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Abstract. This paper investigates the impact of a corporate wellness program on worker
productivity using a panel of objective health and productivity data from 111 workers
in five laundry plants. Although almost 90% of companies use wellness programs, exist-
ing research has focused on cost savings from insurance and absenteeism. We find pro-
ductivity improvements based both on program participation and postprogram health
changes. Sick and healthy individuals who improved their health increased productivity
by about 10%, with surveys indicating sources in improved diet and exercise. Although
the small worker sample limits both estimate precision and our ability to isolate mecha-
nisms behind this increase, we argue that our results are consistent with improved worker
motivation and capability. The study suggests that firms can increase operational produc-
tivity through socially responsible health policies that improve both workers” wellness
and economic value, and provides a template for future large-scale studies of health and

productivity.
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1. Introduction
Companies increasingly invest in employee health and
well-being (Ton 2014). A recent survey found that
around 90% of companies use corporate wellness pro-
grams that can include simple biometric screenings
such as basic blood tests, advanced screening for dis-
eases such as cancer, exercise programs, nutritional and
diet programs, health history and habits surveys, and
training on protecting and improving health (Wieczner
2013). The prevalence of such programs is unsurpris-
ing given growing rates of obesity, diabetes, and other
health problems, and the implications of these issues
for employer-sponsored health insurance and absen-
teeism (Baicker et al. 2010, Boles et al. 2004). Obesity has
steadily increased to almost 35% of the United States
population in 2012 (Ogden et al. 2012), diabetes cases
have more than quadrupled since 1980 (CDC 2014),
and exercise rates and eating habits have not improved
(Gallup-Healthways 2014). This decrease in employ-
ees’ physical health is reflected in the 131% increase
in health insurance premiums from 1999 to 2009, the
cost of which is largely borne by employers (Kaiser/
HRET 2009).

Extensive research in the fields of medicine, public
health, and health economics shows that the costs of
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corporate wellness programs are dwarfed by reduc-
tions in insurance costs and absenteeism. A recent
metaanalysis found that each dollar spent on wellness
programs saves $3.27 in health care costs and $2.73 in
absenteeism costs (Baicker et al. 2010). Although these
gains are substantial, they ignore an important class of
operational benefits from investing in employee health
and well-being: worker productivity. As management
and operations scholars argue (Danna and Griffin 1999,
Goldstein 2003, Grant et al. 2007, Neumann and Dul
2010, Ydegaard and Roos 2014), healthier employees
are not only less expensive and less absent, but are also
more productive. A large occupational health literature
on “presenteeism”—working while ill—suggests that
lost productivity costs firms over $150 billion, almost
three times absenteeism costs (Stewart et al. 2003).
Despite this value, existing research has not causally
linked objective health data from wellness programs
with measurable worker productivity changes. This
may explain firm confusion about how much wellness
programs actually help their bottom line. A recent arti-
cle in the Wall Street Journal notes that, “employers are
stymied by the difficulties of measuring the financial
and health impact of wellness programs” (Weber 2014).

In this paper, we provide the first causal evidence
based on objective data that wellness programs and
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their related health improvements can increase worker
productivity. We use novel longitudinal data on indi-
vidual health and productivity from an industrial laun-
dry company (which we call LaundryCo). LaundryCo
provided free annual biometric screenings to all full-
time employees in four laundry plants; a fifth plant
did not participate because it offered a different insur-
ance plan. The voluntary program increased aware-
ness of and attention to health by providing each
employee with a personalized health packet detailing
current health status and providing recommendations
for improvement. Detailed daily production data, com-
bined with annual medical data including bloodwork,
lifestyle choices, and vital statistics, allow us to exploit
this quasi experiment to generate causal estimates of
the wellness program’s productivity impact. The pro-
gram appears to have improved average worker pro-
ductivity by over 4%, approximately equal to adding
an additional day of productive work per month
for each employee, although this estimate is impre-
cise. We find more precise evidence of productivity
gains among those who improve their health that sug-
gest increased work capability. Sick employees whose
health improved showed a 10% productivity increase.
Strikingly, already healthy employees who improved
their health showed an 11% productivity gain. Survey
and blood results indicate that these health improve-
ments stemmed from physical activity increases, atten-
tion to diet, and other lifestyle changes. In addition,
employees with no health problems and no health
improvement showed a 6% productivity increase fol-
lowing the program’s introduction. We conservatively
estimate a return on investment of 76% purely based
on productivity gains, with a much higher return if the
company were able to reduce nonparticipation in the
program and reduce turnover.

Our paper contributes to several key literatures in
operations, management, and strategy. First, we add
to growing research in management on the relation-
ship between employee well-being and organizational
performance, providing the first causal evidence link-
ing a multiyear panel of medical data to actual indi-
vidual productivity improvements in a firm. This sup-
ports existing cross-sectional and self-reported data in
prior work (e.g., Burton et al. 2005, Goetzel et al. 2003,
@Wdengaard and Roos 2014).

Second, our paper joins the growing literature in
operations that uses detailed microlevel production
and service data to study environmental, social, and
psychological factors that impact worker productiv-
ity. Recent studies demonstrate that operational poli-
cies such as scheduling and staffing (Chan et al.
2014a, b; Dai et al. 2015; Huckman and Pisano 2006;
Huckman and Staats 2011), monitoring and trans-
parency (Bernstein 2012, Buell et al. 2017, Pierce et al.
2015, Staats et al. 2016, Tan and Netessine 2015),

performance recognition (Gubler et al. 2016, Larkin
2011, Song et al. 2018), and workflow (KC 2013, Kuntz
et al. 2014, Staats and Gino 2012, Tan and Netessine
2014) can all affect worker performance. Even environ-
mental factors outside of managerial control such as
weather (Lee et al. 2014) may determine productivity.
Our study is unique in this literature not only by link-
ing health and productivity, but also by supporting
the argument that firm policy can improve operations
through worker health and well-being (Ton 2014).

Third, our paper contributes to the large and often
conflicting literature on corporate social responsibility
(CSR) and firm performance (Margolis and Walsh 2003,
Orlitzky et al. 2003, Kitzmueller and Shimshack 2012)
by detailing mechanisms through which firms can “do
well by doing good.” The empirical challenges in this
research are widely recognized (Barnett and Salomon
2006, Chatterji et al. 2009), prompting calls to investi-
gate the microfoundations of CSR (Aguilera et al. 2007).
Our study responds to this call, showing how one fre-
quently used CSR policy can improve worker produc-
tivity and firm outcomes.

Finally, our paper contributes to a vast, but largely
correlational, medical and public health literature by
linking objective health improvement data with objec-
tive worker productivity gains in a quasi-experimental
setting. This distinction is important for two reasons.
First, people are often dishonest or biased about their
own productivity (or that of others) (Podsakoff et al.
2003). Second, self-reported productivity is difficult to
quantify or value, particularly when measured with
scales.

Although our combination of objective health and
productivity data provides unique evidence linking
employee health initiatives to productivity, we cau-
tion that our sample of 111 workers limits our sta-
tistical power. Many of our parameter estimates are
only weakly significant at traditional levels, and we
emphasize that this paper should be viewed as prelimi-
nary evidence of how wellness programs improve both
health and productivity. We hope that this evidence
will motivate companies with larger workforces to col-
laborate in research that might more precisely estimate
the effects observed here.

2. The Potential Impact of Wellness

Programs on Productivity
2.1. Evidence Linking Socially Responsible
Employee Policies to Performance

A large literature suggests that socially responsi-
ble (CSR) employee policies, such as wellness pro-
grams, might improve firm performance, focusing on
predictors of firm-level CSR, the outcomes of CSR, and
mediators and moderators of the CSR-outcomes rela-
tionship (Aguinis and Glavas 2012, Wang and Qian
2011). These studies correlate CSR with outcomes that
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include improved reputation, consumer loyalty, and
attractiveness to investors. Despite this research, how-
ever, scholars continue to disagree about the impor-
tance of such effects because few papers provide causal
tests of CSR and firm performance (Flammer 2015).

One stream studies how employee-focused CSR
policies might increase performance, finding corre-
lations with employee behaviors and attitudes that
include organizational identification (Carmeli et al.
2007), employee engagement and citizenship (Glavas
and Piderit 2009, Jones 2010), employee relations (Agle
etal. 1999), and attractiveness to job seekers (Turban and
Greening 1997). Field studies almost exclusively lack
strong causal evidence, with only a few exceptions—
none of which study worker health. Burbano’s (2016,
2017) online labor market experiments show that
socially responsible messages increase effort. Carnahan
et al. (2017) uses the September 11 terrorist attack to
link pro bono work to law firm retention. Flammer and
Luo (2017) links retention and engagement to CSR using
shocks to unemployment insurance benefits.

This paper focuses on employee wellness programs—
one of the most common socially responsible policies
targeting employees. One reason these programs are so
common is that the immediate, salient, and measurable
benefit from reduced insurance premiums provides
managers with easy financial justification for program
introduction in the face of internal political opposition
(Berry et al. 2010). Additionally, firms may see imme-
diate tangible gains from healthier employees through
reduced absenteeism, injury, and worker compensation
claims (Chapman 2012). Widespread evidence shows
that decreasing a health risk such as smoking can signif-
icantly reduce insurance and absenteeism costs (Burton
etal. 2005, Goetzel et al. 2003).

Existing research therefore has primarily studied
firm wellness program benefits via reduced costs from
insurance, absenteeism, and risk, rather than from
worker productivity. From an empirical perspective,

this focus is understandable. The link between well-
ness programs and productivity is difficult to causally
measure. Matched objective productivity and health
data are difficult to obtain from firms, and isolating
the treatment effect of such programs amidst other
policy changes can be daunting. Furthermore, most
companies offer wellness programs to all employees,
which means researchers cannot untangle temporal
productivity changes caused by time trends or shocks
affecting all workers. These factors may explain why
metaanalyses of financial returns from wellness pro-
grams include almost no productivity-based returns
(Chapman 2012).

2.2. Mechanisms

We argue that a corporate wellness program could
affect employee productivity through two classes of
mechanisms: job motivation and capability. In the next
sections, we explain that the likely importance of moti-
vation and capability in productivity gains depends on
two observable employee characteristics—preexisting
health problems and health improvement during the
program. Although this study cannot identify the
sources of employee health problems or improvement,
these individual characteristics can help illuminate
whether motivation or capability improvements likely
drive our observed productivity gains.

Figure 1 shows four categories of employees likely to
improve productivity through these mechanisms. Par-
ticipating employees can be categorized based on two
observable characteristics across time: if the program
identified a health problem and whether the employee
improved their health between exams. Because even
healthy employees can improve their health, this classi-
fication generates four participant types. We argue that
all four types might increase productivity because of
motivation based on job satisfaction. Those with health
problems might enjoy further motivational gains due

Figure 1. (Color online) Four Participant Types and Possible Mechanisms for Productivity Improvement
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to reciprocity based on feelings of gratitude. Addition-
ally, workers who improve their health might increase
productivity because of improved physical and men-
tal capabilities. Previously unhealthy employees who
improve their health might see the largest capability
gains because of existing impediments of stress, pain,
and physical weakness.

2.2.1. Productivity Improvement Through Motivation:
Increased Job Satisfaction. One way that a well-
ness program might improve motivation and there-
fore productivity is by demonstrating an employer’s
concern for employee well-being, which spans many
psychological, physical, and social dimensions (Grant
et al. 2007). The costly implementation of a program
designed to improve well-being might improve worker
attitudes by credibly signaling to employees the firm’s
broader concern for the quality of their work life, and
even the quality of their life outside the workplace. The
program in our empirical setting, for example, costs
approximately $240 per year for each employee.

Employers frequently offer corporate wellness pro-
grams to all employees without knowing who will
benefit. Even workers themselves may not be able to
predict, ex ante, whether they will benefit. Therefore,
all participants, not just those who receive new infor-
mation from the program, might perceive increased
organizational support and experience increased moti-
vation through job satisfaction. Indeed, wellness pro-
grams, independent of efficacy, have been shown to
increase job satisfaction (Zoller 2004) and raise percep-
tions of organizational commitment toward employees
(Parks and Steelman 2008). Both job satisfaction and
perceived organizational support have been positively
associated with job performance (Armeli et al. 1998,
Yee et al. 2008).

2.2.2. Productivity Improvement Through Motivation:
Gratitude and Reciprocity. While all employees might
improve motivation via job satisfaction, employees
who learn that they are ill might improve motiva-
tion more than their healthy colleagues. One of the
major aims of a wellness program is to help employ-
ees identify and focus attention on existing conditions
and illnesses. Almost half of overweight Americans do
not recognize their weight problem (Ingraham 2016),
while one in four Americans with diabetes are unaware
of their condition (CDC 2014). All such employees,
regardless of whether the program also helps them
remediate their illness, might feel gratitude to the
employer for providing information about existing
but unknown health conditions. Since this informa-
tion is inherently valuable, employees who receive
this gift will be inclined to reciprocate (Bartlett and
DeSteno 2006, Tsang 2006). Reciprocity theory holds
that actors such as employees react to unexpected giv-
ing by responding in turn, even if a receiver does not

want or will not use a valuable gift (Grant and Gino
2010, Adams et al. 2012). When an employee receives a
work benefit, she may strive to relieve this imbalance
though contributions to the organization (Eisenberger
et al. 2001). One natural way employees could recipro-
cate is via increased productivity. Although all partici-
pants might feel some gratitude, the value of the infor-
mation provided by the program is highest for workers
with preexisting health problems, making these work-
ers most likely to feel gratitude and thus reciprocate
(Dabos and Rousseau 2004, Hekman et al. 2009).

2.2.3. Productivity Improvement Through Work Capa-
bility. A wellness program may also increase pro-
ductivity by helping employees improve their health,
thereby strengthening their work capability. As noted
above, employees might learn of an existing health
condition, realizing the need to improve their health.
Yet even if they were aware of a health problem,
the program may focus their attention on health in
ways that nudge them toward action. Free counsel-
ing on nutrition, substance abuse, weight, exercise, and
other health habits provided through the program may
help all employees to make positive lifestyle changes
through several behavioral mechanisms. First, counsel-
ing from the program may produce the type of concrete
improvement plan known to improve health behav-
ior (Milkman et al. 2011, Dai et al. 2012, Rogers et al.
2015, Beshears et al. 2016). Second, the program may
provide an effective reminder that establishes better
habits (Calzolari and Nardotto 2017). Recent research
shows that subtle nudges about lifestyle choices and
health and longevity can indeed increase commitment
to healthy choices in diet, exercise, and sleep (Vallgarda
2012). The specific actions that employees take in a
wellness program—seeing a registered nurse, getting
blood drawn, and receiving information on typical
health problems—may provide one such nudge.
Employees who improve health problems would
likely see the largest productivity gains because of sub-
stantially improved physical capability from remedi-
ating health issues. There is consensus in the occu-
pational health literature that poor health reduces
work capacity and substantively changes wages,
hours worked, labor force participation, job choice,
turnover, retirement, and occupational choice (Currie
and Madrian 1999). There is scant evidence, how-
ever, of the direct link between health improvement
and on-the-job productivity at the individual level.
Instead, researchers have indirectly connected health
to productivity either through human capital devel-
opment identified by educational attainment (Becker
2007, Conti et al. 2010) or through national and
other macrolevel measures (Currie and Madrian 1999).
But even healthy employees without diagnosed prob-
lems might improve health through adopting healthy
lifestyle choices in areas such as diet, exercise, and
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sleep. Each of these has been linked to employee
on-the-job productivity through capabilities based in
stamina, energy, and mood (Thayer et al. 1994). A sub-
stantial literature on presenteeism—present workers
impeded by illness, depression, injury, or pain—links
self-reported productivity loss to mental and phys-
ical health conditions that include diabetes, depres-
sion, anxiety, cancer, migraines, and arthritis (Stewart
et al. 2003). For example, surveys from Lockheed Mar-
tin correlated productivity losses with health problems
such as migraines (4.9% loss), allergies (4.1% loss),
asthma (5.2% loss), influenza (4.7% loss), and depres-
sion (7.6% loss) (Hemp 2004). Even when health im-
provements are not specifically tied to the capability to
carry out a critical job task, they may increase worker
task productivity due to improved mental health and
reduced distraction from pain and discomfort. Recent
evidence from Christian et al. (2015) suggests that
pain reduction, and subsequent energy improvements,
strongly affects discretionary tasks such as productiv-
ity or prosociality.

Thus, while we expect that general health improve-
ments through lifestyle choices could increase produc-
tivity through better job capability for all workers, we
would expect these gains to be largest for those with
existing health problems.

3. Data and Methodology

The major innovation in our data is the ability to link
objective employee health data with daily individual
productivity measures in a quasi-experimental setting.
Previous wellness program studies have either lacked a
control group or used purely cross-sectional or survey
data. Our paper features both a quasi control group
and longitudinal objective data for both productivity
and health paired with self-reported survey and demo-
graphic data for 111 workers in four treatment plants
and one quasi control plant. The major limitation of
our data, as we will detail in Subsection 4.4.1, is our rel-
atively small sample, which limits our statistical power
to precisely estimate parameters.

3.1. Setting

Our data originate from a private industrial laundry
service company that we call LaundryCo. LaundryCo
is one of the largest independent industrial launder-
ers in the United States, providing uniforms, mats, and
other garments to clients that include auto shops, con-
struction companies, restaurants, and hospitals. Items
are regularly laundered and repaired by LaundryCo
using an innovative IT and production system ensur-
ing timely delivery. The cleaning and repair of prod-
ucts is carried out primarily by workers in five plants
across four states. These plants are nearly identical
in layout, equipment, staffing positions, and products,
and have about 15 production workers employed per

laundry line on a regular day. Three of the plants,
including our control plant, have two lines with about
30 workers per day, and the other two plants have a
single line with about 15 workers per day. Plants also
employ other workers for whom we cannot measure
productivity, including managers, delivery workers,
and support staff. The average production worker stays
approximately four and a half years, with a median
tenure of two years. The primary difference between
our plants is the unionized workforce at the control
plant, which reduces turnover. This difference is fixed
throughout the period of our study and therefore will
not bias our identification of the wellness program’s
treatment effect.

Soiled clothes, mats, and linens are dropped off at
the plants and proceed through a complex sequence of
sorting, cleaning, drying, pressing, and repair before
being loaded and returned to customers. Nonuniform
items such as floor mats or linens go through their own
unique process. Workers are cross-trained on multiple
tasks but typically specialize in only a few. Similar to
other service operations, worker efficiency is crucial to
LaundryCo profitability. Mistakes and bottlenecks cre-
ate costly production line disruption and leave down-
stream workers with insufficient workload. Mistakes
may include incorrect initial sorting, insufficient clean-
ing, or failure to repair garments before the final qual-
ity check. Bottlenecks result both from mistakes and
the inefficiency of upstream workers. For instance, if
the dryer operator falls behind, the pressing machine
operator might be idle until garments arrive for press-
ing. Downstream worker dependence on productivity
in upstream colleagues magnifies presenteeism costs
for LaundryCo.

In Spring 2010, LaundryCo hired an outside com-
pany (“the vendor”) to provide a free wellness pro-
gram to employees. Management’s goal was to reduce
insurance premiums and improve employee health.
The program was offered to all employees as a volun-
tary free benefit, with management actively encourag-
ing participation. Excluding managers and non-factory
workers such as salespeople, 136 employees chose to
participate, while 31 chose not to. LaundryCo’s human
resource director told us that employees chose not to
participate because of either a spouse’s insurance cov-
erage, absence on the day of the program, a fear of doc-
tors, or worry that the program would uncover drug
use (although the program did not test for drug use).
Participating employees received a 15% monthly insur-
ance premium decrease (about $1.75 to $11 per month),
which represented about 0.4% of monthly wages for
the average worker.

We note that the carefully designed LaundryCo pro-
gram adheres to two design principles that we will
address in the discussion section. First, participation
was purely voluntary. While participants received a
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small insurance premium reduction, nonparticipants’
rates did not change. LaundryCo management did
not record nonparticipants, and plant managers report
not knowing the identity of nonparticipants. Second,
LaundryCo did not have access to the health data.
We received these data directly from the vendor, and
LaundryCo was not party to any individual results
from the program. All employees were informed that
participation was voluntary and that privacy was
assured because LaundryCo would not administer the
program.

The program began with a blood draw at the plants,
which defines our treatment date. The blood samples
were then shipped to LabCorp, a national medical
laboratory testing company, and tested for 42 com-
mon health markers. Employees were also given a
health survey from Wellsource, a provider of evidence-
based health assessments. The survey asked about
health background, nutrition, fitness, stress level and
mood, drug use, and other behaviors. Because it was
administered during work hours, and reviewed by the
nurse, the survey had few missing answers (2.2% of
responses) that necessitated data exclusion. Approxi-
mately three weeks after the screenings, nurses from
the vendor held an educational seminar at each plant
and presented each worker with a personalized report
detailing their results. About 97% of participants in
our sample had at least one abnormal test result each
year, although some of these reflected small, likely ran-
dom variations on a few blood test measures. Both
LaundryCo’s HR director and interviews with work-
ers indicated that because many workers rarely visit
doctors, many biometric screenings uncovered seri-
ous or unknown health problems." The nurse called
approximately 20% of employees with severely abnor-
mal results within a week of the first visit, explained
the results, then asked for permission to forward the
results directly to the employee’s physician. Employ-
ees who lacked a primary care physician were offered

Figure 2. Timing of Wellness Program

a referral. The health packet detailed the individual’s
health status, including blood results and abnormal-
ities, health behavior scores, anticipated future risks,
and personalized suggestions for improvement. Even
employees who were aware of an existing medical con-
dition, such as obesity or borderline diabetes, might not
have known its deleterious impact, or ways to remedi-
ate it, until they received this detailed, individualized
information.

LaundryCo offered the full program, including bio-
metric screenings, surveys, and counseling, to all em-
ployees in 2010, 2011, and 2012. Although the program
continues to operate for new hires, LaundryCo stopped
offering the full biometric screenings for previous par-
ticipants starting in 2012.

3.2. Data

The data span 2009-2012 and cover all production
workers at five LaundryCo plants for which productiv-
ity data are available. Figure 2 illustrates the program
structure with three sets of visits from the outside ven-
dor. LaundryCo offered the wellness program to all
employees in 2010, 2011 and 2012. To measure whether
an employee’s health improves due to the wellness pro-
gram, we limit our sample to employees who partic-
ipated in two screenings in a row and our analysis
to the first such instance (i.e., 2010 and 2011, or 2011
and 2012). The date of treatment is defined as the date
of blood draw for the first instance of participation.
Turnover severely reduces our sample. Of the 347 pro-
duction workers employed during our sample period,
56 stayed for less than a month, while an additional 106
stayed for only one instance of the program (98 in the
treatment plants and eight in the control plant).

Our data set combines three main sources. First, we
received health data from the outside vendor. These
data include objective biometric blood tests and well-
ness survey results. Second, we employed outside
physicians to use the biometric and survey data to

~Apr 2010 ~May 2011 ~June 2012

Worker performance Worker performance

Worker performance

—

2nd cohort preperiod

2nd cohort postperiod
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Notes. Blood draw dates refer to when blood was drawn and surveys filled out at each plant. Seminar dates refer to when health information

was returned in a personalized packet to each participant. This typically

occurred three to four weeks after the blood draw. We only use data

from the first time participating for each worker. The 2010 preperiod begins in 2009.
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assess each employee’s health level and improvement
between years. Finally, LaundryCo provided demo-
graphic, human resource, and daily productivity data
from their IT system. We merged and deidentified
these three data sets under an approved university
institutional review board protocol.

3.2.1. Biometric Data. The vendor compiled longitu-
dinal blood data for each participant, including a
panel of 42 blood tests. These biometric screenings as-
sessed abnormalities in diabetes, cholesterol, kidneys,
enzymes, iron, electrolytes, cell balance, thyroid, com-
plete blood counts, white blood counts, and prostate
(prostate-specific antigen (PSA)). The average worker
had nearly five abnormal blood results out of 42 tests
given. However, since the normal test ranges rep-
resent 95% confidence intervals, and since the tests
themselves contain measurement error, even healthy
employees were likely to have at least a few abnormal
results out of 42 tests. In addition, the outside vendor
measured blood pressure and calculated body mass
index (BMI), a measure of obesity.

3.2.2. Survey Results. The vendor also provided sur-
vey results from the Wellsource wellness question-
naire, which participants completed at the time of test-
ing and included 110 questions on health history and
behavior such as exercise and eating habits, drug use,
sleep behaviors, current medications, mental health,
job satisfaction, health learning interests, and safety
(e.g., seatbelt and sunscreen use). Online Appendix
Figure A1l shows the actual survey. The survey ele-
ments used in our analyses had only 2.2% of responses
missing, resulting in data exclusion.

3.2.3. Physician Evaluation of Biometric and Sur-
vey Data. We employed three experienced internal
medicine residents from a major midwestern univer-
sity hospital to thoroughly evaluate the preexisting
health and health improvements of each employee. The
doctors evaluated health and improvement first indi-
vidually and then as a group. We hired physicians
because, while we have detailed health information
on each employee, there was no overall assessment of
illness, or whether overall health improved between
testing events. Physician focus groups told us that it
would be difficult to build objective measures of sick-
ness based on the data alone, and that doctors are
trained to examine a mix of objective measures and
subjective evidence such as responses to questions dur-
ing office visits. Based on this feedback, we chose to
have a group of physicians read the entirety of each
participating employee’s file.

We asked each physician to individually answer
four questions for each patient by evaluating their
complete biometric and survey records (see Online
Appendix Figure A2 for the questionnaire): (Q1) Do
they likely have one or more medical conditions? (Q2)

How seriously ill is the patient (five-point scale)? (Q3)
How much would that problem impact their ability
to carry out eight hours of manual labor (five-point
scale)? (Q4) How much did the employee’s health
improve between annual tests (five-point scale)?

Interrater agreement (IRA) on Q1 was good, with
Fleiss” Kappa of 0.50. This means that for 90% of the
employees, all three doctors marked them as having a
medical condition, or not having one. Interrater reliabil-
ity (IRR) levels on Q2-Q4, however, were much lower,
with Krippendorff’s Alpha scores of 0.17, 0.12, and
0.20. These values would be low for nonexpert raters
on simple tasks but are consistent with many studies
of expert agreement and IRR in the medical literature
(e.g., Einhorn 1972, Elmore et al. 1994, Beam et al. 1996,
Chiang et al. 2007). For example, a study assessing the
diagnostic abilities of 32 medical interns by 12 full-
time medical faculty using 128 different clinical evalu-
ation exercise methods found IRRs ranging from 0.00
to 0.63, with a mean of only 0.23 (Kroboth et al. 1992).
This means that medical faculty observing the exact
same interaction between an intern and a patient were
in agreement about how successfully the intern diag-
nosed a patient problem at close to the same rate as our
physicians agreed on Q2-Q4, and at a much lower rate
than our physicians agreed on Q1. With results from
so many blood tests as well as survey results, nearly
every patient-year observation contains some contra-
dictory data, and physicians tend to focus on different
measures based on their own beliefs and experiences
(Eddy and Clanton 1982). Furthermore, most studies
of IRR in medicine involve a physical examination of
the patient, which our physicians lacked. Therefore, our
low IRR ratings are consistent with the literature on the
difficulty in medical evaluations.

In fact, the physicians themselves expressed to us
that Q2-Q4 were difficult given the large amount of
data and many borderline results, and after completing
their individual ratings, they proposed collective eval-
uations involving a scoring system established by the
doctors, with higher values broadly reflecting worse
health (see Online Appendix Figure A3 for the scor-
ing system). We use both the individual and collective
measures for Q4, and the results are highly similar. We
chose not to use Q2 in the study for several reasons.
First, Q2 is simply a more detailed version of Q1, yet
this detail produces poor agreement across physicians
and is therefore inferior to Q1. Second, the physicians
indicated frustration with this question and that the
dichotomous choice of Q1 was more appropriate for
general health assessment. We excluded Q3 because
the low IRR likely resulted from forcing physicians
to match general health assessments to job tasks they
had not observed. In the case of both variables, the
low IRRs indicate significant measurement noise that
would be prohibitive in a study that includes relatively
few employees.
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3.2.4. LaundryCo IT Data. LaundryCo provided data
at the employee level on individual productivity and
demographics for 2009-2012. Productivity data are at
the worker-day level, and the other data are mea-
sured as of January, 2013. Demographic data include
employee age, salary, tenure, and plant assignment—
all of which are absorbed in our fixed effect regres-
sions. Worker productivity is based on how long an
employee works each day and how efficient they are on
each given task.

3.3. Identification Strategy

We use a difference-in-differences (DiD) study design.
The DiD design treats employees in LaundryCo’s four
plants that participated in the wellness program as the
treatment group and the single nonparticipating plant
as a quasi control group (hereafter called the control
group). Because some treatment plant employees chose
not to participate in the program, we estimated a sep-
arate treatment effect for these employees. The DiD
strategy “differences out” fixed differences between
treatment and control groups, and uses posttreatment
changes for the control group as a counterfactual for
what would have happened had treatment group indi-
viduals not participated in the wellness plan. The DiD
approach is the most widely used methodology to
examine the impact of exogenous shocks or policy
changes (Gertler et al. 2011).

Our treatment group is comprised of 69 employ-
ees who were present for at least two wellness pro-
gram exams at one of the four participating plants. We
exclude from this group 81 employees who left employ-
ment with LaundryCo after participating only once in
the wellness program because our identification relies
on observing an employee’s health improvement in a
second exam after their initial participation a year prior.
We furthermore drop 17 treatment group employees
who opted out of participating in the wellness program
a single time, and who left the company before a sec-
ond program could be administered. We also drop 67
treatment group employees who were not employed
during a single evaluation. Our final treatment group
consists of two types of employees: the 55 workers who
chose to participate and the 14 who did not, nine by
choice and five because of absence on exam day.” Fol-
lowing the literature on health intervention, we term
participating workers “compliers,” and the nonpartici-
pants “noncompliers.” Both compliers and noncompli-
ers were employed at a treatment plant and received
information about the program. Although noncompli-
ers were younger and had shorter work tenure, their
average efficiency, pay, and daily hours worked were
not substantially different from compliers, as shown in
Online Appendix Table Al. The control group is com-
prised of workers from LaundryCo’s unionized fifth
plant, which used a different insurance plan and did not

participate in the program. As with treatment group
workers, we limit the control group to the 42 employ-
ees who were employed for the period encompassing at
least two exams at treatment plants.

Although DiD strategies do not require identical
treatment and control groups, in our case, workers
from both groups were similar on most dimensions.
All five plants work on the same tasks, use the same
production technology, and share common floor lay-
outs. Three of the plants—the control plant and two
treatment plants—have approximately 30 employees
working on a given day. The other two treatment plants
average 15 workers but simply have fewer lines within
a given category (e.g., one mat-rolling station instead
of two). Also, two of the treatment plants are geograph-
ically proximate (32 and 34 miles) to the control plant,
which addresses local shocks such as weather that
might affect productivity. Online Appendix Table Al
presents preprogram demographics and efficiency for
the three groups. As we note earlier, the one key differ-
ence at the control plant is its unionized workforce and
consequent lower turnover. Since our DiD with worker
fixed effects will absorb this fixed difference, this does
not invalidate our identification strategy. If the pro-
gram itself led to changes in turnover our results would
be biased; however, as seen in Online Appendix Fig-
ure A4, there is no discernable impact on turnover.

Interviews with both corporate and control plant
managers confirmed that no wellness program was
offered there. Interviews also revealed that nearly all
other major plant policies were directed by the corpo-
rate office, and affected all plants, not just the control or
treatment plants. There was one exception—an atten-
dance awards program was put in place in the sec-
ond year of our study at the control plant. We discuss
the implications of this program in Subsection 4.4.3.
Of course, managers may have their own management
style, but any fixed differences in management policies
(or any other variable) do not affect DiD estimates.

DiD studies do not require random assignment of
treatment and control, but a potential weakness of our
study is the lack of a true control group, as employees
choose the plant at which to seek employment. How-
ever, it is extremely unlikely that participants chose
their plant based on expectations of a future wellness
program. Interviews suggest employees desire to work
at the closest plant, and very few employees would
find it desirable to transfer to a different plant from
their current location. Therefore, with respect to being
offered the wellness program opportunity, our inter-
vention approaches random assignment.

3.4. Variables

3.4.1. Dependent Variable. Our dependent variable is
daily worker efficiency. LaundryCo uses a sophisti-
cated IT system that carefully tracks each worker’s pro-
ductivity (called “efficiency”) on each task every day.
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To do so, it measures the garment-processing rate for
each worker compared to the time-studied expected
rate, as determined by corporate headquarters. Scores
are normalized such that 100 reflects performance that
meets expectations. For example, the time-studied rate
for pressing dress shirts is 50.4 seconds, meaning an
employee must press over 71 shirts each hour to earn
a score of 100. The system computes an overall daily
efficiency rate for each worker, equal to the weighted
average (by time spent) of the worker’s efficiency scores
on each task that day. For example, a worker who spent
two hours sorting soiled clothes with an efficiency
score of 80, two hours loading soiled clothes and the
appropriate soap into washing machines with a score
of 140, and four hours unloading clean but wet clothes
into bins to be taken to the dryer area with a score of
160 would have a final daily efficiency of 135. A typ-
ical employee will have an efficiency number around
110-120, with high-performers consistently perform-
ing above 130 and low-performers at less than 100.

3.4.2. Independent Variables. Our independent vari-
ables represent four broad constructs: Compliers, Non-
compliers, Sick, and Better. Compliers takes a value of 1
for treatment plant employees who participated in the
program twice, and a 0 for noncomplying and control
group employees. Noncompliers takes a value of 1 for
employees who chose not to participate in the program
when offered, or were absent, and a value of 0 for com-
pliers and control group employees. Empirically, these
two variables are interacted with a dummy for the post-
treatment period, which for each employee is the date
of initial wellness program participation.

In our primary health specifications, Sick is a dummy
variable created from Q1 in the physician health evalu-
ation. Because IRR on this question is high, indicating
90% unanimity among the three doctors, we require
all three physicians to designate a worker as having
a health condition based on the results of the well-
ness intervention that year. Results were highly similar
using a cutoff of two of three physicians designating a
worker as sick. There were 36 “sick” employees and 19
“not sick” employees.

Similarly, in our main specifications, Better is a
dummy variable using Q4 from the physician eval-
uation that indicates significant health improvement
between the first and second exam. We designate an
individual as Better if the average doctor score indicates
health improvement between periods (i.e., average >3).
Fifteen workers qualified as “better” and 40 workers
were “not better.” Note that both “sick” and “not sick”
employees were classified as “better.” The largest of the
four worker categories in Figure 1 was the 27 “sick, not
better” employees. Thirteen workers were “not sick,
not better,” six were “not sick, better,” and nine were
“sick, better.” As stated previously, there were 14 total

noncompliers at the treatment plant employed during
at least two blood draws.

We examined the use of continuous rather than
binary measures of both Sick and Better, and while
overall model fit was superior, little additional insight
is derived. We therefore present the results using the
binary measures, which are much easier to interpret.
We present results using continuous measures in the
appendix.

3.4.3. Control Variables. One of the main benefits of
the DiD methodology is that fixed differences in the
control and treatment units do not affect the treat-
ment estimate. Because fixed, preexisting differences
between groups are “differenced out” of the treatment
estimate, including them in the regression (for example
as a time invariant dummy variable) will not influence
the results. Additionally, as is standard when using
individual employee data, we include individual fixed
effects, such that our treatment estimate represents
the change within an individual employee. Collectively,
these factors mean that we do not require an exten-
sive set of control variables. Fixed differences across
employees such as gender, ethnicity, and even average
capability are fully absorbed by individual fixed effects
and cannot enter our specification.

However, employees do differ over time in their
experience level; a given employee may be more effi-
cient several months after starting than they are in their
first week. To control for within-employee learning,
we control for the cumulative months of job experi-
ence. The results are robust to using a dummy variable
for employees with less than a year of tenure, which
interviews suggest is well after any learning-by-doing
ceases.

Our last control is a plant-specific time trend; we use
month fixed effects interacted with plant ID.

3.5. Specification
Our DID specification model is the following:

Yijr = a; + By X Post, + B, X Post;; X Noncomplier,
+ B3 X Post;, x Complier; + B, X Post;, X Complier,
X Better; + 5 X Post;, X Complier, X Sick; + 4 X Post
X Complier; X Sick; X Better; + Ay + 7y, + €y,

where Y, is efficiency for worker iin plant j, at time ¢;

Post; is a dummy indicating all days after the first
screening for employee i; and Post;, X Noncomplier, and
Post;, x Complier; are treatment group employees in the
postperiod who choose not to participate and to partic-
ipate in the program, respectively. A;, is the employee’s
cumulative number of months of experience at Laun-
dryCo, and y, is a plant specific time trend.

Our specification allows us to test for heterogeneous
treatment effects depending on whether the program
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identifies a worker as sick, and whether an employee’s
health improves in the year after implementation. The
interactions between the Post variable (defined as 1
starting the date of the blood draw) and the Non-
complier and Complier variables show the effect of the
program on noncompliers and compliers, respectively,
who are neither sick nor better after the program.
The subsequent triple and quadruple interaction coef-
ficients represent the incremental effect of the program
on compliers who get better (8,), are sick (f5), and
are both sick and better (8;). We note that the time-
invariant baseline effects, such as Noncomplier;, Com-
plier;, Complier; x Sick;, and Complier; X Better; are all
absorbed by employee fixed effects. We also note that
we can collapse complier categories and look at fewer
complier groups by not differentiating by Sick, Better,
or both.

All of the treatment coefficients (f, to ;) are com-
pared to the control group of workers not participat-
ing in the program. Of course, we do not observe
whether control group employees are sick or improve
their health. However, this does not bias our economet-
ric results, because our sick and better variables refer
to sickness highlighted in the wellness program, and
health improvements achieved due to the same pro-
gram. Control group workers by definition do not learn
about their health or make health improvements due
to a wellness program, since they did not hear about
or participate in any such program. Any changes to
their health awareness, or their actual health, serve as
the baseline counterfactual against which our wellness
program effects are measured. For example, general
societal trends toward healthier eating and exercise,
or the effects of public policies such as the Affordable
Care Act on health, are reflected in the control group
and are “differenced out” of the treatment estimate.
The control group models the counterfactual of what
would have happened to treatment group employees
absent the intervention.

We use ordinary least squares (OLS) to estimate our
DiD model, clustering standard errors at the individual
level.

4. Results

As noted above, 65% of treatment group compliers
(36 of 55) were classified as sick by the physicians,
and 25% of sick workers improved their health after
the intervention (nine of 36). Examples of common
health abnormalities were high cholesterol, obesity,
hypertension, chronic pain, and self-admitted drug
abuse. While a 65% rate of sickness may seem high,
the Centers for Disease Control and Prevention in the
United States estimates that 50% of adult Americans
have at least one chronic health condition (Ward et al.
2014), although they note this is a conservative esti-
mate and does not include mental health, drug use,

Table 1. Descriptive Statistics at Worker/Day Level

Variable Count  Mean SD Min Max
Efficiency 52,293 125.83 31.60 24.67 264.10
Postperiod 52,293 0.47 0.50 0 1
Month (continuous) 52,293 17.64 10.05 0 42
Year 52,293 2009 0.87 2009 2012
Participant 52,293 052 0.50 0 1
Sick (doctor measure) 52,293 0.33 0.47 0 1
Better (doctor measure) 52,293 0.14 0.35 0 1
Better (doctor group 52,293 017  0.37 0 1
measure)
Better exercise days 52,293 0.21 0.41 0 1
Better HDL 52,293 0.35 0.48 0 1
Better nutrition score 52,293 0.12 0.33 0 1
Better stress signals 52,293 0.13 0.33 0 1

or obesity, which our doctors included. Because of this
broader definition of sickness, and because our sam-
ple is almost exclusively low-income workers who have
higher rates of illness than the general population, this
higher sickness rate is not surprising. Table 1 presents
descriptive statistics for our main variables of interest,
and Table 2 provides correlations for the final sam-
ple. Note that Table 1 is at the worker-day level, which
matches our regressions; the statistics above on overall
rates of sickness are at the worker level.

Table 3 shows the formal statistical results from our
regressions. Model (1) shows the overall effect of the
program on compliers and noncompliers, model (2)
breaks down compliers into sick and not sick employ-
ees, model (3) breaks down compliers into better and
not better employees, and model (4) shows the model
with all four employee types. These models all use the
independent doctor assessments to define the Sick and
Better variables; to be defined as Sick, all three doctors
must judge a given employee to be sick based on data
from the initial blood draw. Online Appendix Table A2
shows the same models using the doctors’ collective
scale to define the Sick and Better variables, and the
results are highly similar.

Rather than present the raw regression output,
which shows the marginal effect of being in each sub-
sequent employee category (e.g., the marginal effect of
being “better” on top of being “sick” and a “complier”),
Table 3 shows the total effect for each employee type,
which represents the linear combination of all relevant
interaction coefficients. These should be interpreted as
the average posttreatment productivity change for each
group relative to the control group. Marginal effects of
model (4) are in Online Appendix Table A3.

The point estimate on model (1) suggests that the
wellness program improved productivity among com-
pliers by 4.89 points, which is a 3.9% increase from an
average productivity level of 125 points. Noncompliers
had reduced productivity of —7.21 points or 5.8%. Both
estimates are statistically insignificant at conventional
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Table 2. Correlations for Primary Variables
Better Better Better Better Better
Efficiency Postperiod Participant Sick Better (group) exercise HDL nutrition stress
Efficiency 1.00
Postperiod 0.04 1.00
Participant 0.03 0.03 1.00
Sick -0.13 0.04 0.67 1.00
Better 0.00 0.02 0.39 0.20 1.00
Better (group) -0.03 0.03 0.43 0.29 0.91 1.00
Better exercise 0.08 -0.03 0.50 0.28 0.34 0.29 1.00
Better HDL 0.03 0.03 0.71 0.52 0.19 0.23 0.40 1.00
Better nutrition -0.02 0.00 0.36 0.00 0.30 0.32 0.11 0.38 1.00
Better stress -0.02 0.00 0.37 0.16 0.33 0.28 0.16 0.12 0.24 1.00

levels (p = 0.229; p = 0.179). However, models (2) and
(3) both indicate that some employee types saw statisti-
cally significant increases in productivity. In model (2),
the productivity of nonsick employees increases by 9.4
points or 7.5% (p = 0.054), while model (3) estimates
that the productivity of better employees increases by

Table 3. Regression Estimates (Total Effects)

12.7 points or 10.2% (p = 0.036). Results for those that
do not improve are small and very imprecise. In both
models (2) and (3), the effect of the program on non-
compliers is similar to model (1).

Finally, model (4) estimates separate treatment ef-
fects for the four groups in Figure 1. Because the

Dependent variable: Efficiency

M @ ®) 4)
Noncompliers —-7.209 -7.128 —-7.598 —7.456
(5.331) [0.179] (5.244) [0.177] (5.403) [0.162] (5.328) [0.165]
Compliers 4.888

(3.971) [0.229]
Nonsick compliers

Sick compliers

Nonbetter compliers

Better compliers

Nonsick, nonbetter compliers
Sick, nonbetter compliers
Nonsick, better compliers

Sick, better compliers

Control for worker experience Y
Plant time trends Y
Fixed effects Y

R? 0.455
No. of employees 111
Observations 52,293
Sick cutoff 3 doctors

9.392"
(4.818) [0.054]
0.979
(4.004) [0.807]
1.552
(3.657) [0.672]
12.670"
(5.969) [0.036]
7.662*
(4.321) [0.079]
-3.068
(4.213) [0.468]
13.461*
(7.423) [0.073]
11.778
(7.220) [0.106]
Y Y Y
Y Y Y
Y Y Y
0.458 0.463 0.465
111 111 111
52,293 52,293 52,293
3 doctors 3 doctors 3 doctors

Notes. Robust standard errors in parentheses, clustered by individual. p-Values in brackets. The dependent variable is daily worker efficiency.
All three physicians must specify an individual as “sick” for “sick” to take the value of 1. Results are robust to a cutoff of two physicians
specifying sickness. “Better” uses the average of the physician’s evaluations on improvement (Q4 in the Physician Evaluation Questionnaire)
and takes the value of 1 if the average indicates improvement (>3 on the Q4 five-point scale). All models use ordinary least squares.

“p <0.05;'p < 0.10.
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number of employees of each type is smaller than in
models (2) and (3), the estimates are less precise, but
the results are fully consistent with the earlier mod-
els. Specifically, nonsick, better compliers (§ = 13.461,
p = 0.073) and nonsick, nonbetter compliers (f =7.662,
p = 0.079) both see improved productivity. Sick, bet-
ter compliers also see better productivity, although the
estimate is even less precise (f =11.778, p =0.106). Sick,
nonbetter compliers see almost no identifiable change
in productivity (8 = —3.068, p = 0.468).

The results from model (4) using all four employee
groups are consistent with several of the mecha-
nisms that we presented earlier driving productivity
improvements. First, improved job satisfaction or com-
mitment may explain why healthy compliers who do
not get healthier still increase productivity. Second,
even larger productivity gains among both the healthy
and sick who get better suggest improved capability
through either overall well-being or physical improve-
ment. We cannot claim evidence for these mechanisms,
but rather present them as possible explanations for
important individual productivity gains.

Our null effect for sick, nonimproving workers casts
doubt on the role of gratitude and reciprocity, but we
note several factors that may counteract gains among
employees whose health does not improve. First, the
discovery of illness, and the failure to remediate it, may
increase stress and depression, which have been widely
linked to decreased productivity and safety (Kuntz
et al. 2014). Second, as we noted earlier, severe health
problems may not be easily addressable in the short
term. Although no employees were diagnosed with a
terminal illness, several had severe, uncontrolled dia-
betes, extremely high cholesterol, and morbid obesity,
problems might take more than a single year to rec-
tify. While our results provide no evidence of gratitude
and reciprocity, employee interviews suggest that these
mechanisms were present in some cases.

4.1. Testing the Identifying Assumption of
Parallel Trends

One of the main confounds of DiD models is that differ-
ent pretrends in the control and treatment groups can
generate spurious, significant results. The formal test
for such pretrends is to run a “leads and lags” model
that estimates separate “treatment effects” for a set of
pretreatment and posttreatment periods (Autor 2003,
Angrist and Pischke 2009). While the basic DiD model
treats the entire pretreatment period as the baseline
against which the posttreatment period is compared,
the leads and lags model uses a smaller pretreatment
period as the baseline. Other pre- and posttreatment
periods are then tested for treatment effects against this
smaller baseline.

Formally, this regression model is identical to the
main regression specification outlined above but with

a series of time period dummies and their interaction
with the treatment group. The omitted time period
provides the baseline difference against which each
time interaction is tested. If pretrends are driving the
effect, pretreatment period coefficients would initially
be large in the pretreatment period and in the oppo-
site direction of the coefficient in the main model, with
a marked trend toward the direction of the model’s
coefficient that begins well before the time of treat-
ment. The lags and leads models also reveal if treat-
ment effects start immediately and if they persist.

Figure 3 shows quarterly leads and lags results for
all five employee types in model (4) of Table 3: the four
complier types and noncompliers. The omitted quar-
ter is the three months before program announcement,
since this is the closest period not influenced by the
program. The first quarter after the omitted quarter
contains the program announcement, the blood draw,
and the seminar that occurred in consecutive months.

For the four complier types, there is no evidence of
differential pretrends—none of the pretreatment coef-
ficients are large and negative in ways that might
spuriously drive a positive coefficient in the baseline
model. None of the pretreatment coefficients for these
four types are statistically significant; the coefficients
are all less than eight productivity points and almost
always less than four points. Compared to the quarter
just before implementation, productivity differences
between treatment and control groups are thus close to
zero. Furthermore, the largest pretreatment coefficients
(Figure 3(C) representing “not sick, better” employees)
are positive, which if anything biases the base DiD
model toward a negative result, not a positive one.

For three of the four complier groups (not sick, not
better; not sick, better; and sick, better), there is an
immediate increase in productivity differences between
treatment and control groups after program imple-
mentation, consistent with the program itself causing
observed productivity improvements. For sick, better
employees, the productivity jump appears to be sus-
tained throughout the five quarters after implementa-
tion, suggesting that the health improvements brought
about by the wellness program brought sustained pro-
ductivity increases. For not sick, better employees, the
results are not as persistent; while the point estimate
remains positive throughout the sample, the effects
decrease and become less precise starting nine months
after program implementation. We note that this cell
of employees is the smallest in the sample with only
six employees. For not sick, not better employees, we
see an immediate jump in productivity, but this effect
tapers off over time. This result suggests that productiv-
ity gains from the intervention may be short lived if not
accompanied by real improvements in health. Finally,
for sick, not better employees, there appears to be a
short-term negative impact on productivity.

This content downloaded from
23.151.112.43 on Wed, 19 Aug 2026 17:52:16 UTC
All use subject to https://about.jstor.org/terms



Gubler, Larkin, and Pierce: Doing Well by Making Well

Management Science, 2018, vol. 64, no. 11, pp. 4967-4987, ©2017 INFORMS 4979
Figure 3. Lead and Lags Results
A. Not sick, not better compliers B. Sick, not better compliers
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Notes. Dots represent estimate of difference between treatment and control groups compared to difference in bucket —1. Bucket 0 contains
the program announcement, blood draw, and seminar. Bucket —1, the omitted interaction, contains the three months just before program

announcement.

Plots of the raw data by group also suggest a
treatment effect on some but not all workers, and
that pretrends were not different across groups. Raw
monthly efficiency averages are plotted for better com-
pliers, not better compliers and control employees
in Online Appendix Figure A5. The version of the
chart showing the average pre- and posttreatment

efficiency for these groups (as a horizontal line) sug-
gests steady averages for not-better compliers and con-
trol employees, but a large average increase for “better”
employees. This chart is most similar to the DiD regres-
sion approach, for which no time trends are assumed,
but we also show raw data charts with linear and poly-
nomial spline best fits. All three charts suggest a flat
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control group and an unchanged “not better” complier
group, with a large, discernable positive jump for “bet-
ter” compliers.

The lags and leads results on noncompliers (Fig-
ure 3(E)) suggest that their productivity was already
declining before program implementation. Differences
between treatment and control group productivity
compared to the omitted quarter were fairly large, pos-
itive, and close to statistical significance at the 5% level.
The negative result on noncompliers in the statisti-
cal models is at least partly attributable to an appar-
ent declining trend in productivity of noncompliers
that started well before the wellness program was
implemented.

4.2. Robustness Tests

We conducted several robustness checks to these main
findings. First, Online Appendix Table A4 shows re-
gression results using block-bootstrapped standard
errors at the worker level (Cameron and Miller 2015),
with similar results. Second, we carried out a series
of placebo tests, randomly assigning employees to dif-
ferent groups, and randomly assigning intervention
dates. This is to ensure that the serial correlation errors
that plague some DiD specifications are not generating
spurious results (Bertrand et al. 2004). Figure 4 shows
placebo tests on the sick, better category of employ-
ees. For 47 of the 50 placebos run, the coefficient is
both smaller in size and less statistically significant than
the estimated coefficient. Since the coefficient is signif-
icant at the 10% level, this is approximately what one
should expect from the placebo tests. Online Appendix
Figure A6 shows placebo results on the other three
complier groups, as well as noncompliers. We also
ran robustness checks on the noncomplier category.
In one such test, we excluded the five noncompliers
who were absent from the plant on the day of blood
draw, as these employees might have not participated

Figure 4. (Color online) Placebo Test on Sick, Better
Employee Group
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Note. Fifty placebo simulations for the main model using random-
ized treatment groups and treatment dates.

for exogenous reasons such as sickness rather than by
choice. These results are in Online Appendix Table A5.
The results for noncompliers is considerably larger and
more significant when the five absent noncompliers are
dropped; however, the basic results for compliers do
not change significantly.

Finally, we examined the impact of using continuous
measures for our “sick” and “better” variables. Our
doctors provided five-point scales for both variables,
and we used the average of these raw scores in place
of the binary variables reported previously. However,
there was not a lot of variation within these variables,
and interpreting the regression results and continuous
interactions becomes very complicated, which is why
we used binary measures in the paper’s main results.
We show regression results using continuous measures
for these two variables in Online Appendix Table A6.
Online Appendix Figure A7 shows a graphical repre-
sentation of the results, which confirms that employees
who are the sickest and whose health most improves
see the largest productivity gains.

4.3. Specific Health Improvement Mechanisms

We next examine specific employee actions driving the
health and productivity improvements. For these tests,
we primarily use survey data to identify workers who
improve self-reported behaviors on nutrition, exercise,
and stress. We use the survey data to redefine our “Sick”
and “Better” employee categories. We classify individu-
als as “Sick” if their score is below the minimum vendor-
communicated threshold for that dimension. We clas-
sify individuals as “Better” in each area if they improve
their self-reported survey scores. We additionally use
blood data on HDL cholesterol to measure nutrition and
exercise, as it is directly linked to diet and exercise, is
difficult to improve by medication alone (Wood et al.
1988, Mensink et al. 2003), and is an objective rather
than a self-reported measure. We note, therefore, that
both the “sick” and “better” variables were different
from the doctor surveys in this set of results. Regres-
sion results using these new measures suggest that pro-
ductivity gains are driven by lifestyle improvements in
exercise, nutrition, and stress. Figure 5 shows that those
who are “sick” on these dimensions, but who subse-
quently improve, see positive productivity gains. All of
these coefficients except for “nutrition” are significant
atthe p <0.10 level.

Online Appendix Figure A8 repeats the analysis
from Figure 5, with employees grouped by the origi-
nal “Sick” and “Better” variables defined by the three
physicians. Although the number of employees in each
category is small, the point estimates indicate that
lifestyle improvements by employees who were not
sick drive large productivity gains. These gains are
correlated with lifestyle improvements in stress, exer-
cise, and HDL. It is apparent from these results that
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Figure 5. (Color online) Regression Coefficients Using
Survey Measures
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Notes. Diamonds represent coefficient estimates for each specific cat-
egory following the main specification. Models are estimated using
OLS with clustered standard errors at the individual level. “Sick” is
defined as having a nutrition score <50, HDL cholesterol <39, not
exercising, and reporting a stress signal. “Better” is defined as posi-
tive improvements on a given category. Coefficient estimates are plot-
ted for sick individuals that improve (“Better” equal to 1). Estimates
based off of 14 improvers in stress, 12 in nutrition, 21 in exercise, and
37 in HDL.

many employees without health problems made pos-
itive lifestyle changes due to the program, and that
these changes drove significant productivity growth
for LaundryCo. Overall, these results suggest capabil-
ity improvements from improved overall and physical
well-being.

We also examined whether improvements on spe-
cific health dimensions such as diabetes and kidney
function were identifiable as driving the productiv-
ity gains in our main results. Sick and Better were
defined by whether biometric test results were out-
side of or entered specified normal ranges, respectively.
Although our sample size weakens inference on these
small subgroups, the results (Online Appendix Fig-
ure A9) are supportive of the key mechanisms in Fig-
ure 5. The results show that improvements in disease
areas associated with lifestyle choices, such as diabetes,
electrolytes, or cholesterol, led to large productivity
growth for sick individuals, although we caution that
these data represent snapshots in blood tests that also
may reflect random daily variation in blood chemistry.

4.4. Addressing Empirical Limitations

4.4.1. Sample Size. Despite its strengths, our setting
has two weaknesses that should be addressed in future
work. First, the number of workers for which we have
two years of health data is only 111, which makes
precise estimation of productivity changes for dif-
ferent subsamples difficult. Our small sample partly
reflects LaundryCo’s size, but also is hindered by high
turnover that limits the length of time over which we
can observe many workers. This problem is magnified

by the small cell sizes for subgroup analysis. In addi-
tion to the 42 employees at plant 1 serving as a con-
trol group, 55 of the 69 employees at the treatment
plants chose to participate in the program. Of these
55, 36 qualified as sick and 15 improved their health.
Only nine sick and six nonsick workers improved
their health. Furthermore, the problem is particularly
acute when attempting to identify the specific health
improvements (e.g., diabetes) that drive productivity
gains. Consequently, the imprecision of our coefficients
should not be interpreted as strong evidence of a null
effect—we simply do not have enough statistical power
to precisely identify small effect sizes.

Future work should seek organizations where larger
samples will provide improved power and allow pos-
sible identification of smaller effects that support (or
refute) our findings. Larger organizations would also
allow for more detailed subsample analysis to pinpoint
which specific health improvements are most crucial to
improving capability and productivity. That our study
is the first to link objective productivity and health
data tells us how difficult such a data set would be
to acquire. To help guide future research, we imple-
ment simulated power tests for our own sample size
and then project how larger samples might improve
statistical power. Power tests indicate the likelihood
of a data sample correctly rejecting a null effect for a
given parameter magnitude at a specific significance
level (a). To first test the power of our own sample,
we randomly generate 1,000 data sets, each with 52,293
observations distributed across pre- and post-blood-
draw periods for 111 workers: 42 are in the control
group, 14 are noncompliers, 27 are sick nonimprov-
ing compliers, nine are sick improving compliers, and
six are nonsick improving compliers. The productiv-
ity values for these observations are calculated using
the parameter estimates in model (4) of Table 3 plus
an error term based on two components: worker-level
and individual error terms. The two error terms are
normally distributed random variables with mean zero
and their respective standard deviations in our real
sample, and weighted based on the calculated intra-
cluster (worker) correlation in our data (0.41).

The statistical power calculations using our sample
size of 111 workers are provided in Table 4 for p-values
of 0.05 and 0.10. As expected, statistical power is low,
which helps explain the imprecision of our model esti-
mates. Clearly, both our analysis and future studies
would benefit from significantly increased sample size,
although the nonexistence of previous studies speaks
to the difficulty of acquiring such samples.

To provide guidance for future researchers, we
repeat our simulation with different sample sizes,
mapping the relationship between sample size and
statistical power given our real sample’s parameter
estimates, cell-size ratios, and error structure. These
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Table 4. Simulated Power Tests for 111 Worker Sample

Dependent variable: Efficiency

Cell size 1) 2)
(workers) p-value = 0.05 p-value =0.10
13 Participant X Post 0.144 0.346
14 Nonparticipant X Post 0.424 0.543
27 Participant x Post x Sick 0.209 0.460
6 Participant X Post X Better 0.335 0.553
9 Participant X Post x Sick X Better 0.321 0.667
No. of employees 111 111
No. of simulation iterations 1,000 1,000
Observations 52,293 52,293

Notes. Values represent probability that null hypothesis of zero effect is rejected, given
the total effects estimated in column (1) of Table 3 and the p-value for each column.
Power values are based on 1,000 simulated data sets with the real sample’s data structure.
Larger cell sizes and larger effect sizes produce higher power values. All simulations use

42 control workers. All models use ordinary least squares.

results, presented in Figure 6, show that firm samples
with greater than 500 long-term employees are likely
necessary to reliably estimate precise effect sizes sim-
ilar to ours. Smaller effects, such as may be the case
for healthy, nonimproving participants, would require
even larger samples.

4.4.2. Addressing Endogenous Participation. The sec-
ond weakness is the endogeneity of wellness program
participation within the four participation plants as
well as the choice to actively try to improve health.
It could be that employees who agreed to participate

Figure 6. Projected Statistical Power for Larger Worker Samples

10% significance (o =0.1)

were more likely to view the program in a positive
light, and more likely to commit to lifestyle changes.
Indeed, recent work has shown that individual worker
differences such as time discounting or self-control can
predict both health and other behavioral dimensions
(Gubler and Pierce 2014, Israel et al. 2014). Although
these results suggest the potential for instruments to
address endogenous improvement, such instruments
would put further pressure on the statistical power
issues discussed in the section above and are infeasible
to implement here.
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Notes. These two figures represent estimated statistical power for hypothetical different sample sizes for our main model and its parameter
estimates in Table 3. Sample sizes were increased in intervals of 10, from 51 workers to 1,001 workers, while maintaining the same proportions
of compliers, noncompliers, sick, and improving people. For each sample size, the power estimate is based on 1,000 simulated data sets. The
vertical line at 111 workers represents our true sample.
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To address endogenous participation, we use local
average treatment effects (LATE) models that estimate
the average causal effect on compliers by instrumenting
the random assignment of intended treatment status
on endogenous compliance (Imbens and Angrist 1994).
To implement this, we use a dummy variable Post X
TreatmentPlant as an instrument for Post X Complier in
two-stage least-squares models with individual fixed
effects that parallel models (1) and (2) in Table 3. The
results, presented in Online Appendix Table A7, show
unbiased parameter estimates that are consistent with
our model but expectedly less precise.

4.4.3. Attendance Award Program at Control Plant.
The control plant started an attendance award pro-
gram in March 2011, nearly a full year into our study
timeframe. Because it affected the control group only,
its introduction might bias the results of our study if
the award program reduced productivity in the con-
trol plant. Specifically, it might make the counterfac-
tual time trend against which treatment group changes
were compared appear worse than they otherwise
would have been. Alternatively, if the award program
had a positive effect on control group productivity, it
would bias our study against finding an effect.

There are several reasons why the award program
is unlikely to affect our results. First, research on the
award program found no overall effect on productiv-
ity, making it unlikely that the award program at the
control plant is causing the results for the wellness
program. The negative effect of the award program
was only for a small subsample of employees who
had strong attendance behavior before the award was
implemented (Gubler et al. 2016). Second, if our results
came from a deterioration in control group productiv-
ity, we would not find heterogeneous treatment effects
across treatment group categories, since all control
group members were assumed to be “Not Sick, Not Bet-
ter” in our empirical design. That our empirical results
did find the heterogeneous treatment effects predicted
by our study suggests that the results are driven by
treatment group changes, not control group changes.
Indeed, raw plots of the data from Online Appendix
Figure A5 do not show a drop-off in control group pro-
ductivity and do show positive jumps in productivity
for some (but not all) of the treatment subgroups.

5. Discussion and Conclusion

In this paper, we presented mechanisms through which
firms might increase productivity by introducing for-
mal programs that help employees track and improve
health and wellness. We explained why the program’s
effects on employee productivity might depend on
both an employee’s preexisting level of sickness and
their postprogram improvements in health. Notably,
we explained that firms should not simply focus on

enabling sick employees to identify and mitigate health
concerns. Instead, we argue that all types of employees
mightimprove their productivity after the introduction
of a wellness program.

While our study did not examine the long-term per-
sistence of these effects, we did examine a full year
in our lags and leads models. Although these mod-
els show that the large productivity gains from health
improvers are unlikely to be generated through a tem-
porary Hawthorne effect, the smaller and less precise
gains from nonimproving participants appear to dis-
sipate after about nine months, as seen in Figure 3.
Thus, the motivational benefits from demonstrated
commitment to workers may be short lived, while
the capability-based benefits from health improvement
may be more persistent. Still, we caution that some
of the persistent productivity gains we observe result
from continued support by the firm for employee well-
ness. We doubt that long-term gains would be achieved
through a single or short-term intervention.

Our empirical setting has several unique character-
istics that make it a natural laboratory for studying
employee health and productivity. First, our quasi-
experimental setting and methods provide causal evi-
dence that builds on previous work that was almost
all correlational. Second, our health improvement data
include both detailed objective medical tests as well
as self-reported data. In addition, we used physician
health evaluations to determine true health improve-
ments beyond the objective normal ranges for blood
tests. Third, our paper is the first to use objective pro-
ductivity data, an important advance over biased self-
reported productivity measures. However, as we detail
above, the small worker sample size makes our esti-
mates imprecise, and they should be viewed as pre-
liminary evidence. Future researchers would ideally
study organizations with thousands of participants
to achieve the statistical power necessary to precisely
identify effect sizes similar to ours. We also note that
such large samples would better allow researchers to
dissect which specific health improvements are crucial
for productivity gains. Our results in Figure 5 suggest
that diet and exercise play key roles, but our small sam-
ple size limits our confidence in these conclusions.

5.1. Managerial Implications
Our empirical results demonstrate that the introduc-
tion of a corporate wellness program can have a large
impact on employee productivity and therefore firm
profitability. Yet our study also suggests that the ability
of an employer to enjoy a productivity-based return on
investment (ROI) from the program crucially depends
on two factors: the participation rate and employee
turnover.

To estimate the ROI of the program, we first worked
with senior executives at LaundryCo to estimate the

This content downloaded from
23.151.112.43 on Wed, 19 Aug 2026 17:52:16 UTC
All use subject to https://about.jstor.org/terms



4984

Gubler, Larkin, and Pierce: Doing Well by Making Well
Management Science, 2018, vol. 64, no. 11, pp. 49674987, ©2017 INFORMS

value of a “free” hour of labor to the company; the esti-
mate was that the labor itself was worth $15, while the
more efficient use of its fixed capital stock (i.e., spread-
ing fixed costs over more productivity) was worth $9.
Therefore, an hour of “free” labor is worth $24 to
the company. As seen in model (1) of Table 3, the
average complier saw an increase in productivity of
about 4%, meaning they worked nearly an additional
hour of work per month due to the program. Assum-
ing 220 days of work a year, and applying the coeffi-
cient estimate on compliers, this increase in produc-
tivity is worth $1,690 per complier. Given that there
were 55 compliers, the benefit of the program for com-
pliers was nearly $91,000. Noncompliers saw a pro-
ductivity decrease of nearly 6%; the same logic means
that the noncomplier productivity drop cost the com-
pany $2,528 per noncomplier. Since there were 14 non-
compliers, the productivity decrease cost the company
about $35,000. The total productivity benefit is the dif-
ference between these two numbers, or $57,558. We do
note that the estimates for both the compliers and non-
compliers use imprecise coefficients from model (1),
with p-values around 0.2. Furthermore, to be con-
servative, we have accounted for the full productiv-
ity decrease of noncompliers, even though the results
suggest that their productivity was already declining
before the program was announced.

We next calculated the cost of the program. Laun-
dryCo paid $120 per employee to the vendor for the
program and estimates that it spent another $120 per
employee in terms of lost work time (to take the tests,
have the follow-up visits, etc.). The program therefore
cost $240 per participating worker. LaundryCo paid for
134 workers to take part in the program, 81 of whom
left before they could participate a second time. This
means that the total cost of the program was $32,640.
The total ROI of the program was therefore 76.3%.

It is striking that the ROI on the program is large,
despite the fact that turnover is so high and that conser-
vative assumptions were used in its calculations. In the
lower bound of our ROI estimates, LaundryCo is pay-
ing the full cost of the program for the large majority
of participants, and is enjoying no productivity benefit
from these participants; still, the ROI in this scenario
is over 75%. Notably, the ROI is still relatively high
even though slightly over 20% of workers choose not
to participate and suffer from a costly decrease in pro-
ductivity, at least part of which was likely unrelated to
the wellness program. Our analysis allows us to esti-
mate the returns to a hypothetical “perfect” program in
a company without turnover and where all employees
chose to participate. In this case, the ROI would be
nearly 590%.

Our results suggest even larger productivity gains
for those whose health improved due to the program.
Notably, there is no difference in the productivity

growth for health-improving employees who were and
were not identified as “sick” by the program. Again,
this suggests that the impact of the program is more
widespread than one might initially think, improving
the capability of workers across the health spectrum.
Indeed, survey results indicate that the wellness pro-
gram led to lifestyle changes for employees regardless
of sickness levels, likely generating capability improve-
ments in both sick and healthy workers.

The results also suggest some caution, as one group
of employees—those whom the program identified as
sick but whose health did not subsequently improve—
did not exhibit the productivity gains seen by the other
three groups. Consequently, we see no evidence of
gratitude-based reciprocity. Additionally, either they
did not enjoy improved job satisfaction or such gains
were cancelled out by the negative informational shock
about and/or subsequent treatment for the indicated
disease. Some employees may receive truly devastating
news through a corporate wellness program, such as
the existence of a terminal condition. This is unlikely
to be the case in our empirical setting, where the most
serious sicknesses uncovered by the program involved
long-term manageable health conditions such as severe
diabetes, obesity, and pain, not terminal diseases. Thus,
we cannot conclude what combination of mechanisms
might have generated this nonresult.

5.2. Boundary Conditions

Although our empirical setting demonstrates how well-
ness programs can improve productivity, two im-
portant program design elements define boundary
conditions for such improvements. First, employee par-
ticipation cannot be compulsory or heavily coerced
through social pressure or financial penalties that
might induce psychological reactance. Psychological
reactance theory (Brehm 1966) argues that individuals
strongly react to external influence that they perceive
to restrict their autonomy. Programs such as wellness
initiatives that threaten worker autonomy might moti-
vate employees to assert their autonomy through either
resisting the program or even reduced productivity.
Indeed, public health scholars argue that strong incen-
tives and requirements in wellness programs can pro-
duce negative effects through psychological reactance
(Dowd 2002), since employees view health and lifestyle
choices as outside of their work domain. The program
in our empirical setting was both voluntary and only
weakly incentivized.

Second, employees must trust that the firm will
respect the privacy of employee health data and not
use it for employment-related purposes. HIPAA regu-
lations in the United States forbid firms from accessing
employee health and wellness data collected through
group health plans. However, data from employer-
run wellness programs may be legally accessible.

This content downloaded from
23.151.112.43 on Wed, 19 Aug 2026 17:52:16 UTC
All use subject to https://about.jstor.org/terms



Gubler, Larkin, and Pierce: Doing Well by Making Well
Management Science, 2018, vol. 64, no. 11, pp. 4967—4987, © 2017 INFORMS

4985

While firms cannot legally use these data for employ-
ment decisions, and must formally separate program
administration from other human resource functions,
employees may not trust the firm to observe this prohi-
bition. Firms must not only observe these regulations,
but also communicate and demonstrate this compli-
ance for credibility with employees. Employees who
mistrust the firm’s use of private health data might
view the wellness program as violating a broader
psychological contract that governs their overall rela-
tionship and influences their individual day-to-day
actions (Rousseau 1990). This perceived abrogation by
the employer of a part of this implicit contract could
reduce overall job motivation, satisfaction, and reten-
tion among those who strongly value health privacy.

The imprecise negative effect estimate on noncompli-
ers could reflect perceptions from these select employ-
ees that the program threatened either their autonomy
or privacy, thereby reducing their future motivation
despite not participating. This highlights the important
difference between the reality of the program and its
perception by workers. Even the best-designed well-
ness programs may threaten a small group of employ-
ees, and the firm must actively convince these workers
of the program’s merits and safety.
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Endnotes

1 There were many employees who explained how the wellness pro-
gram helped improve awareness of their health. One employee said,
“They caught my thyroid! They let me know how out of balance [ was
and made referrals to help get me on the right medication.” Another
stated that, “Our wellness program helped me find out that I had
diabetes. .. . Since the test I have been treated and am feeling much
better overall.” A third employee shared that, “During the blood
draws last year it was discovered that I had high potassium levels
and also had a hyperactive thyroid. ... Since then I have got with
my physician and I am feeling much better.” Finally, an employee
shared this story: “[The wellness program] opened my eyes to some-
thing I did not know I had. I was unaware I was diabetic or had high
cholesterol. Since last year, I went to the doctor and have been put on
medication and my diabetes and cholesterol is [sic] under control.
I have also lost 25 Ibs. If this had gone unnoticed, I could be going
down the same road as my brother who has recently had to have toes
removed due to his diabetes.”

2Since the exams were known ahead of time by workers, employ-
ees may have chosen to be absent to avoid the exam, a possibility
acknowledged by management.

3These simulations were programmed in Stata with guidance from
McConnell and Vera-Hernandez (2015).
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