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ABSTRACT

Some patients prescribed opioid pills fail to properly dispose of their unused pills, posing a risk for others. We report results
from a pre-registered field experiment testing whether behaviorally informed reminder cards increase participation in a
financial incentive program for returning unused opioid pills among U.S. Veterans. The cards incorporate principles from
behavioral economics, including timely reminders, implementation intention prompts, and loss framing. Relative to a cash
incentive alone, the reminder cards increase both the likelihood that patients return unused pills (the extensive margin) and the
number of pills returned (the intensive margin). The intervention also improves cost-effectiveness, reducing both the cost per
pill returned and the cost per participant who returns pills. These findings show that low-cost behavioral messaging can

meaningfully enhance the effectiveness of existing financial incentive programs for safe opioid disposal.

JEL Classification: C93, D9, 112, 138

1 | Introduction

The opioid epidemic in the United States has had profound
political, social, and economic consequences, including
increased mortality, rising healthcare costs, and reduced work-
force productivity (Maclean et al. 2022; Alpert et al. 2022; Alpert
et al. 2023; Arteaga and Barone 2024). These effects have been
compounded by a dramatic increase in overdose deaths: Over
the last 20 years, over half a million people have died of over-
doses caused by the nationwide opioid crisis (CDC 2020), with
overdose deaths increasing over time (CDC 2023).

A growing understanding of the epidemic'’s roots has led many
policymakers, researchers, and practitioners to turn toward
identifying prevention and mitigation strategies (Ruhm 2019;
Cutler and Glaeser 2021; Humphreys et al. 2022; Cutler and
Donahoe 2024). However, despite substantial policy attention and
research investment, efforts to address the crisis have produced

mixed results (Alpert et al. 2018; Buchmueller and Carey 2018;
Eichmeyer and Zhang 2022; Evans et al. 2019; Maclean
et al. 2021).

We contribute evidence from a pre-registered field experiment
that evaluates a behavioral intervention aiming to limit the
scope for opioid misuse. The intervention is designed to
augment the effects of a monetary incentive to motivate patients
(Veterans) prescribed opioids for post-surgery pain management
to return their unused pills. While prior work shows that
financial incentives can motivate opioid returns (Liu et al. 2021),
less is known about whether low-cost behavioral messaging can
further enhance the effectiveness and cost-efficiency of such
programs. Our study directly addresses this gap.

The vast majority of individuals prescribed opioids keep unused
pills (Dollar et al. 2022; Gregorian et al. 2020)." Unused pre-
scription opioid pills that remain in medicine cabinets, on
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countertops, and in drawers when they are no longer needed for
their prescribed purpose can impact the individual, household
members, and their communities by leading to both prescription
and illicit opioid misuse and abuse. According to 2023 data
(Substance Abuse and Mental Health Services Administra-
tion 2024), 39% of individuals 12 years or older who are current
misusers of prescription pain relievers self-report having ob-
tained the pain medication from friends or family with or
without their knowledge, pointing to the importance of proper
disposal for society more broadly. Still, the risks of improper
disposal are especially relevant for the patient herself: 47% of
misusers report getting the pills directly through prescriptions
from healthcare providers. As one preventative measure that
aims to decrease the supply of unused prescription opioids in
homes and communities, the FDA encourages patients to make
use of drug take-back locations to safely dispose of unused or
expired medicine (FDA 2023).

The intervention we study was introduced at the White River
Junction Veterans Affairs (VA) Medical Center in Vermont,
which had recently launched a drug take-back program, “Cash
for Your Stash” (Liu et al. 2020, 2021). In this program, patients
who returned unused opioid pills to the VA pharmacy (within a
60-day eligibility window following their procedure) received $5
per pill, up to a maximum of $50. Our study tests a behaviorally-
informed message aimed at augmenting the effects of the Cash
for Your Stash program, building on prior research pointing to
the value of interacting low-cost reminders with financial in-
centives (Karlan et al. 2016; Banerjee et al. 2021).

Specifically, we randomly assigned 512 patients at the VA
Medical Center to either a control group eligible for the existing
cash buyback program or to a treatment group that additionally
received two cards with messages encouraging participation in
the program. Messages on the cards incorporated several in-
sights from behavioral economics, including timely delivery of
information, an implementation intention prompt, and a loss
framing designed to activate the endowment effect.? One card
was given to patients when they received their opioid pills.
Another card was sent to the patient about a week later, when
they were likely to be out of the post-op timeframe that requires
opioids and therefore know if they had unused pills to return for
proper disposal. The efficacy of the intervention is measured
using administrative data from VA electronic health records.

Overall, our treatment notably improves outcomes. We find that
patients assigned to receive these cards are more likely to return
their unused opioids, both at the extensive margin (likelihood of
returning pills) and at the intensive margin (number of pills
returned). Crucially, we also find that our intervention improves
cost-effectiveness: it reduces the cost per pill returned by almost
25% and the cost per person who returns pills by almost 5%.

Our study contributes to an existing literature in behavioral
economics aimed at identifying strategies to curb the opioid
epidemic. The most successful interventions to date have
focused on the supply side of the epidemic by targeting the
prescription behavior of physicians. For example, randomized
controlled trials have tested the impact of physicians receiving
letters highlighting the prescribing behaviors of other physicians

or fatalities among patients prescribed opioids (see, e.g., Sacarny
et al. 2016; Doctor et al. 2018).

We report the results of a randomized controlled trial investi-
gating a complementary approach, targeting the demand side of
the opioid epidemic. Much of the existing demand-side literature
focuses on patients already struggling with opioid misuse (Pre-
ndergast et al. 2006; Maclean et al. 2021; Lowenstein et al. 2023).
Most directly, our experiment contributes to a nascent literature
evaluating interventions to improve the disposal of unused opi-
oids: a recent review of the literature identifies four randomized
experiments (two with sample sizes larger than 100) that test the
efficacy of interventions such as informing patients of disposal
options (Dollar et al. 2022). Another experiment identifies
portable tools to improve disposal, testing the effect of providing
an activated charcoal bag that allows for at-home disposal
(Brummett et al. 2019). Our experiment studies a different type of
intervention—behaviorally-informed reminder messages—and
is the first to use administrative data rather than survey self-
reports to measure disposal outcomes.

More broadly, our experiment allows us to evaluate how
behaviorally-informed interventions can enhance social welfare
within the operational constraints and diverse patient behaviors
encountered in healthcare settings (List 2024). The efficacy of
our reminder messages dovetails with other evidence for the
benefits of reducing complexity and increasing the salience of
actionable decision points in program uptake decisions
(Bettinger et al. 2012; Bhargava and Manoli 2015). We are not
suggesting that “nudges” in themselves are sufficient to address
health crises like the opioid epidemic. However, because the
behaviorally-informed messaging utilized in this study mean-
ingfully shifts a high-stakes preventative outcome at a relatively
low cost, we believe it represents a “mutually reinforcing”
intervention (Chater and Loewenstein 2023) which can be
employed alongside more intensive systemic reforms. Reason-
able skepticism about the value of behavioral insights is
mounting (Maier et al. 2022; Chater and Loewenstein 2023), but
there are still settings where leveraging them to update existing
policies or incentive structures yields meaningful benefits. Our
experiment points to the value of non-monetary behavioral in-
terventions on top of overt monetary incentives.

2 | Study Data and Methods

2.1 | Cash for Your Stash

To encourage patients to return unused opioid pills to the White
River Junction VA Medical Center (VAMC), in 2017 the VAMC
developed a cash buyback program called “Cash for Your Stash.”
Ambulatory surgery patients who receive one-time, short-term
opioid prescriptions for pain management after outpatient sur-
gery were eligible for the buyback program. In this program,
Veterans received $5 per pill, up to a maximum of $50, when they
returned unused opioid pills to the VA pharmacy, with a formal
60-day eligibility window. Prior work found that this financial
incentive motivated pill return for proper disposal; over a 2-year
study period, 30% of patients utilized the program and returned
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their unused opioid pills (Liu et al. 2021). When providers
received data on the pill return rate, opioid prescriptions
decreased substantially—62.4% of patients were prescribed an
opioid at the beginning of the study period, and this dropped to
38.3% by the end of the study period. Because no corresponding
increase in refill rates (a proxy for underprescribing) was
observed, we interpret this as suggestive evidence consistent with
the broader literature indicating that baseline prescribing is
higher than needed (e.g., Eichmeyer and Zhang (2022), Hill
etal.(2017),and Barnett et al. (2017) document that the portion of
prescribed pills taken and the number of refills is low and that
high prescribing rates are associated with long-term opioid
dependence). While this analysis is correlational, the fact that
information about opioid use may have the potential to shift
prescribing behavior further points to miscalibrated beliefs as one
potential factor underlying high prescribing rates. Our study
builds on the foundations of this existing program.

2.2 | Population

The sample for our project consisted of 512 Veterans visiting the
VAMC for outpatient surgeries from June 2019 to January 2022.
Consistent with the Veteran population in general, our sample
largely consisted of men (91.5%). Patients in our study were on
average 61 years old. They came into the clinic for surgeries that
fell into several service groups, including: General, Orthopedics,
Plastics, and Urology. Following their surgeries, the median pa-
tient in our sample was prescribed 10 opioid pills (the 75th
percentile was 15 pills prescribed, while some outliers were pre-
scribed as many as 50). The average prescription rate was 11.75
pills. Based on data from our control or “business as usual” con-
dition (reported below), patients returned 2.08 pills on average, in
the absence of treatment (or 9.59, on average, among people
returning at least one).> Note that prescriptions in our sample are
overwhelmingly for a particular opioid: 87% are prescriptions for
OxyContin, while 13% are for other drugs like Vicodin or Dilau-
did. Prescriptions are dispersed across the common procedures in
our sample (see Supporting Information S1: Table A.2). Impor-
tantly, all prescriptions are for moderate to strong opioids that
present significant risks if misused.

With regards to the generalizability of our findings to other pa-
tient contexts, the literature suggests that Veterans prescribed in
non-VA hospitals and younger adults are prescribed larger opioid
quantities on average, with more mixed results for gender (Buys
etal. 2025; Gifford et al. 2020; Soffin et al. 2021). This suggests that
our treatment effects might represent a lower bound when
applied to other contexts with greater scope for pill returns.

2.3 | Experimental Design

We randomly assigned patients eligible for the Cash for Your
Stash program to either a control group or a treatment group.
Control patients received information about their eligibility for
the cash incentive as usual. This information was shared with the
patient when their opioid pills were prescribed, through both a
sticker on their pill bottle and a printed page detailing the cash
buyback option (see Supporting Information S1: Figure A.1).

Treatment patients received this standard information plus two
reminder cards designed to increase the return of unused pills.*
We gave the first card (Figure 1) to the patient on the day of the
surgery, and mailed the second card to the patient approximately
1 week later (Supporting Information S1: Figure A.2).’

The cards included simple and clear action steps, explained the
importance of properly disposing of unused pills, and incorpo-
rated several features informed by behavioral economics. To
activate the endowment effect, we framed the cash incentive as
the patient's own money waiting to be claimed (Kahneman
et al. 1991; Milkman et al. 2022). We also leveraged imple-
mentation intention prompts, encouraging patients to write
down a date and make a plan for returning their unused opioid
pills to the pharmacy (Milkman et al. 2011). The second card
also provided information around the time when patients were
able to take action. The cards served to remind patients about
the opportunity to return their unused opioid pills. Reminders
have been shown to address both present bias and limited
memory (Ericson 2017) and have been used in many contexts to
motivate health-related behavior change such as increasing gym
attendance, educational attainment, flu shots, and COVID-19
vaccinations, among others (see, e.g., Milkman et al. 2011;
Altmann and Traxler 2014; Dai et al. 2021; Milkman, Gromet,
et al. 2021; Milkman, Patel, et al. 2021; Buttenheim et al. 2022;
Milkman et al. 2022; Ruggeri et al. 2023; Duckworth et al. 2025).

Between June 2019 and January 2022, we randomly assigned
258 patients to the treatment group and 254 patients to the
control group. Because randomization at the individual level
was too burdensome for staff implementing the design, we
implemented a clusters-within-blocks randomization proced-
ure: in consecutive 2-week periods (blocks), patients with sur-
geries in one of the 2 weeks were randomly assigned to the
treatment group, while patients with surgeries in the other week
were randomly assigned to the control group. On average, there
were 4.61 surgeries per week, with a standard deviation of 2.2
(the median is 4, and the inter-quartile range is 3-6).°

24 | Data

Our analysis relies on existing administrative data from VA
electronic health records, which includes the number and
timing of any pills that a patient returned. Our primary analyses
compare the percentage of patients who returned unused opioid
pills between the treatment and control groups, as well as the
number returned.

These administrative data allow us to measure a variety of
potentially important covariates: the surgical procedure per-
formed; the overall surgery group; the type and amount of
opioids prescribed; a patient's age and gender; and whether the
prescriber was a resident physician or a physician's assistant
rather than an attending physician (which we use as the refer-
ence category). We provide summary statistics for all covariates
used in our analyses in Supporting Information S1: Appendix C
(Table A.1) and summarize the relationship between covariates
and pill returns in Supporting Information S1: Appendix E.1
(Figure A.4).
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We provide week-level balance estimates for select covariates in
Table 1.7 The one statistically significant difference when
looking at covariate-by-covariate comparisons (rates of ortho-
pedic surgeries) is no longer significant after multiple testing

the VApharmacy for cash!

YOU HAVE
UP TO $50 dispose of them!
WAITING —
FOR YOU ( ‘
()

o)
9
All you need to H

do is return
your unused

opioid pills a

& =

adjustment. An additional joint significance test across these 8
covariates using individual-level data does not provide sufficient
evidence to reject the null of no average differences with 95%
confidence. We adjust for these covariates in our analyses.

Important: If you have unused opioid pills, bring them back to

You are receiving opioid pills to help manage any pain you might have in the next few
days. Opioid pills have a risk of addiction and misuse, so it's important to properly

Read the pink letter with instructions in this packet.

Put a reminder on your calendar for one week from now — that will be a good time to
take stock of unused opioid pills.

As another reminder to think about this one week from now, fill in the date below — then
save this card on your fridge, or in another place where you’ll see it every day.

One week from now is

Keep opioid pills in the original prescription bottle.

Help bring an end to a national public health crisis

Did you know?

The misuse of and addiction to opioids, including prescription pain relievers, is a serious national crisis that affects public
health, as well as social and economic welfare. More than half of people who misuse opioid pain relievers get them from a

friend or family member.

What can you do?

You are receiving opioid pills to help manage any pain you might have in the next few days. Instead of letting your leftover
pills fall into the wrong hands, return them to the VA pharmacy for cash.

For additional information, see the other side of this card and the pink letter you received along with your medications. If
you no longer have the pink letter, or if you'd just like more information, please call 802-291-6255.

Remember!

It's easy to leave unused pills in your medicine cabinet, but it's so important that we remove these pills from our homes and

communities so that they can't be misused or abused.

FIGURE1 |

Treatment Card 1. We give this to the patient on the day of surgery, along with the standard informational materials. The upper half of
this figure shows the front of the card, and the lower half shows the back.

TABLE 1 | Balance on select covariates: cluster-level (n = 111).
T mean C mean T count C count Adj. Difference p-value
Patient
Age 61.16 60.80 —-0.20 0.88
Female (0/1) 0.10 0.08 21 22 —-0.01 0.76
Prescription
Morphine mg equiv. 89.03 85.13 6.65 0.43
Opioid acute (0/1) 0.02 0.03 4 6 0.00 0.98
Service group
General (0/1) 0.49 0.49 125 132 —0.05 0.40
Orthopedics (0/1) 0.21 0.15 57 34 0.10 0.03
Plastics (0/1) 0.14 0.16 39 40 0.00 0.96
Urology (0/1) 0.03 0.06 6 13 —0.02 0.28

Joint significance
F Statistic: 1.371
p-value: 0.219

Note: We average select covariates across patients within each of the 111 weeks in our study. For categorical covariates included here, we additionally provide the total
count across treatment and control weeks. We then estimate balance separately for each covariate through an OLS regression with block fixed effects and cluster-size
weights (HC2 errors). We provide two-sided p-values from these individual balance tests for each covariate. None of these imbalances remain significant after multiple
testing correction (Holm-Bonferroni adjustment with a 5% family-wise error rate). We also report the results of an individual-level (not week-level) omnibus test of the
joint significance of these 8 covariates as predictors of treatment status. Individual-level equivalents of the covariate-by-covariate statistics are similar and support the

same conclusions viz. covariate balance.
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Across this sample, 27.35% of patients returned at least one pill
across our study time frame. Among those returning pills, the
median return count was 7 and the average was 9.6 (see Sup-
porting Information S1: Figure A.3 and Table A.3). Additionally,
recall that there was a formal 60-day eligibility window for the
buyback program. The median patient returning pills did so
after 19 days.

2.5 | Empirical Specification

We use OLS linear regressions to compare the rate at which
opioid pills were returned and the number of opioid pills
returned by patients across our treatment and control groups.®
Our pre-registered primary outcome is a binary indicator for
whether pills were returned. We emphasize findings for the
number of pills returned in the main text as well, as changes on
the extensive and intensive margins are both relevant for policy.
We adjust our treatment effect estimates based on various
characteristics of the patients, including their age and gender,
their surgical procedure, and the quantity of opioids prescribed
(see Supporting Information S1: Appendix C, Table A.1). We
also adjust our estimates for the blocked nature of randomiza-
tion (Gerber and Green 2012).° Following our pre-analysis plan,
we determine statistical significance using a cut-off point of
p = 0.05 in a one-sided test alongside a clear directional hy-
pothesis. In this regard, we are following related work (Sacarny
et al. 2022) as well as best practices (Lakens 2022) when facing
logistical sample size constraints, although our results are
robust to using two-sided tests instead.

For our primary specifications, we estimate the following OLS
equation:

Yi=o+ D+ Xixyy + €

where i indexes individual patients, y; stands in for different
outcome measures we explore, D; is a binary indicator for patients
whose surgeries were scheduled in a treatment week, and X i is a

matrix of k covariates defined across patients. These covariates are
binary indicators for: different surgery procedures; different
surgery groups; the prescriber's identity; different age ranges;
prescription strength (morphine milligram equivalent, MME)
quartiles; patients who are opioid acute; patients who are women;
and the 2-week blocks in which treatment weeks were assigned
(block fixed effects). See Supporting Information S1: Appendices
C and D for more information on our observed covariates.*® In all
cases where we are controlling for mutually exclusive categories,
we leave out one category to be captured by the intercept. Other
terms, a, 31, and y; are estimated parameters (in the case of y;, a
vector of estimated parameters). Our parameter of interest is 3;,
the treatment effect estimate.

3 | Study Results

‘We present our primary results in Table 2 and Figure 2. Panel A
of Figure 2 shows that the cards increase the probability that
patients return unused opioid pills by 6.88% points over an
unadjusted control group mean of 24.8% (p = 0.007, one-sided;
p = 0.014, two-sided). Panel B shows that the cards increase the
unused opioid pills returned per person by 1.09 pills, or by 52%,
over an unadjusted control mean of 2.08 pills (p = 0.001, one-
sided; p = 0.002, two-sided). Given a median prescription of 10
pills, this suggests that, on average, the cards increase the
number of pills returned and properly disposed of from roughly
20% to roughly 30% of those prescribed. Together, these results
indicate that the intervention meaningfully increased both the
likelihood of returning any pills and the total quantity returned.

To be clear, Panel B's findings in columns 4-6 could be shaped by
changes on both the extensive margin (more patients returning at
least a few pills) and the intensive margin (“always returners”
returning more pills). We therefore consider the effect on the
intensive margin effect in isolation in Supporting Information S1:
Appendix Table A.13 and find suggestive evidence that the
treatment motivated people not just to return pills more often but
also to increase the number of pills that they returned.

TABLE 2 | Primary treatment effect estimates.
@) €) 3 4) 5) (6)

Extensive Extensive Extensive Intensive Intensive Intensive

likelihood likelihood likelihood amount amount amount
Treatment 0.069 0.069 0.049 1.093 1.093 1.139

(0.040) (0.028) (0.030) (0.493) (0.327) (0.385)

N 512 512 512 512 512 512
Control mean 0.248 0.248 0.248 2.081 2.081 2.081
Covariates Yes Yes No Yes Yes No
Block FEs Yes Yes Yes Yes Yes Yes
Clustered errors No Yes Yes No Yes Yes
Pre-registered Yes No No Yes No No

Note: Coefficient estimates from OLS regressions, with our preferred specifications in bold (robust standard errors in parentheses). Estimates in models 1 to 3 are
probabilities, while the others are counts. Models 1 and 3 (pre-registered) include covariate adjustment and block fixed effects, with HC2 robust standard errors.
However, as we assigned treatment at the week level, week-clustered errors may be more appropriate (Abadie et al. 2023). Using a fixed effects regression, we estimate a
week-level intra-cluster correlation for the number of pills returned of 21.24%. The remaining models therefore also reports estimates from models that include
week-clustered errors. Models 3 and 6 do not include covariate adjustment, which reduces the precision of our estimates. We believe models 2 and 5 provide the most
accurate and efficient estimates of our treatment effects, but we provide other specifications in the interests of transparency.
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FIGURE 2 |

Impacts on pill return likelihood and amount. We estimate the impacts of monetary incentives + behaviorally informed cards

(Treatment) compared to the impacts of monetary incentives alone (Control) on pill return likelihood (Panel A) and amount (Panel B). The control

point estimates and CIs are based on observed outcome data in the control group. The treatment point estimates add our treatment effects (from

Models 2 and five in Table 2) to the observed control group point estimates. The treatment Cls are based on standard errors from those models.

In contrast to these extensive and intensive margin findings, we
do not observe a statistically significant effect of the cards on the
time to pill return (Supporting Information S1: Table A.10).
A greater overall return rate in the treatment group could be
explained by (1) the cards encouraging more patients to choose
to return pills at all, or (2) the cards helping more patients
remember to return pills on time. Our results, in conjunction
with evidence in Supporting Information S1: Table A.10,
therefore provide more consistent support for (1) than (2).

3.1 | Robustness Checks

As noted, the number of patients scheduled for surgery in any
1 week was typically small (an inter-quartile range of 3-6, with a

median of 4). With only 512 patients in our sample across
111 weeks, there are reasonable concerns that standard cluster-
robust standard error estimators may exhibit downward bias
(leading to anti-conservative inferences).

We have aimed to address that concern a few ways. First, we
explore the robustness of our findings to the use of alternative
cluster-robust variance estimators with better small-sample
properties  (Pustejovsky and Tipton 2018; MacKinnon
et al. 2023). Results in Supporting Information S1: Table A.6,
discussed in Supporting Information S1: Appendix E.3, support
similar substantive conclusions. Second, we consider an alter-
native design-based approach to (finite-sample) statistical
inference that may also have better small sample properties,
both for our balance tests and treatment effect estimates. See
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Supporting Information S1: Tables A.8 and A.9 in Appendix E.5.
Conclusions from this alternative inference procedure are
similar to those that follow from Supporting Information S1:
Appendix E.3.

An additional concern is that some limited treatment non-
compliance may be leading us to underestimate the true im-
pacts of distributing the behaviorally-informed reminder cards.
See Supporting Information S1: Appendix E.4 and Table A.7 for
estimates from two-stage least squares models that help address
this issue. We also note that, as discussed above, there is vari-
ation in the opioids patients were prescribed, and it is
conceivable that our results could reflect some opioids being
returned more often while others were not. Supporting
Information S1: Table A.11 shows that the treatment effect
among OxyContin prescriptions (most of our sample) is statis-
tically significant and that patients prescribed other opioids
(e.g., Vicodin or Dilaudid) see a suggestively larger treatment
effect when focusing on the number of pills returned.'!

Lastly, the Covid-19 pandemic co-occurred with, roughly, the
second half of our study time frame. This led to a temporary
closure of the clinic (and thus a pause on enrollment into our
sample), along with a heterogeneous rescheduling process
across surgery types. It also led to some changes in prescription
and pill return procedures. Despite this, Supporting
Information S1: Table A.12 in Appendix E.8 supports that the
effects of our intervention persisted both before and after this
period of pandemic-induced changes.

3.2 | Costing

Lastly, we also compared the costs of the baseline “Cash for
Your Stash” program with the cost of including the cards.'?
Importantly from a policy perspective, the cards simulta-
neously increase the number and reduce the cost per pill
returned: the total program cost per pill returned is $12.57 in
the treatment group, and $15.66 in the control group. The
cards also reduce the cost per person returning pills: the total
program cost per person returning pills is $124.60 in the
treatment group, and $131.20 in the control group. A related
question is whether $124.60 is in fact a good price to pay. In
2017, the “monetized burden” for opioid overdose, abuse, and
dependence was estimated to be $1.02 trillion (Florence
et al. 2021)."® Researchers accounted for healthcare costs, lost
productivity, substance abuse treatment, criminal justice-
related costs, reduced quality of life for opioid misuse, and
the value of lives lost to fatal overdose. In 2023, 8.9 million
people were estimated to suffer from opioid misuse (Substance
Abuse and Mental Health Services Administration 2024). Us-
ing CPI-U annual averages to adjust the monetized burden
estimate for inflation, we estimate an annual cost of opioid
misuse of $1.27 trillion, or $143,000 per person in 2023 dollars.
As such, given the estimated cost per person returning pills of
$124.60, even if only one in one thousand cases of improper
disposal led to a case of opioid misuse, the benefits of the
program to society would outweigh the costs.

4 | Discussion

We report results from a randomized controlled trial investi-
gating the value-added of behaviorally-informed messaging for
encouraging post-surgery opioid return, as a complement to
financial incentives. We distributed reminder cards informed by
the behavioral economics literature to Veterans at an outpatient
surgery facility in Vermont. We demonstrate that these cards
increase the return of unused opioid pills for proper disposal on
both the extensive and intensive margins (likelihood of return-
ing pills, and the number of pills returned, respectively). We
also emphasize the cost savings our intervention produced.
Given existing estimates of the social costs of opioid misuse, our
figures imply that even a very small reduction in misuse
attributable to improved disposal would be sufficient for the
intervention's benefits to exceed its costs.

Financial incentives have long been found to serve as an
effective means to address the opioid epidemic from the demand
side. For instance, contingency management techniques, which
involve providing monetary rewards to patients as an incentive
to avoid drug use, are found to be among the more effective
treatments in promoting abstinence (Prendergast et al. 2006).
Additionally, prior work finds that financial incentives motivate
Veterans to return unused opioid pills (Liu et al. 2021). We go
further, showing that behavioral interventions—in particular,
reminder cards—can provide an additional layer of motivation
to complement the power of financial incentives. Future work
could isolate the relative roles of each of the behavioral mech-
anisms at play in our bundled treatment. Note that our study
cannot speak to concerns over possible “backfiring” effects,
where patients given the opportunity to return pills for a cash
incentive might respond by foregoing the pain relief they need.
‘We argue that this is less of an issue for the evaluation of im-
provements to existing buyback programs, and encourage
further research on this in the future.

More broadly, our findings have implications for the use of
behavioral interventions in policy design. First, our findings
recall those of other studies showing that simplifying govern-
ment communications can improve program take-up outcomes
(Bhargava and Manoli 2015). Second, we join a growing number
of studies exploring when combining interventions can
augment, rather than crowd out, behavior change (Brandon
et al. 2019; Fryer et al. 2022; Howley and Ocean 2022). Further
work is needed to refine our understanding of the contexts and
intervention types that serve as effective complements. Some
important related research includes studies on the use of indi-
rect or “meta” nudging to accompany other interventions
(Dimant and Shalvi 2022), and studies seeking to learn from
evidence of treatment effect heterogeneity (Weiss et al. 2014).
Insights from this research may help bolster the effectiveness of
behavioral interventions in the future.
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Endnotes

L A recent review finds that between one and three-quarters of patients
prescribed opioid pills stored them for future use or misplaced them,
while only 12%-41% dispose of pills using a method recommended by
the U.S. federal government (GAO 2019).

2While testing one behavioral feature in isolation would shed light on
underlying mechanisms, we opted for the (arguably) maximally-
impactful bundled treatment to facilitate the policy-relevant test of
whether behavioral insights are able to shift the return of unused
opioid pills in this context.

3 Prescription count is included in the covariate table in Supporting
Information S1: Appendix C.

*This study has IRB approval from the Veterans Institutional Board of
Northern New England (VINNE).

5In our dataset, there were no patients who were randomized to
receive cards who did not have a mailing address. Our data track
whether reminders are sent (see Supporting Information S1: Appen-
dix E.4 for details) but not whether any are returned.

S Note that enrollment into our sample was paused between June and
August 2021 while we addressed treatment administration issues. All
patients during this period had a treatment probability of 0, and so
they were excluded from our analysis. See Supporting Information S1:
Appendix E.8.

7 Supporting Information S1: Appendix D shows that a wider variety of
patient characteristics are balanced across treatment conditions after
adjusting for multiple testing (Supporting Information S1: Tables A.4
and A.5). Supporting Information S1: Appendix B provides additional
information about the patient selection procedure.

8 Our pre-analysis plan can be found on the Office of Evaluation Sci-
ences website.

°In practice, we adjust for block fixed effects using a least squares
dummy variable (LSDV) approach. We note that, since our blocks are
2-week periods, this helps account for spurious temporal trends across
our study timeframe. The co-occurrence of the Covid-19 pandemic
(and associated policy responses) with the latter half of our study
raises special concerns about confounding time shocks. We discuss
robustness checks performed with this in mind in Appendix E.8. We
are not aware of any other relevant shocks that might coincide with
randomly assigned treatment weeks.

10 All of the models reported in Table 2 include block fixed effects. A few
of the models drop the other covariates from Xjx.

""We consider treatment effect heterogeneity with respect to other
covariates as well (Supporting Information S1: Figure A.5).

12See Supporting Information S1: Appendix F for a more detailed
breakdown of these estimates.

13 This estimate is for all cases of opioid use disorder, including heroin
use, whereas our study is specifically relevant to the misuse of pre-
scription pain relievers. 3.6% of opioid misusers misuse heroin but do
not misuse prescription pain relievers (Substance Abuse and Mental
Health Services Administration 2024).
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