the stock evolves according to:

St = (1− d)St−1 + at−1

The corresponding treatment effects satisfy:

β1 =Fv(4u(1− d)− pt)− Fv(4u(0)− pt)
β2 =Fv(4u(1)− pt)− Fv(4u(0)− pt)
β3 =Fv(4u(2− d)− pt)− Fv(4u(0)− pt)

Given the monotonicity of Fv(·), the addiction model implies β3 ≥ β2 > β1, which embeds
both the recency prediction (β2 > β1) and the frequency predictions (β3 ≥ β2 and β3 > β1).

Under the zero-threshold model (a = 0), the stock evolves according to:

St =

1 if aτ > 0 for any τ < t,

0 otherwise.

The corresponding treatment effects satisfy:

β1 = β2 = β3 = Fv(4u(1)− pt)− Fv(4u(0)− pt)

Thus, the threshold model exhibits neither frequency nor recency effects.
If we place additional structure on the u(·) and Fv(·) functions, we obtain a sharper

prediction under the addiction model. We make the following two assumptions:

Linear 4u : 4u(S) = 4u(0) + kS

Linear Fv : Fv(x+4u(0)− pt) = Fv(4u(0)− pt) + bx

Under these assumptions, the addiction model implies:

β1 = Fv(4u(1− d)− pt)− Fv(4u(0)− pt)
= (1− d)bk

β2 = Fv(4u(1)− pt)− Fv(4u(0)− pt)
= bk

β3 = Fv(4u(2− d)− pt)− Fv(4u(0)− pt)
= (2− d)bk
= β1 + β2

2For identification, it is sufficient that (p3, z3) be uncorrelated with the instruments Z. The assumption of
identical distributions across {Dj} cells is imposed only for notational simplicity when deriving the algebraic
relationships in this section.
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Thus, under the additional linearity assumptions, the addiction model satisfies

β3 = β1 + β2

which is the additivity restriction stated in Section 2.4.

A.4 Continuous Analogues of the Recency/Frequency Model
Section 2.4 presents the unified recency-frequency framework for binary consumption. This
subsection derives the continuous analogues of the addiction and zero-threshold models and
shows that they imply the same qualitative restrictions as the binary case. We begin from
the addiction demand equation (7):

a3 = κ+ θa2 + θ(1− d)a1 + πp3 + δz3,

where d ∈ (0, 1] is the depreciation rate. Define the mutually exclusive and exhaustive
indicators:

D0 ≡ 1{a1 = 0, a2 = 0},
D1 ≡ 1{a1 > 0, a2 = 0},
D2 ≡ 1{a1 = 0, a2 > 0},
D3 ≡ 1{a1 > 0, a2 > 0}.

Consider the saturated “unified” projection:

a3 = κ+ β1D1 + β2D2 + β3D3 + πp3 + δz3 + u3,

and assume that, for each j ∈ {0, 1, 2, 3}, (p3, z3) is identically distributed across the {Dj}
cells and E[u3 | Dj] = 0.3 Because the specification is saturated in {Dj}, each coefficient
equals a conditional mean difference:

βj = E[a3 | Dj]− E[a3 | D0], j ∈ {1, 2, 3}. (A.7)

Let η ≡ κ+ πE[p3] + δE[z3]. Taking conditional expectations of the addiction equation and
using the invariance of (p3, z3) across cells yields:

E[a3 | D0] = η,

E[a3 | D1] = η + θ(1− d)E[a1 | D1],
E[a3 | D2] = η + θE[a2 | D2],
E[a3 | D3] = η + θE[a2 | D3] + θ(1− d)E[a1 | D3].

3For identification, it is sufficient that (p3, z3) be uncorrelated with the instruments Z. The assumption of
identical distributions across {Dj} cells is imposed only for notational simplicity when deriving the algebraic
relationships in this section.
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Here, E[ai | Dj] denotes the mean of consumption conditional on prior use pattern Dj.
Plugging these into the definition of βj given by (A.7) yields:

β1 = θ(1− d)E[a1 | D1], (A.8)
β2 = θE[a2 | D2], (A.9)
β3 = θE[a2 | D3] + θ(1− d)E[a1 | D3]. (A.10)

Solving (A.8) and (A.9) for θ and substituting into (A.10) yields the continuous analogue of
the frequency restriction:

β3 = β1
E[a1 | D3]
E[a1 | D1]

+ β2
E[a2 | D3]
E[a2 | D2]

. (A.11)

A second implication concerns recency. For d < 1, from (A.8) and (A.9):

β2/E[a2 | D2]
β1/E[a1 | D1]

= θ

θ(1− d) = 1
1− d > 1,

which rearranges to the continuous analogue of the recency restriction:

β2 > β1
E[a2 | D2]
E[a1 | D1]

. (A.12)

When d = 1, we have β1 = 0, so the recency ordering β2 > β1 holds trivially.
For completeness, we can also derive the continuous analogue of the zero-threshold model.

In that model, we have the following expression for consumption in period 3 from equation
(8):

a3 = κ+ θ1(a1 + a2 > 0) + πp3 + δz3. (A.13)
In this three-period setting where any strictly positive prior consumption is sufficient to
activate the habit stock, we have:

E[a3 | D0] = η,

E[a3 | D1] = η + θ,

E[a3 | D2] = η + θ,

E[a3 | D3] = η + θ,

and therefore:

β1 = β2 = β3 = θ.

Thus, the continuous zero-threshold model delivers the same no-recency and no-frequency
restrictions as in the binary case.
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Table A.1: Effect of Financial Incentives on Health Screening Completion, Post-Lasso Controls

(1) (2) (3) (4) (5)

Wave 1 Wave 2

2016 2017 2018 2017 2018

2016 incentive ($200/$100) 0.131** 0.048** 0.043*
(0.017) (0.017) (0.017)

2017 incentive ($125) –0.000 0.200** 0.012 0.276** 0.092**
(0.016) (0.016) (0.016) (0.023) (0.024)

2018 incentive ($75) –0.005 –0.006 0.190** –0.013 0.153**
(0.016) (0.016) (0.016) (0.023) (0.024)

Number of controls 56 55 35 55 35
Mean outcome 0.576 0.429 0.368 0.390 0.365
Sample size 3,275 3,275 3,275 1,524 1,524
Notes: This table reports estimates of δτ from equation (13). The dependent variable is an indicator for whether a
screening was completed in the year specified in the column header. Each regression controls for a set of covariates
selected by Lasso to predict the dependent variable in the full sample. “Number of controls” reports the number of
selected covariates. Gray-shaded estimates indicate the contemporaneous (direct) effect of the incentive on screening
completion. Bold-faced estimates indicate the persistence effect of the incentive on future screening completion,
and plain-text estimates report a falsification test of an unannounced incentive on past screening completion. The
corresponding baseline estimates are reported in Table 2. Robust standard errors are reported in parentheses, and
*/** indicates significance at the 5%/1% level.
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Table A.2: Effect of Financial Incentives on 2018 Health Screening Completion for Wave 1

(1) (2) (3) (4) (5)

2016 incentive ($200/$100) 0.044* 0.054* 0.046* 0.044* 0.032
(0.017) (0.024) (0.023) (0.017) (0.032)

2017 incentive ($125) 0.012 0.025 0.012 0.036 0.016
(0.017) (0.028) (0.017) (0.022) (0.037)

2018 incentive ($75) 0.192** 0.193** 0.195** 0.216** 0.186**
(0.017) (0.017) (0.028) (0.023) (0.039)

2016 incentive × 2017 incentive –0.019 0.029
(0.035) (0.046)

2016 incentive × 2018 incentive –0.003 0.045
(0.035) (0.049)

2017 incentive × 2018 incentive –0.047 0.018
(0.033) (0.056)

2016 incentive × 2017 incentive × 2018 incentive –0.096
(0.069)

Mean outcome 0.368 0.368 0.368 0.368 0.368
Sample size 3,275 3,275 3,275 3,275 3,275
Notes: This table reports estimates of δτ from versions of equation (13) that add interactions between
the incentive assignments, allowing each incentive’s effect to vary with assignments in other years. The
dependent variable is an indicator for whether a screening was completed in 2018, and the sample is Wave 1.
Column (1) replicates column (3) of Table 2; columns (2)–(4) each add one pairwise interaction, and column
(5) includes all pairwise interactions and the three-way interaction. Estimates from post-Lasso versions of
these specifications are reported in Table A.3. Robust standard errors are reported in parentheses, and */**
indicates significance at the 5%/1% level.
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Table A.3: Effect of Financial Incentives on 2018 Health Screening Completion for Wave
1, Post-Lasso Controls

(1) (2) (3) (4) (5)

2016 incentive ($200/$100) 0.043* 0.045 0.042 0.043* 0.015
(0.017) (0.023) (0.023) (0.017) (0.031)

2017 incentive ($125) 0.012 0.014 0.012 0.032 –0.005
(0.016) (0.027) (0.016) (0.022) (0.036)

2018 incentive ($75) 0.190** 0.190** 0.189** 0.211** 0.169**
(0.016) (0.016) (0.027) (0.022) (0.038)

2016 incentive × 2017 incentive –0.004 0.056
(0.034) (0.045)

2016 incentive × 2018 incentive 0.002 0.062
(0.034) (0.047)

2017 incentive × 2018 incentive –0.041 0.039
(0.032) (0.054)

2016 incentive × 2017 incentive × 2018 incentive –0.120
(0.067)

Number of controls 35 35 35 35 35
Mean outcome 0.368 0.368 0.368 0.368 0.368
Sample size 3,275 3,275 3,275 3,275 3,275
Notes: This table reports estimates of δτ from versions of equation (13) that add interactions between
the incentive assignments, allowing each incentive’s effect to vary with assignments in other years. The
dependent variable is an indicator for whether a screening was completed in 2018, and the sample is Wave 1.
Column (1) replicates column (3) of Table A.1; columns (2)–(4) each add one pairwise interaction, and
column (5) includes all pairwise interactions and the three-way interaction. Each regression controls for a
set of covariates selected by Lasso to predict the dependent variable in the full sample. “Number of controls”
reports the number of selected covariates. The corresponding baseline estimates are reported in Table A.2.
Robust standard errors are reported in parentheses, and */** indicates significance at the 5%/1% level.
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Table A.4: Reinforcement Model Estimates, Post-Lasso Controls

(1) (2) (3)

Wave 1 Wave 2

Screened 2017 Screened 2018 Screened 2018

A. IV estimates

Screened 2016 θ1: 0.374** θ2: 0.322**
(0.122) (0.124)

Screened 2017 θ1: 0.060 θ1: 0.323**
(0.071) (0.071)

Number of controls 55 35 35
First-stage F (Screened 2016) 51.1 51.4
First-stage F (Screened 2017) 190.6 144.1
Mean outcome 0.429 0.368 0.365
Sample size 3,275 3,275 1,524

B. OLS estimates

Screened 2016 θ1: 0.419** θ2: 0.168**
(0.016) (0.016)

Screened 2017 θ1: 0.408** θ1: 0.522**
(0.018) (0.023)

Number of controls 55 35 35
Mean outcome 0.429 0.368 0.365
Sample size 3,275 3,275 1,524

Notes: This table reports IV and OLS estimates of θ1 and θ2 from equation (14). The dependent variable is an
indicator for whether the 2017 (or 2018) screening was completed. Reinforcement models like addiction predict
θ1 > θ2. Each regression controls for a set of covariates selected by Lasso to predict the dependent variable in
the full sample. “Number of controls” reports the number of selected covariates. All regressions control for the
contemporaneous incentive indicator. The corresponding baseline estimates are reported in Table 3. Robust standard
errors are reported in parentheses, and */** indicates significance at the 5%/1% level.
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Table A.5: Effect of Past Screening Completion on 2018 Screening Completion: Joint
versus Separate Estimation

(1) (2) (3)

A. IV estimates

Screened 2016 0.331** 0.354**
(0.127) (0.129)

Screened 2017 0.063 0.061
(0.073) (0.079)

First-stage F (Screened 2016) 48.1 45.6
First-stage F (Screened 2017) 182.5 143.1
Mean outcome 0.368 0.368 0.368
Sample size 3,275 3,275 3,275

B. OLS estimates

Screened 2016 0.183** 0.383**
(0.016) (0.015)

Screened 2017 0.430** 0.515**
(0.017) (0.015)

Mean outcome 0.368 0.368 0.368
Sample size 3,275 3,275 3,275
Notes: This table reports IV and OLS estimates of the effects of past screening completion on 2018 screening
completion in the Wave 1 sample. Column (1) replicates column (2) of Table 3, which includes both screening
lags, instrumented by the 2016 and 2017 incentive indicators. Columns (2) and (3) include one lag at a time,
each instrumented by its own year’s incentive indicator; the estimate in column (2) therefore includes any
effect of 2016 screening operating through 2017 screening. All regressions control for the contemporaneous
incentive indicator. Robust standard errors are reported in parentheses, and */** indicates significance at
the 5%/1% level.
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Table A.6: Effect of 2016 Financial Incentives on 2018 Health Screening Completion, for
the Full Sample and for Subjects Assigned a $0 Incentive in 2017

(1) (2)

Full sample Subsample

2016 incentive ($200/$100) 0.044* 0.054*
(0.017) (0.024)

Mean outcome 0.368 0.359
Sample size 3,275 1,636
Notes: This table reports estimates of δ1 from equation (13), omitting the 2017 incentive indicator. The
dependent variable is an indicator for completing the 2018 health screening. Column (1) includes the full
Wave 1 sample. Column (2) restricts to Wave 1 subjects who were assigned the $0 incentive in 2017. All
regressions control for the contemporaneous (2018) incentive indicator. Estimates from post-Lasso versions
of these specifications are reported in Table A.7. Robust standard errors are reported in parentheses, and
*/** indicates significance at the 5%/1% level.
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Table A.7: Effect of 2016 Financial Incentives on 2018 Health Screening Completion, for
the Full Sample and for Subjects Assigned a $0 Incentive in 2017, Post-Lasso Controls

(1) (2)

Full sample Subsample

2016 incentive ($200/$100) 0.043* 0.045
(0.017) (0.023)

Number of controls 35 35
Mean outcome 0.368 0.359
Sample size 3,275 1,636
Notes: This table reports estimates of δ1 from equation (13), omitting the 2017 incentive indicator. The
dependent variable is an indicator for completing the 2018 health screening. Column (1) includes the full
Wave 1 sample. Column (2) restricts to Wave 1 subjects who were assigned the $0 incentive in 2017. All
regressions control for the contemporaneous (2018) incentive indicator. Each regression controls for a set
of covariates selected by Lasso to predict the dependent variable in the full sample. “Number of controls”
reports the number of selected covariates. The corresponding baseline estimates are reported in Table A.6.
Robust standard errors are reported in parentheses, and */** indicates significance at the 5%/1% level.
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Table A.8: Threshold Model Estimates, Post-Lasso Controls

(1) (2) (3) (4) (5) (6) (7) (8)
Wave 1 Wave 2 Waves 1 & 2 Wave 1 Waves 1 & 2 Wave 1 Wave 2 Waves 1 & 2

A. IV estimates

Screened ever 0.342** 0.323** 0.331** 0.378 0.335**
(0.129) (0.071) (0.063) (0.215) (0.069)

Screened twice –0.032 –0.014
(0.153) (0.101)

Screened 2016 0.368** 0.401**
(0.132) (0.121)

Screened 2017 only 0.162 0.323** 0.310**
(0.223) (0.071) (0.069)

Number of controls 35 35 35 35 35 35 35 35
First-stage F (endog. 1) 15.9 144.1 47.4 11.5 54.3 23.7 24.4
First-stage F (endog. 2) 16.2 62.2 29.7 144.1 66.8
Mean outcome 0.368 0.365 0.367 0.368 0.367 0.368 0.365 0.367
Sample size 3,275 1,524 4,799 3,275 4,799 3,275 1,524 4,799

B. OLS estimates

Screened ever 0.405** 0.522** 0.444** 0.210** 0.338**
(0.014) (0.023) (0.012) (0.017) (0.014)

Screened twice 0.365** 0.292**
(0.020) (0.018)

Screened 2016 0.409** 0.426**
(0.015) (0.014)

Screened 2017 only 0.370** 0.522** 0.469**
(0.032) (0.023) (0.018)

Number of controls 35 35 35 35 35 35 35 35
Mean outcome 0.368 0.365 0.367 0.368 0.367 0.368 0.365 0.367
Sample size 3,275 1,524 4,799 3,275 4,799 3,275 1,524 4,799

Notes: This table reports IV and OLS estimates of equations (15) and (16). The dependent variable is an indicator for whether the 2018 screening was completed.
Columns (1)–(3) estimate the effect of having ever been screened prior to 2018. Columns (4)–(5) distinguish between being screened once and being screened twice.
Columns (6)–(8) separately estimate the effects of screening in 2016 and screening in 2017 only. Under the zero-threshold model, screening demand increases after
an initial screening, but subsequent screenings do not further increase demand. Each regression controls for a set of covariates selected by Lasso to predict the
dependent variable in the full sample. “Number of controls” reports the number of selected covariates. All regressions control for the contemporaneous (2018)
incentive indicator; pooled specifications additionally include wave fixed effects and their interaction with the incentive. The corresponding baseline estimates are
reported in Table 4. Robust standard errors are reported in parentheses, and */** indicates significance at the 5%/1% level. The first-stage F statistics correspond
to the first and second endogenous regressors in each specification.
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Table A.9: Recency and Frequency Estimates, Post-Lasso Controls

(1) (2)

IV OLS

Screened 2016 only β1: 0.422** β1: 0.170**
(0.137) (0.018)

Screened 2017 only β2: 0.317** β2: 0.476**
(0.072) (0.018)

Screened twice β3: 0.386** β3: 0.590**
(0.130) (0.016)

Tests of model restrictions (p-values)
Reinforcement: β1 + β2 = β3 0.014 0.039
Threshold: β1 = β2 = β3 0.747 0.000

First-stage F (Screened 2016 only) 64.5
First-stage F (Screened 2017 only) 73.2
First-stage F (Screened twice) 27.7
Number of controls 35 35
Mean outcome 0.367 0.367
Sample size 4,799 4,799

Notes: This table reports IV and OLS estimates of β1, β2, and β3 from equation (17). Recency effects arise
when β2 > β1, and frequency effects arise when β3 ≥ β2 and β3 > β1. The dependent variable is an indicator
for whether the 2018 screening was completed. Each regression controls for a set of covariates selected by
Lasso to predict the dependent variable in the full sample. “Number of controls” reports the number of
selected covariates. All regressions control for the contemporaneous (2018) incentive indicator, interacted
with wave. The model restrictions correspond to a reinforcement model with geometric depreciation (e.g.,
addiction) and a zero-threshold model (e.g., experience goods). The corresponding baseline estimates are
reported in Table 5. Robust standard errors are reported in parentheses, and */** indicates significance at
the 5%/1% level.
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