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Abstract

Across industries, routine behaviors are often critical to performance but not consis-
tently done. How should organizations encourage these routine behaviors? The answer
depends critically on the nature of habits. In an important health setting, I find that
behavior is well-described by a model of automatic cue-based habit: habits are au-
tomatically triggered by cues, rather than a conscious process. Habits remain stable
even as cognitive costs, like fatigue, vary. However, habits are cue-specific and can be
disrupted over time and across settings. I document these features of habit in data
that tracks whether 13,606 hospital healthcare workers wash their hands 123M times
that they are expected to. Hand hygiene is critical to the prevention of healthcare-
associated infections, which affect millions of patients and cost billions of dollars each
year. Yet, workers wash their hands only half as often as guidelines suggest. The
data reveals substantial heterogeneity in behavior consistent with automatic cue-based
habit. Habitual washers fatigue 43% less than people who wash more consciously, but
respond just as much to habit disruptions. Consistent with location-specific cue-based
habit formation, healthcare workers are more likely to wash in rooms they have vis-
ited more often in the past. Automatic cue-based habits can explain why many hand
hygiene interventions fail and offer guidance on more effective strategies to motivate
behavior.
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1 Introduction

People rely on habits in many situations, when they are not making deliberate choices but

instead act on an automatic response. Studies estimate that 45% of daily activities are

routine, repeated at the same time and place each day (Wood et al., 2002; Quinn and Wood,

2005). Within organizations, routine behaviors can be critical to performance. In industries

like manufacturing, aviation, and medicine, failure to follow safety routines can have fatal

consequences.1

How should organizations encourage routine behaviors? By nature, these repeated actions

are often difficult or costly to monitor. Standard agency theory tells us how to design

contracts to motivate behavior in these settings.2 However, concerns that extrinsic incentives

crowd out intrinsic motivation (Gneezy and Rustichini, 2000; Benabou and Tirole, 2003),

reduce effort on other tasks (Holmstrom and Milgrom, 1991), or make salient the cost-benefit

trade-off (Von Thadden and Zhao, 2012) may cause organizations to avoid such contracts.

If employees develop habits for routine behaviors, organizations have an additional set of

tools to motivate them. Under one view of habits, organizations can monitor and provide

only temporary incentives. If habits are formed, changes will persist even after incentives

are removed. There are some successful examples (e.g., Charness and Gneezy, 2009), but

many short-run interventions have minimal long-run impacts (e.g., Acland and Levy, 2015;

Carrera et al., 2018; Royer et al., 2015). Moreover, it’s unclear whether temporary incentives

mitigate any of the concerns with extrinsic incentives described above.

In this paper, I focus on the automaticity of habit, a feature largely overlooked by the

economics literature but central to the psychology definition of automatic cue-based habit

(e.g., Verplanken, 2018; Wood and Neal, 2007; Orbell and Verplanken, 2010). Over time,

repeated pairing of a cue with a behavior builds a habit; when faced with the cue in the

future, the habitual behavior is executed automatically without the use of mental resources.3

This automaticity of habit offers organizations a win-win solution: workers can achieve higher

output without exerting more effort or crowding out other tasks. Temporary incentives may

build habit, but cue-based habits suggest alternative strategies, like standardization and

job design, to build habits more efficiently and avoid the potential drawbacks of traditional

incentive contracts.

1Consider for example, an assembly line worker operating heavy machinery in a routine production
process, a pilot who does a preflight check before each flight, or a surgeon who performs the same surgery
each day.

2See Gibbons and Roberts (2012) for an overview of the implications of principal-agent models for incen-
tives in organizations.

3For examples of a cue-behavior pairs, consider walking into your kitchen in the morning (cue) and making
coffee (behavior), or sitting down at your desk (cue) and checking your emails (behavior).
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I provide empirical evidence for automaticity using data on whether 13,606 hospital

healthcare workers wash their hands in 123M instances that they are supposed to. This

detailed data reveals significant heterogeneity in behavior across individuals, places, and

times which is well described by a model of automatic cue-based habit: cues trigger an

automatic and costless response (habit, System 1) that requires a costly, conscious process

to override (attention, System 2) (Quinn et al., 2010).4 Specifically, people who lack good

habits rely on the attentive system (System 2); their behavior is heavily influenced by other

drains on attention, like fatigue. Instead, people who wash out of automatic habit (System

1) are less affected by drains on attention, but are affected by disruptions to their routines,

such as taking a vacation or switching departments. Within-person heterogeneity over time

and across places points to highly location-specific cues; healthcare workers wash more in

rooms they have visited more often in the past.

Hand hygiene is a textbook example of a habitual behavior, in which hand washing

can develop as an automatic response to a cue, such as walking into a room (Potthoff et al.,

2018). I study compliance with hand hygiene guidelines in hospitals, which require healthcare

workers to wash or sanitize their hands each time they enter and exit a patient room.5

This routine behavior is highly important; proper hand hygiene by healthcare providers

and hospital staff is one of the most powerful tools for reducing healthcare-associated infec-

tions (HAI) (Jarvis, 1994). HAI are a critical public health issue; in the U.S. alone, 1 in

25 hospital patients is affected at any point in time, resulting in approximately 100k deaths

and $35 billion in hospital costs each year (ODPHP, 2019; CDC, 2009; Scott, 2009) and re-

cent evidence suggests the COVID-19 pandemic has exacerbated the problem (Baker et al.,

2021; Weiner-Lastinger et al., 2021). In addition to the medical benefits and direct costs

of HAI, hospitals also have large financial and reputational incentives to keep HAI low and

compliance with hand hygiene guidelines high.

Despite efforts by hospitals and public health organizations to achieve high compliance,

studies find that healthcare workers wash their hands less than half the time they should

(WHO, 2009). Motivating hand hygiene has proven challenging. Almost 200 years since

the benefits of hand hygiene were first discovered by Semmelweis (1861), behavior change

remains elusive. Many interventions are ineffective or have short-lived results. Those that

succeed are often multi-dimensional, making it hard to pinpoint the cause of the effects

(Naikoba and Hayward, 2001; Kingston et al., 2016; Gould et al., 2017).

Growing out of the demand for higher compliance, companies have developed technolo-

4The distinction between System 1 and System 2 processes are described in Kahneman (2011).
5Throughout the paper, I use the term washing to refer both to washing with soap and water and to the

use of hand sanitizer gel.
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gies to electronically monitor workers’ hand hygiene compliance in each patient interaction.

I use data from one such company, SwipeSense, to study hand hygiene behavior of 13,606

healthcare workers, primarily nurses, across 32 hospitals. Built on a location-tracking sys-

tem, the technology automatically and objectively records whether the worker is compliant

with hospital guidelines to wash or sanitize in each hand hygiene opportunity.6 Electronic

monitoring data provides a unique lens into the habit formation process for several reasons.

First, compliance is an objective, frequent, and well-measured aspect of performance. In

a typical 12-hour shift, the average worker in my sample has 68 hand hygiene opportunities.

Across all situations and for all workers, hospital guidelines are clear and consistent: hands

should be washed in each opportunity.7 This standard allows for performance comparisons

across people and situations in a way that is impossible in many other domains. This high-

frequency measure provides the statistical power to precisely estimate not only the main

effects of the factors that predict compliance but also heterogeneity in the effects, which is

the key piece of evidence for automatic cue-based habit.

Second, the required timing of hand washing allows for a tight link between the context (or

cue) and whether the action was performed. Each opportunity is associated with a specific

time and place. This is more difficult in other settings, such as gym attendance, where

cues, timing, and context are often less clearly defined. In one attempt to address this,

Beshears et al. (2020) incentivize gym attendance within a narrow time window to facilitate

the formation of a time-based routine. The authors (and 77% of surveyed psychologists)

anticipated that this would be more successful than a flexible incentive, but they found the

opposite effect. The surprising results point to the complexity of cues and the need for a

better understanding of cue-based habit formation in the field.

Finally, the healthcare workers in this paper are hand hygiene experts. Many have

had formal training on hand hygiene in nursing or medical school. With an average of 5.7

opportunities per hour, all have had extensive on-the-job experience. This differentiates the

setting from others in which habit formation may occur in parallel with real learning about

the costs and benefits of taking a new action or consuming a new good.8

The electronic monitoring data reveal five empirical facts consistent with automatic, cue-

based habits. Consistent with a dual-system model of costly attention and automatic habit,

I first document that hand hygiene responds to shocks to each system.

6Compliance in each opportunity is automatically recorded by the system if a worker washes their hands
within a predetermined period of time (e.g., 30 seconds).

7The nature of these interactions may vary substantially across patients, workers, and situations. For
example, a visit may include a nurse administering medication, a technician taking vital measurements, or
a surgeon providing a post-operative update. Regardless, the guidelines are the same.

8See Volpp and Loewenstein (2020) for a discussion of this and other mechanisms often confused with
habit.
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Fact 1 demonstrates that drains on attention, specifically fatigue, lower compliance. Sim-

ilar to Dai et al. (2015), compliance falls by 5.9pp (s.e. 0.08), or about 9%, as workers fatigue

over a 12-hour shift. This finding aligns with results based on other sources of fatigue; com-

pliance is 1.4pp (s.e. 0.19) lower on night shifts (vs. day) and 0.7pp (s.e. 0.02) lower on

consecutively-worked shifts with no day off in between.

Fact 2 documents the negative impacts of two disruptions to habit observable in the

data. First, compliance is 1.4pp (s.e. 0.14) lower upon returning from a long break from

work, consistent with habits that decay over time if not activated. Second, compliance is

3.0pp (s.e. 0.19) lower when workers cover a shift in a different department (a float day),

consistent with habits triggered by location-specific cues.

These estimates are economically significant and precisely estimated. Even a 1pp change

in compliance is associated with a 2% reduction in HAI. With the large amount of data, the

statistical precision allows me to estimate heterogeneity in the response to shocks. The third

and fourth facts use this heterogeneity to document the key prediction of the model: low

compliers (who rely primarily on costly attention) and high compliers (who rely primarily

on automatic habit) respond differently to these shocks.

Fact 3 documents heterogeneity in fatigue that is consistent with the automaticity of

habit. If the compliance of low compliers is bounded below by floor effects, we may expect

the highest compliers to fatigue most throughout a shift. Instead, high compliers fatigue 43%

less than low compliers. Consistent with automaticity of habit, high compliers are also less

responsive to other sources of fatigue like working nights and consecutively-worked shifts.

Fact 4 shows a different pattern of heterogeneity in disruptions to habit. The fact that

low compliers fatigue more can be explained by any model in which they are more responsive

to shocks. A differentiating prediction of automatic cue-based habits is that the same pattern

of heterogeneity will not be observed in responses to habit disruptions. While high compliers

benefit from automaticity in their usual settings, their behavior can be shocked by disruptions

to their routines. Indeed, high compliers respond at least as much as low compliers to taking

a few weeks off work and working a float day.

Fact 5 provides evidence for cue-based habit formation. Like other models of habit,

automatic cue-based habits deliver persistence in behavior. Unlike many other models of

habit, persistence is only predicted for behavior repeated in the same context.9 Consistent

9This resulting context-specificity in behavior is similar to other economic models that incorporate cues;
for example, cue-based consumption (Laibson, 2001), decision processes (Bernheim and Rangel, 2004), at-
tention (Taubinsky, 2014), and memory (Bordalo et al., 2020, 2021; Enke et al., 2020; Wachter and Kahana,
2019), as well neuroeconomic models of habit (Camerer et al., 2018). The literature has not converged on
a definition of context, or cues, and it likely varies across individuals and settings. I focus on a common
candidate, the physical environment, though context could also be mental states, time, or norms (see, for
example, Malmendier and Wachter, 2021, for a discussion of context in models of memory).
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with habits triggered by cues in the physical environment, healthcare workers are more likely

to wash in rooms that they have visited more often in the past. These effects are significant;

a counterfactual exercise estimates that compliance would be 2.7pp higher if an individual’s

work was concentrated in a single room, reducing the burden of HAI by 5.4%.

This study differs from much of the existing literature in economics on habit formation

in the field by focusing on the role of automaticity and cues rather than tests of the long-run

effects of short-term incentives (e.g., Charness and Gneezy (2009), Acland and Levy (2015),

Royer et al. (2015), Loewenstein et al. (2016), Carrera et al. (2018), Harris and Kessler

(2019)) or tests of rational addiction models (e.g., Hussam et al. (2017), Gruber and Köszegi

(2001), Becker et al. (1994)). A recent exception is Buyalskaya et al. (2021), who identify

habit formation as the predictability of behavior from cues using field data on hand hygiene

behavior and gym attendance. The authors use machine learning to identify an individual’s

time to habit formation as an increase in predictability over time. The paper takes a broad

perspective on cues, interpreting predictability from any context variable as a cue-based

habit (e.g., a habit to wash at the start of the shift, but not the end). In this paper, I

apply a more narrow interpretation of context to distinguish features that I assume drive

automatic habit, affect costly attention, or change the benefits of hand hygiene.

A better understanding of the automatic systems that drive behavior can have important

implications for individuals and organizations who seek behavior change (e.g., Thaler and

Sunstein, 2009). Cue-based habits imply that short-term incentives need to change behavior

across a variety of cues to generate long-lasting effects and point instead to cue-management

as a more direct way to build habit. Automaticity implies larger returns to interventions

that build habit, with positive spillovers to performance on other tasks.

This paper is not the first to suggest solutions for organizations who attempt to im-

prove performance in routine behaviors. A literature on organizational routines highlights

the benefits of coordination and standardization in processes and responses (Becker, 2004).

This paper is more closely related to those that focus on management strategies for opti-

mizing performance on routine tasks. For example, models of knowledge-hierarchies suggest

a management-by-exception approach, wherein production workers do routine tasks and es-

calate complex problems to managers (Garicano, 2000). As a more concrete example, the

use of checklists in routine tasks have been shown to improve surgical outcomes and reduce

airplane accidents (Haynes et al., 2009; Guwande, 2011). While the benefits of automaticity

in routine behaviors is not a new concept in economics (for an early example, see Weiss

and Ilgen, 1985), there has been a lack of empirical evidence documenting its importance in

the workplace. This paper contributes to the literature by improving our understanding of

habits and their role in routine behaviors with implications for motivating behavior change.
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The paper proceeds as follows. Section 2 describes a simple model of automatic cue-

based habit. Section 3 describes the electronic monitoring data. Section 4 provides empirical

evidence consistent with the predictions in Section 2. Section 5 discusses the implications

for organizations and concludes.

2 Theoretical Framework

In this section, I describe a simple theoretical framework of attention and habits in hand

hygiene.

Drawing from the psychology literature, habit formation involves the creation of an au-

tomatic cue-response. Habits are formed through repeated pairing of a cue with a behavior.

When habits have formed, the behavior is performed automatically in response to the cue.

This habitual behavior is an unconscious response and distinct from the cognitive processes

in which we make deliberate choices. In the Kahneman (2011) framework, habits are the

System 1 process, an automatic and unconscious response to a cue. Overriding habit requires

activating System 2 to make a conscious choice. This dual-system perspective is consistent

with evidence from neuroscience that as participants practice a task, brain activity moves

away from areas of executive control (Tricomi et al., 2009; Kelly and Garavan, 2005).

Activating the System 2 process to override habit is costly. The choice to activate it will

depend on incentives like the benefits of behavior change and competing drains on mental

resources.

Habits, on the other hand, are free. As people develop good habits, they benefit from

taking the desired behavior automatically without draining mental resources. This is consis-

tent with psychology evidence from dual-task experiments which find that performance on

one task improves as the second becomes habitual (e.g., Brown and Carr, 1989).

This feature of habit leads to a hallmark prediction from the psychology of habits: reward

insensitivity. While attentive choices will respond to changes in incentives, habitual behav-

ior is an automatic response to the environment that is unaffected by changes in current

incentives. In one of the few experimental examples, Neal et al. (2011) find that moviegoers

with a habit of eating popcorn in the cinema ate the same amount even if it was stale, while

those without a habit did not. In evidence from neuroscience, Tricomi et al. (2009) find that

with more practice on a task, participants become less responsive to changes in the rewards.

Instead of responding to changes in incentives, habitual behavior is a function of the

current context and past behavior in similar settings. Correlational studies in psychology

find that, for people with strong habits, behavior is better predicted by past behavior in

the same context than by stated intentions (e.g., Ji and Wood, 2007; Danner et al., 2008).
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Because of this context-specificity, habits are affected by changes in the environment. Studies

find, for example, that new movers can change behavior even if they had strong habits prior

to their move (e.g., Wood et al., 2005; Verplanken and Roy, 2016).

This model makes predictions about heterogeneity in behavior which I test empirically

in Section 4.

2.1 Benchmark without habits

To set-up the framework, I begin with a model without habits.

Consider a healthcare worker who should wash in an opportunity o, characterized by time

t and location l. Washing in each opportunity has a fixed benefit bi > 0, which may vary

across individuals. This heterogeneity captures differences across individuals in the perceived

health benefits of washing and other intrinsic motivations like altruism for patients.

Washing requires paying attention a. I assume a ∈ [0, 1] is the probability of paying

attention to washing in a given opportunity, which translates in this benchmark model

directly to the probability of washing, p(a) = a.

Attention is costly, with convex cost of attention c(a). The attention costs in this model

can be thought of as a simplification of a complex constrained maximization problem in which

the worker allocates finite cognitive resources to all of the tasks that she must complete.

Thus, costs in this model can be thought of as the opportunity cost of paying attention to

hand washing instead of another task.

I assume a quadratic attention cost, with c(a) = a2/2. I use a quadratic cost function as

it has the simplifying feature that the convexity is constant across values of a (i.e., a zero

third derivative). In Appendix A, I show that the predictions of this model hold for any

convex cost function that is not increasing in convexity too much.

Attention costs are scaled by the other drains on attention at the time of the interaction,

dt > 0. Thus, paying attention is more costly when there are distractions or competing drains

on attention.

Attention, a, is the choice variable in this problem, selected ex-ante to maximize the

individual’s expected utility

E[U(a)] = bip(a)− dtc(a)

= bia− dt
a2

2

which yields an optimal attention level a∗(bi, dt) = min(bi/dt, 1).

Attention, and therefore compliance (p∗(bi, dt) = a∗(bi, dt)), are increasing with the in-
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dividual’s perceived benefits of hand hygiene, bi, and decreasing with drains on attention,

dt.

Heterogeneity in benefits, b, induces not only changes in the levels of compliance across

individuals, but also the response to drains on attention. Intuitively, people with high bi

are operating at an attention level with a higher marginal cost. Because drains on attention

scale the marginal cost, this will have a larger impact on individuals with high bi.

Formally, away from the boundary conditions

∂2a∗(bi, dt)

∂bi∂dt
= − 1

d2t
< 0

and so the negative effects of drains on attention are larger (more negative) for people with

higher bi.

2.2 Automatic cue-based habit

The benchmark model can be extended to include habits in several ways. Drawing on the

psychology literature, in this section I describe a model in which habits are an automatic

response to a cue.

Habits are developed by repeated linking of a cue (i.e., entering or exiting a patient room)

with an action (i.e., washing or sanitizing). Therefore, habits are increasing in the number

of washes in response to the cue. We also expect habits to decay if not reinforced, so that

recent washes will increase habit more than washes in the distant past. If cues vary across

physical locations, habits will also be location-specific. Combining these features, I assume

habit evolves automatically according to

hilt = γhilt−1 + (1− γ)δ(l, l′)wil′t−1 (1)

with γ ∈ [0, 1) and h0 ∈ [0, 1]. wil′t−1 is washing behavior in the last period, equal to 1 if

the worker performed hand hygiene and 0 if the worker was not compliant or did not have

an opportunity in t− 1.

Note that the choice of t for a cue-based habit is not obvious. I assume an exponential

decay of habit over time, which implies that habits decay over periods with no hand hygiene

opportunities. Alternatively, one could model opportunities as the unit of time, in which case

habits would not decay over periods of no opportunities but only with missed opportunities.

The reality may be somewhere in between with habits decaying over time and more severely

with actively missed hand hygiene opportunities. For simplicity, I assume an exponential

decay over time, which treats missed and no opportunities equivalently.
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Habit in location l at time t is a weighted average of the location-specific habit stock and

hand hygiene behavior in the last period. δ(l, l′) ∈ [0, 1] captures the portability of habit

across locations. If habits are not location-specific δ(l, l′) = 1 ∀l, l′. If habits are location-

specific, δ(l, l) = 1 and δ(l, l′) < 1 ∀l 6= l′. We may expect that locations with a higher

degree of similarity in cues have a δ closer to 1. With γ < 1, habits (and the importance of

past washes) decay over time.

I model automatic habits as costless hand washing; habits allow the worker to wash

without paying attention. As before, a translates to a probability of paying attention. With

full attention a = 1, the worker will always wash. With no attention a = 0, the worker

washes according to her habit level hilt. At attention level a, the probability of washing is

given by

p(a, hilt) = a+ (1− a)hilt. (2)

Intuitively, the worker can comply at her habit level at not cost, but must pay costly attention

if she wants to wash more. While the worker knows her habit level hilt, or likelihood of

washing out of habit, identifying whether she actually washed out of habit in a particular

opportunity requires paying attention. This representation is consistent with the self-report

measures that psychologists use to identify habit: [The behavior is something...] “I do

automatically”, “I do without having to consciously remember”, “I do without thinking”,

and “I start doing before I realize I’m doing it”.10

I assume the worker is myopic when selecting her attention level and does not anticipate

the impact of today’s behavior on future habit levels.11

The worker maximizes expected utility

E[U(a, hilt)] = bip(a, hilt)− dtc(a)

= bi(a+ (1− a)hilt)− dt
a2

2
.

10Statements from the Self-Report Habit Index (Verplanken and Orbell, 2003) and condensed Self-Report
Behavioral Automaticity Index (Gardner et al., 2012).

11Models of rational addiction based on (Becker and Murphy, 1988) instead assume that agents anticipate
their future habit formation when making choices today. In the domain of hand washing, Hussam et al.
(2017) find evidence for the hallmark prediction of rational addiction, that anticipated future changes in
benefits impact behavior today. On the other hand, evidence on digital addiction suggests that people
behave myopically with respect to habit formation (Allcott et al., 2020). I suspect that the key insights from
my model are largely orthogonal to whether agents anticipate future habit formation and thus, for simplicity,
consider only the myopic case.
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The optimal solution, a∗, satisfies the first order condition with

a∗(bi, dt, hilt) = min

(
bi
dt

(1− hilt), 1
)
. (3)

which delivers an optimal probability of compliance

p∗(bi, dt, hilt) = p(a∗, hilt) = min

(
bi
dt

(1− hilt)2 + hilt, 1

)
. (4)

This yields the first set of predictions.

Prediction 1. Compliance is decreasing in the level of distraction, dt.

Proof. This follows directly from the derivative of optimal compliance with respect to dis-

tractions as

∂p∗(bi, dt, hilt)

∂dt
= − bi

d2t
(1− hilt)2 ≤ 0.

To test this prediction empirically, I focus on fatigue as a proxy for the drain on attention,

d. I use three proxies for fatigue in the data: time at work (i.e., hours on the shift),

performance on the night shift (vs. the day shift), and consecutively-worked shifts with no

day off in between.

The impact of habits on compliance is more nuanced. Habits affect compliance through

two opposing channels. First, habits directly increase compliance through the p(a, hilt) func-

tion; fixing a away from the boundary conditions, an increase in habit of ∆h increases

compliance by (1−a)∆h. Second, there is an indirect effect of habits on compliance through

a decrease in the optimal attention level. Attention is only relevant in the 1−hilt chance that

the worker doesn’t wash out of habit, resulting in a marginal benefit of attention bi(1−hilt).
As habit increases, this marginal benefit declines, putting downward pressure on attention.12

In the results that follow, I focus on the region of the parameter space where the direct

effect of habits on compliance outweighs the indirect effect, as formalized in Prediction 2.

Prediction 2. Compliance is increasing in habit, hilt when the direct effect on compliance

outweighs the indirect effect through attention.

12Optimal attention does not decline by the full change in marginal benefit b, as convex attention costs
also imply a lower marginal cost at the lower a.
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Proof. Compliance is increasing in habit when

∂p∗(bi, dt, hilt)

∂hilt
≥ 0

⇔ 1− 2
bi
dt

(1− hilt) ≥ 0

⇔ 1− 2a∗(bi, dt, hilt) ≥ 0.

This condition holds in any region of the parameter space in which the benefits of hand

hygiene are not too high, so that automatic habits make up a significant portion of washing.

This is true in any region where a∗ ≤ 0.5. With very high benefits (bi ≥ dt), compliance will

be 100% regardless of habit and the condition holds vacuously. With bi ≤ 2dt, attention is

never more than 50%, so the condition holds for any habit level.

The only parameter space under which this condition does not hold is with high benefits

that don’t quite hit the boundary case, dt > bi > 2dt. Compliance would be declining as

habits increase from 0 to some threshold level of habit h̄ ≤ 0.5, after which point compliance

will rise with habits.

The direct effect of habits outweighs the indirect effect when bi ≤ 2dt, bi ≥ dt, or when

dt > bi > 2dt and habits are above the threshold level, h̄.

In the data, I cannot directly observe habit levels. However, I can proxy for changes in

habit within an individual using the two dimensions along which habit varies: location l and

time t.

At the same time t, a worker can have high habit in one location l1 and low habit in

another location l2. Prediction 2 implies that holding all else constant, moving from location

l1 to l2 will lower compliance. In the empirical analysis, I consider exactly this type of event.

Specifically, I examine changes in compliance on float days – days when a worker covers one

or two shifts in a different department. If habits are highest in a worker’s home department,

float days should have lower compliance than regular shifts.

According to the evolution of habit in Equation (1), time between washing should lower

habit. Consider, for example, habit hilt in location l at time t. If no hand hygiene is performed

between time t and T > t, or {wil′t, ...., wil′T−1} = 0, habit will fall with hilT = γT−thilt < hilt.

To test this empirically, I look at the impact of time off work on compliance. Time off work

has two opposing effects. As documented by Dai et al. (2015), time off work can help workers

recharge, lowering fatigue (↓ dt). On the other hand, the longer the time off, the larger the

corresponding decline in habit. In the data, I consider long breaks from work (at least two

weeks off) as a proxy for a drop in habits.

Note that each of these events – float days and returns from long breaks – are unusual,
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likely paired with other distractions. Float days carry additional complications of trying

to navigate in a new department like looking for supplies or figuring out who to ask for a

consult. Returning from a vacation may involve more socializing with coworkers.

In addition to the within-person variation in habit, I also examine differences in habit

across people. Heterogeneity in habit can come from several sources. First, job design and

exogenous shocks can lead to heterogeneity in habit levels without any heterogeneity in the

model parameters. Individuals’ whose work is concentrated in more similar environments,

who have more opportunities, and less time between shifts or patient interactions will expe-

rience less habit decay and benefit from more portable habits. Even with the same likelihood

of paying attention, chance will cause some to realize a more positive sequence of washes

than others. In the model, these sources of heterogeneity are captured by different sequences

of {wilt}.
Second, individuals may differ in how easy it is to build and maintain a habit. For

example, individuals with who have a smaller decay in habit (a γi close to 1) or more

portability of habits across domains (a δi(l, l
′) close to 1) will have higher habit even with

the same past washing experience. Third, heterogeneity in habit may come from variation

in benefits, bi, or in past drains on attention, {dt}.
To simplify, in the remainder of this section I focus on heterogeneity driven by their past

washing behavior, {wilt}, which vary by chance or features of the job that are exogenous to

the other model parameters.

Compliance is increasing in the habit level, but the attention allocated to hand washing

is declining in habit. To show this graphically, I plot the model solution in Figure 1 for a

given b and d. The black line at the top of the area chart plots compliance p∗ at the optimal

attention level for each habit level, hilt (plotted along the x-axis). The dark region represents

the share of compliance coming from effortful attention a∗ while the light region is the share

of compliance coming from habit. This figure demonstrates the key feature of the model:

habit and attention serve as substitutes. Compliance levels rise with habit, but the share of

compliance driven by costly attention declines.

Distractions impact costly attention, but have no impact on habitual compliance. In

Figure 1, adding distractions make the dark region (attention) more costly. Because this

makes up a smaller share of overall compliance at higher habit levels, distractions will be

less harmful for these types. Prediction 3 formalizes this idea.

Prediction 3. Distractions (↑ dt) will have a larger impact on compliance for people with

low habit.

Proof. Distractions have a negative effect on compliance. The prediction is true as ∂p∗(b,dt,hilt)
∂dt
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Figure 1. Model compliance and attention

Note: Plot shows model solution for compliance and attention by habit level with benefit b = 1 and drains
on attention d = 3. Share of compliance coming from habit (h) is plotted in light blue with the share coming
from attentive hand hygiene (a∗(1− h)) in dark blue.

is increasing (i.e., becoming less negative) in the habit level, with

∂2p∗(b, dt, hilt)

∂d∂hilt
=

2b(1− hilt)
d2t

≥ 0.

The opposite intuition holds for disruptions to the habit level. Because high compliers

rely more on habit than costly attention, their compliance will be more affected by shocks

to habit than the low compliers.

Prediction 4. When compliance is increasing in habit, disruptions to habit (↓ hilt) will have

a larger impact on compliance for people with high habit.

Proof. If compliance is increasing in habit, ∂p∗(b,dt,hilt)
∂hilt

> 0. A positive second derivative

implies that changes in habit are more impactful at high levels of habit with

∂2p∗(b, dt, hilt)

∂h2ilt
=

2b

dt
≥ 0.

Figure 2 presents Predictions 3 and 4 graphically. From the baseline solution in Figure 1, I

plot the change in optimal compliance for an increase in distraction (Figure 2a) or a decrease

in habit level (Figure 2b) from different baseline compliance levels. The model predicts that
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low compliers will have a larger response to an increase in distraction level and a smaller

response to a change in habit. High compliers will have the opposite response. Figure 2c

shows one example of a combination of a shock to habit paired with additional distractions,

as we may expect to be the case in the empirical examples of float days and long vacations.

Depending on the relative size of the shocks to habit and distractions, heterogeneity in the

net result is ambiguous. Figure 2c shows an example where the heterogeneity cancels out,

leaving a uniform response.

(a) Distraction (b) Habit Disruption (c) Habit Disruption + Distraction

Figure 2. Model response to distraction and habit disruption

Note: Model response to an increase in distraction (a) or habit disruption (b) or both (c) in the cue-based
habit model. Increase in distraction in increases dt from 3 to 4.5 in (a) and from 3 to 3.35 in (c). Habit
disruption modeled as a drop in habit by 5pp in both (b) and (c).

Predictions 3 and 4 provide testable implications for the heterogeneity in response to

shocks by compliance level, driven by the key feature that habit and attention act as sub-

stitutes.

These predictions differ from those of the standard model with heterogeneity across indi-

viduals in the perceived benefits. In contrast to automatic cue-based habits, heterogeneity in

b implies that high compliers should respond more to drains on attention. In a model without

habit, vacations and switching departments may just reflect other drains on attention, like

catching up with coworkers or needing to learn new tasks. In this case, the standard model

predicts that the high types will also respond more negatively to disruptions.

2.3 Habits as cravings

Rather than having a direct impact on behavior through automaticity, habits may instead

alter preferences for hand hygiene. Through this channel, past hand washing increases the

desire to wash in the future through cravings. This notion of past behavior increasing future
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cravings has been used as the motivating example in many descriptions of habit in rational

addiction models (for an example with hand hygiene, see Hussam et al. (2017)).

Laibson (2001) provides one cue-based micro-foundation for this process; when cues have

been paired with past consumption, the cue triggers a preparatory or compensatory process

that raises marginal utility for consumption.13 He gives examples such as a smoker feeling

nicotine cravings upon seeing an open box of cigarettes or the smell of freshly baked bread

initiating appetite arousal and salivation.

Laibson models this as an increase in the marginal utility of consumption in the presence

of the cue. In this context, one could think of a craving for hand washing as a change in

the benefits of hand washing (e.g., bilt = bi + ηhilt, with η > 0 a scaling parameter). This

model will generate results similar to the benchmark model with heterogeneity in benefits.

As people build habit, they want to wash more and will pay more attention to their hand

hygiene behavior. Washing will be context-dependent and increase in places with more past

washing experience. However, habit modeled this way will not deliver the same automaticity

as the cue-based model; high habit types pay more attention to hand hygiene and thus will

respond more to other drains on attention.

In practice, past experiences may affect both automaticity and preferences. For example,

with smoking, addiction may increase cravings for cigarettes while cue-based habit make

the act of smoking automatic. The model highlights that these two channels are distinct,

with different predictions about whether habits operate through deliberate or automatic

processes. Effectively motivating behavior change through these distinct channels likely

requires different approaches.

2.4 Links to other models

This model of automatic cue-based habit has many features similar to models of associative

memory (for examples in economics, see Bordalo et al., 2020, 2021; Enke et al., 2020; Mul-

lainathan, 2002; Wachter and Kahana, 2019). In fact, Verplanken (2018) defines habits as

“memory-based propensities to respond automatically to specific cues, which are acquired

by the repetition of cue-specific behaviors in stable contexts.” One could model habits as

retrieving a memory for context-specific default behavior. For example, when a nurse walks

into a patient room, the context prompts her to remember what she does when entering a

patient room. She will recall past instances of walking into patient rooms and will be more

likely to recall events that happened in more similar contexts (e.g., the same room) and more

recently. The more she retrieves memories of washing her hands in those past situations, the

13Following Becker and Murphy (1988), Laibson (2001) models consumers as rational and forward-looking.
As discussed above, for simplicity, I assume people are myopic with respect to their future habit formation.
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more likely she will be to wash. This process happens automatically when she walks into

the room; deliberately choosing to wash requires paying attention to the outcome of this

automatic process.

The neuroeconomic model of habit of Camerer et al. (2018) also has similar character-

istics, but describes a distinct mechanism that centers around the reliability of rewards.

People operate either in preference-mode, when they consider all options and make a delib-

erate choice, or in habit-mode, when they simply repeat their last action in the same context.

The choice of which mode to operate in depends on the predicted value of each option and

the reliability of those predictions, which are determined by past experiences. People act out

of habit in familiar, predictable contexts and more deliberately in unfamiliar or uncertain

settings.

Also motivated by neuroscience literature, Bernheim and Rangel (2004) model addiction

with cues the trigger hot decision states. In hot states, the harmful good is always consumed,

regardless of preferences in the cold state. I model costly attention as the tool to overcome

such automatic behavior. In Bernheim and Rangel (2004), addicts can change their behavior

through endogenous cue choice, deciding whether to put themselves at risk of cuing the hot

state.

I focus on the role of cues as prompting an automatic habitual behavior, but cues can

also trigger deliberate choices. For example, consider a poster of someone washing their

hands that, upon being seen, reminds a nurse to wash her hands. Taubinsky (2014) models

the impact of such attention-focusing cues which override habitual behavior to prompt an

active choice.

3 Data

Hospitals in the data use a “gel-in, gel-out” policy, which requires hospital workers to wash or

sanitize their hands upon entry to and exit from a patient room. Hand hygiene compliance

data was obtained from SwipeSense, a company that developed a technology to monitor

individual hand hygiene compliance. The technology uses three key components: RFID

badges worn by workers, sensors on soap and sanitizer dispensers, and sensors in each patient

room. Appendix Figure A1 shows the SwipeSense system. Badges are assigned to a unique

worker, which allows for tracking of individuals. To identify compliance with the gel-in,

gel-out policy, room sensors record the time of worker entry to and exit from a patient

room. Dispenser sensors identify when a soap or sanitizer dispenser is used and assign each

use to the closest worker at the time of use. Each entry to or exit from a patient room is

time stamped and recorded in the data as a hand hygiene opportunity. Compliance in each

16



opportunity is defined as a binary outcome, equal to 1 if the worker used a soap or sanitizer

dispenser within a 60 second window of entry to or exit from the patient room.

For each hand hygiene opportunity, the data includes the type of event (room entry or

exit), time, location information (room number, department, unit, and hospital), worker

information (anonymized individual identifier, role, department), and compliance.

The dataset includes any worker at the hospitals who wears an RFID badge including

physicians, registered nurses, nursing assistants, technicians, administrators, and environ-

mental service workers, among others. The nursing staff make up the majority of the data;

they work 63% of shifts and have 73% of patient interactions.

I use the pattern of patient interactions to infer shift start and end times. Following the

procedure used in Dai et al. (2015), I define a new shift as occurring if 7 or more hours elapse

between the end of one patient interaction and the start of the next.

The distribution of resulting shift lengths, shown in Figure 3, has three peaks. There is a

large mass of shifts that last around 12 hours and a smaller peak close to 8 hours, which are

common shift times in the industry. The third peak is close to 0, with about 10% of shifts

lasting under 15 minutes. These short times are likely snapshots from a longer shift with

few patient interactions (e.g., a physician who spends the majority of their day on research

but has one patient visit). While a large fraction of shifts, this represents only a small share

of opportunities. I limit to the set of shifts with sufficient patient interaction, namely those

that last 5 to 13 hours, shown graphically as the region between the two red lines. These

shifts make up 68% of shifts, but 90% of all interactions.

Figure 3. Distribution of shift length in the full sample

Note: Plot shows a histogram of shift length in hours across all shifts in the data. Length is capped at 16
hours for the figure. Shifts lasting 5 to 13 hours, as indicated by the red vertical lines, are included in the
analysis sample.

The goal of the analysis is to study hand hygiene behavior among those for whom this

is a common and frequent aspect of their job. I limit the data to workers who average at
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least one opportunity per hour at work, at least one shift per week, and are in the data for

at least 6 months. These make up only 40% of workers, but 80% of shifts and opportunities.

Appendix C summarizes the full data and the main sample. Compared to the full data,

the main sample has more shifts per worker, longer shifts, more opportunities per shift (but

fewer per hour). Despite differences in the shifts and workers, overall compliance is quite

similar (61% in the main sample vs. 59% in the full data).

The main sample covers hand hygiene behavior of 13,606 workers in 123M opportunities

across 2.1M shifts. These shifts take place in 276 departments, 32 hospitals, and 21 networks

from August 2016 to February 2020. For the main analyses, I exclude all data from March

2020 on to exclude the COVID-19 pandemic. I discuss the interesting trends during the

pandemic in Appendix D. Though intriguing, potential changes in hospital procedures during

this time make it difficult to draw conclusions without more information.

In Table 1, I describe the data. Panel A summarizes the shifts included in the sample. The

median shift lasts 10.6 hours, during which a worker has about 58 hand hygiene opportunities

(5.5 per hour).

Figure 4 shows the distribution of shift start times in the final sample. The vast majority

of shifts start around 7am and 7pm with smaller masses at 11am, 3pm, and 11pm. I define

day shifts as those that start between 2am and 2pm (64% of shifts). Consistent with typical

hospital schedules, 56% of shifts appear to be on a 12-hour 7am/7pm schedule and 24% on

an 8-hour 7am/3pm/11pm schedule.

Figure 4. Distribution of shift start times

Note: Plots show histogram of shift start time across all shifts in the analysis sample.

I define the shift date at the beginning of the shift, except for the small fraction of shifts

that start between 12 and 2am. For these, I use the day before in order to assign consistent
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dates for night shifts that start just before and after midnight. Across days of the week,

weekdays have a slightly higher than proportional share of shifts: 77% of shifts are worked

on weekdays vs. weekends.

Shifts are typically concentrated in one department where workers visit patients in about

8 different rooms. I associate shifts with a department if at least 75% of opportunities

occur in a single department.14 Workers are typically in the same department over time; the

median person works 90% of their shifts in the same department. As is common in hospitals

(and especially for nurses), 1.8% of shifts appear to be float days, when a worker temporarily

works a shift in a different department. I define a float day as a 1 to 2 shift switch from one

department to another.15 55% of workers in the main sample work at least one float day.

The median shift is worked after only one day off. While workers are typically active in

the data, I also observe long breaks, with 1.4% of shifts occurring after at least 2 weeks off.

While rare events, they are distributed across workers, with 74% of the sample having at

least one long break.

Panel B of Table 1 describes the workers in the data. The average worker is compliant

in 58% of their hand hygiene opportunities, with a standard deviation across workers of

22%. Figure 5 graphically depicts the large amount of heterogeneity in the distribution of

compliance across individuals. 17% of workers have compliance rates above 80% and only

2% have compliance above 90%. This lack of mass at the very high end likely reflects an

upper bound on attainable compliance due to either the circumstances of the interaction

(e.g., carrying supplies into a room) or limitations of the technology (e.g., mismeasurement

in the time of room entry/exit or misattribution of a dispenser use). Many workers have

compliance well below this threshold, with 35% of workers at an average compliance under

50%.

The heterogeneity across individuals is not noise; these individual estimates are precise

and stable. To quantify the precision, I use a split-sample technique to estimate correlations

between individuals’ average compliance estimated separately on two halves of the data.

Splitting by days of the week (Mon/Wed/Fri/Sun vs. Tue/Thu/Sat), the within-person cor-

relation is 0.99. The correlation is the same when splitting the data every other week. Even

over time, individuals differences are quite stable. The within-person correlation between

compliance in the first and second half of each worker’s data is 0.84.

Consistent with the selection on active workers, the average individual works 21.7 hours

1485% of shifts are associated with a department.
15Specifically, I define a switch from from department 1 to 2 if a worker has been working in department 1

for at least three shifts, then switches to department 2 for either one or two shifts (the float days), followed
by a shift that is not worked in department 2 (most commonly returning back to department 1).
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Figure 5. Heterogeneity in compliance

Note: Distribution of compliance rates across all individuals in the analysis sample.

per week, for a total of 156 shifts over about a year and half in the data. The type of workers

are also disproportionately weighted toward jobs with high levels of patient interaction.

The majority of individuals are nursing staff; 46% are registered nurses, 13% are nursing

assistants, and 4% are other nurses. The remaining 37% of workers cover a variety of roles

including technicians (9%), housekeeping and food services (5%), and doctors (4%).

4 Empirical Evidence for Cue-Based Habit

In this section, I provide evidence consistent with the predictions of the model of cue-based

habits.

4.1 Fact 1: Compliance falls with fatigue

According to Prediction 1, other drains make paying attention to hand hygiene more costly.

This will lower the optimal attention workers allocation to hand hygiene and, in turn, lower

compliance rates. As described in Section 2, I test this prediction using three proxies for

fatigue: hours at work, night shifts, and consecutively-worked shifts.

In Column 1 of Table 2, I report the results from an OLS regression of compliance on

features of the opportunity, shift, and individual. Specifically, I estimate

cilt = βFFit + βBBilt + ωi + γl + ηlt + εilt (5)
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where cilt is compliance by individual i at time t and location l. Compliance, cilt, is a binary

outcome rescaled to 100. Fit is a vector of proxies for fatigue including hours at work (divided

by 12 so the coefficient reports the difference between the start and end of a 12-hour shift)

and indicators for night and consecutively-worked shifts. Bilt is a vector of potential proxies

for benefits: the worker’s total number of opportunities in the hour (normalized within

person), an indicator for room entry (vs. exit), an indicator for weekend (vs. weekday)

shifts, and a quadratic trend for the number of months the worker has been in the data to

account for learning over time. I also include an indicator for the first shift each person

has in the data, for which I cannot identify whether it was a consecutively-worked shift. I

include individual fixed effects (ωi) to account for individual differences, department fixed

effects (γl) to control for variation in benefits across patient types (e.g., neonatal intensive

care vs. emergency room), and network-month-year fixed effects (ηlt) to account for time

varying trends in actual or perceived changes in benefits of hand hygiene (e.g., flu season or

the CEO sending an email reminding everyone to wash). εilt is an error term. To capture

potential autocorrelation, I cluster standard errors by individual.16

Consistent with Prediction 1, all estimated coefficients on the proxies for fatigue are

negative. Figure 6 shows the results graphically. Consistent with prior work by Dai et al.

(2015), I find a large drop in compliance over the course of a shift, with compliance falling

5.9pp (s.e. 0.08) from the beginning to the end of a 12-hour shift, or about 9% from the

start of the shift. Compliance on the night shift is 1.4pp (s.e. 0.19) or 2% lower than on the

day shift and 0.7pp (s.e. 0.02) or 1% lower on consecutively-worked shifts relative to those

with at least one day off in between.

4.2 Fact 2: Compliance falls with disruptions to habit

According to Prediction 2, compliance is increasing in the level of habit. Therefore, any

negative shocks to habit should lower compliance. As discussed in Section 2, I consider two

disruptions to habit: float days and time off work.

I begin by examining disruptions with an event study design. Specifically, I estimate

Equation (5), adding a set of event time indicators for each event e

cilt =
∑
e∈E

∑
j∈Je

1{t = j}+ βFFit + βBBilt + ωi + γl + ηlt + εilt (6)

where the set J runs from 5 shifts prior to the event to 5 shifts after the event. I also include

indicators for all shifts more than 5 shifts prior to and after the event.17 For each event, the

16I estimate all regressions using the Stata command reghdfe (Correia, 2016).
17Following Sandler and Sandler (2014), to account for the fact that there may be multiple events, rather
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Figure 6. Estimated predictors of compliance

Note: Graph plots estimated coefficients from Column 1 of Table 2 relative to the baseline level of compliance.
Error bars indicate 95% confidence interval on the difference relative to the omitted category. Y-axis re-
scaled so that the baseline is average compliance across the first hour of non-consecutive day shifts (the
omitted categories).

reference category is 2 shifts prior to the event.

Beginning with float days, I estimate 6 where a set of events E includes float days that

last either 1 or 2 shifts as well as “permanent” department switches, which I define as lasting

3 or more shifts.

Figure 7 plots the event time coefficients for department switches that last 1 or 2 days.18

Despite the potential endogenous assignment of float days, the estimated event time coeffi-

cients reveal no pre-trends in the shifts prior to the float day. On the float days, I observe a

large drop in compliance on the order of 2.5 to 3pp when working in a different department

from the previous 3 shifts. After the float day (+1 for the 1 day switch and +2 for the 2

day switch), compliance essentially returns to pre-float levels as workers typically go back to

their usual department.19

Turning to time off as a disruption, I use the same event study methodology to look at

variation in compliance around breaks of different length. Specifically, the set of events E

are breaks of 1 day, 2 days, 3 to 4 days, 5 to 7 days, 1-2 weeks, 2-4 weeks, and 4 or more

weeks.

than binary indicators, the binned categories take on a value equal to the number of events that are more
than +/-5 shifts away. For example, if a shift is 10 shifts after one float day and 30 shifts after another, the
event time indicator for more than 5 shifts after a float day would be equal to 2.

18Of the 39,151 switches that occur, 80% last only one shift, 10% last two shifts, and 10% last 3 or more
shifts. Appendix Figure A4 also plots the event study coefficients for switches that last more than 2 shifts.

19In 83% of 1 and 2 day switches, workers return to the original department.
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Figure 7. Event study graphs: float days (department switches)

Note: Coefficients and 95% confidence intervals estimated from equation 6 with event indicators E indicat-
ing department switches that last 1, 2, or 3+ shifts. See text for more detail on the plotted coefficients.
Coefficients for event indicators surrounding permanent switches shown in Appendix Figure A4. The x-axis
indicates shifts relative to the switch. To the left of the dashed line are shifts prior to the switch, float
day indicates the first day in the new department, followed by subsequent shifts (+1, +2, etc.). The red
(darker) line plots the event-time coefficients for a one-shift float day while the orange (lighter) line plots
the event-time coefficients for a float that lasts two shifts. The gray line plots the coefficients after the float
day, when the worker leaves the new department.

Figure 8 plots the event time coefficients. The first dashed line at -1 indicates the shift

prior to the break and the second dashed line indicates two shifts after returning from a

break. The key coefficients of interest are the shifts plotted between the two dashed lines,

which are the first shift after returning from a break. These coefficients, all with event time

of 0, are spread out to graphically illustrate the amount of time off work (or the number of

days between -1 and 0).

As discussed in Section 2, we expect time off work to have two opposing effects on

compliance. As documented by Dai et al. (2015), time off work can reduce fatigue and

increase compliance. Indeed, I confirm these effects for shorter breaks from work. Relative

to the two shifts prior, compliance is 0.55pp (s.e. 0.04) higher after one day off and 0.68pp

(s.e. 0.04) higher after 2 days off. This positive effect of time off maxes out after a break of

3 to 4 days, when compliance upon return is 0.91pp (s.e. 0.04) higher.

Time off work can be restorative, however it can also have negative effects if habits decay

over time. After 4 days off, there are no additional gains to longer breaks. Instead the trend

appears to reverse, consistent with longer breaks resulting in more habit decay. For breaks
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that last 2-4 weeks, there is so significant difference in compliance relative to the reference

shift, suggesting that the benefit of time off has been completely washed out by the decay

in habit. 20

Figure 8. Event study graphs: days off between shifts

Note: Coefficients and 95% confidence intervals estimated from equation 6 with event indicators E indicating
breaks between shifts of different lengths. Event time indicators for all breaks less than 4 weeks are shown in
the figure; very long breaks are included in Appendix Figure A5. The x-axis indicates shifts relative to the
break. To the left of the first dashed line are shifts prior to the break. Return from break is the estimated
coefficient on the shift after a break of the specified length. The second dashed line at +1 indicates the
second day after a break of the specified length, followed by subsequent shifts (+2, +3, etc.). The gray lines
identify these shifts after the day of return.

I synthesize these effects in Table 2 by adding indicators for simplified versions of the

events to the baseline regression Equation (5) estimated in Column 1. Specifically, I estimate

cilt = βFFit + βcconsecit + βllongit + βffloatit + βBBilt + ωi + γl + ηlt + εilt (7)

where longit is an indicator for a shift following a long break (14+ days off), and floatit is

an indicator for a float day that lasts 1 or 2 shifts. The reference categories are shifts worked

after a short break (1-13 days) and non-float days.

Column 2 of Table 2 shows the results. Relative to a short break (1-13 days off), shifts

20In Appendix Figure A5, I also include event time coefficients for the longest breaks (more than 4 weeks).
Returns from these breaks make up only 0.5% of shifts, consistent with these being unusual events. Declining
pre-trends indicate that the timing of these breaks may occur endogenously at low-compliance times, such
as taking a leave of absence following a period of burnout. For this reason, I treat these very long breaks
separately from more reasonable breaks of 2-4 weeks.
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worked on consecutive days have 0.77pp (s.e. 0.02) lower compliance. Shifts worked after

returning from a long break (2-4 weeks) have 1.4pp (s.e. 0.14) or about 2% lower compliance.

As before, these findings are consistent with the two opposing impacts of time off: rest to

combat fatigue and decay of habit. For short breaks, the former dominates and for long

breaks, the latter. On float days, compliance is 3.04pp (s.e. 0.19) or about 5% lower than

on non-float days. This is consistent with location-specific habits that are disrupted when

moving to a different department.

4.3 Fact 3: Fatigue has a larger impact on low compliers

According the cue-based habit model, fatigue should impact attentive hand washing but not

habitual hand washing. Therefore, fatigue should have a larger effect when habit is low and

hand washing requires more attention (Prediction 3).

Assuming that compliance is increasing in habit (Prediction 2), I use compliance levels

as a proxy for habit and estimate the effects separately for people with low, medium, and

compliance. Empirically, this heterogeneity analysis is only possible because of the precision

of the estimates in Table 2. Even after splitting the sample, I have enough statistical power

to distinguish effect sizes between subgroups.

To identify types, I split the data into a categorization sample, on which I identify types,

and a separate estimation sample, in which I estimate the responses to fatigue and habit

disruptions for each type.

To categorize workers into low, medium, and high compliers, I use compliance in each

individual’s first three months of the data, controlling for the fatigue, disruptions, and ben-

efits. Specifically, I estimate Equation (7) including only each worker’s first three months

in the data (the categorization sample). From this regression estimate, I obtain individual

fixed effects which I split into terciles.21

I then estimate the baseline regression in Equation (7) separately for each of the three sets

of workers using only data from months four and beyond (the estimation sample). Splitting

the data into separate categorization and estimation samples eliminates many of the possible

mechanical relationships between the categorization and estimated effects. As an extreme

example, someone with 0 or 100% compliance mechanically must have 0 effect sizes during

that period. The separation between categorization and estimation breaks that link.

I report the results in Table 3 and show the results graphically in Figure 9. There are

4,495 workers in each bin with average compliance of 45%, 63%, and 78%.22

21The main results are robust to alternative ways of categorizing compliance levels, as described in Section
4.4.1.

22Appendix Table C displays summary statistics separately for the three groups. High types visit the data
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Figure 9. Effect of fatigue and habit disruptions on compliance

Note: Graph plots estimated coefficients and 95% confidence intervals for the impacts of fatigue (blue)
and habit disruptions (red) relative to the omitted categories. For each effect, the three bars indicate the
estimated estimates for low (L), medium (M), and high (H) compliers. Coefficient estimates are from an
OLS regression of compliance on fatigue, habit disruptions, and proxies for the benefits of hand hygiene, as
reported in Table 3.

Consistent with Prediction 3, the negative impacts of fatigue are concentrated among

low compliance workers. The magnitudes of the differences across types are large; high

compliers decline 43% less than low compliers over the course of a shift (6.71pp vs. 3.82pp).

The patterns are similar for the other fatigue measures; high compliers respond 76% less to

working the night shift (0.5pp vs. 2.3pp) and 26% less to working a consecutive shift (0.81pp

vs. 0.60pp).
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4.4 Fact 4: Disruptions impact both low and high compliers

According to Prediction 4, disruptions to habit should affect exactly the opposite people

from shocks to fatigue. Those who rely more on habit to wash will be more impacted by a

shock to habit than those who need to pay costly attention to perform hand hygiene. As

discussed in Section 2, the predicted heterogeneity across types is ambiguous if shocks to

habit occur with distractions.

Using the same analysis as Fact 3, I estimate the impact of float days and long breaks

from work separately for low, medium, and high compliers. I report the results in Table 3,

shown graphically in Figure 9.

Contrary to the effects of fatigue, disruptions to habit affect high compliers at least as

much as low compliers. After returning from a long break, high compliers experience a

drop in compliance of about 1.4pp (s.e. 0.22). Low compliers experience a similar drop

of 1.2pp (s.e., 0.26). The point estimates imply that high compliers respond 19% more

than low compliers, but the difference is not statistically significant. On float days, high

compliers experience a drop in compliance 39% larger than their low compliance peers. This

difference is only marginally significant; compliance of high compliers falls by 3.3pp (s.e.

0.21) compared to 2.4pp (s.e. 0.27) for low compliers.

Consistent with the relatively large standard errors on these rare events, this hetero-

geneity across types is less robust than previous results. Across alternative methods for

categorizing Low and High compliers as shown in F, the results vary. Generally speaking,

there are either no significant differences across the types, or the high types respond more,

as predicted by the cue-based habit model.

4.4.1 Robustness of Facts 1-4

The results above are robust to a number of alternative specifications and modeling choices,

which I describe in more detail below.

High vs. Low Compliers A key piece of evidence in support of the cue-based habit model

is the differential response to fatigue and habit disruption between low and high compliers.

However, the choice of how to identify low vs. high compliers is somewhat arbitrary. The

results in Table 3 are robust to alternative methods for categorizing low vs. high compliers.

In Appendix Figure A6, I plot variants of Figure 9 under alternative categorizations described

below.

In the main analyses, I divide workers into terciles based on individual fixed effects

estimated from a regression of compliance over an individual’s first three months in the
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data on distractions, disruptions, and benefit proxies as described in Equation (7). This is a

parametric approach that attempts to controls for differences in compliance across individuals

and settings that do not reflect differences in habit.

A more non-parametric approach is to bin by average compliance in the first 3 months

of the data, as shown in Appendix Figure A6 (a). Comparing average compliance levels

in the categorization period assumes that compliance across hospitals and over time is the

same, or in the model, assumes the same benefits b and distractions d. Therefore, individuals

with the same compliance level have the same habit. Given hand hygiene is the same action

with similar consequences across places and over time, this is a reasonable benchmark. The

results are qualitatively very similar, with the response to habit disruptions statistically

indistinguishable across types.

As a middle ground to the full regression-adjusted estimates used in the main analyses,

in (b), I account for the variation in b and d across networks and roles. Rather than binning

into thirds across all individuals, I bin average compliance over the first three months within

each network and role-type (e.g., top, middle, and bottom third of registered nurses within

the same network). This ensures the bins are balanced across networks and roles. The

results are qualitatively very similar, with the response to habit disruptions statistically

indistinguishable across types.

In each of these approaches, I use compliance in the first three months to categorize, and

compliance in the remainder of the data to estimate the effects. However, if habits build

over time, the first three months may be less informative for whether habits ever form than

the last three months. In (c), I bin by average compliance in the last three months of the

data (December 2019 to February 2020) and estimate effects on the data prior to December

2019. I limit the data to the subset of workers who have at least 4 shifts in both the binning

and estimation period. Again, the results are very similar to the baseline categorization.

If anything, the differential responses to fatigue and shocks to habit are more pronounced

under this alternative categorization.

Fatigue Within-Shift The majority of distraction and habit disruptions proxies vary at

the shift level. The linearity of the model makes an implicit assumptions that these effects are

additive. More generally, the model assumes that after controlling for benefits, distractions,

and disruptions, an individual’s shifts are otherwise the same.

While estimates of shift-level effects necessitate some assumptions about cross-shift vari-

ation, fatigue within a shift can be estimated without any such assumptions. In Appendix

Table A2, I estimate variants of the regressions in Table 3 that replace the shift-level controls

with individual-shift fixed effects. In these regressions, the fatigue effect is identified entirely
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within-shift. Under this much more flexible specification, the estimated effects are nearly

identical.

Definition of Compliance Hospital guidelines require workers to wash or sanitize before

entering and after exiting a patient room. The SwipeSense system records compliance with

this guideline as using a sensored soap or sanitizer dispenser within 30s of entry and exit.

If there is more than 30s between patient visits, this requires two washes between patients:

one when leaving the first patient room and one when entering the next. Are the observed

effects driven by providers thinking that one wash between patients is enough?

In Appendix Table A3, I show the results under a more lenient measure of compliance

that gives providers credit for washing at least once between patient rooms. I include only

room entries as observations and define compliance as washing or sanitizing either within 30

seconds of entry or within 30 seconds of the prior room exit (if not the first opportunity of

the shift).23 I estimate this variant of Equation (5) separately for Low, Medium, and High

compliers as defined in the main analyses.

By construction, compliance under this alternative measure is higher (58% vs. 45% for

low types, 78% vs. 63% for medium types, and 90% vs. 79% for high types). However the

estimated impacts of fatigue and habit disruptions are very similar, both in absolute levels

and in the patterns of responses across types. If there are diminishing returns to washes

between patients, these results indicate that the drops in compliance are not concentrated

among the marginally less beneficial opportunities.

4.5 Fact 5: Location-specific habit formation

In this section, I explore the formation of habits and provide evidence of location-specific

habits.

First, I show how compliance evolves over the first year in the data for the 8,076 workers

with tenure of at least one year. In Figure 10, I plot compliance by month, controlling for

individual differences.24 Compliance increases substantially over the first year in the data.

23In the data, I can only observe compliance that occurs within 30s of room entry or exit, so I cannot
generalize the measure to any washing between patient visits.

24Specifically, I estimate the following regression equation using the first 12 months of data for each worker

cit =

12∑
k=1

βk1{t = k}+ ωi + εilt (8)

where cit is compliance by individual i at time t, {βk} are the set of indicators for each month in the data,
ωi are individual fixed effects, and εit is an error term. Standard errors are clustered by individual.
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Figure 10. Compliance over the first year in the data

Note: Plot shows estimated coefficients and 95% confidence interval from a regression of compliance on
months in the data and individual fixed effects, as described by Equation (8). Y-axis re-scaled to begin at
average first-month compliance. Sample includes only the first year in the data and is limited to workers
with at least 12 months in the data. Standard errors clustered by individual.

From a first month average compliance of 52pp, compliance increases by 10pp over the first

year.25

This increase in compliance over a worker’s tenure could be explained by many models of

learning and habit formation. Time in the data may capture learning about the benefits of

hand hygiene through, for example, education on the importance of hand hygiene, campaigns

to increase compliance, or feedback about individual performance.

Cue-based habit formation, on the other hand, should be specific to experience with

washing in response to a particular cue. The results on switching departments suggest that

some cues are department-specific. If these are visual cues tied to physical location, habit

formation may be even more localized to a particular room. As a simple example, consider

two rooms that have a sanitizer dispenser placed on either the right or left side of the

door. A caregiver who frequently visits the right-side room develops a habit to wash when

they see the dispenser to the right of the door. If they then visit the left-side room, the

alternative orientation may not evoke habitual hand washing. In reality, there are likely a

number of differences between rooms that may result in different cues to wash and therefore

room-specific habits.

To analyze the effect of room-specific experience, I zoom in on a subset of workers who

25This is consistent with Staats et al. (2017) who find that compliance increases by about 10pp over the
first 20 months after introduction of a similar monitoring technology. Interestingly, the impact of monitoring
appears to wear off over time with compliance levels declining back to initial levels in months 20 to 40 after
introduction of the technology.
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are plausibly new hires, and thus for whom we can fully capture their experiences over their

first year at the hospital. Specifically, I focus on the 3,995 workers who first appear in the

data at least 8 weeks after the start of the data for each hospital and who remain in the data

for at least one year.

I then examine how compliance varies with experience in a room, relative to that worker’s

first time visiting the room. To compare across similar rooms, I focus on individual-room

pairs that reach at least 100 opportunities in the first year (28% of individual-room pairs)

and estimate changes in compliance over these first 100 opportunities.

In Figure 11, I plot the evolution of compliance in a room as function of location-specific

experience. Specifically, I estimate the following regression equation

cilt = RoomOppilt + ril +moit + βFFit + βcconsecit + βllongit + βBBilt + εilt (9)

where RoomOppilt are fixed effects for bins of past opportunities in the room, ril are

individual-room pair fixed effects, and moit are individual-month fixed effects. These moit

capture individual-level changes in total experience across months as well as the network-

level time trends controlled for in the Equation (7). The other variables are proxies for

distractions, disruptions, and benefits as described in Equation (7). As room history is more

carefully accounted for, I exclude the indicator for float days from this regression. Standard

errors are clustered by individual.

Figure 11 plots the coefficients and 95% confidence intervals for the key coefficients of

interest, RoomOppilt. These fixed effects show compliance relative to that individual’s first

visit (2 opportunities) to that room, controlling for an individual’s total experience through

individual-month fixed effects. The Figure shows that compliance increases substantially

with room-specific experience. After 10 opportunities, compliance is about 1.5pp higher

than in the first visit. After this large initial increase, compliance continues to grow with

experience, albeit at a slower rate. After 30 opportunities, compliance is another 0.5pp

higher than at 10 opportunities. Even after 50 opportunities, compliance increases another

0.5pp over the next 50 opportunities.

As these experience effects are largest for the initial opportunities, a natural question

is to what extent room-specific learning matters over the longer run. In Appendix Figure

A8, I plot the share of total opportunities that occur in rooms with various levels of past

experience. In the first month of the data, almost half of opportunities occur in rooms

with less than 10 prior opportunities. While declining over time as experience mechanically

increases, the share of opportunities that occur in very infrequently visited rooms (< 10

opportunities) levels out at a non-trivial share of 5%, indicating that these room-specific
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Figure 11. Initial Opportunities in a Room

Note: Figure plots coefficient estimates and 95% confidence intervals for compliance relative to an individual’s
first visit to a room as a function of the number of past opportunities in that room. Estimates from a
regression of compliance on binned values of the number of prior opportunities in a room, individual-room
fixed effects, individual-month fixed effects and controls for distractions, disruptions, and benefits as described
in Equation (9). Sample includes only the first year in the data and is limited to workers with at least 12
months in the data who first appear in the data at least 8 weeks after the start of the hospital’s data. For
each individual, the sample is further restricted to individual-room pairs that reach 100 opportunities.

experience effects continue to have an effect on compliance even after a year at the hospital.

4.5.1 Robustness of Fact 5

In this Section, I explore the robustness of the finding on room-specific experience and discuss

some of the additional assumptions of the habit formation process as described in Section 2.

Of the 317,499 individual-room pairs in this sample, only 28% ever reach 100 opportu-

nities. As these frequently-visited rooms are outliers, one may worry that behavior in these

rooms is the exception rather than the norm. In Appendix Figure A7, I show that the pattern

is similar using lower thresholds of 30 (51% of individual-room pairs), 50, or 70 opportuni-

ties. In all samples, the pattern is well-approximated by a log relationship. In Column 1 of

Appendix Table A4, I estimate a variant of Equation (9) including all opportunities in all

rooms visited in the first year by this new hire sample. The estimates imply slightly larger

benefits to experience, with compliance in 100th opportunity 3.7pp higher than the first.

The habit model assumes the relevant room-experience measure is the number of past

washes, rather than opportunities. However, a regression of past washes on compliance

is confounded if past washes and compliance are both driven by temporary shocks to the

benefits of washing. The analysis in Figure 11 is like an intent-to-treat analysis with past
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opportunities as a plausibly more exogenous proxy for past hand washing. Though poten-

tially confounded, in Column 2 of Appendix Table A4, I show that the experience effects are

driven by compliant opportunities.

A potential concern is that, with so many different jobs and departments, the number of

opportunities may not be the right measure of experience. In Appendix Figure A9, I plot

the relationship between compliance and experience measured in relative terms as the share

of past opportunities which occurred in that room. Excluding highly visited outliers, the

results are robust.

Finally, in Column 3 of Appendix Table A4, I explore the role of decay in habits over

time. Consistent with the model, I find that more recent experiences are more correlated

with behavior, but that experiences in the distant past (2+ months ago) still matter.

4.6 Revisiting the models

To summarize the empirical evidence, Table 4 lists the empirical findings along with a sum-

mary of whether heterogeneity in the benefits of hand washing and cue-based habit can

explain them.

The first two facts, that distractions and disruptions lower compliance, can be explained

by either model. In the standard model, both shocks are a drain on attention. In the habit

model, these shocks are different.

The third and fourth findings describe the heterogeneity across types and are the key

pieces of evidence distinguishing the models.

The cue-based habit model, built on the feature that attention and habits are substitutes,

predicts a specific pattern of heterogeneity in responses to distractions and disruptions to

habit across low and high habit types. Low types respond more to fatigue and high types

respond more to habit. Finding 3 confirms that the low types respond more to fatigue. On

the disruptions to habit (Finding 4), both low and high types respond, with some evidence

for a stronger response by high compliers. As discussed above, this can be rationalized in

the cue-based habit model if disruptions to habit also increase fatigue.

The standard model, with heterogeneity in b, predicts that high compliers will respond

more to both distractions and disruptions. This is clearly rejected by empirical Finding 3.

It is interesting to note that the cue-based habit predictions, supported by Findings 3

and 4, can be differentiated more generally from any model in which some types (e.g., high

or low compliers) are more elastic to shocks. For example, a logit model predicts those close

to 50% compliance should be the most responsive to shocks. This could fit Finding 3 (as low

compliers are closest to 50%) but would imply that those types should also respond more to
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disruptions to habit. This is rejected by Finding 4.

An alternative model that fits these empirical findings would need to account not only

for the heterogeneity in responsiveness across types, but also the differential heterogeneity

across types of shocks.

Finally, Finding 5 provides evidence that compliance is increasing in location-based ex-

perience. This is a natural consequence of the cue-based habit, but is less obvious under

alternative models. Generating this location specificity in the standard model requires room-

specific changes in perceived costs or benefits of hand washing that correlate with experience.

5 Implications for Organizations & Conclusion

In this paper, I document evidence of the automaticity of habit in hand hygiene behavior.

The empirical findings are consistent with a model of cue-based habit, in which habits are

built through repeated pairing of a cue with performing hand hygiene. Attention and habits

in this model are substitutes; as habits build, workers have to pay less attention and are less

affected by drains on attention like fatigue and distraction.

Many habit interventions incentivize behavior for a short period of time, aimed at encour-

aging habit formation. With cue-dependent habits, this type of intervention could work in

theory. However, it requires incentivizing behavior across a wide variety of cues to effectively

build a set of cue-specific habits. This context-specificity of habit points to why persistent

behavior change is difficult to implement (for examples, see Acland and Levy, 2015; Carrera

et al., 2018; Royer et al., 2015).

Moreover, events that disrupt habit are ubiquitous in the workplace. Industries like agri-

culture, hospitality, and retail are inherently seasonal, with long breaks between performing

the same tasks. Many jobs involve changes in physical location, from consultant or sales jobs

to construction work on different sites. The findings in this paper suggest that these aspects

of the job may impede habit formation and lower productivity.

Cue-based habits can also explain why successful interventions are multi-dimensional,

encouraging behavior change through several approaches and likely covering a variety of

contexts (for examples on hand hygiene, see Naikoba and Hayward, 2001; Kingston et al.,

2016; Gould et al., 2017). As one example, Son et al. (2011) describe a highly successful

12-week intensive hand hygiene intervention that increased compliance from 60-70% to over

90%. The program involved convening multidisciplinary hand hygiene teams in each depart-

ment who identified barriers to compliance, evaluated workflows, developed and provided

training to peers, developed and implemented a system of peer-observation, data collection,

and feedback. Luckily, habits also point to a strategy for simplifying such intensive multi-

34



dimensional approaches. The model makes specific predictions about who are not benefiting

from automatic habits and when they are most susceptible. Targeting interventions to those

individuals at those times can be more efficient than these intensive, broad-based approaches.

Instead of changing incentives, cue-based habit implies that altering cues could be a

more direct approach to facilitate habit formation. The location-specificity of habits (both

across departments and rooms) suggest that cues can be tied to the physical environment.

Standardizing cues across environments, for example through room layouts, has the potential

to increase compliance by making habits more portable across rooms. In hospitals, even a

small change such as having the sanitizer dispenser to the left or right of the door may

change the nature of the cue-response. A literature in standardization and simplification in

hospital design supports this idea (e.g., Price and Lu (2013), Ulrich et al. (2004)).

Alternatively, job design that incorporates these ideas could focus on standardizing tasks

and cues for a particular person. For hand hygiene in hospitals, this could mean concentrating

work in a smaller set of rooms. Common features of the hospital work environment, like

rotational resident programs or float days, put workers in departments where they have had

little experience. Even within a department, assigning workers to the same rooms across

shifts may facilitate faster habit accumulation and limit habit decay over time. While only

7 rooms are visited in the typical shift, the average worker in the data visits a total of 85

different rooms across the hospital.

To quantify the potential impact of standardization across rooms or the concentration

of work in rooms with similar layouts, I estimate the predicted change in compliance if all

of a worker’s experience were concentrated in a single room using the log-experience model

estimated in Column 1 of Appendix Table A4. Under this model, if all of an individual’s

opportunities were concentrated in a single room (or if all rooms had identical layouts),

compliance would be 2.7pp higher. Estimates on the benefits of compliance suggest that an

increase of this size would result in 91k fewer infections, almost 5k fewer deaths, and $1.9B

in cost savings in the US alone.26

Under the cue-based habit model, this concentration of experience and corresponding

increase in habit will be paired with a reduction of costly attention paid to hand hygiene.

This should result in further increases in compliance as the impacts of fatigue and distractions

are diminished. Beyond hand hygiene, if total attention capacity is limited, this effect could

spillover into other domains. As automatic habits take over, less attention is paid to hand

26Based on estimates from (Pittet et al., 2000), I assume a 1% increase in compliance results in a 1.2%
reduction in hospital-acquired infections. From an average compliance of 60.5%, the regression estimates
imply standardization would increase compliance by 2.7pp (or 4.5%) resulting in a 5.4% reduction in HAI.
Changes are calculated from a baseline of 1.7M infections and 99k deaths as estimated by the CDC (2009)
and $35 billion in costs estimated by Scott (2009).

35



hygiene and more cognitive resources are available for the many other important tasks that

require a healthcare worker’s attention.

Without automatic habits, incentives to increase compliance require healthcare workers

to pay more attention to hand hygiene. This reallocation of attention may have perverse

effects in other domains. Testing this implication in the field would be a valuable area for

future research.

Though one of the simpler actions required by healthcare workers, habits in hand hygiene

are complex. Cue-based habit formation implies a constellation of many small habits, which

can explain the inability of short-term incentives to successfully build long-term habits. It

also implies a trade-off between attention and habits that distinguishes automaticity from

other models and has consequences for spillovers to performance on other tasks. For hand

hygiene, these findings have direct implications for interventions, where even small changes

in behavior can have meaningful impacts for patients and hospitals.

These same lessons about habits, cues, and attention apply more broadly to any orga-

nization trying to improve employee behavior on routine tasks and to individuals trying to

make or break routines in their own lives.
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Table 1. Electronic Monitoring Data

Standard
Mean Median Deviation

Panel A: Across shifts (N=2,123,320)

Opportunities per hour 5.7 5.5 2.9
Shift length (hours) 9.7 10.6 2.4
Day shift (vs. night) 64%
Weekday (vs. weekend) 77%

Number of departments per shift 1.7 1 1.2
Number of rooms per shift 8.2 7 4.6
Float days (switch department) 1.8%

Days off between shifts 2.3 1 7.9
Consecutive shift (no days off) 45%
Long break (2-4 weeks off) 0.9%

Panel B: Across individuals (N=13,606)

Compliance 58% 61% 22%
Hours worked per week 21.7 21.5 8.0
Number of shifts 156.1 129 98.5
Tenure (months) 17.5 14 9.9

Roles:
Registered Nurse 46%
Nursing Assistant 13%
Other Nurse 4%
Technician 8%
Housekeeping + Food Services 5%
Doctors 4%
Other Jobs 20%

Notes: Table displays summary statistics of the electronic monitoring
data. Panel A summarizes the data across shifts and Panel B across
individuals.
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Table 2. Impact of Fatigue and Habit Disruptions on Compliance

Dependent Variable: Compliance (1) (2)

Fatigue

Shift end (12 hr) -5.88∗∗∗ -5.89∗∗∗

(0.08) (0.08)

Night shift -1.41∗∗∗ -1.41∗∗∗

(0.19) (0.19)

Consecutive shift (no day off) -0.71∗∗∗ -0.77∗∗∗

(0.02) (0.02)

Habit disruptions

Long break (2-4 weeks off) -1.40∗∗∗

(0.14)

Float day (department switch) -3.04∗∗∗

(0.19)

Individual FE X X
Department FE X X
Network-Month-Year FE X X
Benefit Proxies X X
Very long break (4+ weeks off) X

Opportunities 122,804,335 122,804,335
Workers 13,606 13,606
Mean Compliance 60.5 60.5
R2 0.195 0.195

Notes: Table shows coefficients from OLS regressions of compliance (rescaled to 100)
in each hand hygiene opportunity on attributes of the interaction. Shift end is a
linear trend of time on the shift (scaled to show the difference between the beginning
and end of a 12-hour shift). Night shift indicates that the shift started between 2pm
and 2am. Consecutive shifts are worked with no days off in between. Long break
indicates shift that follows a 2-4 week break. Very long breaks last more than 4
weeks. Reference group is 1 to 13 days off. A float day is a 1 to 2 day change from
one department to another (see text for detailed definition). Benefit proxies include
weekend (vs. weekday), opportunities per hour (normalized within individual), room
entry (vs. exit), a quadratic trend over months in the data, and an indicator for the
first shift in the data. Standard errors are clustered by individual.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 3. Heterogeneity in Response to Fatigue and Habit Disruptions

(1) (2) (3)
Low Medium High

Dependent Variable: Compliance Compliance Compliance Compliance

Fatigue

Shift end (12 hr) -6.71∗∗∗ -6.59∗∗∗ -3.82∗∗∗

(0.15) (0.15) (0.11)

Night shift -2.28∗∗∗ -1.17∗∗∗ -0.54∗∗

(0.43) (0.36) (0.24)

Consecutive shift (no day off) -0.81∗∗∗ -0.88∗∗∗ -0.60∗∗∗

(0.05) (0.04) (0.04)

Habit disruptions

Long break (2-4 weeks off) -1.21∗∗∗ -1.48∗∗∗ -1.44∗∗∗

(0.26) (0.23) (0.22)

Float day (department switch) -2.36∗∗∗ -3.12∗∗∗ -3.29∗∗∗

(0.27) (0.25) (0.21)

Individual FE X X X
Department FE X X X
Network-Month-Year FE X X X
Benefit Proxies X X X
Very long break (4+ weeks off) X X X

Opportunities 33,382,442 32,104,567 31,616,314
Workers 4,495 4,495 4,495
Mean Compliance 45.3 64.0 78.4
R2 0.171 0.115 0.085

Notes: Table shows coefficients from OLS regressions of compliance (rescaled to 100) in each
hand hygiene opportunity on attributes of the interaction. Data split by estimated individual
fixed effects from a regression of compliance on distractions, disruptions, and benefits in the first
three months in the data (as described in Equation (7)). Coefficients estimated on months 4+.
Shift end is a linear trend of time on the shift (scaled to show the difference between the beginning
and end of a 12-hour shift). Night shift indicates that the shift started between 2pm and 2am.
Consecutive shifts are worked with no days off in between. Long break indicates shift that follows
a 2-4 week break. Very long breaks last more than 4 weeks. Reference group is 1 to 13 days
off. A float day is a 1 to 2 day change from one department to another (see text for detailed
definition). Benefit proxies include weekend (vs. weekday), opportunities per hour (normalized
within individual), room entry (vs. exit), a quadratic trend over months in the data, and an
indicator for the first shift in the data. Standard errors are clustered by individual.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 4. Consistency of Empirical Findings with Different Models

Standard Model Cue-based Habit Model

Empirical Finding Heterogeneity in b Heterogeneity in h

(1) Compliance lower late in
the shift, on weekends, and on
nights

X X

(2) Compliance lower on float
days and after long breaks

X Assuming ↑ d X

(3) Effect (1) larger for low types X Opposite prediction X

(4) Effect (2) affects high and
low types

X Assuming ↑ d X

(5) Compliance is increasing in
location-specific experience

X X

Notes: Table presents the empirical findings from Section 4 and whether they can be explained by
the models from Section 2.
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Appendix A Generalized Theoretical Framework

In this section, I derive results for a more general version of the theoretical framework

described in Section 2.

Specifically, I assume that the utility from paying attention level a can be expressed as

U(a) = bip(a, hilt)− dtc(a). (10)

Benefits bi and distractions dt are as described in Section 2. Attention costs c(a) are convex

with ca(a) > 0and caa(a) > 0. p(a, hilt) is compliance as a function of attention and habits.

This set-up nests both the standard model, with p(a, hilt) = a, and the automatic cue-based

habit model, with p(a, hilt) = a+ (1− a)hilt.

To define some notation, I use a∗ to refer to the optimal attention level, which will be a

function of habit h, benefits b, and distractions d and p∗ to refer to the optimal compliance

under the same conditions. I use ph(a∗, h) as shorthand for ∂p(a,h)
∂h

∣∣∣
a=a∗

and p∗h as shorthand

for ∂p∗(b,d,h)
∂h

.

In the results that follow, I make several assumptions about the structure of p(a, h)..

First, I assume that compliance is increasing in attention, or pa(a, h) ≥ 0. This is a

trivial restriction given the set-up of the model.

Second, I assume that the p functions are linear or at most multiplicative combinations

of attention and habits (i.e., p(a, h) = x0 +x1a+x2h+x3ah). This delivers zero higher-order

derivatives paa = 0, phh = 0. This assumption gives structure to the derivatives of optimal

compliance with respect to b, d, and h which allow us to make progress in identifying patterns

of heterogeneity in responsiveness.

Finally, I assume that optimal compliance is increasing in habit, or that the parameters

are such that p∗h(b, d, h) ≥ 0. As discussed in 2, this assumes that the direct effect of

habits on compliance outweighs the indirect effect (through a potential change in attention).

This assumption is non-trivial, but seems plausible in this context. Note that under this

assumption, habits that result in a lower level of optimal attention (a∗h(b, d, h) < 0), like

cue-based habit, must also directly increase compliance through p(a, h) in order to offset the

effect of lower attention.

The first order condition for this generalized model yields

ca(a
∗) =

bi
dt
pa(a

∗, h). (11)

Result 1. Attention and compliance are decreasing with other drains on attention.
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Proof. Taking the derivative of the first order condition with respect to the d,

a∗d(bi, dt, hilt) = − 1

d2t caa(a
∗)

(bipa(a
∗, h))

= − 1

dt

ca(a
∗)

caa(a∗)

≤ 0.

Substituting in ca(a
∗), with convex costs, the derivative is negative.

Taking the derivative of optimal compliance with respect to distractions,

p∗d(bi, dt, hilt) = pa(a
∗, h)a∗d(bi, dt, hilt) ≤ 0

as pa(a, h) ≥ 0 and a∗d(bi, dt, hilt) ≤ 0.

Result 2. Habits are automatic and reduce costly attention when pah(a∗, h) ≤ 0.

Proof. Taking the derivative of the first order condition with respect to habit h,

a∗h(bi, dt, hilt) =
bi

dtcaa(a∗)
pah(a∗, h). (12)

Attention is declining in habits when a∗h(bi, dt, hilt) ≤ 0.

Result 2 identifies the key feature that delivers automaticity in this model of habit; with

higher habits, the worker washes more while also paying less attention.

A.1 Heterogeneity in the standard model

In this section, I discuss sources of heterogeneity across individuals in the standard model

with p(a, h) = a.

Section 2.1 showed that heterogeneity across individuals in b leads to variation in com-

pliance levels and responses to drains on attention. In this section, I show that the results

apply for any cost function that is not significantly increasing in convexity (i.e., caaa(a
∗)

sufficiently small).

Result 3. In the standard model, attention and compliance are increasing in benefits and

decreasing in drains on attention.
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Proof. Taking the derivative of the first order condition with respect to b and d, yield

a∗b(bi, dt) = p∗b(bi, dt) =
1

dtcaa(a∗)
≥ 0 (13)

a∗d(bi, dt) = p∗d(bi, dt) = − bi
d2t caa(a

∗)
≤ 0 (14)

as caa(a
∗) > 0.

Result 4. In the standard model, the impact of drains on attention are larger for individuals

with high bi whenever caaa(a
∗) is sufficiently small.

Proof. The impacts of drains on attention will be larger (more negative) for individuals with

high bi if p∗bd(bi, dt) ≤ 0. Taking the derivative of Equation 13 with respect to d, yields

a∗bd(bi, dt) = p∗bd(bi, dt) = − 1

d2t caa(a
∗)
− a∗d(bi, dt)

dt(caa(a∗))2
caaa(a

∗).

The first term is negative and the second term matches the sign of caaa(a
∗). The derivative

will be negative whenever

caaa(a
∗) ≤ − 1

dt

caa(a
∗)

a∗d(bi, dt)
.

A.2 Heterogeneity in the habits model

Section 2.2 showed that heterogeneity in habits, holding constant b and d, drive heterogeneity

in hand hygiene compliance and differential heterogeneity across types of shocks. Individuals

with higher habit respond less to drains on attention and more to shocks to habit. As in the

previous section, the predictions described in Section 2.2 hold for any cost function that is

not significantly increasing in convexity (i.e., caaa(a
∗) sufficiently small).

Result 5. When pah(a∗, hilt) ≤ 0, low habit types are more responsive to changes in drains

on attention whenever caaa(a
∗) is sufficiently small.

Proof. Low habit types will be more responsive to changes in drains on attention when

p∗dh(bi, dt, hilt) ≥ 0. Taking the derivative of a∗d(bi, dt, hilt) in Equation 12 with respect to h,

a∗dh(bi, dt, hilt) =
1

dt
a∗h(bi, dt, hilt)

(
−1 +

ca(a
∗)caaa(a

∗)

caa(a∗)2

)
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and a cross partial of compliance with respect to distractions and habits of

p∗dh(bi, dt, hilt) = pa(a
∗, hilt)a

∗
dh(bi, dt, hilt) + pah(a∗, hilt)a

∗
d(bi, dt, hilt). (15)

When pah(a∗, hilt) ≤ 0, as in the cue-based habit model, the second term is always positive.

The first term will also be positive when a∗dh(bi, dt, hilt) ≥ 0 which is true whenever caaa(a
∗) ≤

caa(a
∗)2/ca(a

∗)). (15) will be positive whenever caaa(a
∗) is sufficiently small so the first term

is either positive or negative but smaller than the second term.

The next result generalizes the prediction that individuals with a high level of habit will

respond more to any shocks to habit.

Result 6. When pah(a∗, hilt) ≤ 0, high habit types are more responsive to changes in habits

whenever caaa(a
∗) is sufficiently small.

Proof. Taking the derivative of a∗h(bi, dt, hilt) with respect to habit h,

a∗hh(bi, dt, hilt) = − bi
dt

caaa(a
∗)

caa(a∗)2
pah(a∗, h)a∗h(bi, dt, hilt)

= −caaa(a
∗)

caa(a∗)
(a∗h(bi, dt, hilt))

2 (16)

which is positive when caaa(a
∗) ≤ 0.

Under the assumptions of the functional form of p(a, h),

p∗hh(bi, dt, hilt) = pa(a
∗, hilt)a

∗
hh(bi, dt, hilt) + pah(a∗, hilt)a

∗
h(bi, dt, hilt). (17)

As p∗h(bi, dt, hilt) ≥ 0 by assumption, high habit types are more responsive to changes in habits

when (17) is positive. When pah(a∗, hilt) ≤ 0, the second term is positive as a∗h(bi, dt, hilt) ≤ 0.

When caaa(a
∗) is sufficiently small, or when

caaa(a
∗) ≤ caa(a

∗)a∗h(bi, dt, hilt)pah(a∗, hilt)

pa(a∗, hilt)

(17) will be positive.
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Appendix B Electronic Monitoring System

Figure A1. SwipeSense Hand Hygiene Monitoring System

Note: SwipeSense system of caregiver badges, hygiene sensors, location hub, and communication hubs.
Graphic from https://www.swipesense.com/electronic-hand-hygiene-monitoring.
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Appendix C Sample Selection

Table A1. Sample Selection

All Main Compliance Subsamples

Data Sample Low Medium High

Total

Opportunities 166,557,886 123,465,032 33,508,404 32,290,174 31,837,578
Shifts 3,882,105 2,123,320 630,682 552,813 506,973
Workers 40,356 13,606 4,495 4,495 4,495
Networks 25 21 20 21 21

Average

Compliance 59% 61% 46% 64% 79%
Shift length (hours) 7.4 9.7 9.5 9.7 10.0
Opportunities per hour 11.1 5.7 5.4 5.8 6.1
Tenure (months) 11.1 17.5 19.3 17.3 15.8

Shifts

Weekday 77% 78% 77% 76%
Day shift 64% 65% 67% 62%
Float days 1.8% 1.8% 1.9% 1.8%
Consecutive shift 45.2% 46.0% 45.1% 45.0%
Long break (2-4 weeks) 0.9% 1.0% 1.0% 0.9%

Notes: Table shows the total number of opportunities, shifts, workers, and networks. Compliance is the average
across opportunities, shift length is the average across shifts, opportunities per hour is the average number of
opportunities per hour worked, and tenure is the average across workers. All data includes all opportunities in
any shift (through February 2020). Main sample limits the data to opportunities occurring in a shift that lasts
5 to 13 hours and workers who average at least one opportunity per hour worked, at least one shift per week,
and are in the data for at least six months. Workers from the main sample are assigned to the low, medium, or
high compliance group based on individual fixed effects from a regression of compliance on proxies for fatigue,
disruptions, and benefits in the first three months in the data (as described in Equation (7)). Data summarized
for the compliance subsamples excludes the first three months used to categorize.
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Appendix D Hand Hygiene During the COVID-19 Pan-

demic

In Appendix Figure A2, I plot compliance and the number of opportunities per hour (resid-

ualizing both for individual levels in January and February).

Compliance in the first weeks of the pandemic increased by about 4pp. Surprisingly, this

increase was very short lived. Peaking in mid-March, compliance quickly declined to levels

below those in the beginning of the year. The drop in compliance may be due to mechanical

reasons, such as personal protective equipment taking more than 30 seconds to put on and

remove and thus hand hygiene occurring outside of the allotted time window.

However, the drop in compliance is also consistent with decaying habits as patient inter-

actions became less frequent. The steep decline in compliance in mid-March follows shortly

after a large drop in the number of hand hygiene opportunities, when hospitals began to re-

duce non-essential activity. The effects are large, with the average worker seeing a 1SD drop

in opportunities per hour. As activity rebounded closer to pre-pandemic levels, compliance

levels also rose with a slight lag.

Appendix Figure A3 provides further evidence of the link between opportunities and

compliance; the drops in compliance were largest for departments who saw the most sub-

stantial drops in activity. These may also reflect differences in COVID protocols if, for

example, large declines in number of opportunities reflect reserving beds for potential influx

of COVID patients which correspond to more substantial changes in patient protocols.

Without more information, it is difficult to conclude too much from the response to

COVID.
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Figure A2. Compliance and number of opportunities in 2020

Note: Residualized compliance and number of opportunities per hour (residualizing individual levels in Jan
and Feb 2020).

Figure A3. Compliance and number of opportunities in 2020, by change in opportunities

Note: Residualized compliance and number of opportunities per department-hour (residualizing individual
levels in Jan and Feb 2020). Departments are grouped within hospital by their reduction in average residual
opportunities per hour from Jan/Feb to March/April/May.
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Appendix E Additional Event Study Plots for Disrup-

tions to Habit

In Appendix Figure A4, I plot event time dummies for department switches that last 3+

days in addition to those shown in the main text.

Figure A4. Event study graphs: float days (department switches)
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In Appendix Figure A5, I plot event time dummies for breaks of all length including very

long breaks of more than 4 weeks. A these long breaks exhibit a significant pre-trend, I treat

them separately from long, but more reasonable length breaks of 2-4 weeks.

Figure A5. Event study graphs: days off between shifts

Note: See text for description of plotted coefficients.
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Appendix F Alternative Categorizations
(a) Start Compliance

(b) Start Compliance, Relative to Network-Role

(c) Compliance in Last 3 Months (Dec 2019-Feb 2020)

Figure A6. Effect of fatigue and habit disruptions on compliance: alternative categorizations
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Appendix G Within-Shift Variation

Table A2. Heterogeneity: Fatigue Within-Shift

(1) (2) (3)
Low Medium High

Dependent Variable: Compliance Compliance Compliance Compliance

Shift end (12 hr) -6.91∗∗∗ -6.67∗∗∗ -3.93∗∗∗

(0.15) (0.15) (0.11)

Individual-Shift FE X X X
Within-Shift Benefit Proxies X X X
Department FE X X X

Opportunities 33,382,442 32,104,567 31,616,314
Workers 4,495 4,495 4,495
Mean Compliance 45.3 64.0 78.4
R2 0.256 0.188 0.150

Notes: Table shows coefficients from OLS regressions of compliance (rescaled to 100) in each
hand hygiene opportunity on attributes of the interaction. Data split by estimated individual
fixed effects from a regression of compliance on proxies for fatigue, disruptions, and benefits in
the first three months in the data (as described in Equation (7)). Coefficients estimated on months
4+. Shift end is a linear trend of time on the shift (scaled to show the difference between the
beginning and end of a 12-hour shift). Within-shift benefit proxies include opportunities per
hour (normalized within individual) and room entry (vs. exit). Standard errors are clustered by
individual.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix H Alternative Compliance

Table A3. Heterogeneity by Type: Any Compliance Between Interactions

Dependent Variable: Any Compliance (1) (2) (3)
Low Average Medium Average High Average

Between Compliance Compliance Compliance

Fatigue

Shift end (12 hr) -6.05∗∗∗ -4.97∗∗∗ -2.22∗∗∗

(0.17) (0.14) (0.09)

Night shift -2.83∗∗∗ -1.51∗∗∗ -0.64∗∗∗

(0.44) (0.33) (0.18)

Consecutive shift (no day off) -0.86∗∗∗ -0.77∗∗∗ -0.38∗∗∗

(0.05) (0.04) (0.03)

Habit disruptions

Long break (2-4 weeks off) -1.08∗∗∗ -1.23∗∗∗ -1.02∗∗∗

(0.28) (0.23) (0.19)

Float day (department switch) -2.37∗∗∗ -3.05∗∗∗ -2.81∗∗∗

(0.27) (0.24) (0.19)

Individual FE X X X
Department FE X X X
Network-Month-Year FE X X X
Benefit Proxies X X X
Very long break (4+ weeks) X X X

Observations (Entries) 16,446,109 15,857,170 15,644,628
Workers 4,495 4,495 4,495
Mean Any Comp. Btwn. 59.6 78.3 89.5
R2 0.344 0.249 0.188

Notes: Table shows coefficients from OLS regressions. Each observation is a room entry. The dependent variable
is an indicator, rescaled to 100, for compliance at room entry or compliance in the previous room exit (if not the
first opportunity of the shift). Data split by estimated individual fixed effects from a regression of compliance
on proxies for fatigue, disruptions, and benefits in the first three months in the data (as described in Equation
(7)). Coefficients estimated on months 4+. Shift end is a linear trend of time on the shift (scaled to show the
difference between the beginning and end of a 12-hour shift). Night shift indicates that the shift started between
2pm and 2am. Consecutive shifts are worked with no days off in between. Long break indicates shift that follows
a 2-4 week break. Very long breaks last more than 4 weeks. Reference group is 1 to 13 days off. A float day is
a 1 to 2 day change from one department to another (see text for detailed definition). Benefit proxies include
weekend (vs. weekday), opportunities per hour (normalized within individual), a quadratic trend over months
in the data, and an indicator for the first shift in the data. Standard errors are clustered by individual.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Appendix I Additional Tables and Figures on Room-

Specificity

In Column 1 of Appendix Table A4, I estimate a variant of Equation (9) including all

opportunities in all rooms visited in the first year by this new hire sample. With the larger

pool of rooms, including the 50% with less than 30 opportunities, I estimate room fixed

effects, instead of the individual-room pair fixed effects as in Figure 11. The estimates imply

slightly larger benefits to experience, with compliance in 100th opportunity 3.7pp higher

than the first.

The habit model assumes the relevant room-experience measure is the number of past

washes, rather than opportunities. In Column 2 of Appendix Table A4, I estimate the im-

pact of compliant opportunities in addition to total opportunities. Consistent with habit

formation, the positive effect of experience is driven by compliant opportunities. The prob-

lem with the interpretation of this specification is that past compliance in a room may be

correlated with current benefits. For example, a room with an immunocompromised patient

has a temporary increase in the benefits of hand hygiene generating a string of compliant op-

portunities. This will appear as past compliant opportunities predicting future compliance,

while in fact it’s the result of correlated benefits in a room over time. Using all past oppor-

tunities as the room-experience measure, as in Figure 11 or Column 1 of Appendix Table

A4, is like an intent-to-treat analysis with past opportunities as a plausibly more exogenous

proxy for past hand washing.

While the model assumes habits are a function of cumulative experiences, there are

alternative ways of comparing experience across rooms. In Appendix Figure A9, I plot

the relationship between compliance and the share of total past opportunities that have

occurred in a room. Specifically, I regress compliance on binned values of the share of prior

opportunities in a room (plotted), room fixed effects, individual-month fixed effects and

controls for distractions, disruptions, and benefits as described in Equation (9). As with the

number of past room opportunities, compliance is increasing with the concentration of past

opportunities in a room. Compliance in rooms with a 2% share of past opportunities (the

25th percentile) is about 3pp higher than a room with no past opportunities. The relationship

flattens at a 3.75pp increase around the median at a 4% share of past opportunities. For the

most-highly visited rooms (≥10% share of opportunities, approximately the 90th percentile),

compliance is about 1.5pp higher than rooms with no prior opportunities.27

Some of this reversal in the relationship between very high experience and compliance

may be driven by recency effects. If habits decay over time, as indicated by long breaks,

27These outliers are concentrated in the initial months when the total rooms visited are low.
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past washes that happened more recently should carry more weight. Rooms that have been

visited very frequently may have many opportunities that occurred long ago. In Column 3

of Appendix Table A4, I break down past room opportunities into those occurred in each of

the last three months and more than three months ago. In this analysis, I limit the sample

to 3 months in the data and later. Breaking down experiences across time, there is a clear

recency effect, with opportunities in the last month weighted more than those in preceding

two months. This supports the assumption that habits decay over time. Note that there

is also a large positive effect of opportunities that occurred more than three months ago,

suggesting that there is also a long-run persistence in the impact of room-specific experience.

Figure A7. Initial Opportunities in a Room

Note: Figure shows compliance relative to an individual’s first visit to a room as a function of the number of
past opportunities in that room. Lines are estimated coefficients from a regression of compliance on binned
values of the number of prior opportunities in a room, individual-room fixed effects, individual-month fixed
effects and controls for distractions, disruptions, and benefits as described in Equation (9). Each line plots
coefficients from separate regressions limited to the first 30, 50, 70 or 100 opportunities. Sample includes
only the first year in the data and is limited to workers with at least 12 months in the data who first appear
in the data at least 8 weeks after the start of the hospital’s data.
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Figure A8. Share of Opportunities by Frequency of Past Room Visits

Note: Figure plots the share of opportunities that occur in rooms with different levels of past experience, as
measured at the start of the shift. Y-axis is the share of opportunities, which always sums to 1 across the
bins of past room opportunities. X-axis is the worker’s month in the data. Sample includes only the first
year in the data and is limited to workers with at least 12 months in the data who first appear in the data
at least 8 weeks after the hospital’s start of the data.

Figure A9. Concentration of Opportunities in a Room

Note: Figure shows compliance relative the first time in a room as a function of the share of past opportunities
that have occurred in that room. Lines are estimated from a regression of compliance on binned values of
the share of prior opportunities in a room (plotted), room fixed effects, individual-month fixed effects and
controls for distractions, disruptions, and benefits as described in Equation (9). Sample includes only the
first year in the data and is limited to workers with at least 12 months in the data who first appear in the
data at least 8 weeks after the start of the hospital’s data. Shaded region is the 95% confidence interval.
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Table A4. Room-Specific Habits, First Year in the Data

Dependent Variable: Compliance (1) (2) (3)

Log of Past Room 0.80∗∗∗ -15.66∗∗∗

Opportunities (0.06) (0.25)

Log of Past Compliant 17.50∗∗∗

Room Opportunities (0.24)

Log of Room Opportunities 0.23∗∗∗

Last Month (0.03)

Log of Room Opportunities 0.06∗∗∗

2 Months Ago (0.02)

Log of Room Opportunities 0.05∗∗

3 Months Ago (0.02)

Log of Room Opportunities 0.49∗∗∗

> 3 Months Ago (0.03)

Room FE X X X
Individual-Month-Year FE X X X
Distractions X X X
Habit Disruptions X X X
Benefit Proxies X X X

Opportunities 26,144,292 26,144,292 19,154,310
Workers 3,995 3,995 3,986
Mean Comp 64.4 64.4 65.9
R2 0.234 0.242 0.236

Notes: Table shows coefficients from OLS regressions of compliance (rescaled to 100) in
each hand hygiene opportunity on measures of room-specific experience. All log measures
are log of described opportunities plus one to account for zeros. Sample is limited to
individuals who enter the data at least 8 weeks after the start of the hospital’s data and
are in the data for at least one year. Data limited to the first year of an individual’s data.
In Column 3, the data is further limited to months 4-12. Distractions include hour at work
and indicators for nights, weekends, and consecutive shifts. Habit disruptions are returns
from long (14+ day) breaks. Benefit proxies include opportunities per hour (normalized
within individual) and room entry (vs. exit). Standard errors are clustered by individual.
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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