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Abstract

Introduction—While increasingly popular among mid- to large-size employers, using financial
incentives to induce health behavior change among employees has been controversial, in part due
to poor quality and generalizability of studies to date. Thus, fundamental questions have been left
unanswered: to generate positive economic returns on investment, what level of incentive should
be offered for any given type of incentive program and among which employees?

Methods—We constructed a novel modeling framework that systematically identifies how to
optimize marginal return on investment from programs incentivizing behavior change by
integrating commonly-collected data on health behaviors and associated costs. We integrated
“demand curves” capturing individual differences in response to any given incentive with
employee demographic and risk factor data. We also estimated the degree of self-selection that
could be tolerated, i.e., the maximum percentage of already-healthy employees who could enroll
in a wellness program while still maintaining positive absolute return on investment. In a
demonstration analysis, the modeling framework was applied to data from 3,000 worksite physical
activity programs across the nation.

Results—For physical activity programs, the incentive levels that would optimize marginal
return on investment ($367/employee/year) were higher than average incentive levels currently
offered ($143/employee/year). Yet a high degree of self-selection could undermine the economic
benefits of the program; if more than 17% of participants came from the top 10% of the physical
activity distribution, the cost of the program would be expected to always be greater than its
benefits.

Discussion—Our generalizable framework integrates individual differences in behavior and risk
to systematically estimate the incentive level that optimizes marginal return on investment.
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Introduction

Modifiable behaviors—such as physical inactivity, excess calorie intake, and tobacco
smoking—are responsible for up to 40% of premature deaths in the United States (1), and
contribute to billions of dollars in healthcare, sick pay and disability costs (2). To reduce
disease incidence and costs, private employers are increasingly using financial incentives
such as cash bonuses to encourage their employees to participate in physical activity classes,
nutritional counseling, tobacco cessation, or other health-promoting activities (3-5).

In a recent national survey of medium and large-size employers not yet offering such
incentives, half of respondents reported they planned to introduce incentives within the next
year, and over 90% planned to do so within the next five years (6). The extensive interest in
using financial incentives to motivate health behavior change at worksites has led to a
number of case studies and field-based trials. These studies typically describe different
incentive approaches, often applying behavioral economics and psychological theories to
induce participation (7). However, according to recent commentaries, there are several
pressing dilemmas in the research literature which remain unresolved to date (8,9).

First, many studies focus on the efficacy of particular approaches for delivering incentives,
such as using lotteries rather than direct cash or offering immediate rewards rather than
delayed rewards. But these studies may vary in efficacy not just due to differences in
incentive delivery approach, but also due to differences in the populations enrolled, the
disease risks of those populations, and different levels of participation within those
populations in response to similar incentives. Indeed, most existing case studies and field
trials report results from just one company or worksite (3-5), making it difficult to
determine whether results may generalize to different populations. Hence, a standardized
framework is needed to compare the efficacy of incentives across different populations.

Second, despite the appeal of incentives, employers may only experience increasing returns
on investment for each dollar spent on incentives up to a maximum point. Beyond this
maximum, the cost of the incentives themselves will likely exceed savings from averted
healthcare and absenteeism costs. Thus, a systematic method for identifying the “optimal”
incentive size is critical.

Third, some incentive programs suffer from “self-selection”, meaning that primarily healthy
employees enroll in the programs whereas employees most in need of behavior change tend
not to enroll. Thus, employers not only seek novel strategies to overcome self-selection, but
they need to determine a self-selection threshold, i.e., the degree of self-selection that can be
tolerated in a given program while still generating a positive return on investment (10,11).

These dilemmas inform two fundamental questions unanswered in the research literature:
what level of incentive should be offered, and among which employees, to maximize
marginal returns on investment? Answering these questions will provide benchmarks for
behavior change programs that use financial incentives.

Here, we developed a first-generation, “backbone” microsimulation model to provide a
generalizable framework to address this question for any given type of incentive program.
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We developed the model by combining insights and techniques from psychology, behavioral
economics and operations research. First, we developed a standardized modeling approach
that would incorporate commonly-collected data from programs that use financial incentives
to motivate health behavior change. The model standardizes the comparison of these data
using individual “demand curves” that capture differences in behavioral responses among
individuals to any given type of incentive. Second, we linked these demand curves to
employee demographics and risk factors that permit us to estimate chronic disease risk and
associated healthcare and absenteeism costs over time related to a health behavior of
interest, and help explain variations in outcomes when the same incentive program is
applied to different populations. Third, we constructed an optimization approach to estimate
how—using both behavior change and cost data—an employer can estimate the size of the
incentive to be offered that would maximize their marginal return on investment from the
incentive program over a specified budget planning horizon. Finally, we estimated the
degree of self-selection that could be tolerated, i.e., the maximum percentage of already-
healthy employees who could enroll, while still maintaining positive absolute returns on
investment. To test the utility of this modeling approach, we conducted a demonstration
analysis using data from 3,000 worksite financial incentive programs across the United
States that offer incentives to motivate employees to be more physically active.

We developed a stochastic microsimulation model to incorporate data from incentivized
workplace wellness programs and calculate marginal returns on investment based on
demographic, behavioral, and cost data. First, we constructed a generalized modeling
framework applicable to any given form of incentive delivered to modify any given
behavior. Second, we applied this generalized framework to the demonstration analysis of a
specific, common type of incentivized workplace wellness program: direct cash incentives
provided to employees for participation in physical activity programs. The Appendix
contains all input data and complete technical details consistent with international model
reporting guidelines (12). Modeling was performed using the program R (v. 3.0.2, the R
Project for Statistical Computing, Vienna). Figure 1 provides an overview of the model
design.

Part A: Generalized framework for modeling incentivized behavior change programs

From the employer perspective, the benefits of a program in terms of marginal return on
investment (ROI) may be defined by the equation:

marginal ROI=d (costs averted) /d (expenditures on program). [1]

where costs averted include healthcare and absenteeism costs averted through improved
health behaviors among employees, and expenditures on the incentive program include the
cost of the financial incentives per employee, along with associated overhead expenditures.
Additional costs averted and expenditures can be added to this general framework as
desired. We found the point at which this marginal return on investment equals one, which is
the point before which each $1 spent results in at least $1 return on investment, and beyond
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which each $1 spent results in less than $1 in return. This is the point that maximizes the
total benefits of the program minus the total costs (net benefits).

Although individual employers will choose the marginal return on investment level that
exceeds their individual corporate hurdle rate (the minimum acceptable rate of return on a
project), in our generalized model we plotted the overall marginal ROl across all available
incentive levels, identifying the incentive level that would allow this marginal ROI to equal
one. We additionally present the absolute ROI (total costs averted divided by total program
expenditures) and the net benefits (total costs averted minus total program expenditures) to
compare against the extant literature on workplace wellness programs and ensure that the
benefits of the program exceed its costs.

The costs averted are a function of three key parameters: the proportion of employees who
participate in the program at any given incentive level, the degree to which employees who
participate change their behavior in response to the incentive, and how much each
incremental improvement in their behavior results in an incremental reduction in healthcare
and absenteeism costs from each of the participants. To estimate these parameters, we
incorporated an approach that has not been previously incorporated into models of health
behavior change, but allows us to integrate observed behavioral data from any given
incentive-based behavior change program rather than assuming rational behavior. In other
words, we did not assume that employees necessarily calculate their own objective function
to determine their probability of participation or degree of behavior change to maximize
their income or health. We instead characterized individual responses to a given incentive
using demand curves (Figure 2), which empirically characterize how different individuals
respond differently to the same incentive. These demand curves offer a systematic and
easily-generalized approach that can be used to capture the effects of any given type of
incentive (direct cash, lottery rewards, etc.).

As shown in Figure 2, each demand curve is shaped by four variables: baseline behavior
(e.g., pre-incentive physical activity), breakpoint (minimum incentive size observed to
change behavior from the baseline level), elasticity (change in behavior for an incremental
change in incentive size above breakpoint, e.g., increased amount of physical activity per
each additional $1 of incentive offered per employee per year), and intensity (the maximum
behavior level that the individual will or can undergo after the incentive, e.g., the most
physical activity a person is willing or able to undertake per unit time).

For any given incentive size, we can use the demand curves from a population of employees
to determine the proportion of employees who participate (the proportion for whom the
incentive is greater than the breakpoint). In addition we can estimate the degree of behavior
change for each participating employee at each incentive level (calculated by the elasticity
multiplied by the difference between the incentive size and the breakpoint, up to the
maximum intensity level). The change in each employee’s costs is then estimated as their
baseline level of cost (e.g., dollars of healthcare spent per year), multiplied by their behavior
change at the given incentive level (e.g., increased days per week of physical activity),
multiplied by the relative risk reduction for healthcare and absenteeism costs given each unit
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change in behavior (e.g., change in dollars of healthcare spent for each additional day of
physical activity (13)).

Part B: Demonstration analysis for incentivized physical activity programs

To demonstrate the utility of this generalized modeling framework, we conducted an
analysis using data from 3,000 worksite programs across the United States that use
incentives to motivate employees to be more physically active. To demonstrate the utility of
the model, we constructed demand curves of a simulated employee population participating
in a physical activity program for a direct cash incentive. We used data published in a
review of incentivized programs that included 58,858 employees from 3,000 firms with at
least 50 employees in all four industrial categories in the North American Industrial
Classification System, studied over the period 2005 to 2010 (11). As detailed in the
referenced publication, the change in behavior associated with the incentives was evaluated
using propensity score matching between participants and non-participants to reduce
possible selection biases; composite analyses also used employee- and employer-level fixed
effects to isolate the impact of the incentives on changes in physical activity. We estimated
the key parameters for the model from these data: the estimated demand curves for
individual employees, the proportion of the population in need of increased vigorous
physical activity as defined by standard CDC criteria (14), as well as typical participation
and retention rates and costs of program operation (see Appendix Table 1 for parameter
estimates). Using repeated Monte Carlo sampling from the probability distributions of each
demand curve parameter, including their estimated joint distribution using a copula function
(15), we constructed individual demand curves for a simulated employer with 3,300
employees (the average size of medium-to-large size firms in the U.S., which we varied in
subsequent sensitivity analyses) (16). Figure 3 illustrates the individual demand curves. As
shown, the demand curves capture the breadth of variation in individual responses to the
same incentive, including individuals who do not participate.

To calculate costs averted per individual employee, individuals in our simulated population
were assigned demographic, employment, and disease characteristics correlated with their
physical activity levels. Demographic characteristics were age and sex, matching Bureau of
Labor Statistics data for the U.S. workforce at the end of 2013, to generate a nationally-
representative population (Appendix Table 2) (17). Individual employment characteristics
included the probability per year of leaving the company or having a new person enter the
company, using nationally-representative labor participation data (18,19). We estimated the
total healthcare and absenteeism costs using estimates of employer-paid healthcare
expenditures and absenteeism costs attributable to physical inactivity (20). We chose these
two metrics as they are the most common outcomes reported for incentivized behavior
change programs. Model users can add additional company-level costs besides healthcare
and absenteeism costs to the model, as data become available.

We used a vector search algorithm in which the employee population was simulated 10,000
times, repeatedly sampling from the input parameters defining individual demand curves
and associated cost outcomes at each incremental incentive size along the range of user-
defined incentive size options. We included the range of incentive sizes observed in the
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literature review of cash-based physical activity programs ($0 to $2,000/person/year). We
then searched for the incentive size that would lead to a marginal ROI equal to one (the
point before which each $1 spent results in at least $1 return on investment, and beyond
which each $1 spent results in less than $1 in return, Figure 4A). We included an adjustable
30% overhead rate. All costs were expressed in 2014 US dollars and integrated at a standard
3% annual discount rate over a 10-year time horizon (21).

Sensitivity analyses

Results

In our first sensitivity analysis, we examined how much self-selection could be tolerated in a
given incentive program while still achieving a positive absolute ROI. We calculated what
percent of program participants could be among the top 10% of the physical activity
distribution within the employee population (the most active 10%) while still ensuring net
positive absolute ROI. We altered the distribution of demand curves such that an increasing
proportion of program participants in the incentive scenarios were individuals in the top
10% of the activity distribution in the population, by assigning a number of the lower
breakpoints to this high activity group. The baseline results we report are for a scenario in
which 10% of the participant population is “self-selected”. We then varied the level of self-
selection from 0% to 50% to examine the impact of lower or higher self-selection on costs
and ROI estimates.

Second, we conducted a standard multivariate sensitivity analysis, in which we performed
repeated Monte Carlo sampling from log-normal probability distributions of each input
parameter (provided in the Appendix tables) to identify how variations the value of each
inputed parameter affected primary outcomes from the model (22).

Face validity of the demonstration analysis of physical activity programs

We tested the model for internal validity by ensuring that outcome estimates from the model
matched available outcomes from a systematic review from which the input data were
obtained (11). We observed that the model estimated a pre-incentive mean of 2.6 days per
week of physical activity (95% CI: 0.5-3.9) as compared to the observed rate of 2.4 days.
The model also estimated a participation rate of 9.4% (95% CI: 1.1-19.5%) after applying
the average annual incentive of $143 per employee observed among employers in the
dataset; the observed rate was 9.7%, suggesting that the demand curve approach provided a
reasonable estimate of participation. The model further estimated that physical activity
among participants in the incentive program would average 4.2 days per week (95% CI:
2.7-6.3), which was close to the observed 4.4 days, suggesting that the demand curve
approach was also able to provide reasonable estimates of behavior change. Finally, the
model estimated an annual $144 (95% CI: $16-314) per employee healthcare cost reduction
due to the incentive program, as compared to the observed level of $157, suggesting that the
hazard function approach to calculating costs provided reasonable estimates of healthcare
cost reduction. Outcome costs for absenteeism were not reported in the systematic review of
input data; the model estimated an annual $269 (95% ClI: $137-421) in absenteeism cost
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savings, versus the reported $294 in an independent systematic review of similar programs
(10).

The model revealed a non-linear relationship between the incentive size offered to
employees and the marginal ROI to the company (Figure 4). As shown in Figure 4B, the
simulated company had a peak marginal ROI of $9.62 per incremental dollar spent (95% ClI:
$6.41-$12.84) at an incentive size of $230 (95% Cl: $221-$240); subsequently, the
marginal ROI declined, reaching a value of $1 saved for each $1 spent at the incentive size
of $367 per employee per year (95% ClI: $352-$382). The $367 incentive was the level that
maximized net benefits (total benefits minus the total costs), at $1,135 per employee per
year (95% ClI: $756-$1,514). The “optimal” incentive level of $367 contrasts with the
currently reported average of $143 per year (11); at the current incentive level of $143, the
marginal ROl is $3.49 (95% ClI: $2.32-$4.66) and net benefit is ~$5.69 per employee (95%
Cl: —$3.79 to —$7.58). Notably, as shown in Figure 4C and 4D, at incentive sizes below
$145 dollars per year, the net benefit was negative, meaning the program lost net revenue.

At the “optimal” incentive size of $367, at most 72% of eligible individuals would be
expected to enroll and participate in some capacity in the physical activity incentive program
(versus 9.4%), which is similar to enrollment levels observed in the highest-return published
programs at present (23). However, the actual degree of behavior change given participation
was widely varying, with most participants still undertaking low to moderate levels of
physical activity despite the incentive; average activity would increase by 3.0 days per week
from baseline, but 73% of participants would not engage in physical activity on a weekly
basis (in other words, they would be intermittent participants). Note, these results assume
10% self-selection, meaning that 10% of individuals in the program come from the top 10%
of the physical activity distribution. The sensitivity analysis below provides alternative
results at different selection levels.

nalyses

In our first sensitivity analysis, we calculated how much self-selection could be tolerated
while still maintaining a net positive absolute ROI from the program from the company
perspective (Figure 5). We conducted 10,000 simulations of the model, varying the
proportion of the incentive program participants who were from the top 10% of the physical
activity distribution (the proportion least “in need” of incentives to change their activity). As
shown in Figure 5, as higher proportions of the participant population “self-selected”, both
the absolute and marginal ROI from the program dropped rapidly (Figure 5), such that the
cost of the program exceeded its benefits. If greater than 17% of enrollees were from the top
10% of the activity distribution, the cost of the program would be expected to always be
greater than its benefits in terms of absolute ROI. The maximum absolute ROI, as shown in
Figure 5, approaches zero as the self-selection rate increases.

We additionally varied parameter values across their full ranges provided in the Appendix
tables. As shown in Appendix Table 3, a critical parameter in the model was the baseline
healthcare and absenteeism costs within the population. We found that worksite populations
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having very high baseline cost levels would achieve a marginal ROI of 1 at larger incentive
sizes; that is, a larger incentive size would become the optimal size for any given incentive
program from an employer’s perspective if the worksite population had a higher risk than
the average U.S. risk level for accumulating healthcare costs. For each 10% increase in the
baseline healthcare costs in the population, we observed the optimal incentive size would
increase by 3%. We also observed how variations in age of the employer population would
be expected to change the results. We observed that older employee populations would be
expected to have greater benefits from the program from the employer perspective. For
example, if the mean age of the employer population increased by 10 years over the national
average, the optimal incentive size would increase by 9%.

Discussion

While increasingly popular among mid- to large-size employers, using financial incentives
to induce health behavior change at worksites has been controversial, in part due to poor
scientific quality and generalizability of the studies conducted in the field to date (24). Thus
two fundamental questions have been left unanswered: what level of incentive should be
offered for any given type of incentive program, and among which employees, to generate
net economic returns on investment? Here, we constructed the first modeling framework that
can systematically identify how to optimize economic outcomes from behavior change
programs using financial incentives by integrating commonly-collected data on behavior and
associated costs.

In applying this approach to data from a national sample of worksite physical activity
programs, the model provided internally-valid estimates of participation rates, behavior
change, and associated costs. Levels of incentive size at which marginal return on
investment reached 1 (the point before which each $1 spent results in at least $1 return on
investment, and beyond which each $1 spent results in less than $1 in return) are potentially
higher than current average incentive sizes offered to individual employees for participation
in such physical activity programs. Using the national physical activity program data, we
found that if more than 17% came from the top 10% of the physical activity distribution, the
absolute return on investment would fall below $1 saved for each $1 spent. While a model
cannot determine how to solve the self-selection problem (an important task for behavioral
economic and psychological field experiments), the model assisted in understanding what
goals might be set for real-world trials and implementation projects to achieve long-term
desired economic results. Once high-quality, independent, and long-term data become
available from the wellness program field, as a complement to the review we used of
existing physical activity programs, it will be possible to further externally validate the
model’s estimated outcomes and refine this first-stage, “backbone” model to account for
more complexities of programs that offer health incentives.

Our generalized approach to modeling programs using financial incentives to motivate
behavior change adds significant new insights to the existing literature. First, it offers an
opportunity to create a systematic framework for the wide-scale study of programs that have
typically been evaluated through short-term single-site case studies. By using the framework
for characterizing individual demand curves for any given incentive type (e.g., direct cash,
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penalties, participation lotteries, outcomes rewards, etc.) and any given health behavior (e.g.,
physical activity, tobacco smoking, etc.), the proposed modeling framework can be applied
to numerous behavior change programs, and can be easily extended to cover multiple
programs and multiple behaviors, as each set of demand curves are generated and associated
costs can be integrated and analyzed with the optimization approach.

Second, our modeling framework offers the opportunity to integrate individual-level
observed behavior changes to system-level economic costs because the simulation approach
includes age-specific behavior and cost risk tabulation over longer time durations than is
typically feasible to study in a single case study or field trial; most behavior changes of
interest are related to chronic disease risk, and therefore take significant periods of time to
manifest population-level health benefits. While we used the demographic factors of age and
sex in our assessment to characterize demand curves, a variety of more complex features can
be used to decompose the drivers of behavior, such as motivational interviewing scales,
various psychological metrics of propensity to participate, and data on co-morbid conditions
among employees. These factors are straightforward to incorporate into the microsimulation
framework we describe here, but would be otherwise challenging to include in a standard
spreadsheet-type analysis.

Third, studies estimating returns on investment from wellness programs in the past have
been heavily criticized for poor methodological quality as short-term outcomes estimates
that are confounded by unequal disease risks between participating and non-participating
subjects (24-26). Systematic reviews of such programs have found wide variations in
outcomes, from net economic losses to very high absolute ROI values that independent
reviewers have found difficult to validate or replicate (3-5,10,27,28). The differences
between these results are likely not only due to publication biases and differences in
evaluation methodology, but also to differences in how incentives are delivered, what
incentive sizes are offered, what health behaviors are incentivized, whether participation
alone or actual outcomes are incentivized, and what population characteristics are manifest
in the incentivized population. Our framework allows for systematic comparisons across
programs, such that each of these factors can be understood in isolation and in combination,
allowing program managers to identify which key “levers” in their specific system might be
pulled to make the most improvements to their existing or planned wellness programs.

Finally, our framework offers the opportunity to develop benchmarks and targets for
program design, such as the self-selection threshold we estimated from existing physical
activity program data.

As with any simulation model, our analysis is based on the premise that simulation modeling
can simplify a complex reality to allow for its systematic evaluation, yet simulation
modeling requires assumptions. First, in our baseline model, we assumed that employers
would wish to optimize their financial return on investment from the incentive programs.
While the time horizon in the model can be adjusted to suit more myopic or more hyperopic
planners, the optimization approach is designed to focus on financial returns only, and does
not account for the fact that some employers may use incentives for other purposes, such as
to attract new hires or for general sentiments of well-being in a company even if net returns
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in terms of healthcare or absenteeism cannot be achieved. However, even if this is the case,
the model will still assist in estimating healthcare and absenteeism costs averted, along with
any additional user-defined costs averted by the program. This output can be useful in
helping employers plan for expected costs over time, and maintain realistic expectations of
program impact, which has been a persistent problem in the field (5). Second, our model
assumes that individuals in a company confer healthcare and absenteeism costs directly onto
the company. Yet some employers pay fixed per member costs that are not varied by health
behaviors, such that only absenteeism-related expenditures would be included in the return
on investment calculations. Our model is easily modified to accept more types of costs or be
simplified by the user as needed. The parameters and input data to the model also focus on
mid- to large-size employers, who have been the focus of incentivized wellness programs to
date (6); further data are needed from smaller employers to generalize our findings. Third,
our model includes non-linear relationships between incentive size and costs, as overhead
expenditures per each incremental dollar is lowered with larger incentive sizes. This
assumption may not be true for inefficient incentive delivery approaches. Despite these
limitations, our model serves as the first, systematic backbone simulation framework to
analyze economic outcomes from programs using financial incentives for health behavior
change, to inform future analyses and extensions.

Our findings prompt several questions for further experimental research. First, given that
variations in disease risk among program participants will critically influence return on
investment, it is essential to determine how to successfully enroll “high disease risk”
employees through improvement of current screening and recruitment tools (29). At the
same time, an ethical dilemma needs to be resolved, as offering incentives more vigorously
to some employees more than others may be discriminatory under current labor law (30).
Second, the current literature in the field does not include a valid instrument or metric for
self-selection, which would be useful in future analyses. This would help establish
benchmarks for inclusion and help identify which programs are most effective at targeting
the employees with highest needs. Third, it would be compelling to identify which incentive
programs are particularly useful for shifting individual demand curves over time, such that
incentives can be ultimately removed. That is, temporary rather than permanent incentives,
in which briefly offered incentives optimally induce long-term behavior change, would be a
major advance that would dramatically improve the return on investment estimates
presented here.

Regardless of these future tasks for experimental research, our model provides an initial
framework for integrating data from incentive programs into a generalized model of disease
outcomes and net costs. Given both the large financial costs of incentive programs, and their
potentially large health benefits, it appears critical to study the value of different types of
incentive programs, and define how strategies for offering such programs may be better
designed to improve health and economic welfare into the future.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

The modeling framework incorporates individual-level behavior and disease risk to estimate

program-level health and economic outcomes.
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Figure 2.
Demand curves capture key aspects of individual behavioral responses to incentives. Key

points captured in individual demand curves are: pre-existing levels of physical activity, the
amount of monetary incentive required to initiate an increase in activity (breakpoint, vertical
arrow), change in behavior given incremental change in incentive level (elasticity, dashed
line vertical length divided by horizontal length), steady-state maximum activity that an
individual is capable of or willing to perform at the highest levels of incentive deemed
feasible by the program (intensity, horizontal arrow).
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Figure 3.
Individual demand curves reveal that different people have different responses to the same

incentive program, as well as different degrees of behavior change in response to increases
in incentive size. The figure shows an example of individual-level demand curves among a
subset of simulated employees participating in an incentive program, reflecting the increased
number of days of vigorous physical activity (>20 min/day) per person as a function of
incentive size offered.
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Figure4.
Optimization of the model. The optimization process attempts to find (A) the point where

marginal return on investment (the slope of the cost v. benefit curve) equals 1, which is the
point where net benefits (total dollars of cost averted minus total dollars spent) is
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maximized. (B) Marginal return on investment (dollars of costs averted for each additional
$1 spent) increases then decreases with greater incentive size, ultimately falling below $1 of
savings for each $1 spent on incentives. Here we use physical activity program data from a
national sample of cash-benefit physical activity programs as inputs to the model (11). The
mean result from 10,000 repeated replications of the model is illustrated as a thick black
line, with 95% confidence intervals as thin gray lines. For reference, we also show the (C)
absolute return on investment (total dollars of costs averted divided by total dollars spent),
and (D) net benefit (total dollars of costs averted minus total dollars spent) per employee.
Total benefits and total costs are plotted in Appendix Figure 2.
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Figurebs.
Self-selection can dramatically lower return on investment for a company sponsoring a

physical activity incentive program. The proportion of the incentive program made up by
those individuals in the top 10% of the physical activity distribution for the population (the
“self-selection” proportion) was varied, and the model repeated 10,000 times to examine the
effect of such self-selection on absolute return on investment. As shown, if more than 17%
of the participants in the program were from the top 10% of the activity distribution,
maximum absolute return on investment would fall below $1 returned for each $1 invested.
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