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Abstract

Several factors suggest that opioid use may be common among applicants to Social
Security Disability Insurance (SSDI): the prevalence of opioid use, the suspected link between
opioid use and declining rates of work, and the large share of new SSDI awardees who have
conditions associated with opioid use. However, research-ready data on opioid use by these
applicants, who are generally not eligible for Medicare, have not been available. SSDI
applicants are required to report their medications, but they often do so in an open-ended text
field, which requires additional coding before analysis.

Our study is the first to provide statistics on opioid use among SSDI applicants. We used
an innovative machine-learning method to identify opioids in medication text fields in SSDI
administrative data. Specifically, we examined the prevalence of reported opioid use in a 30
percent random sample of initial-level SSDI applications stored in the Social Security
Administration’s Structured Data Repository (SDR) from 2007 through 2017, considering
differences by demographic and other factors. We supplemented the SDR with two SSA
administrative data sources: the Disability Analysis File, which provided award information, and
the Numerical Identification System, which provided information on deaths. Using these
sources, we produced statistics on the association between (1) opioid use among SSDI applicants
and (2) SSDI award and death. Understanding the prevalence of reported opioid use among
these individuals and the association between opioid use and later SSDI application outcomes

may help in forecasting the future composition of the SSDI caseload.

The paper found that:

e Over the 11-year analysis period, more than 30 percent of SSDI applicants reported using
one or more opioids. This is higher than the rate of opioid use in the general population
(29 versus 19 percent in 2016).

e Reported rates of opioid use among SSDI applicants varied over the analysis period.
Rates increased from 2007 to a peak of 32 percent in 2012, followed by a decline to the
period low of 26 percent in 2017.

e Reported opioid use varied by age and demographic characteristics. SSDI applicants

ages 4049 were the most likely age group to report opioid use; women were 3-4



percentage points more likely to report opioid use than men; and people with some
college were the most likely education group to report opioid use.

Reported opioid use is also correlated with application type. SSDI-only applicants who
reported opioid use were 4-6 percentage points more likely to report opioid use than
concurrent SSDI and SSI applicants.

Reported opioid use varied greatly between geographic areas. Applicants from Rhode
Island, Massachusetts, and Washington, DC, reported lower-than-average rates of opioid
use in 2007 and consistently throughout the analysis period. Conversely, applicants from
Delaware, Nevada, and Michigan consistently reported the highest rates of opioid use.
There was a positive and statistically significant association between (1) reported opioid
use and SSDI awards and (2) reported opioid use SSDI award and death. These

associations do not demonstrate a causal relationship.

The policy implications of the findings are:

Application for SSDI provides an opportunity to identify opioid users, understand more
about the nature of their use, and, if warranted, connect them with helpful services and
supports.

Given the prevalence of reported opioid use among SSDI applicants, our study may open
the door to future research on how opioid use affects post-adjudication well-being—for
example, applicants’ employment outcomes after they are awarded or denied SSDI.
Future studies might also consider tracking the trajectory of opioid use from application
through award using Medicare data.

This study also serves as a template for using previously untapped information in SSA
administrative files. The machine learning approach used to identify opioid use in free-

form text could be applied to other key indicators of interest to SSA.



Introduction

Social Security Disability Insurance (SSDI) is the nation’s largest safety net program for
former workers with disabilities and their dependents, providing cash benefits to over 10 million
beneficiaries in 2018 (Social Security Administration [SSA] 2018). To be eligible, workers must
have a long-lasting physical or mental impairment that precludes substantial employment, among
other requirements. SSDI applicants may qualify for benefits based on a wide variety of
impairments—although, notably, they may not qualify solely based on drug addiction or if
addiction is a contributing factor material to the determination. Regardless, SSDI applicants and
beneficiaries may use prescription drugs, such as opioids, with varying outcomes ranging from
successful therapeutic use to misuse and addiction.

The United States has seen a surge in opioid use over the past two decades. According to
the U.S. Department of Health and Human Services (2019), the opioid epidemic began in the late
1990s, when health care providers began to prescribe opioids at greater rates, reassured by
pharmaceutical companies that patients would not become addicted. Opioids initially made
headway in the United States as a treatment for cancer pain and then began to be used to treat
non-cancer pain more broadly in the mid- to late-1990s (Jones et al. 2018). Nationwide,
prescription rates peaked in 2012, with 81 opioid prescriptions written for every 100 Americans
(Centers for Disease Control and Prevention [CDC] 2019a).

During that time, it became clear that opioids can be highly addictive: 21 to 29 percent of
patients prescribed opioids for pain misused them (Vowles et al. 2015). Opioids were also
responsible for more than 700,000 overdose deaths from 1999 to 2017 (CDC 2019b). Although
opioid use has recently declined, in 2017 there were still 59 opioid prescriptions written for every
100 Americans (CDC 2018a); in 2016 19 percent of the U.S. population filled at least one opioid
prescription (Mytelka et al. 2018).

The impact of the rise in opioid use could have disparate effects on health and work
capacity. On one hand, opioids may ease users’ pain, which could help them engage in work and
other activities. This appears to be the case with non-opioid pain relievers, which have been
found to increase labor force participation and lower absenteeism (Garthwaite 2012; Butikofer
and Skira 2018).

However, opioid use comes with a high risk of dependency that may exacerbate other

health conditions, and could interfere with work. For instance, Scherrer et al. (2016) found that



prescription opioids are associated with an increased risk of depression. In another study,
Schiltenwolf et al. (2014) found that opioids may further impair cognition and executive function
in elderly and other patients already at risk of such impairments. Furthermore, a recent paper by
Harris et al. (2019) shows that a 10 percent increase in opioid prescriptions reduces labor force
participation by more than 0.5 percentage points.

The prevalence of opioid use nationwide, the suspected link between opioid use and
declining work, and the large share of new SSDI awardees who have conditions associated with
opioid use suggest that opioid use may be common among SSDI applicants. From 2007 to 2016,
there was a rise in SSDI awards made to applicants with musculoskeletal conditions (SSA 2019),
which are often associated with opioid use (Carnide et al. 2017). Furthermore, a recent analysis
by Cutler et al. (2017) suggests that the wider availability of opioids is linked to increases in
SSDI applications. In addition, 44 percent of SSDI awardees who have completed the two-year
waiting period for Medicare filled at least one opioid prescription in 2011 (Morden et al. 2014).

Statistics on opioid use among SSDI applicants, who are generally not eligible for
Medicare, have been unavailable because of the lack of research-ready data. SSDI applicants are
required to report their medications, but they often do so in an open-ended text field. In the past,
analyzing this information required manual coding, a process that is labor intensive, time
consuming, and usually cost prohibitive.

Our study is the first to provide statistics on opioid use among SSDI applicants. We used
an innovative machine-learning method to identify opioids in medication text fields in SSDI
administrative data. Specifically, we documented the overall prevalence of opioid use among
SSDI applicants from 2007 through 2017, considering differences by demographic and other
factors. We also produced statistics on the association between (1) opioid use among SSDI
applicants and (2) SSDI award and death. Understanding the prevalence of opioid use among
SSDI applicants and the association between opioid use and later SSDI application outcomes

may help stakeholders forecast the future composition of the SSDI caseload.

Data
We used data from SSA’s Structured Data Repository (SDR) for our analysis. Since
2007, SSA has electronically stored data from SSDI and Supplemental Security Income (SSI)



applications in the SDR?. The application form asks “Are you taking any medicines
(prescription or non-prescription)?” and, if the respondent answers affirmatively, he or she is
asked to list the name of the medicine. Applicants who complete an electronic version of the
application may report medications using a pull-down list of 630 medication names, enter their
medications in a free-text field, or both. Applicants who complete a paper application must list
their medications in a free-text field.

Our analysis is based on a 30 percent random sample of initial-level SSDI applications
stored in the SDR each year from 2007 through 2017. We used the effective filing date as the
basis for the application year. We retained the first application per person per year and included
all cases with award or denial decisions at the initial level over this period where the applicant
was age 18 to 67 at the time of application, they applied for SSDI, either alone or together with
SSI benefits, and had a valid decision code. The sample included both SSDI-only and
concurrent SSDI and SSI applications. The sample excludes SSI-only applications. In total, the
sample consisted of 5,954,422 applications and nearly 26 million reported medications.

Applicants in our sample mostly reported medications through free-text entries (Exhibit
1). During our analysis period, 45 percent of applicants who reported medications did so
exclusively in free text, and another 39 percent used free text along with the pull-down list. This
highlights the importance of free-text entries in analyzing medication information. The
challenge with this type of analysis is that free-text data are not standard and may include non-
medication names, extraneous information such as dosage, or misspellings.

We supplemented the SDR with two other SSA administrative data sources: we used the
Disability Analysis File to obtain award information and the Numerical Identification System
(Numident) for information on death.

It is important to note that this analysis is based on self-reported use of medicine. If
applicants underreport opioids, any estimates based on these data will underestimate the true
rates of opioid use among this population. In addition, although the application form instructs
applicants to report prescription and non-prescription medication, it seems likely that use of non-

prescription opioids will be underreported. It is also possible that accurate opioid reporting varies

! Note that, although the SDR is thought to include the large majority of SSDI applications, it does not include all of
them. Specifically, cases that do not undergo the standard disability determination process are not included in the
SDR. These may include second (and higher order) applications in which the new application provides no new
information from the previous application, as well as technical denials, such as cases in which the claimant dies
before adjudication begins or the claimant does not wish to pursue the claim.



by subgroup, meaning that opioid use could be underreported to different extents for different

applicant subgroups.

Methods
Identifying Opioids

To identify opioids in the free-text entries, we used a supervised machine-learning
algorithm based on natural-language processing (NLP). This process involved several steps.
First, we extracted a random subset of 2,500 unique free-text medication entries. Given the
repeating pattern of the data, this subset represents over 30 percent of all unique medication
values in the sample. A subject matter expert manually labeled each entry as an opioid or non-
opioid medication. We then divided the labeled data into a training set and a testing set in a ratio
of 3:1. We supplemented the training data with a sample of about 1,000 labeled free-text
medication entries from 2013, extracted when originally developing this machine-learning
algorithm as a proof of concept (Wu et al. 2019).

Using the training set, we created an algorithm in Python to identify opioids. We then
separated the free-text entries into tokens, which are either single words or multiple words that
have special meaning when grouped. We referred to an opioids list maintained by the CDC to
identify multiword tokens. Next, we removed any tokens unlikely to be drugs; these were tokens
that started with a non-letter value; English language words that appeared in the Words Corpus
dictionary in the Python NLP library; and common abbreviations such as “mgs” and “tabs.”

Our next step was to develop an algorithm to compare the remaining words (which we
suspected to be medication names) to lists of medications, including CDC’s opioid list and the
National Library of Medicine’s RxNorm resource of opioid and non-opioid drug names. We
compared free-text entries to CDC’s opioid list using the Damerau-Levenshtein distance and the
phonetic distance from the true spelling of the opioid name. The Damerau-Levenshtein distance
represents the number of insertions, deletions, and substitutions required to change one word to
another. Phonetic distance measures the distance between phonetic encodings of the opioid and
of the free-text entries. We also compared entries to exact matches or RxNorm-suggested
approximate matches to opioids and non-opioids.

For the model development, we compared the list of opioids and non-opioids classified

by the subject matter expert to the above indicators, including (1) whether a medication appears



in the dictionary, (2) the Damerau-Levenshtein distance of a medication to a CDC opioid name,
(3) the phonetic distance of a medication to a CDC opioid name, (4) whether a medication exact
matches with an RxNorm opioid name or suggested approximate matches, and (5) whether a
medication exact matches with a non-opioid name in RxNorm or suggested approximate
matches. We tested numerous models to identify the most effective combination and
specification of these five NLP-based classifications and determined that a logistic regression
classification was best. This process also provided additional information, such as the best
Damerau-Levenshtein distance to a CDC opioid, which was 0 or 1.

After developing the algorithm, we applied it to the testing set data—which was not used
for training—to assess its performance. We achieved an accuracy rate of 99.9 percent, with a
sensitivity of 99.2 percent and specificity of 100 percent. This means that our algorithm made
very few mistakes on the free-text cases in the testing sample, and the kinds of mistakes it made
were undercounting a small proportion of true opioid cases.

After testing, we used the machine learning algorithm to code the remaining unlabeled
text records. We used a similar approach to classify medications from the pull-down list.
Drawing from both modes of medication reporting, we created application-level indicators for

any opioid use and number of reported opioids.

Analyzing Data on Opioid Use

We drew on information in the SDR to describe rates of reported opioid use over time for
all applicants and across applicant subgroups. Specifically, we compared rates of reported
opioid use among applicants by age, gender, education, concurrent application for SSI, and state
of residence. We do not produce crosstabs for opioids and other characteristics because the SDR
does not have research-ready data on other variables of interest. Much of the application data are
entered and stored as free-field text, which is resource intensive to transform into data that can be
used in a quantitative analysis.

To explore the extent to which reported opioid use correlates to later outcomes, we
followed the 30 percent random sample of the cohort of 2009 applicants and examined their
outcomes in 2014. Specifically, we identified whether each applicant was awarded benefits
through the end of 2014 and whether he or she had died as of the start of 2014. Our information



on benefit award came from the Disability Analysis File, and information on death came from
the Numident file.

We estimated a multinomial logit model with four outcomes: (1) awarded SSDI benefits
and alive in 2014, (2) awarded SSDI benefits and dead by 2014, (3) not awarded SSDI benefits
and alive in 2014, and (4) not awarded SSDI benefits and dead by 2014. We controlled for
beneficiary characteristics such as age, gender, education level, geographic region, past or
scheduled medical care for a physical condition, past or scheduled medical care for a mental

condition, and concurrent application to SSI.

Results

During our analysis period (2007 to 2017), one-quarter to one-third of SSDI applicants
reported any opioid use (Exhibit 2). In 2007, 28 percent of applicants reported using opioids—
that rose to a peak of 32 percent in 2012 before dropping to a low of 26 percent in 2017. This
mirrors nationwide trends, which show a rise in opioid prescribing from 2007 to 2012 followed
by a decline from 2013 to 2017 (CDC 2018a).

Over our 11-year analysis period, 1,793,414 applications in our 30 percent analysis
sample indicated opioid use. These applications may represent up to 6 million applicants,
although it is possible that the same people may have submitted several applications over time.
Nonetheless, this highlights SSDI application as an important point of contact between opioid

users and a federal program.

Rate of Opioid Use by Beneficiary Characteristics

Reported opioid use varied by the demographic characteristics of SSDI applicants, such
as their gender. Throughout the analysis period, the share of women who reported opioid use
was 11 to 15 percent higher than the share of men—a statistically significant difference (Exhibit
3). For example, 34 percent of female applicants reported any opioid use in 2012 versus 30
percent of male applicants. This is in line with nationwide trends indicating more use of

prescription opioids among women than among men (Serdarevic et al. 2017; CDC 2018b).



Reported opioid use also varied notably by age (Exhibit 3). Reported use was highest
among applicants ages 40 to 49 (31 to 37 percent) and was roughly half as prevalent among
applicants ages 18 to 29 (13 to 18 percent). Older age groups were less likely to report opioid
use than those ages 40 to 49: 29 to 35 percent of those ages 50 to 59 reported opioid use, as did
24 to 29 percent of those ages 60 to 67. This pattern deviates from nationwide trends, which
show opioid use rising with age (CDC 2018b).

We also saw variation in reported opioid use by education (Exhibit 3). We present results
only for sample members who are ages 22 and above to account for the possibility that younger
applicants are most likely to complete additional years of education (which would not be
captured by the data).?2 We found that reported opioid use was highest among applicants with
some postsecondary education, followed by those with a high school degree or GED and those
with a college degree. Reported use was lowest among applicants with less than a high school
degree. These results are somewhat surprising given that higher rates of opioid prescribing are
associated with lower educational attainment, holding other characteristics constant (CDC 2017).
It is possible that our results reflect an association between low education and other
characteristics that drive the observed relationship.

Reported opioid use was also correlated with application type (Exhibit 3). The
proportion of SSDI-only applicants who reported opioid use was 15-25 percent higher than the
proportion of opioid users who concurrently applied to SSDI and SSI. The differences, ranging
from 4-6 percentage points, were statistically significant. This finding could be related to
different sources of health insurance. In the 1990s, although awarded DI applicants and awarded
SSI applicants had similar rates of insurance coverage at the time of application, but DI
applicants had higher rates of employer-sponsored insurance (61 percent versus 29 percent)
(Gruber and Kubik 2002). Of course, the health insurance landscape has changed dramatically
since this study was conducted and it’s possible these relationships have changed.

Finally, we saw variation in reported opioid use across states (Exhibit 4). Among all
states collectively, we saw the same overall pattern as for the full sample: a rise in reported
opioid use leading up to and including 2012, followed by a decline. Applicants from
Washington, DC; Rhode Island; and Massachusetts consistently reported the lowest rates of use

in the country, whereas applicants from Delaware, Nevada, and Michigan consistently reported

2 The results are generally the same when we include applicants under age 22.



the highest rates. In the state with the lowest rate, Washington, DC, less than 16 percent of
applicants reported opioid use in 2017. In the state with the highest rate, Delaware, more than 41
percent of applicants reported opioid use in 2012. We also observed several deviations from
general trends in states. For example, Arkansas saw an increase in reported opioid use from
more than 27 percent in 2007 to 32 percent in 2017.

The state-level rates of reported opioid use among SSDI applicants did not always
correspond to the statewide rates of opioid prescribing. In 2017, for example, applicants from
Maine had the 3rd lowest rate of reported opioid use, but Maine also had the 21st lowest rate of
opioid prescriptions (CDC 2018b). Applicants from Mississippi had the 27th highest rate of
reported opioid use, but Mississippi also had the 4th highest rate of opioid prescriptions. There
was, however, some alignment between reported opioid use and opioid prescribing. For
example, Washington, DC, had the lowest opioid prescription rate in 2017, and applicants from

DC also reported the lowest rates of opioid use that year.

Association Between Opioid Use and Later Outcomes

We used a multinomial logit model to examine the association between reported opioid
use at SSDI application and subsequent outcomes. Among 2009 applicants, opioid use reported
at the time of application was associated with several outcomes five years later (Exhibit 5).
Applicants who reported opioid use were 4.1 percentage points more likely to be awarded SSDI
benefits and to be alive through the end of 2014. This represents an 8 percent increase over the
51.6 percent of applicants who did not report using opioids. Applicants who reported opioid use
were also 1.5 percentage points more likely to be awarded SSDI benefits and to have died by
2014—a 26 percent increase relative to those not reporting opioid use, although this is from a
small base.

Reported opioid use was also associated with a 0.8 percentage point increase in the
chance of being denied SSDI benefits and deceased by 2014, a 25 percent increase over the
group that did not report opioid use. In addition, applicants who reported opioid use were 6.5
percentage points less likely to have been denied SSDI benefits and to be alive in 2014, a 16
percent decrease over those not reporting opioid use. All differences are statistically significant

at the 1 percent level.



Collectively, the multinomial results suggest a positive and statistically significant
association between (1) reported opioid use and (2) SSDI awards and deaths. Both SSDI awards
and deaths indicate worse health conditions than those of people who were denied SSDI benefits
and who lived more than five years after application. Hence, reported opioid use may also signal
poor health and severe impairments. However, these observed associations do not necessarily
mean that opioid use caused these outcomes; other factors may be important determinants of
SSDI award and death, such as a beneficiary’s impairment, disability severity, overall health
status, and work history. But owing to the lack of research-ready data on applicants in the

administrative files, we were unable to control for these other factors.

Discussion

Our findings confirm that opioid use is common among SSDI applicants. Over the
analysis period, over 30 percent of applicants reported using one or more opioids. This is
presumably an underestimate of opioid use, assuming applicants underreport opioid use.
Nonetheless, the rate of reported opioid use is higher than the rate of opioid use in the general
population (29 versus 19 percent in 2016) but lower than the rate among SSDI beneficiaries who
have completed the two-year waiting period for Medicare (32 versus 44 percent in 2011; Morden
et al. 2014). The lower rate among applicants relative to awardees may reflect that awardees
have more severe medical conditions than denied applicants, by program design.

Reported rates of opioid use among SSDI applicants varied over the 11-year analysis
period. Opioid use rose from 2007 to its peak in 2012 (32 percent), before declining to the
period low in 2017 (26 percent). These trends mirror changes in the rates of opioid prescribing
over time, as reported by the CDC. If opioid use among applicants continues to follow trends in
prescribing, we would expect to see a continued decline in reported opioid use. However, we
cannot be certain whether the changes in applicants’ opioid use are driven by prescribing
patterns, a change in the composition of applicants, or other factors.

Despite the observed decline in reported opioid use among SSDI applicants, it was still
prevalent in 2017. That year, more than one-quarter of all applicants reported opioid use, and
these rates were higher among certain applicants. Across all subgroups, the highest rate of
reported use was in the 40 to 49 age group: 31 to 37 percent of these applicants used opioids at

the time of application. This is notable because, if awarded, these applicants may remain on the



SSDI rolls for more than 25 years. Furthermore, the results of a multinomial logit analysis
suggest a positive association between reported opioid use at the time of application and SSDI
award. Although this does not necessarily indicate a causal relationship, it does indicate that a

significant share of new SSDI awardees are opioid users.

Limitations

When interpreting our results, it is important to recognize several limitations to the
analysis. First, because the SDR has limited research-ready data on the characteristics of
applicants, our estimates of the association between opioid use and subsequent SSDI award and
death do not control for several factors that may affect award and death. Notably, we did not
include controls for impairment, disability severity, overall health status, and work history.

We also believe our results underestimate the true rates of opioid use among SSDI
applicants. The statistics in this paper are based on self-reported opioid use among applicants.
Generally, survey respondents tend to underreport stigmatized behaviors and there is a
documented tendency of drug users to underreport drug use in surveys, particularly illicit drug
use (Center for Behavioral Health Statistics and Quality 2014, Fendrich et al. 2004). Although
our data are from administrative rather than survey data, it still seems likely that non-prescription
opioid use is underreported, and it is also possible that the degree of underestimation varies by
applicant subgroup.

In addition, our analysis focuses on any opioid use, but does not capture nuances related
to opioid use. Analysis of the duration of use, opioid potency, and number of opioids used,
would paint a more complete picture of opioid use among SSDI applicants. But this information
is either not available (for example, duration of use) or it is beyond the scope of this paper. Itis
difficult to measure the number of opioids used because applicants may report the same opioid
under several names, including the chemical name and brand name. For example, an applicant
could report both use of hydrocodone (a chemical name) and Vicodin (a brand name of a

hydrocodone medication).
Conclusion

This study established that reported opioid use was prevalent among SSDI applicants

from 2007 through 2017. Opioid use may affect many facets of the SSDI program, including the

10



decision to apply for SSDI, an SSDI award (although opioid use itself cannot warrant an award),
and subsequent health outcomes. The positive association between reported opioid use at
application and SSDI award suggests that opioid use may be prevalent among new awardees,
although it is possible that opioid use may change between application and award. While opioids
are an appropriate course of treatment for some applicants, the risk of improper use is significant
and the consequences of improper use are severe.

Application for SSDI provides an opportunity to identify opioid users, understand more
about the nature of their use, and, if warranted, connect applicants to services and supports.
Presumably some applicants use opioids as prescribed and experience the intended therapeutic
benefits of the medication. However, this is also an opportunity to identify unhelpful opioid use
or opioid abuse and connect those users to services. The reach of this potential intervention
point could be notable: during the analysis period, up to 6 million self-reported opioid users
applied for SSDI, although presumably opioid use is an appropriate course of action for some
users.

Furthermore, given the prevalence of reported opioid use among SSDI applicants,
research is needed on how opioids affect their post-adjudication outcomes and well-being. For
example, among people who report opioid use when they apply for SSDI, what are their
employment outcomes after they are awarded or denied benefits? And how does the trajectory of
opioid use changes from application through award. Research on these applicants’ capacity for
work, work outcomes, health outcomes, reapplication to SSDI, and duration on SSDI will

provide more information on this notable group of program applicants.
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Exhibit 1. Mode of Medication Reporting
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Source: Authors’ calculations based on the 2007-2017 SDR.

Exhibit 2. Prevalence of Opioid Use among Applicants
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Source: Authors’ calculations based on the 2007-2017 SDR.
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Exhibit 3. Prevalence of Opioid Use by Applicant Characteristics
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b. Prevalence of Opioid Use by Gender
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Source: Authors’ calculations based on the 2007-2017 SDR.
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Exhibit 4. Prevalence of Opioid Use by State for Select Years

2007 2012

Washingion, D.C.

~

Percentage of Percentage of

SSDI applicants SSDI applicants
reporting any reporting any
opioid use opioid use
<24 <24
24-26.9
g ﬁ 729
30-32.9 * s

33+

2017

Percentage of
SSDI applicants
reporting any
opioid use

<24
24-26 8
27-29.9
30-32.8
33+

Note: The full statistics by state are available upon request.
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Exhibit 5. Association Between Applicant Opioid Use in 2009 and Post-Application Outcomes in
2014

Unadjusted rate of outcome

for applicants without Average marginal effect

of opioid use
(percentage point)

reported opioid use

2014 outcome

Awarded SSDI benefits and alive 51.6% 4.1%*** (0.1)
Awarded SSDI benefits and dead 5.7 1.5%** (0.1)
Not awarded SSDI benefits and alive 39.6 -6.5*** (0.1)
Not awarded SSDI benefits and dead 3.2 0.8*** (0.1)

Notes: Delta-method standard errors are in parentheses. *** indicates statistical significance at the 1 percent level.
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