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1 Introduction

We offer the first evidence on the effect of laws related to a controversial medical intervention,
medical marijuana, on two forms of disability claiming — Social Security Disability Insurance
(SSDI) and Supplemental Security Income (SSI) — in the United States. SSDI is one of
the largest social insurance programs in the U.S. and provides benefits to disabled workers.
In 2017 this program cost the U.S. $138B (Social Security Administration, 2018a). SSI is
a means-tested welfare program for low-income disabled or blind individuals with limited
work experience. In 2017, the costs of SSI were $55B (Social Security Administration,
2018b). Collectively, these two programs provide disability benefits to approximately 16M
U.S. residents. Although SSDI and SSI are costly, the programs are valued by individuals
and their families as the programs offer earnings support and health insurance coverage when
individuals become disabled and cannot work.!

Given high program costs, policymakers are grappling with strategies to support both
SSDI and SSI without placing undue financial burden on taxpayers. As with many social
insurance programs, both SSDI and SSI can potentially dis-incentivize labor market par-
ticipation. Thus, assessing factors that influence the propensity to claim SSDI and SSI is
imperative for understanding how public policies affect labor markets. On the other hand,
testing the effectiveness of medical interventions that allow disabled individuals to return
to paid employment is important for the overall health of the workforce and for reducing
unnecessary government spending on social programs.

Beginning with California in 1996, U.S. states have implemented laws that legalize the use
of marijuana for medical purposes (‘MMLs’) for patients with ‘qualifying’ health conditions.
As of 2019, 34 states have implemented an MML. Supporters of these laws argue that
access to medical marijuana will confer substantial health benefits to patients suffering from
burdensome physical or mental symptoms which are not effectively treated by conventional
medications and procedures. Opponents worry that MMLs provide an avenue to access
marijuana for recreational, not medical, use and MMLs will foster marijuana addiction,
misuse of other substances, and substance use-related social ills (e.g., crime, healthcare
costs, traffic accidents, reduced productivity in the labor market) with, at best, marginal

health benefits for the small number of legitimate medical users.

LOver our study period, 2001 to 2013, health insurance for non-elderly adults was tightly linked with
employment in the U.S. For instance, in 2013, the last year of our study period, 74% of insured non-
elderly adults were covered by employer-sponsored health insurance. Authors’ calculation based on the 2013
American Community Survey (Ruggles et al., 2018).



Medical marijuana cannot cure underlying medical conditions, but may improve a dis-
abled person’s ability to manage symptoms and increase work capacity. Indeed, the available
clinical literature suggests a role for medical marijuana in symptom management for many
common health conditions. Randomized control trials show that medical marijuana can alle-
viate symptoms associated with anxiety, chronic pain, depression, psychosis, sleep disorders,
and spasticity (Joy, Watson, & Benson, 1999; Lynch & Campbell, 2011; Hill, 2015; Whit-
ing et al., 2015; National Academies of Sciences & Medicine, 2017). Patients themselves
report using medical marijuana to manage symptoms related to health conditions (Nunberg,
Kilmer, Pacula, & Burgdorf, 2011; Troutt & DiDonato, 2015; Reiman, Welty, & Solomon,
2017) and note that medial marijuana better mitigates symptoms than medications previ-
ously prescribed by their clinicians (Nunberg et al., 2011; Troutt & DiDonato, 2015; Vigil,
Stith, Adams, & Reeve, 2017). Further, a recent study shows that MML passage reduces
chronic pain and increases work capacity among older workers (Nicholas & Maclean, 2019).

There is substantial overlap in the health conditions that are relevant for disability claim-
ing and medical marijuana. For instance, in 2017, the three most common impairments
among SSDI disabled worker recipients were musculoskeletal system disorders (e.g., back
injuries), neurological disorders (e.g., multiple sclerosis), and mental illnesses (e.g., anxiety)
(Social Security Administration, 2018a). These are also common impairments among SSI
recipients (Social Security Administration, 2018b). All of these conditions could qualify a
patient for legal access to medical marijuana in most states that have adopted an MML
(Bradford & Bradford, 2016; Sabia & Nguyen, 2018).

As we outline later in the manuscript, there is a complex set of pathways from MML
passage to disability claiming, with improved symptom management being just one. These
pathways leave the net effect of MMLs on disability claiming ambiguous. Given the theo-
retical ambiguity, we empirically address this question: we use administrative data from the
Social Security Administration (SSA) to explore the extent to which passage of an MML
affects disability applications, new beneficiaries, and terminations. Our findings suggest
that passage of an MML leads to an overall increase in disability claiming. First, passage
of an MML increases disability applications. Second, new beneficiaries increase post-MML,
although our estimates are somewhat noisy. Third, we observe that medical terminations de-
cline following passage of an MML. There is some evidence of heterogeneity in the precision
of our estimates across SSDI and SSI, but effect sizes are relatively stable across programs.

Our study contributes to at least three strands of economic literature. First, the study

adds to the literature on the health and social effects of MMLs by considering an unstudied,



but economically important, outcome: disability claiming. Second, we add to the small liter-
ature highlighting the relationship between specific medical treatments, and work propensi-
ties generally and use of social insurance specifically. Previous economic research documents
an increase in sick leave and disability claiming in response to aggressive monitoring of pre-
scription opioids (Kilby, 2015) and the removal of Vioxx, a pain medication discontinued due
to fatal side effects (Butikofer & Skira, 2016; Garthwaite, 2012). Third, our findings con-
tribute to the literature on regulatory spillovers. MMLs have been shown to have spillover
effects to public insurance programs (Bradford & Bradford, 2016, 2017; Bradford, Bradford,
Abraham, & Adams, 2018; Bradford & Bradford, 2018; Wen & Hockenberry, 2018). More
broadly, economists have assessed spillover effects from Workers Compensation program
changes (McInerney & Simon, 2012), health insurance expansions (Burns & Dague, 2017),
and raising the retirement age (Duggan, Singleton, & Song, 2007) to disability claiming.
The paper proceeds as follows. Section 2 provides background on the disability programs
we study and a discussion of mechanisms through which we expect MMLs to influence
disability claiming. Data, variables, and methods are discussed in Section 3. Our main
findings are reported in Section 4. Sensitivity analysis and extensions are listed in Section

5. Section 6 concludes.

2 Disability programs and mechanisms

2.1 Disability programs

SSDI is a federal program that insures workers against the risk of a disability that prohibits
work. This program, implemented in 1956, is funded by payroll taxes and is managed by the
SSA. The objective of SSDI is to provide income supplements to workers who face substantial
restriction in their capacity to work due to disability. While employed, workers pay a portion
of their earnings into this insurance program. SSDI benefits are temporary or permanent,
depending on the nature of the worker’s specific disability, and are based on average historical
earnings.

A worker is determined to be eligible for SSDI if she meets the following four condi-
tions: (i) has a physical or mental condition that prevents any ‘substantial gainful activity’
(‘SGA”),% (ii) the impairment is expected to last 12 months or to result in the worker’s

death, (iii) is under 65 years of age, and (iv) satisfies work history requirements (Social

2In 2019, the minimum monthly SGA earnings requirement for non-blind workers is $1,220 and $2,040
for blind workers.



Security Administration, 2018a). Impairments that are considered SSDI-eligible include
conditions related to the musculoskeletal system, cardiovascular system, digestive system,
immune system, or special senses and speech; respiratory disorders; genitourinary disorders;
hematological disorders; skin disorders; endocrine disorders; congenital disorders; neurolog-
ical disorders; mental disorders; and cancer. Applicants must undergo a medical screening
process to determine if they are eligible for SSDI benefits. The period between the initial
application and final decision can extend from six months to several years. In 2017, 8.7M
disabled workers received SSDI benefits with an average monthly payout of $1,197 (Social
Security Administration, 2018a).

SSI is a means-tested program for very low-income blind and/or disabled individuals.
The program was implemented in 1974, federalizing state-run disability programs for the
poor. SSI is funded through general taxes. SSI disability status is determined using the
same standards as SSDI, but applicants must also demonstrate low income and asset levels
(i.e., a maximum of $2,000 in assets for a single applicant), and do not face work history
requirements. The average monthly SSI benefit in 2017 was $542 and the program covered
8.2M individuals (Social Security Administration, 2018b). There is a federally-established
payment level with some states electing to increase the benefit using their own funds. SSI
is considered assistance of last resort, thus all other benefits received by the individuals are
considered. The typical duration from application to benefit receipt is 30 to 90 days.

‘Concurrent claimants’ receive both SSDI and SSI. A prospective beneficiary who applies
for SSDI is also screened for SSI eligibility. If the SSDI determined benefit is sufficiently
low, the individual may also be eligible for SSI benefits. Individuals may also apply for the
programs separately. Concurrent claimants are a very low-income sub-set of SSDI claimants.

There are differences between the two programs. SSDI is available to disabled workers
with sufficient work experience to qualify while SSI provides benefits to low-income and
disabled individuals regardless of work history. SSDI recipients have access to Medicare (a
federal insurance program for elderly adults and select groups of non-elderly adults) after
two years of eligibility while SSI recipients are immediately eligible for coverage through
their state’s Medicaid program (a public insurance system for the poor).> In some cases, an
SSDI beneficiary’s dependents may also be eligible for benefits, this is not the case for SSI.
While beneficiaries for both programs have their disability evaluated by the SSA every three
to seven years, SSI recipients also have their income levels reviewed annually.

Table 1 reports demographics on non-claimants and claimants ages 18 to 64 years from the

3Some states have additional requirements for Medicaid; see Burns and Dague (2017) for more details.



2013 — the last year of our study period — Annual Social and Economic (ASEC) Supplement
to the Current Population Survey (CPS); authors’ calculation (King et al., 2018). Overall,
disability claimants are disadvantaged across a range of measures: minority status, education,
marriage outcomes, labor market participation, poverty status, earnings, and health status.
For instance, while 12.7% of non-claimants have income below the federal poverty level
(FPL), 61.5% of claimants fall below this threshold.

While there are official standards in place, there is a subjective component to the dis-
ability screening process as determining true disability status is complicated (Freedman et
al., 2004; Keiser, 2010; Burkhauser, Fisher, Houtenville, & Tennant, 2014). This subjec-
tivity adds uncertainty to the decision of whether or not to apply for disability benefits.
Given the non-trivial transaction costs associated with placing a claim (e.g., medical and
work history review for SSDI, a period of low earnings while largely out of the work force,
stigma associated with applying for disability, and a medical review for the SSI claimant
along with a family-level review of available income and assets), some prospective claimants
may be induced into/out of claiming following small changes in disability benefit costs and
benefits. We expect that marijuana obtained following an MML may influence claiming for

such individuals on the margin of placing a claim.

2.2 Mechanisms

Access to marijuana through MMLs can potentially lead to changes in disability claiming in
several ways. We take the canonical Grossman (1972) model as our starting point. Within
this framework, health is a determinant of labor supply as health influences the amount of
time a consumer can allocate to work (Currie & Madrian, 1999).

Equation 1 presents a simplified version of a Grossman labor supply equation:

Dy = F(Hy, Wy, Q) (1)

Where D, is a measure of disability claiming, H; is individual health, W, is the wage
rate the worker can earn in the labor market, and @), is a vector of other factors that may
affect labor supply. Disability claiming — which is a substitute for work for some individuals
(Autor & Duggan, 2006) — is decreasing in H; and W;. We present this simple model to

organize a discussion of the ways in which expanded access to medical marijuana, through



MMLs, may influence an individual’s decision to claim disability.* ®> We note that MMLs
may trigger changes in the propensity to claim and/or the duration of a claim.

MMLs, by increasing access to medical marijuana, could affect claiming by influencing
symptoms (H;) associated with health conditions that qualify workers for disability, for in-
stance symptoms such as chronic pain. Several studies report evidence that MMLs promote
a shift towards medical marijuana from formal prescription medications. Within Medicaid,
Bradford and Bradford (2017) and Wen and Hockenberry (2018) show that following passage
of an MML depression medications decline 13%, psychosis medications decline 12%, overall
pain medications decline 11%, and opioid medications decline 6%. Comparable shifts away
from traditional prescriptions are identified within Medicare (Bradford & Bradford, 2016;
Bradford et al., 2018; Bradford & Bradford, 2018) and among the privately insured (Ozluk,
2017). Bachhuber, Saloner, Cunningham, and Barry (2014), and Powell, Pacula, and Jacob-
son (2018) find that passage of an MML reduces the opioid fatal overdose rate by as much as
24.8%, further suggesting that some individuals substitute marijuana for opioids post-MML.
Many prescription medications impose side effects that may reduce work capacity. For ex-
ample, side effects of opioids include addiction, confusion, feelings of weakness, and nausea,
all of which could reduce capacity to work. Indeed, there is evidence that MML passage
leads to improvements in many, but not all, health outcomes that are plausibly linked with
work-capacity and, in turn, disability claiming (Anderson, Rees, & Sabia, 2014; Ullman,
2017; Abouk & Adams, 2018; Anderson, Rees, & Tekin, 2018). For instance, Sabia, Swigert,
and Young (2017) find that following passage of an MML, days in poor physical and mental
health decline while physical activity increases, and Nicholas and Maclean (2019) document
that, among older workers, reported pain declines. If marijuana is equally, or perhaps more,
effective than formal medications in symptom management and/or offers a less burdensome
side effect profile, disability claiming should decline post-MML (0D,/OM ML, < 0).

Individuals who use marijuana recreationally following passage of an MML may experi-
ence worse health (H;) and, potentially, reduced wages (W;) (Sabia & Nguyen, 2018). Wors-

ening health and lower wages should decrease labor supply and increase disability claiming.

4In the Grossman model, the time constraint is as follows: L; + V; + W, +S; = 1 where L, is leisure time,
V} is time spent investing in health, W, is working time and includes Dy, and S; is sick time. We expect
MMLs will change S; overall. However, MMLs may also reduce V; for some consumers, those who used
marijuana medically when it was an illegal substance and now face reduced non-monetary costs of using this
substance (e.g., time spent searching for a seller in the illegal drug market), and increase V; for those who
only begin to use marijuana medically following passage of an MML.

5We note that MMLs may influence disability claiming through Q;. Such pathways are likely heteroge-
neous across workers and we leave this discussion for future work.

5During our study period, substance abuse is not a qualifying condition for disability.



If workers are intoxicated by marijuana, such use may increase the risk of a disability, leading
to a claim. Several studies document that overall marijuana use and use that is likely to
be recreational increases post-MML (Chu, 2014, 2015; Pacula, Powell, Heaton, & Sevigny,
2015; Wen, Hockenberry, & Cummings, 2015). For instance, Chu uses administrative data
and shows that MML passage leads to a 10 to 20% increase in arrests for marijuana-related
possession and substance abuse treatment admissions (Chu, 2014, 2015). These pathways
suggest: 0D, /OMML,; > 0.

MMLs may also change the use of other substances (Anderson, Hansen, & Rees, 2013;
Wen et al., 2015; Sabia et al., 2017; Chu, 2015). However, the findings are somewhat mixed.
For example, Anderson et al. (2013) and Sabia et al. (2017) show that alcohol use declines
post-MML while Wen et al. (2015) document an increase following law adoption. Chu (2015)
shows that MMLs decrease heroin use but are unrelated to cocaine use. If substance use
declines, all else equal, claiming should decline: dD;/OM ML, < 0.

Features of the U.S. labor market and the disability claiming process itself suggest a
link between MMLs and disability claiming. During our study period there was no legal
protection for medical marijuana users against job termination due to drug use; if an em-
ployee who used marijuana medically tested positive for marijuana during a drug test, he
could be fired. Losing a job could prompt an individual to apply to disability. The per-
ception by a beneficiary that medical marijuana use will reduce labor market opportunities
may prolong a claiming spell. If use of marijuana obtained through an MML alters an in-
dividual’s peer group and the new peer group changes the costs and benefits of disability
claiming (e.g, information about disability or stigma associated with receiving disability),
then disability claiming may change. Peer effects have been identified in disability take-up
(Furtado, Papps, & Theodoropoulos, 2019). Changes in providers (the majority of providers
do not recommend marijuana) may lead to comparable changes in knowledge of or attitudes
towards disability claiming. These pathways suggest 0D;/OM ML, > 0. If MML passage
spurs an increase in new disability applications, this increase may reduce the amount of time
SSA reviewers can allocate to reviews of ongoing claims, which may increase or decrease the
number of terminated claims.

In summary, the potential effect of expanded access to marijuana through MMLs on
disability claiming is unclear given the complex set of pathways that may act in conjunction,
or in opposition, to one another. Further, the available related MML studies have not
examined individuals who are likely to claim disability and are, by definition, in worse

health. Thus, it is not clear how the extant findings generalize to disabled workers. Our



objective in this study is to estimate the net effect of an MML passage on disability claiming.

3 Data, variables, and methods

3.1 Data and outcomes

We draw administrative data on the number of processed claims from the SSA State Agency
Monthly Workload Data (SAMWD) over the period 2001 to 2013. The data are available
from October 2000 onward and we start our study period with the first full year of data
(2001). We truncate the data in 2013 as after this period states began to implement laws that
legalized recreational use of marijuana and we wish to avoid confounding from these laws.
Core provisions of the ACA came into effect in 2014, including state Medicaid expansions
to previously ineligible adults and private insurance subsidies, which may have reduced the
value of insurance offered through disability claiming. However, we report results using data
through 2017 in a sensitivity check. The SAMWD are ideal for our study as they contain
detailed month-by-month state-level information on claims for disability benefits processed
by one of the state SSA agencies.

The number of disability claimants is a stock variable that is determined by flows into
and out of disability. We focus on the following flow variables to understand the evolution of
claims post-MML: new applications, new beneficiaries, and medical terminations of claims
following a continuing disability review (CDR); the SSA reviews all ongoing claims every
three to seven years to determine if the claimant remains medically eligible for benefits.”

We consider three types of claims: (i) SSDI and/or SSI (‘total’), (ii) SSDI and SSI (SSDI
and concurrent claims, which we refer to as ‘SSDI’), and (iii) SSI only (‘SST’). A limitation
of the SAMWD is that we cannot separate disabled child SSI terminations from adult SSI
terminations; we can separate child and adult SSI applications and new beneficiaries. To
ensure comparable outcomes, in the main analysis we include disabled child SSI in all SSI
variables. However, as we show in a robustness check, our SSI application and new beneficiary
results are not appreciably different when we exclude disabled child claims.

We convert total and SSDI claiming variables to the rate per 10,000 non-elderly adults

using population data from the U.S. Census and age-share information from the Current

"CDRs can be medically-related or work-related. Medically-related CDRs occur more regularly for
claimants with disabilities that, at the initial allowance, could improve (e.g., every three years) and less
regularly for disabilities are unlikely to improve (e.g., every seven years). Work-related CDRs are performed
if a claimant reports working and/or increases working. Working can imply that the claimant is no longer
disabled. Information on work-related CDRs is not provided in the SAMWD.



Population Survey (CPS) (King et al., 2018); SSDI is available to non-elderly adults. For
SSI claiming, we use the adult population (18 years and older) as there is no age limit to SSI
eligibility. We use the term ‘eligible adults’ for these population variables. We aggregate the
monthly-level data to the state-year level to smooth out seasonality in claiming,® leaving us

with 663 observations.

3.2 State MMLs

We use data on state MML effective dates collected by Sabia and Nguyen (2018) to capture
states’ law environment. We report MMLs in Table 2 column 1. Using this information, we
construct a variable coded one in state/year pairs with an MML in place and coded zero in
state/year pairs when there is no MML. We code all laws as of January 1st of each year. For
example, if a state implemented an MML in June of year ¢ our variable is coded zero in all

years prior to ¢ and in year ¢, and one in years t+1 and onward.

3.3 Empirical model

We estimate the relationship between MMLs and disability benefit claiming with the follow-

ing differences-in-differences-style (DD) regression model:

Bs,t = 60 + ﬂlMMLs,t + Xs,tBQ + )\s + Yt + Hs.t (2)

B is a claiming rate variable in state s in year t. M ML, is an indicator for a state
MML. X, is a vector of state-level characteristics that plausibly predict disability claiming
(demographics from the Current Population Survey, Medicaid Health Insurance Flexibility
and Accountability [HIFA] Waivers, and marijuana decriminalization® (Pacula, Chriqui, &
King, 2003; Atherly, Dowd, Coulam, & Guy, 2012; University of Kentucky Center for Poverty
Research, 2018; Wen & Hockenberry, 2018)). A, is a vector of state fixed effects and ~; is a
vector of year fixed effects. We cluster standard errors around the state (Bertrand, Duflo, &
Mullainathan, 2004). We weight regressions by the state eligible adult population.

DD regression models identify the effect of a treatment variable (MML passage in our

83SA months have either four or five weeks as the SSA counts it work in weekly increments, leading to mis-
match between an SSA work month and a calendar month. This difference also lead us to aggregate the data
to the annual level. See the SAMWD website for more details: https://www.ssa.gov/disability /data/ssa-sa-
mowl.htm (accessed March 1st, 2019).

9We thank Rosalie Pacula for sharing an updated version of the marijuana decriminalization variable
with us.



context) using within state variation. Thus, our effects are identified off the 12 states that
adopted an MML over our study period (2001 to 2013); states that adopted MMLs outside
this period do not offer variation that we can use for identification. Our comparison group
therefore includes two groups of states: (i) states that adopted an MML prior to our study
period (‘treated controls’) and (ii) states that did not adopt an MML by 2013. A concern
with our comparison group is that treated controls may, due to the MML passed prior to
our study period, be on a differential trend in disability claiming which may complicate
interpretation of estimated generated in DD models.'® In a robustness check, we exclude

these states and show that our results are not appreciably different.

4 Results

4.1 Summary statistics

Table 3 reports summary statistics for the full sample, and for states that pass and do not
pass an MML by the end of our study period. In the full sample, the number of total
disability, SSDI, and SSI applications per 10,000 eligible adults are 145, 88, and 57. The
corresponding rates for new beneficiaries are 50, 30, and 20. Terminated overall disability,
SSDI, and SSI claim rates per 10,000 eligible adults are 5, 1.4, and 4. Application, new
beneficiary, and terminated claims rates are lower in MML states than in non-MML states.
For instance, the overall disability application rate per 10,000 eligible adults is 134 in MML
states and 163 non-MML states. An MML is in place in 23% of the state-year pairs covered
by our study period.

4.2 Regression analysis of disability claiming outcomes

Table 4 reports selected results generated in our DD regression models. We observe that
post-MML, applications and new beneficiaries increase, while terminated claims decrease.
While applications increase for all forms of disability we study, increases in new beneficiaries
are driven by SSI claimants while declines in terminations are driven by SSDI claimants.
In particular, post-MML, overall disability, SSDI, and SSI applications increase by 7.3
per 10,000 eligible adults or 5.0% (relative effect sizes are compared to the sample mean),
3.8 per 10,000 eligible adults or 4.3%, and 3.5 per 10,000 eligible adults or 6.4%. SSI new

beneficiary rates increase post-MML, but overall disability and SSDI new beneficiary rates

10Tf MMLs simply lead to a level shift in claiming this issue is not a concern.

10



are unchanged. In particular, following MML adoption, SSI new beneficiary rates increase
by 1.2 per 10,000 eligible adults or 5.8%. Overall disability and SSDI terminated claims
decline post-MML by 0.52 (10.3%) and 0.26 (18.5%) per 10,000 eligible adults in adopting
states; the relative effect size for SSDI terminated claims is large as the baseline mean is low
(1.4 per 10,000 eligible adults).

We observe some heterogeneity in MML effects across programs in terms of new benefi-
ciary and termination rates; MMLs appear to change the former within the SSI population
and the latter within the SSDI population. Our interpretation of these findings is that
the heterogeneity is related to estimate precision and not implied effect size. For instance,
the effect size for terminated SSI claims is similar, both in terms of absolute and relative
terms, to the SSDI point estimate, however the former is not statistically different from zero.
Examination of the effect sizes implied by the 95% confidence intervals surrounding our
point estimates suggests similar relationships between MML passage and different types of
disability claiming, thus we do not wish to overstate any heterogeneity in treatment effects.

A concern with our SSI findings is that medical marijuana may be too expensive for the
very low-income SSI recipients; either in terms of the fixed cost of a medical marijuana card
registration charged by many states or the variable cost of purchasing medical marijuana.
While, to the best of our knowledge, there is no centralized and accurate national repository
of medical marijuana prices, we have explored this question by reviewing state medical mar-
ijjuana program websites and medical marijuana seller websites (full search details available
on request). First, many states waive or reduce registration fees for low-income individuals,
which would presumably include many prospective and current SSI recipients. Second, while
there is variation in medical marijuana prices, some brands are relatively inexpensive (e.g.,
$5, which is less than the price of a package of tobacco cigarettes in some states) and many
sellers offer reduced fees to low-income consumers. Third, cost may prevent low-income
individuals from consuming a sufficient amount of medical marijuana which may reduce

effectiveness, such ‘under-dosing’ may also apply to SSDI claimants.

4.3 Parallel trends

We apply DD-style models to estimate the effect of MMLs on disability claiming. A necessary
assumption for the DD model to recover causal estimates is that treatment group (i.e., states
that passed an MML) and comparison group (i.e., states that did not pass an MML) would
have trended similarly in terms of outcomes had the treatment group not been treated; the

‘parallel trends’ assumption. While this assumption is untestable as counterfactual trends
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for the treatment group are not observed, we estimate an event-study to provide suggestive
evidence. We first center the data around the event (MML passage) for adopting states. We
impose endpoint restrictions and exclude state-year cells more than five years in advance
of/following the event (Lovenheim, 2009); where the event is the MML effective year. We
then construct indicators for one-year bins for each year pre- and post-event. We omit the
indicator for five years prior to the event and code all states that do not adopt an MML by
the end of our study period as zero. We control for all variables listed in Equation 2.
Figures 1, 2, and 3 report event study results for the applications, new recipients, and
terminated claims. Each figure reports results for our three claiming groups: overall dis-
ability, SSDI, and SSI. Pre-event indicators do not suggest that adopting and non-adopting
states followed differential trends in disability claiming. Examination of the lags suggests
that effects persist throughout the post-period. We note that application effects may dis-
sipate after roughly three to four years, but the confidence intervals are somewhat large,
perhaps due to smaller cell-sizes in more distal years following MML passsage, which pre-
vents us from ruling out continued increases in applications. Given that our event-studies
provide suggestive evidence that our data satisfies the parallel trends assumption, we report

DD results for the remainder of the manuscript.

4.4 Importance of specific MML provisions

In our main analysis we examine the effect of any MML. States, however, have elected
to regulate medical marijuana in different ways; see Table 2 columns 2 through 5. We
next investigate laws that allow for home cultivation of medical marijuana and operating
dispensaries. We also examine whether an MML that mandates the state to establish and
maintain a medical marijuana patient registry system influences our claiming outcomes.
As outlined by policy scholars, MMLs that allow legal access to marijuana (cultivation and
dispensaries) may have greater effects on marijuana use (Pacula et al., 2015; Sabia & Nguyen,
2018) and may have important effects on the supply of marijuana used for recreational
purposes purchased in the illegal drug market (Anderson et al., 2013). Finally, requiring
patients to register their marijuana use with the state may deter non-medical users (Wen et
al., 2015). In addition to the differences in allowing access, we also check if MMLs allowing
pain as a qualifying condition for eligibility have an impact different from others.

To this end, we estimate separate regressions that control for any MML and a particular
provision; this specification allows us to capture the additional effect of MML provisions

from any MML. However, we note that many states, particularly those that adopted MMLs
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after 2000, initially implemented laws that included these provisions, which limits the vari-
ation that we have to detect effects. We also report tests of the significance of the linear
combination of the any MML and the specific provision. Results are reported in Tables 5
(applications), 6 (new beneficiaries), and 7 (terminated claims).

We find little evidence that the specific provisions that we study have differential effects on
disability applications or new beneficiaries: coefficient estimates on the specific law provision
variables are small and not statistically distinguishable from zero. However, we do observe
that passage of MMLs that allow home cultivation increase SSDI terminations while MMLs

that require a patient to register their use decrease this outcome.

5 Sensitivity analyses and extensions to other benefit

claiming

5.1 Sensitivity analyses

We conduct a number of sensitivity analyses to ensure that our results are stable across a
range of reasonable alternative samples and specifications. For brevity, we simply summarize
these analyses and note when findings depart from our main results. We also conduct
falsification testing, explore different definitions of our disability claiming variables, and
further assess the validity of our DD design. Overall, our findings are robust to the sensitivity
checks we conduct and support our design validity.

First, we include the years 2014 to 2017 — these years overlap with the time period
in which states legalized recreational marijuana and the ACA insurance expansions went
into effect, we exclude states that adopted MMLs prior to our study period and thus are
‘treated controls’ 2001-2013, and we include only those state/year pairs that we include in our
event-study analysis (Tables 8, 9, and 10). Second, we explore the sensitivity of our results
to different specifications and weighting schemes (Tables 11, 12, and 13). In particular,
we exclude time-varying state-level control variables, include division-by-year fixed effects,
include a separate linear time trend for states that adopt an MML, take the logarithm of
claiming variables, use the untransformed count of claiming variables, and remove population
weights. We note that we lose precision in some specifications.

Third, we conduct a falsification exercise to ensure that we are not erroneously attribut-
ing MML effects to some other variable that follows the same evolution across U.S. states as

MMLs. To do so, we randomly re-assign MML effect dates across U.S. states and re-estimate
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our Equation 2 100 times, generating ‘placebo estimates.” If we are indeed capturing a ‘true’
MML effect, and not some other unobserved factor, we would expect our main estimate to
be an outlier relative to all placebo estimates (in the specifications in which we observe sta-
tistically significant MML effects). We report our placebo testing in Figures 4 (applications),
5 (new beneficiaries), and 6 (terminated claims). In all specifications in which we observe
statistically significant MML effects in our main regressions (Table 4) our estimate is an
outlier from the placebo estimates. We conclude from our falsification exercise that we are
not capturing the effect of some other factor or policy in our main estimates. Fourth, we
sequentially exclude each of the treated states (states that adopted an MML by March 2019,
we include all adopting states — not just those states that adopted during our study period
— for completeness) from our sample and re-estimate our DD-style regression. This check
explores the extent to which our findings are driven by specific states. Results are reported
graphically and provide no evidence that are results are driven by one particular state; see
Figures 7 (applications), 8 (new beneficiaries), and 9 (terminated claims).

We also investigate whether passage of an MML induces individuals to move to, or away
from, adopting states, i.e., program-induced migration (Moffitt, 1992). Such behaviors, if
present, could lead to bias in our estimates of MML effects. We next study migration induced
by MML using data from the 2001-2013 ACS which includes information on past year moves,
which we aggregate to the state-year level. We explore migration effects among the full (i.e.,
no income exclusion) non-elderly and the non-elderly population within incomes at or below
250% FPL. Focusing on a lower income sample allows us to isolate a sample that is more
likely to claim SSI. Results are reported in Table 14; we find no evidence that MMLs induce
cross-state migration. A related question is the extent to which individuals who reside in
states without an MML may purchase medical marijuana in other states that have such a
law in place, which could lead to bias in our estimates of MML effects (Lovenheim, 2008). To
explore this issue, we include an indicator for whether or not a border state has adopted an
MML in Equation 2. Results are reported in Table 15 are very similar to our main findings.

In our main analyses, we include disabled children in our SSI variables. We next remove
disabled children and re-estimate SSI applications and new beneficiaries claiming variables
(we are unable to separate disabled children and adult SSI terminations). Results are re-
ported in Table 16 and are similar to our main findings. We next separate ‘concurrent’ (SSDI
and SSI) from SSDI claims and re-estimate Equation 2 to examine whether this population
has a differential response to MMLs than the overall SSDI population (Table 17).

As we note in Section 2.1, the time period from initial SSDI application to award can
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take several years for some beneficiaries. Our primary specification, which uses the con-
temporaneous MML, may not adequately capture the time required for an application to
complete this process. We are less concerned about time delays for SSI (which are typically
determined with 30 to 90 days), and applications and terminations (which are most likely to
respond to contemporaneous law changes). To explore the importance of time dynamics for
new beneficiaries, we re-estimate Equation 2 sequentially using a one, two, three, and four
year lag in the MML variable. While we are most interested in SSDI, we report new total,
SSDI, and SSI beneficiary results for completeness. Results are reported in Table 18. We find
no statistically significant evidence, using any of our lag structures, that MML passage leads
to changes in the number of new SSDI beneficiaries. We note that the coefficient estimate in
the SSI specification is no longer statistically distinguishable from zero in these alternative
specifications. This finding is in line with our hypothesis that, due to the relatively short
time period from initial application to claim determination, SSI outcomes should be more
responsive to contemporaneous law changes.

Finally, we follow Pei, Pischke, and Schwandt (2018) and regress the MML indicator on
our control variables to assess the extent to which our data satisfy the conditional inde-
pendence assumption (Table 19). Reassuringly, our control variables do not individually or

collectively predict MML passage.

5.2 Extensions to other forms of benefit claiming

We next examine if MMLs influence an additional form of benefit claiming: Unemployment
Insurance (UI). UI benefits are paid to previously employed workers who enter an unem-
ployment spell. MMLs plausibly affect claiming behaviors related to these benefits in similar
ways as we hypothesize for SSDI and SSI benefits. However, given differences in the types of
individuals who are likely to claim these benefits (for instance, SSDI and SSI claimants are
particularly disadvantaged across several measures, see Table 1), effects need not be similar.

We draw data on state-level Ul initial claims from the Department of Labor Unemploy-
ment Insurance Database. We aggregate the data to the state-level and convert to a rate
per 10,000 non-elderly adults, and estimate Equation 2 to study the effects of MMLs on
this outcome. Results are reported in Table 20. We find no statistically significant evidence
that MML passage Ul benefit claiming. However, we note that our standard error estimate
is large and we cannot rule out an increase comparable to those we observe for SSDI. For
example, examination of the upper tail of the 95% confidence interval surrounding our point

estimate implies a 13% increase in Ul initial claims.
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6 Discussion

In this study we provide the first evidence on the effect of state MMLs on SSDI and SSI
disability claiming. We use administrative data from the Social Security Association (SSA)
on applications, new beneficiaries, and terminated claims over the period 2001 to 2013. We
find that applications and new beneficiaries increase post-MML while terminated claims
decrease. However, our new beneficiary estimates are somewhat noisy. Collectively, our
findings suggest that most new disability applications that are attributable to MML passage
are not legitimate claims. Put differently, upon review by an SSA medical examiner and
financial review, these claims are not allowed. MML passage also appears to prolong SSDI
claiming spells as SSDI terminations decline post-law.

We use reduced form methods to study the effects of MMLs on disability claiming. An
appeal of the reduced form approach is that it does not place restrictions on the possible
mechanisms through which a treatment variable may influence the outcome; this attribute is
of particular value in our study as we expect MMLs to influence disability claiming through a
range of pathways, which may operate in offsetting ways. While some workers may experience
improved symptom control that reduces their need for disability benefits after MML passage,
these improvements were overshadowed by behaviors that triggers an increase in applications
and greater benefit receipt tenure due to fewer terminations.

Our findings suggest that medical marijuana may not be an effective medication for dis-
abled workers. At least if work capacity is the metric used to measure treatment effectiveness.
As noted earlier, the available economic MML studies focus on general samples of respon-
dents and thus the extent to which these findings (which show some improvements in health
post-MML) need not apply to disabled workers who, by definition, are in worse health. The
reduction in terminations for medical reasons could indicate that marijuana worsens symp-
toms, leading to extended claims. However, the longer receipt period is also in line with
medical marijuana extending life through improved pain control or reduced overdoses on
pain-reducing medications (Bachhuber et al., 2014; Powell et al., 2018). Alternatively, the
change in terminations may simply reflect lower SSA staff availability for continuing reviews
due to the need to process larger numbers of new applications. Recreational use of mari-
juana obtained following passage of an MML may reduce reduce the returns to labor market
participation for marginally disabled workers, leading to a claim or extending an existing
claim. Overall, our findings are in line with a demand-side explanation: disabled individuals
who use marijuana medically do not see improvements in their capacity to work and those

individuals who use marijuana obtained through MMLs for recreational use face depresses la-
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bor market opportunities. The acts of seeking a recommendation from a medical marijuana
doctor and/or purchasing marijuana through dispensaries potentially changes knowledge
of /attitudes towards disability claiming. We view our findings as an important first step
in understanding the relationship between medical marijuana and disability claiming. We
encourage further work on this question.

Our effects are intent-to-treat (ITT) and it therefore worthwhile to consider if our esti-
mated effect sizes are of reasonable magnitude. Comparison of our estimates, which reflect
a 5% increase in applications and a 10% decrease in medical terminations, with findings
from the literature on medical use of marijuana (Bradford & Bradford, 2016; Bradford et
al., 2018; Wen & Hockenberry, 2018) and recreational marijuana use (Chu, 2014, 2015; Wen
et al., 2015) suggests that our effects are not outrageously large. However, we note that an
estimate of the treatment-on-the treated would be useful, although, from a policy perspec-
tive, an I'TT is also a very valuable object. Put differently, the MML is the lever available
to the policy maker, not other aspects of marijuana use.

Our findings add to the growing literature that evaluates the overall effects of expanded
access to medical marijuana through MMLs. This literature documents that such expan-
sions in access lead to both benefits and costs. Policy makers should consider both when
establishing MMLs. The optimal law likely varies across states based on state demographics,
underlying health status, labor market conditions, and so forth. From a broader regulatory
perspective, our findings highlight the importance of considering policy spillovers. Previous
researchers have examined such spillovers in the context of, for example, MMLs, minimum
wages, retirement ages, and workers compensation benefits (Page, Spetz, & Millar, 2005;
Duggan et al., 2007; McInerney & Simon, 2012; Reich & West, 2015; Bradford & Bradford,
2016, 2017; Hudson & Moriya, 2017). Overall, these studies document that optimal policy
requires considering not only the ‘first order’ effects but also secondary effects. Failure to do

so can lead to an inaccurate estimates of policy costs and benefits.
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Table 1: Characteristics of non-disability claimants and disability claimants

Sample: Non-claimants Claimants
Age 40.29 48.60
Male 0.490 0.482
Female 0.510 0.518
White 0.783 0.721
Non-white 0.217 0.279
Hispanic origin 0.169 0.121
College education 0.308 0.0857
Less than college education 0.692 0.914
Married 0.530 0.326
Not married 0.470 0.674
In the labor force 0.785 0.0950
Not in the labor force 0.215 0.905
Poverty 0.127 0.334
Wage and salary earnings ($) 34172.7 1063.1
Any difficulties with daily activities 0.0494 0.615
Observations 115,983 5,681

Notes: Dataset is ASEC to the CPS 2013. The unit of observation is a CPS respondent.
Data are weighted by the ASEC sample weights. Difficulties with daily activities include
difficulty with hearing, vision, memory, mobility, physical health, and own personal care.
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Table 2: State medical marijuana laws implemented between 1996 and 2013

MML Provisions

State MML Cultivation Dispensary Non-specific pain  Registry

(1) (2) (3) (4) (5)

First MML before 2001

Alaska 3/1999 n/a n/a 3/1999 3/1999
Colorado 6,/2001 6,/2001 7/2005 6,/2001 6,/2001
Hawaii 12/2000 n/a n/a 12/2000 12/2000
Maine 12/1999 n/a 4/2011 n/a 12/2009
California 11/1996  11/1996  11/1996 11/1996 n/a
Oregon 12/1998 12/1998 11,/2009 12/1998 1/2007
Washington 11/1998 7/2011 4/2009 11/1998 n/a
First MML In 2001 or later

Arizona 4/2011 4/2011 12/2012 4/2011 4/2011
Connecticut 5/2012 n/a 8/2014 n/a 5/2012
DC 7/2010 n/a 7/2013 n/a 7/2010
Delaware 7/2011 n/a n/a 7/2011 7/2011
Massachusetts 1/2013 n/a n/a n/a 1/2013
Michigan 12/2008  12/2008  12/2009 12/2008 n/a
Montana 11/2004  11/2004  4/2009 11,/2004 n/a
Nevada 10/2001  10/2001 n/a 10/2001 10/2001
New Hampshire 7/2013 n/a n/a 7/2013 7/2013
New Jersey 10/2010 n/a 12/2012 10/2010 10/2010
New Mexico 7/2007 n/a 6/2009 n/a 7/2007
Rhode Island 1/2006 1/2006 4/2013 1/2006 1/2006
Vermont 7/2004 n/a 6/2013 7/2007 7/2004

Notes: Data  source: Sabia and Nguyen (2018) and ProCon

(http://medicalmarijuana.procon.org/view.resource.php?resourcel D=000881;
accessed August 2nd, 2017). The effect of having any MML in place is identified
in our empirical models using variation offered by states passing their first
law between 2001 and 2013. The following states passed an MML after 2013:
Arkansas (2016), Florida (2017), Illinois (2014), Maryland (2014), Missouri (2018),
Minnesota (2014), North Dakota (2016), New York (2014), Ohio (2016), Oklahoma
(2018), Pennsylvania (2016), Utah (2018), and West Virginia (2017).
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Table 3: Summary statistics

Sample: All states MML states Non-MML states
Applications per 10,000 non-elderly

All claims 145.1 134.2 163.3
SSDI 88.47 81.15 100.7
SSI only 56.76 53.22 62.74
New beneficiaries per 10,000 non-elderly

All claims 49.61 48.39 51.66
SSDI 29.97 29.10 31.41
SSI only 19.67 19.32 20.26
Terminations per 10,000 non-elderly

All claims 5.040 4.641 5.708
SSDI 1.407 1.350 1.503
SSI only 3.685 3.342 4.265
MMLs

Any MML 0.226 0.360 0
Control variables

Decriminalize marijuana 0.204 0.301 0.041
HIFA waiver 0.076 0.121 0
Age 36.56 36.90 35.99
Male 0.489 0.490 0.488
Female 0.511 0.510 0.512
White 0.799 0.802 0.795
African American 0.127 0.110 0.157
Other race 0.074 0.089 0.048
Hispanic 0.152 0.169 0.122
Born outside the U.S. 0.135 0.167 0.083
No college education 0.749 0.734 0.775
College education 0.251 0.266 0.225
Observations 663 377 286

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
Data are weighted by the state eligible adult population.
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Table 4: Effect of MML passage on disability claiming outcomes

Outcome: All disability  SSDI ~ SSI only
Mean value 145.1 88.47 56.76
Applications 7.28%* 3.78%  3.46%F*
(2.78) (1.98) (1.17)
Mean value 49.61 29.97 19.67
New beneficiaries 1.75 0.58 1.15*
(1.81) (1.31) (0.59)
Mean value 5.040 1.407 3.685
Terminated claims -0.52%* -0.26** -0.27
(0.27) (0.12)  (0.24)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
All models estimated with OLS and control for any MML, state characteristics,
state fixed effects, and year fixed effects. Data are weighted by the state eligible
adult population. Standard errors are clustered at the state level and are reported
in parentheses. *** *** — gtatistically different from zero at the 1%,5%,10% level.
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Table 5: Effect of specific MML provisions on applications

Outcome: All disability  SSDI  SSI only
Mean value 145.1 88.47 56.76
Panel A
MML 6.01 2.80 3.17%*
(3.72) (2.86) (1.19)
Home cultivation 2.54 1.96 0.57
(4.32) (3.32)  (1.28)
Linear combination 8.55** 4.76%  3.74%*
of MML + provision (3.63) (2.63)  (1.47)
Panel B
MML T.8TH** 4.04%* 379Kk
(2.42) (1.88) (0.93)
Dispensaries -1.49 -0.67 -0.84
(2.91) (2.17) (1.14)
Linear combination 6.38 3.37 2.95%
of MML + provision (3.86) (2.65)  (1.71)
Panel C
MML 2.10 -0.40 2.47
(6.62) (3.92)  (2.84)
Pain qualifying condition 6.41 5.17 1.23
(7.19) (4.52)  (2.97)
Linear combination 8.51%** 4.77F*  3.69%**
of MML + provision (2.96) (2.25)  (1.20)
Panel D
MML 7.21%* 3.48  3.67FF*
(2.99) (2.14)  (1.19)
Patient registry 0.12 0.47 -0.34
(3.54) (2.58)  (1.24)
Linear combination 7.32%* 3.95 3.33**
of MML + provision (3.40) (2.39)  (1.38)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
Each panel reports selected results from a separate regression. All models esti-
mated with OLS and control for any MML, state characteristics, state fixed effects,
and year fixed effects. Data are weighted by the state eligible adult population.
Standard errors are clustered at the state level and are reported in parentheses.
Rk k¥ — statistically different from zero at the 1%,5%,10% level.
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Table 6: Effect of specific MML provisions on new beneficiaries

Outcome: All disability SSDI ~ SSI only
Mean value 49.61 29.97 19.67
Panel A
MML 1.81 0.64 1.16
(2.48) (1.81)  (0.73)
Home cultivation -0.14 -0.12 -0.03
(3.22) (2.35)  (0.91)
Linear combination 1.68 0.52 1.13
of MML + provision (2.36) (1.69)  (0.77)
Panel B
MML 1.17 0.23 0.93*
(1.82) (1.35)  (0.54)
Dispensaries 1.46 0.90 0.54
(1.77) (1.28)  (0.56)
Linear combination 2.63 1.12 1.47*
of MML + provision (2.29) (1.62)  (0.78)
Panel C
MML -0.95 -1.61 0.64
(3.64) (2.54)  (1.27)
Pain qualifying condition 3.34 2.71 0.62
(3.92) (2.77)  (1.36)
Linear combination 2.39 1.10 1.27%*
of MML + provision (1.86) (1.36)  (0.61)
Panel D
MML 2.18 1.13 1.04
(1.51) (1.00)  (0.71)
Patient registry -0.69 -0.87 0.17
(1.95) (1.29)  (0.83)
Linear combination 1.49 0.26 1.21
of MML + provision (2.27) (1.66)  (0.74)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
Each panel reports selected results from a separate regression. All models esti-
mated with OLS and control for any MML, state characteristics, state fixed effects,
and year fixed effects. Data are weighted by the state eligible adult population.
Standard errors are clustered at the state level and are reported in parentheses.
Rk k¥ — statistically different from zero at the 1%,5%,10% level.
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Table 7: Effect of specific MML provisions on terminated claims

Outcome: All disability ~ SSDI ~ SSI only
Mean value 5.040 1.407 3.685
Panel A
MML -0.68* S0.71%F 2(0.42%**
(0.32) (0.10)  (0.28)
Home cultivation 0.39 (0.32%** 0.08
(0.27) (0.10)  (0.23)
Linear combination -0.32 -0.10 -0.23
of MML + provision (0.26) (0.11) (0.24)
Panel B
MML -0.33 -0.25% -0.10
(0.32) (0.13)  (0.26)
Dispensaries -0.46 -0.01 -0.43*
(0.31) (012)  (0.22)
Linear combination -0.80%* -0.26%  -0.53**
of MML + provision (0.33) (0.15) (0.26)
Panel C
MML -0.55 -0.40** -0.19
(0.80) (0.18)  (0.71)
Pain qualifying condition 0.04 0.17 -0.09
(0.79) (0.20)  (0.70)
Linear combination -0.51%* -0.22%* -0.28
of MML + provision (0.25) (0.13) (0.20)
Panel D
MML -0.26 -0.07 -0.20
(0.24) (0.11)  (0.24)
Patient registry -0.41 -0.30** -0.10
(0.28) 0.12)  (0.27)
Linear combination -0.67* -0.37%*%  -0.30
of MML + provision (0.34) (0.10) (0.29)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
Each panel reports selected results from a separate regression. All models esti-
mated with OLS and control for any MML, state characteristics, state fixed effects,
and year fixed effects. Data are weighted by the state eligible adult population.
Standard errors are clustered at the state level and are reported in parentheses.
Rk k¥ — statistically different from zero at the 1%,5%,10% level.
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Table 8: Effect of MML passage on applications using different samples

Outcome: All disability SSDI ~ SSI only
Sample mean 141.7 86.58 55.28
Years 2001-2017 4.15 2.97* 1.08
(2.70) (1.71)  (1.26)
Observations 867 867 867
Sample mean 152.2 92.80 59.45
Drop treated controls 6.98% 4.28%  2.68*
(3.52) (2.49)  (1.50)
Observations 559 559 559
Sample mean 153.9 94.87 59.55
Event-study sample 5.16* 3.53 1.61%*
(3.06) (2.47)  (0.80)
Observations 452 452 452

Notes: Dataset is SAMWD 2001 to 2013 unless otherwise noted. The unit of
observation is a state-year. All models estimated with OLS and control for any
MML, state characteristics, state fixed effects, and year fixed effects.
weighted by the state eligible adult population. Standard errors are clustered at
the state level and are reported in parentheses. *** *** — gtatistically different

from zero at the 1%,5%,10% level.
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Table 9: Effect of MML passage on new beneficiaries using different samples

Outcome: All disability SSDI ~ SSI only
Sample mean 47.74 28.75 59.17
Years 2001-2017 0.34 -0.16 0.44
(1.27) (0.75)  (0.60)
Observations 867 867 867
Sample mean 51.18 31.12 19.69
Drop treated controls 1.28 0.59 0.68
(1.89) (1.31)  (0.67)
Observations 559 559 559
Sample mean 50.55 30.87 19.62
Event-study sample 2.47 1.53 0.93
(1.66) (1.04)  (0.69)
Observations 452 452 452

Notes: Dataset is SAMWD 2001 to 2013 unless otherwise noted. The unit of

observation is a state-year. All models estimated with OLS and control for any

MML, state characteristics, state fixed effects, and year fixed effects.

weighted by the state eligible adult population. Standard errors are clustered at
the state level and are reported in parentheses. *** *** — gtatistically different

from zero at the 1%,5%,10% level.
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Table 10: Effect of MML passage on terminated claims using different samples

Outcome: All disability ~ SSDI  SSI only
Sample mean 6.175 1.659 4.586
Years 2001-2017 -1.47%%* -0.29%  -1.13%F*
(0.45) (0.15) (0.33)
Observations 867 867 867
Sample mean 5.409 1.437 4.024
Drop treated controls -0.69%* -0.26* -0.43
(0.30) (0.13) (0.26)
Observations 559 559 559
Sample mean 5.385 1.450 3.983
Event-study sample -0.71%* -0.21%%  -0.51%
(0.28) (0.09) (0.27)
Observations 452 452 452

Notes: Dataset is SAMWD 2001 to 2013 unless otherwise noted. The unit of
observation is a state-year. All models estimated with OLS and control for any
MML, state characteristics, state fixed effects, and year fixed effects. Data are
weighted by the state eligible adult population. Standard errors are clustered at
the state level and are reported in parentheses. *** *** — gtatistically different
from zero at the 1%,5%,10% level.
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Table 11: Effect of MML passage on applications using different specifications

Outcome: All disability SSDI SSI only
Mean value 145.1 88.47 56.76
Drop time-varying 7.21%* 4.04* 3.12%
state-level controls (3.47) (2.03) (1.71)
Include division-by-year 9.12%** 4.95%H* 3.467%*
fixed effects (2.68) (1.78) (1.17)
Include state-specific 7.45 4.60 2.86%*
linear time trends (5.07) (3.81) (1.42)
Logarithm of rate 0.06** 0.05 0.07#%*
(0.03) (0.03) (0.03)
Sample mean 113005.7 66731.0 46091.9
Untransformed count 4749.38** 851.45  3836.13***
(2220.26)  (1568.59)  (1400.01)
Sample mean 146.0 91.83 54.12
Unweighted 7.24 4.66 2.58
(5.29) (3.68) (1.78)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
All models estimated with OLS and control for any MML, state characteristics,
state fixed effects, and year fixed effects. Data are weighted by the state eligible
adult population. Standard errors are clustered at the state level and are reported
in parentheses. *** ** * — gtatistically different from zero at the 1%,5%,10% level.
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Table 12: Effect of MML passage on new beneficiaries using different specifications

Outcome: All disability ~ SSDI SSI only
Mean value 49.61 29.97 19.67
Drop time-varying 2.01 0.92 1.07
state-level controls (3.19) (2.12) (1.12)
Include division-by-year 1.40 0.61 1.15%
fixed effects (1.85) (1.28) (0.59)
Include state-specific 4.44** 3.09%* 1.34%**
linear time trends (1.93) (1.32) (0.66)
Logarithm of rate 0.02 -0.00 0.05
(0.05) (0.05)  (0.04)
Sample mean 40209.3 23277.7  16837.4
Untransformed count 3299.15* 1276.61 1979.36**
(1673.57) (934.69)  (865.31)
Sample mean 50.07 31.28 18.79
Unweighted 1.11 0.76 0.36
(2.22) (1.71)  (0.61)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
All models estimated with OLS and control for any MML, state characteristics,
state fixed effects, and year fixed effects. Data are weighted by the state eligible
adult population. Standard errors are clustered at the state level and are reported
in parentheses. *** ** * — gtatistically different from zero at the 1%,5%,10% level.
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Table 13: Effect of MML passage on terminated claims using different specifications

Outcome: All disability ~ SSDI ~ SSI only
Mean value 5.040 1.407 3.685
Drop time-varying -0.45 -0.23%** -0.23
state-level controls (0.27) (0.09) (0.25)
Include division-by-year -0.24 -0.26** 0.02
fixed effects (0.40) (0.10) (0.34)
Include state-specific -0.47 -0.18 -0.32
linear time trends (0.36) (0.13) (0.32)
Logarithm of rate -0.06 -0.13** -0.02
(0.05) (0.06)  (0.07)
Sample mean 3889.3 1107.9 2806.7
Untransformed count 194.95 2.86 183.49
(285.92) (119.37) (191.78)
Sample mean 4.991 1.455 3.571
Unweighted 0.06 -0.28%* 0.33
(0.47) (0.12) (0.39)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
All models estimated with OLS and control for any MML, state characteristics,
state fixed effects, and year fixed effects. Data are weighted by the state eligible
adult population. Standard errors are clustered at the state level and are reported
in parentheses. *** ** * — gtatistically different from zero at the 1%,5%,10% level.

30



Table 14: Effect of MML passage on cross state migration

Sample: Full sample Low income sample

Mean value 0.028 0.036

MML 0.0006 0.0011
(0.0008) (0.0013)

Observations 663 663

Notes: Dataset is the ACS 2001-2013. Outcome is an indicator variable for a past-
year across state move. Low income sample includes only ACS respondents with
family income at or below 250% FPL. The unit of observation is a state-year. All
models estimated with OLS and control for any MML, state characteristics, state
fixed effects, and year fixed effects. Data are weighted by the state eligible adult
population. Standard errors are clustered at the state level and are reported in
parentheses. *** ** * — gtatistically different from zero at the 1%,5%,10% level.
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Table 15: Effect of MML passage on disability claiming outcomes controlling for a border
state with an MML

Outcome: All disability SSDI  SSI only
Mean value 145.1 88.47 56.76
Applications 7.08%* 3.72%  3.31%**
(2.88) (2.05)  (1.13)
Mean value 49.61 29.97 19.67
New beneficiaries 1.99 0.76 1.21**
(1.73) (1.23)  (0.59)
Mean value 5.040 1.407 3.685
Terminated claimsL -0.51%* -0.25%* -0.27
(0.27) (0.13)  (0.23)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
All models estimated with OLS and control for any MML, an inidcator variable
for whether a state borders another state with an MML, state characteristics, state
fixed effects, and year fixed effects. Data are weighted by the state eligible adult
population. Standard errors are clustered at the state level and are reported in
parentheses. *** ** * — gtatistically different from zero at the 1%,5%,10% level.
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Table 16: Effect of MML passage on SSI applications and new beneficiaries, excluding dis-
abled children counts

Outcome: Applications New beneficiaries
Mean value 33.79 10.28
MML 3.00%* 1.06**
(1.17) (0.50)
Observations 663 663

Notes: Dataset is SAMWD 2001 to 2017. The unit of observation is a state-year.
All models estimated with OLS and control for any MML, state characteristics,
state fixed effects, and year fixed effects. Data are weighted by the state eligible
adult population. Standard errors are clustered at the state level and are reported
in parentheses. *** ** * — gtatistically different from zero at the 1%,5%,10% level.
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Table 17: Effect of MML passage on concurrent applications, new beneficiaries, and termi-

nated claims

Outcome: Applications New beneficiaries Terminated claims
Mean value 42.46 10.40 0.330
MML 2.76%* 0.23 -0.03

(1.13) (0.55) (0.04)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2017. The unit of observation is a state-year.
All models estimated with OLS and control for any MML, state characteristics,
state fixed effects, and year fixed effects. Data are weighted by the state eligible
adult population. Standard errors are clustered at the state level and are reported
in parentheses. *** ** * — gtatistically different from zero at the 1%,5%,10% level.

34



Table 18: Effect of MML passage on new beneficiaries using different lag structures

Outcome: All disability SSDI ~ SSI only
Mean value 145.1 88.47 26.76
One year lag 0.94 0.24 0.68
(1.70) (1.23)  (0.58)
Two year lag 1.36 0.59 0.76
(2.02) (1.46)  (0.66)
Three year lag 0.42 -0.31 0.70
(2.23) (1.59)  (0.72)
Four year lag 0.53 -0.18 0.70
(1.98) (1.47)  (0.64)
Observations 663 663 663

Notes: Dataset is SAMWD 2001 to 2013. The unit of observation is a state-year.
All models estimated with OLS and control for any MML, state characteristics,
state fixed effects, and year fixed effects. Data are weighted by the state eligible
adult population. Standard errors are clustered at the state level and are reported
in parentheses. *** ** * — gtatistically different from zero at the 1%,5%,10% level.
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Table 19: Correlates of passing an MML

Outcome MML
Sample proportion 0.226
Decriminalize marijuana -0.05
(0.09)
HIFA waiver 0.11
(0.11)
Age 0.10
(0.06)
Female 1.34
(3.87)
African American -0.04
(2.17)
Other race 0.99
(1.53)
Hispanic 0.52
(2.90)
College education -1.10
(1.25)
Born outside the U.S. 3.01
(2.82)
F-test of joint significance of time-varying state-level controls  0.96
p-value 0.48
Observations 663

Notes: The unit of observation is a state-year. All models estimated with OLS
and control for any MML, state characteristics, state fixed effects, and year fixed
effects. Data are weighted by the state non-elderly population. Standard errors are
clustered at the state level and are reported in parentheses. *** *** — gtatistically
different from zero at the 1%,5%,10% level.
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Table 20: Effect of MML passage on unemployment insurance benefit claiming

Outcome Unemployment insurance initial claims per 100,000 non-elderly adults
Mean value 1072.6
MML 11.15
(65.29)
Observations 663

Notes: Unemployment insurance initial claims drawn from the Department of La-
bor Unemployment Insurance Database 2001-2013. The unit of observation is a
state-year. All models estimated with OLS and control for any MML, state charac-
teristics, state fixed effects, and year fixed effects. Data are weighted by the state
non-elderly population. Standard errors are clustered at the state level and are re-

ported in parentheses. *** ** * — gtatistically different from zero at the 1%,5%,10%
level.
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Figure 1: Applications event-study results

Notes: Dataset is SAMWD 2001-2013. Coefficients are estimates from event study models
controlling for time-varying state characteristics, state fixed effects, and year fixed effects.
The omitted category is eight years prior to law passage. Non-adopting states coded as zero
for all event-time indicators. Observations more than five years in advance/following law
passage excluded (among the sample of states that adopted the law).
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Figure 2: New beneficiaries event-study results

Notes: Dataset is SAMWD 2001-2013. Coefficients are estimates from event study models
controlling for time-varying state characteristics, state fixed effects, and year fixed effects.
The omitted category is eight years prior to law passage. Non-adopting states coded as zero
for all event-time indicators. Observations more than five years in advance/following law
passage excluded (among the sample of states that adopted the law).

39



T T

=i ~ g
% n
9
el N
T T T T T T T T T T T T T T T T T T T T
X & 9 N O N O D K B oy M NOR N A B B
Time to MML Time to MML
|
7 I
|
7 I T
|
o T
b ol ] @
% I ® L
57 |
|
K |
|
a7 |
T T T T T T T T T T
B o HE % D gh g g b
Time to MML

Figure 3: Terminated claims event-study results

Notes: Dataset is SAMWD 2001-2013. Coefficients are estimates from event study models
controlling for time-varying state characteristics, state fixed effects, and year fixed effects.
The omitted category is eight years prior to law passage. Non-adopting states coded as zero
for all event-time indicators. Observations more than five years in advance/following law
passage excluded (among the sample of states that adopted the law).
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Notes: Dataset is SAMWD 2001-2013. The large diamond is the coefficient estimate from
the main DD model. Circles represent placebo estimates in which we randomly re-assign

Figure 4: Applications placebo testing results

state MMLs across states. See text for more details.
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Figure 5: New beneficiaries placebo testing results

Notes: Dataset is SAMWD 2001-2013. The large diamond is the coefficient estimate from
the main DD model. Circles represent placebo estimates in which we randomly re-assign
state MMLs across states. See text for more details.
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Figure 6: Terminated claims placebo testing results

Notes: Dataset is SAMWD 2001-2013. The large diamond is the coefficient estimate from
the main DD model. Circles represent placebo estimates in which we randomly re-assign
state MMLs across states. See text for more details.
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Figure 7: Applications placebo testing results

Notes: Dataset is SAMWD 2001-2013. Coefficient estimates are generated in regression
models that exclude the state listed on the x-axis. 95% confidence intervals are reported
with vertical solid lines. See text for more details.
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Figure 8: New beneficiaries placebo testing results

Notes: Dataset is SAMWD 2001-2013. Coefficient estimates are generated in regression
models that exclude the state listed on the x-axis. 95% confidence intervals are reported
with vertical solid lines. See text for more details.
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Figure 9: Terminated claims placebo testing results

Notes: Dataset is SAMWD 2001-2013. Coefficient estimates are generated in regression
models that exclude the state listed on the x-axis. 95% confidence intervals are reported
with vertical solid lines. See text for more details.
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