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ABSTRACT 
 

 Social Security Disability Insurance (SSDI) enrollment rates have risen sharply since the 

enactment of the Social Security Disability Benefits Reform Act of 1984, and on the national 

level, enrollment rates appear to track unemployment rates closely.  This paper builds on 

previous research examining the relationship between SSDI and unemployment by using a fixed 

effects model to examine the association between SSDI enrollment and unemployment rates at 

the county level in the United States between 2000 and 2010.  I find evidence of a statistically 

significant relationship between SSDI enrollment and unemployment, using both 

contemporaneous and lagged unemployment data, with some variation in the size of the 

relationship across regions and employment sectors.  However, the magnitude of this relationship 

remains quite small across specifications.   
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INTRODUCTION 

 
Enrollment in the Social Security Disability Insurance (SSDI) program has been steadily 

increasing over the past 15 years, growing from approximately 6 million people in 1999 to 

approximately 10.6 million  in 2012 (Social Security Administration, 2013).  This increase in the 

number of SSDI beneficiaries has placed a strain on the finances of the program.  Between 1980 

and 2010, the number of beneficiaries increased by 138%, while the number of tax-paying 

workers increased by only 39% (Goss, 2013).  The Social Security Administration (SSA) reports 

that the program’s outlays have been exceeding its income since 2009, and if current trends 

continue, the Disability Insurance (DI) trust fund is set to be depleted by 2016 (Social Security 

and Medicare Boards of Trustees, 2013).    

In 2013, the Social Security and Medicare Boards of Trustees identified the Disability 

Insurance program fund imbalance as the most urgent problem facing the Social Security 

Administration as a whole (Social Security and Medicare Boards of Trustees, 2013).  Research 

analyzing the potential origins of the rise in enrollment has been performed both at the macro 

level, examining national rates of unemployment in relation to SSDI enrollment totals (Duggan 

& Imberman, 2009), and at a more micro level, analyzing state and county-level SSDI 

enrollment (Autor & Duggan, 2001; Black, Daniel, & Sanders, 2002; Liu & Stapleton, 2011).  

Other studies have performed state-level analysis, which provides a less detailed portrait of the 

association between the two variables, as there may be substantial variation within states in terms 

of local enrollment rates.   

As the depletion date for the SSDI trust fund nears, research that explores the association 

between SSDI enrollment and unemployment will become increasingly valuable to policymakers 
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who are considering options to decrease strain on the program’s finances.  This paper contributes 

to the literature by using county-level data from 2000 to 2010 to estimate the association 

between unemployment levels and SSDI enrollment.  I find evidence of a small, statistically 

significant relationship with both contemporaneous and lagged unemployment measures. 

 

BACKGROUND 
 

The Social Security Administration defines a disabled person as someone who is not able 

to “engage in any substantial gainful activity (SGA) because of a medically-determinable 

physical or mental impairment(s)” that is either expected to last for greater than 12 continuous 

months or to result in death (Social Security Administration, 2013, p. 5).  A key part of this 

definition is substantial gainful activity, which is defined by the SSA as earning $1,040 or more 

per month for non-blind individuals in 2013 (Social Security Administration, 2012).  There is no 

cap on the amount of time for which a person can receive disability benefits, and the average 

SSDI enrollee remains in the program over the long term, most likely exiting the program only 

upon death or aging into the Social Security retirement program (Executive Office of the 

President, 2011).  An SSDI awardee on average ultimately receives benefits totaling over 

$240,000 (Ibid.).   

SSDI is funded by payroll taxes that are paid by both employers and employees, each of 

whom contributes 0.9 percent of an employee’s total earnings (Social Security and Medicare 

Boards of Trustees, 2013).  In 2012, the total income generated by both employee and employer 

contributions via the payroll tax was $109.1 million, and the total cost of the program during that 

year was $140.3 million, creating a $31.2 million deficit (Social Security and Medicare Boards 
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of Trustees, 2013).  Currently, the difference between income and outlays each year is covered 

by the SSDI trust fund, which includes the total value of all previous surpluses, minus any 

previous deficits (Social Security and Medicare Boards of Trustees, 2013).    

 During the 1954 creation of the Division of Disability Operations, a precursor to the 

present disability program (Social Security Administration, 2013), the administration sought to 

define disability narrowly in order to discourage use of the program as de facto unemployment 

insurance, while also ensuring coverage for people who truly qualify as disabled (Berkowitz, 

Disability Policy & History, 2000).  However, the Social Security Disability Benefits Reform 

Act of 1984, which was originally intended to improve the uniformity and consistency of SSDI 

awards, also allowed for “multiple impairment” awards, meaning that a collection of 

impairments which by themselves may not be deemed severe could in combination be 

considered an incapacitating disability (Collins & Erfle, 1985).  The 1984 Reform Act also made 

changes to the assessment of pain in a disability diagnosis, allowing for more subjective 

diagnoses and greater leeway in benefit awards (Autor & Duggan, 2001).  The Social Security 

Administration notes that, after the 1984 changes, the incidence of musculoskeletal awards 

slowly began to rise and has continued to rise over time (Social Security Administration, 2006).   

Since the loosening of eligibility criteria in the 1980s, the possibility of an association 

between SSDI and unemployment has become more distinct.  Figure 1 shows SSDI application 

rates and national unemployment rates from 1970 to 2003.  Beginning in the mid-1980s, one can 

see an increasingly strong correlation between the fluctuations in unemployment and SSDI 

applications.   
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Figure 1: Unemployment rates and SSDI application rates from 1970 to 2003   
 

 
Source: U.S. Social Security Administration Office of Policy, 2013 (U.S. Social Security 
Administration Office of Policy, 2013)  
While the chart provides descriptive evidence of a relationship between SSDI enrollment and 

unemployment rates, this study uses recent county-level data to study this relationship in more 

detail.   

 
LITERATURE REVIEW 

 
From its inception, the Social Security Disability Insurance program has sought to 

provide for those who are truly disabled without serving as an unemployment program for those 

who are able to work but cannot find jobs (Berkowitz, 2000).  Although unemployment levels 

should ostensibly have no impact on whether or not an individual is disabled, in many ways, an 

association between unemployment and DI enrollment is inevitable: in order to qualify for SSDI, 

one must be unemployed (Social Security Administration, 2012).  However, the degree to which 

unemployment and other factors drive changes in SSDI enrollment is still a topic of debate 

within the scholarly literature (Kerr & Smoluk, 2011; Lindner & Burdick, 2013; Maestas, 

Mullen, & Strand, 2013; Duggan & Imberman, 2009).  The following section discusses the 
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literature on the relationship between SSDI enrollment growth and economic factors and 

describes the work incentives and disincentives embedded within the program.  

 

SSDI Enrollment Growth Analyses 

 A rich body of research examines the underlying causes of the increase in the number of 

SSDI beneficiaries over the past 30 years.  Duggan and Imberman (2009) analyze the 

relationship between SSDI enrollment and factors including individual applicant characteristics 

and program generosity.  The authors find that, between 1984 and 2003, economic conditions 

can explain 12 percent of DI growth among women and 24 percent of DI growth among men 

(2009).  

 State-level and county-level analyses have also explored the relationship between 

economic factors and SSDI participation.  Using a fixed-effects model with state-level data from 

1991 to 2008, Lindner and Burdick (2013) find that a one percentage point increase in state 

unemployment is associated with a 3.2-percent increase in the number of SSDI applications.  The 

authors also find that economic recessions are associated with an increase in SSDI applications 

among people whose disability status is questionable.  These findings support those of Rupp and 

Stapleton’s (1995) analysis, which uses state-level data from 1982-1993 and finds evidence of a 

strong positive correlation between states’ unemployment rates and both the number of DI 

applications and the number of awards.  Interestingly, the authors’ results suggest that the 

unemployment rate has a stronger association with the number of SSDI applications than with 

the number of SSDI awards (Rupp & Stapleton, 1995).     
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 Autor and Duggan (2001) study the inverse relationship between employment rates and 

disability recipiency.  The authors find that the loosening of program screening requirements 

enacted in 1984 as well as the rising replacement rate for the wages of low-skilled workers have 

increased the likelihood that workers will exit the labor market for SSDI benefits.  Using both a 

state fixed-effects model and a county fixed-effects model to examine the relationship between 

SSDI and unemployment from 1978 to 1998, the authors’ analysis shows that a one percentage 

point increase in unemployment was associated with an increase in SSDI applications that was 

more than twice as rapid after 1984 (the year of SSDI reforms) as before it.  Using qualitative 

data, Autor (2011) asserts in subsequent work that the propensity of unemployed people, 

disabled or otherwise, to apply for DI benefits is predictable in an economic downturn, as the 

program provides a secure form of income in the face of otherwise marginal employment 

prospects. 

 Black, Daniel, and Sanders (2002) further illuminate the relationship between 

unemployment and DI participation.  The authors estimate the effect on SSDI recipiency of a 

change in earnings brought about by coal industry booms and busts in coal-producing states. a  

They instrument for the change in county economic conditions using a measure of the change in 

county-level coal reserve values (Black, Daniel, & Sanders, 2002).b Their results indicate that a 

10-percent drop in earnings was associated with a 3.6 percent increase in SSDI benefit receipt.  

Although the authors’ analysis is centered on a specific subgroup – low-skilled rural workers in 

a The following coal producing states are included in the authors’ analysis: Kentucky, Ohio, Pennsylvania, and West 
Virginia.  
b The authors give evidence of substantial variation across counties in terms of how reliant they are on coal, and the 
authors’ measure of the value of coal reserves is a function of the price and amount of coal in a given county.  Thus, 
the health of the coal industry plausibly affects local economic conditions in some counties much more than in 
others.   
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four coal-producing states – these results provide further support for the theory that declining 

earnings and employment opportunities are inversely associated with rising SSDI participation.  

 

Work Incentives within SSDI 

 Another relevant set of studies analyzes the association between work and SSDI 

recipiency.  Although several programs exist within SSDI to encourage recipients to explore the 

option of returning to work, a longitudinal study of SSDI recipients found that only about 29 

percent of beneficiaries eventually leave the program for jobs, with most of this attrition 

occurring within the first five years of SSDI enrollment (Liu & Stapleton, 2011).  It is also 

notable that a majority of those who left the SSDI rolls for work had not done so through the 

SSDI re-employment program, Ticket to Work, and that overall, the national rate of work 

program completion was approximately 3 percent (Ibid.). 

 The relationship of SSDI enrollment with labor supply and earnings has also been a topic 

of research.  A study by Maestas, Mullen, and Strand (2013) examined the effect of DI benefits 

on future earnings receipt for marginal SSDI applicants.c The authors use SSDI case examiner 

allowance rates, which are highly correlated with individual benefit receipt but are plausibly 

exogenous to earnings (except through DI receipt), to instrument for SSDI receipt.  They found 

that applicants who received SSDI benefits saw a $3,800 to $4,600 decrease in earnings two 

years after their initial SSDI award decision (Maestas, Mullen, & Strand, 2013).  A possible 

c The authors note that SSDI case examiners are randomly assigned to SSDI applications, which is to say that their 
instrument is plausibly exogenous, and that examiner allowance rates are highly correlated with individual benefit 
receipt, which is to say that their instrument is also relevant.  The term “marginal applicants” refers to those for 
whom SSDI acceptance is highly dependent upon the subjective judgment of the case examiner assigned to the 
application.   
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reason for this earnings decrease is the SSDI application process itself.  Although the majority of 

SSDI applicants (over 60 percent) are initially denied benefits at their first application, over half 

will ultimately receive benefits through an extensive appeals process that can sometimes take up 

to two years (Maestas, Mullen, & Strand, 2013).  In his descriptive analysis of the rise in SSDI 

rolls, Autor (2011) suggests that applicants who might otherwise be capable of work have an 

incentive to keep their earnings low throughout the appeals process in order to strengthen their 

claims.  

A pioneering Dutch disability insurance law is also relevant here.  Designed to increase 

the labor force participation of the genuinely disabled and decrease the number of able-bodied 

people on the DI rolls, the Dutch DI reforms require employers, rather than the government, to 

pay the first two years of disability benefits (Social Security Administration Office of Retirement 

and Disability Policy, 2010).  A study by Koning and van Vuuren (2007) finds that the reform, 

which creates an incentive for employers to make accommodations for disabled workers, was 

associated with a 35 percent reduction in the amount of hidden unemployment in the Dutch DI 

rolls.  Although there are external validity concerns in terms of the application of these findings 

to the United States context, the overall indication that many DI participants retain at least some 

workforce capability is nonetheless important to note.  

This paper builds on existing research on the relationship between SSDI enrollment and 

unemployment changes by studying changes over time in county-level unemployment rates and 

county-level SSDI enrollment rates.  Although (as mentioned previously) some county-level 

analysis has been performed in the existing literature, a county-level examination of the 
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association between SSDI and unemployment over a recent time period (2000-2010), provides 

an updated picture of the role played by SSDI in contemporary labor markets.  

 

CONCEPTUAL FRAMEWORK 
 

I hypothesize that county-level SSDI receipt and unemployment rates are positively 

correlated with one another.  Or, stated another way, I predict that as unemployment increases 

within a county, SSDI receipt within that county will also increase.  As discussed earlier, there is 

a clear mechanical correlation between unemployment and SSDI enrollment, since 

unemployment is a precondition for SSDI benefit awards and macro-level data show that there is 

an association between the unemployment rate and the SSDI application rate.  However, other 

factors may be related to whether or not a person chooses to apply for DI benefits.  The 

demographic, economic, and policy factors that may affect a person’s decision to apply for SSDI 

benefits and which are plausibly correlated with unemployment rates are listed in Figure 2.   
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Figure 2: SSDI Influences Included in this Study 

 

Among the listed demographic factors that may impact a person’s decision to apply for 

SSDI benefits are individual health, age, gender, education, income, race, and marital status.  

Because a level of disability is required for SSDI eligibility, it is likely that an individual’s health 

is a strong influence in whether or not he or she applies for SSDI benefits.  Age, gender, 

education, income,  race, and marital status have been found to be associated with SSDI benefit 

receipt in much of the literature cited above (Autor & Duggan, 2001; Duggan & Imberman, 

2009; Lindner & Burdick, 2013).   

The economic factors listed in Figure 1 include the county’s unemployment rate and the 

state’s employment-sector composition.  The county-level unemployment rate is the key 

independent variable in my empirical analysis.  The employment sector breakdown within a state 

could also influence an individual’s decision to apply for SSDI.  While this variable has not yet 

been accounted for in the other studies I have cited, it seems plausible that, if the jobs available 

SSDI 
Benefit 
Receipt 

Demographic Factors: 
Health 

Age 
Gender 

Education 
Income 

Race 
Marital status 

Policy Factors 
EITC receipt 
TANF receipt 

Minimum wage 

Macro-level Factors: 
Unemployment rate 
Employment sector 

options 

10 
 



 
in an area disproportionately require manual labor or physical activity, this consideration may 

cause workers to classify themselves as disabled if they cannot perform manual tasks.   

 The policy factors listed in Figure 1 include Earned Income Tax Credit (EITC) receipt 

per capita and Temporary Assistance for Needy Families (TANF) receipt per capita, as well as 

state minimum–wage levels.  TANF receipt is included because it proxies for economic 

disadvantage within an area, which is plausibly associated with the unemployment rate and with 

SSDI receipt.  Indeed, TANF may be seen as an acceptable substitute for SSDI payments and 

receipt of these benefits may deter some families from filing for SSDI.  EITC receipt and state 

minimum wages are both plausibly associated with SSDI receipt because they both affect the 

“replacement rate” of SSDI payments.  In other words, EITC benefits and minimum wages affect 

the amount of money that a person is able to earn from paid employment and therefore have 

implications for the relative attractiveness of SSDI payments (Autor & Duggan, 2001).   

 

DATA & METHODS 
 

I use panel data from the years 2000 to 2010 for 3,129 counties or county-equivalents 

(referred to hereafter as “counties”) in the United States, including the District of Columbia.d  

Data for the dependent variable, SSDI receipt rates at the county level, were obtained from the 

Social Security Administration’s statistical tabulation of OASDI Beneficiaries by State and 

d All U.S. counties are included with the exception of 14, due to a) changes in their borders and size between 2000 
and 2010 or b) missing data due to Hurricane Katrina.  Counties not included due to their changing size include 
Prince of Wales-Outer Ketchikan, AK, Wrangell, AK, Petersburg, AK, Skagway-Hoonah-Angoon, AK, Kalawao, HI, 
Clifton Forge City, VA, and Broomfield, CO.  Counties not included due to missing data are all in Louisiana and 
include Jefferson, St. Charles, St. John the Baptist, St. Bernard, Plaquemines, St. Tammany, and Orleans.  County 
equivalents include parishes, boroughs, and census areas that function as counties in census surveys.   
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County.e  Recipiency rates for each county are calculated as the number of persons in a given 

county receiving DI payments divided by the total population in that county for a given year.  

Data on unemployment rates by county were obtained from Local Area Unemployment 

Statistics (LAUS) compiled by Bureau of Labor and Statistics (BLS) at the U.S. Dept. of 

Labor.f  The BLS defines as “unemployed” a person who is jobless but looking for a job and 

available for work, and the county-level unemployment rate is measured as the total number of 

unemployed members of the labor force divided by the total workforce in a given county in a 

given year. 

As discussed in the Conceptual Framework section, additional variables may influence 

both the unemployment rate of a county and county-level SSDI recipiency rates.  The 

individual-level characteristics for which I have controlled include age, measured as the 

percentage of people in a county for a given year who are within a defined age range; gender, 

measured as the percentage of a county’s population that is male in a given year; race, 

measured as the percentage of the population in each county in a given year who are of a given 

race.g  Income is measured based on the percentage of families within a county that fall within 

a given range of annual income in a given year.h   Age, race, and gender data were obtained 

e The SSA’s OASDI compilation can be found at http://www.ssa.gov/policy/docs/statcomps/. 
f The Bureau of Labor and Statistics’ compilation of historical county-level unemployment data can be found at  
http://www.bls.gov/lau/#cntyaa. 
g The specified age ranges that I defined to measure the proportion of a county’s population that is a given age are 
as follows: under 20 years old, 20 to 64 years old, and 65 and over.  The specified race categories include 
“Hispanic,” “White,” “Black,” “Native American,” and “Other.”  This variable is defined using the Census 
Bureau’s race classifications.  It is worth noting that the “Hispanic” category overlaps with other race categories, 
as the Census Bureau recognizes Hispanic to be an origin, not a race.  More information on this classification can 
be found at: http://www.census.gov/population/hispanic/.  
h The income categories, as I define them, are measured as follows: “less than $10K,” “less than $20K but more than 
$10K,” “less than $30K but more than $20K,” “less than $50K but more than $30K,” “less than $100K but more 
than $50K,” and “$100K and above.” 
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from the U.S. Census Bureau for all years, and income data were obtained using IRS data 

compiled by The Brookings Institution.    

Marriage rates and educational attainment are calculated at the state level.i  The 

marriage rate is defined as the number of marriages that were celebrated in a given year per 

1,000 people in the state, and these data were obtained from the U.S. Centers for Disease 

Control.j  Educational attainment is measured as the percentage of a state’s working-age 

population (25-64) in a given year that has achieved a specified level of education, and these 

data were obtained from the Kids Count database.k   

The concept of “health” is more difficult to operationalize because no measure exists of 

the overall health of a county’s citizens.  Thus, I include a proxy variable in my regressions 

measuring infant mortality rates for a given state in a given year.  This measure was also 

obtained from the Kids Count database.l 

I also control for the economic and policy influences listed in the conceptual 

framework.  Employment-sector data reflects the percentage of a state’s nonagricultural 

workers who participate in one of three business sectors that traditionally involve physical 

activity for some or all positions.m  EITC receipt is measured as the number of people within a 

county participating in the program divided by the total population of that county, and TANF 

i State-level data were gathered in the event that county-level data were unavailable. 
j It is worth noting that this measure of marriage rates by state using marriages celebrated, not the number of 
married people within a state.  For this reason, Nevada’s marriage rate data is disproportionately high compared to 
other states.     
k The specified education categories, as defined by the Kids Count database, includes “did not graduate from high 
school,” “a high school diploma or equivalency,” “associate’s degree,” “bachelor’s degree,” and “graduate degree.”   
l More information on the Kids Count Data Center can be found here: http://datacenter.kidscount.org/topics.  
m Business-sector data were obtained from the Southern Regional Education Board.  The three sectors for which my 
study controls are “Mining, Logging, and Construction,” “Manufacturing,” and “Trade, Transportation, and 
Utilities.”  These categories are defined using the Bureau of Labor and Statistics’ classification system.   
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receipt is measured as the total number of people within a state participating in the program 

divided by the total population of that state.  The minimum wage is measured as the state-level 

minimum wage, expressed in 2012 dollars.n  

To estimate the relationship between SSDI enrollment and unemployment rates at the 

county level, I use ordinary least squares with county and year fixed effects.  County fixed 

effects control for unobserved county-level characteristics that do not vary over time.  Year 

fixed effects control for unobserved characteristics that vary over time but are fixed across 

counties at a given point in time.  The use of both year and county fixed effects reduces 

substantially the extent of omitted variable bias in my estimates.  

I estimate the following model:  

𝑆𝑆𝑆𝑆𝐷𝐷𝐼𝐼𝑒𝑒𝑛𝑛𝑟𝑟𝑜𝑜𝑙𝑙𝑙𝑙𝑚𝑚𝑒𝑒𝑛𝑛𝑡𝑡 = 𝛽𝛽0 + 𝛽𝛽1(𝑢𝑢𝑛𝑛𝑒𝑒𝑚𝑚𝑝𝑝𝑙𝑙𝑜𝑜𝑦𝑦𝑚𝑚𝑒𝑒𝑛𝑛𝑡𝑡𝑖𝑖𝑡𝑡 )  + 𝛽𝛽𝕩𝕩𝕏𝕏𝑖𝑖𝑡𝑡  + 𝛼𝛼𝑖𝑖  + 𝛾𝛾𝑡𝑡  + 𝑒𝑒𝑖𝑖𝑡𝑡,  

 
Where 𝛼𝛼𝑖𝑖 represents county fixed effects, and 𝛾𝛾𝑡𝑡 represents time fixed effects, and 𝕏𝕏𝑖𝑖𝑡𝑡 

represents a vector of time-varying controls included in the regression.  Because data are 

available on SSDI enrollment and unemployment rates at the county level for all U.S. counties 

and D.C. for the 11 years between 2000 and 2010, this analysis has a sample size of 34,419 

(3129 counties * 11 years).o 

 

 

n Minimum wage data are adjusted for inflation using the Consumer Price Index for All Urban Consumers (CPI-U).  
More information on the CPI-U can be found here: ftp://ftp.bls.gov/pub/special.requests/cpi/cpiai.txt.  
o Michigan state TANF application and acceptance rates were missing for 2009.  I interpolated TANF rates for MI 
by averaging the 2008 and 2010 TANF rates in that state.  Oklahoma state marriage rates were missing from 2000 to 
2003 for reasons unknown.  I imputed these data by using a linear prediction of Oklahoma marriage rates over time 
from 2004 to 2010 to predict the Oklahoma marriage rates for 2000 to 2003.  Employment-sector data were missing 
for all states in 2000 for unknown reasons, as well.  I imputed the 2000 data using the results of regressions of 
individual state employment-sector data on year dummies for 2001 to 2010 to predict the 2000 data.   
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DESCRIPTIVE STATISTICS 

 
Table 1 presents descriptive statistics for the dependent and key independent variables 

and for the demographic characteristics and policy factors that are included in my regressions.  

SSDI enrollment rates vary widely across counties, with a minimum of 0 percent enrollment 

(Kennedy County, King County, and Loving County, TX in various years) and a maximum of 

13.95 percent enrollment (Buchanan County, VA in 2006), the latter of which is far above the 

county average of 2.15 percent.  The average county unemployment rate is approximately 6 

percent, but there is also significant variation in this variable, which ranges from a minimum of 

1.3 percent (Slope County, ND in 2008 and Fairfax County, VA in 2000) to a maximum of 29.9 

percent (Imperial County, CA in 2010).    
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Table 1: Descriptive Statistics for Dependent, Key Independent, and Control Variablesp 

 

p * Working age is defined as between the ages of 25 and 64.   

Mean Minimum Maximum
Standard 

Deviation
2.15 0.00 13.95 0.96

6.03 1.30 29.90 2.48

Demographic Characteristics:
6.86 3.70 14.10 1.18

49.13 42.58 72.12 1.26
7.39 4.00 72.20 2.41

27.75 10.16 50.00 3.05
59.69 43.09 82.84 2.82
12.55 1.68 43.38 3.45

14.58 0.00 97.54 15.94
79.65 2.61 100.00 14.85
12.86 0.00 86.54 13.29
1.07 0.00 96.48 3.34

13.52 5.00 21.00 3.88
49.69 33.00 61.00 4.80
8.04 3.00 15.00 1.31

18.56 10.00 25.00 2.53
10.22 5.00 29.00 2.56

8.53 0.00 27.30 1.75
7.49 0.00 23.63 1.35
6.01 0.00 12.29 0.87
8.02 0.00 14.56 1.02
9.34 0.00 21.69 2.08
4.64 0.00 20.34 2.65

Economic Factors:

5.97 1.49 19.25 1.51
10.76 0.15 20.98 3.32
19.71 3.82 22.40 1.10

Policy Factors:
6.64 2.08 9.16 1.05
0.11 0.01 0.76 0.05

0.05 0.002 0.70 0.02

7.55 0.61 24.96 2.72
8.32 0.00 15.21 1.39

earned a bachlor's degree
earned a graduate degree

Variables
Percentage of county population who received Social Security 
Disability payments in a given year
Unemployment rate of the county's working population

Infant mortality rate by state

Below 20 years-old

Marriage rate per 1,000 people in a state
Percentage of county population that is male

Age: Percentage of the county population that is:

Percentage of county that received Earned Income Tax Credits
Percentage of county that received Child Tax Credits

Between $30K and $50K
Between $50K and $100K
Over $100K

State minimum wage in 2012 dollars

In mining, logging, or construction
In manufacturing
In trade, transportation, or utilities

Percentage of state population approved for TANF benefits each 
month, on average

Percentage of state population that applied for TANF benefits 
each month, on average

Employment Sector: Percentage of the state's non-
  agricultural working population that is employed:

Less than $10K
Between $10K and $20K
Between $20K and $30K

Between 20 and 64 years-old
65 years-old and over

did not graduate from high school
received a high school diploma or GED but no higher

Hispanic
Race: Percentage of the county population that is:

Education: Percentage of the county working age* population that:

Income: percentage of the county population that had an AGI:

White

Native American
Black

earned an associate's degree
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In light of the substantial variation in SSDI enrollment rates, Figure 3 reports the full 

enrollment-rate distribution to provide a better portrait of the spread of the data.  The figure 

shows that the majority of observations are clustered between 0 and 5 percent, but the 

distribution also has a right skew.   

Figure 3: Percent Distribution of County SSDI Enrollment Rates from 2000 to 2010 

  

 
 

REGRESSION RESULTS 
 

The results of my regressions are reported in Tables 2 through 5.  Column (1) of Table 2 

reports a raw correlation between unemployment rates and disability enrollment rates at the 

county level, and column (2) reports results from an OLS regression with demographic, 

economic, and policy controls included.  Column (3) adds county fixed effects, and column (4) 
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adds year fixed effects.  Table 3 reports results from various alternative specifications, and 

Tables 4 and 5 report results from models that use one-year lagged and two-year lagged 

unemployment rates, respectively.  All regressions are weighted by average county population, 

and I correct for autocorrelation and heteroskedasticity by estimating robust standard errors 

clustered at the county level.   
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Table 2: Preliminary, Contemporaneous Regression Results 

 

(1) (2) (3) (4)
0.122*** 0.032*** 0.019*** 0.011***

(0.008) (0.004) (0.004) (0.004)

Demographic Characteristics:
-0.052*** -0.014*** 0.019***

(0.007) (0.005) (0.005)
-0.036*** 0.108*** 0.107***

(0.005) (0.019) (0.019)
0.003*** -0.014*** -0.009***

(0.001) (0.002) (0.002)

0.081*** 0.044*** -0.008
(0.004) (0.014) (0.014)

0.111*** 0.100*** 0.024**
(0.003) (0.012) (0.012)

-0.035*** -0.015*** -0.048***
(0.001) (0.005) (0.006)

0.015*** 0.048*** 0.087***
(0.002) (0.012) (0.012)

-0.013*** 0.072*** 0.100***
(0.002) (0.014) (0.014)

-0.014*** 0.110*** 0.101***
(0.0021) (0.024) (0.026)

-0.024*** 0.012*** 0.015***
(0.002) (0.004) (0.004)

0.008 -0.002 -0.020***
(0.006) (0.006) (0.006)

-0.070*** 0.002 -0.003
(0.005) (0.005) (0.005)

0.059*** -0.026*** -0.025***
(0.005) (0.005) (0.005)

-0.315*** -0.069*** -0.025*
(0.011) (0.014) (0.013)

0.153*** 0.052*** 0.049***
(0.019) (0.016) (0.015)

-0.170*** -0.036*** -0.017
(0.013) (0.014) (0.013)

0.026*** 0.105*** 0.064***
(0.006) (0.009) (0.009)

-0.061*** 0.019*** -0.026***
(0.006) (0.006) (0.007)

Earned a graduate degree

Dependent Variable: County-level disability enrollment rates

State-level infant mortality rate

State-level marriage rate per 1,000 people

Percentage of county population that is male

Age: Percentage of the county population that is…

Between $30K and $50K

Between $50K and $100K

Over $100K

Between $10K and $20K

Between $20K and $30K

Unemployment rate of the county's working population

Between 20 and 64 years-old

65 years-old and over

Received a high school diploma or GED but no higher

Hispanic
Race: Percentage of the county population that is… 

Education: Percentage of the county working age* population that… 

Income: percentage of the county population that had an AGI…

White

Native American

Black

Earned an associate's degree

Earned a bachlor's degree
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Table 2, continued 

 

Table 2 shows a consistently positive and statistically significant relationship between 

unemployment rates and SSDI enrollment rates at the county level.  However, the magnitude of 

the relationship is reduced as the demographic, economic, and policy controls are added to the 

model.  Ultimately, the key coefficient is reduced in magnitude from 0.122 in column (1) to 

0.011 in column (4).  The results of the final specification suggest that, holding constant 

demographic, economic, and policy factors, as well as fixed county-level characteristics and 

characteristics that vary over time but are fixed across counties, a one percentage point increase 

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

0.059*** 0.024*** 0.053***
(0.006) (0.009) (0.008)

0.030*** -0.123*** -0.065***
(0.002) (0.007) (0.008)
-0.003 -0.147*** -0.063***

(0.005) (0.021) (0.023)

Policy Factors:
0.062*** 0.009** -0.005

(0.007) (0.004) (0.004)
-0.022*** -0.001 -0.002

(0.0019) (0.002) (0.002)
0.031*** 0.001 0.004**

(0.003) (0.002) (0.002)
0.359*** 0.075*** 0.054***

(0.007) (0.014) (0.017)

Constant 1.418*** -1.708*** -9.037*** -10.58***
(0.044) (0.430) (1.403) (1.416)

County fixed effects No No Yes Yes
Year fixed effects No No No Yes

Number of county-years 34,419 34,419 34,419 34,419
R-squared 0.096 0.726 0.830 0.857
Number of counties 3,129 3,129 3,129 3,129

Robust standard errors clustered at the county level in parentheses.

State minimum wage in 2012 dollars

In mining, logging, or construction

In manufacturing

In trade, transportation, or utilities

Average percentage of state population approved for TANF 
  benefits each month

Average percentage of state population that applied for TANF 
  benefits each month

*** p<0.01, ** p<0.05, * p<0.1

Economic Factors: Percentage of the state's non-agricultural 
  working population that is employed…

Percentage of county that received Earned Income Tax Credits
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in county-level unemployment rate is associated with an increase of one SSDI enrollee per 

10,000 people within a county.  This estimated effect is relatively small.  Recall from Table 1 

that the mean SSDI enrollment rate was 2.15 with a standard deviation of 0.96, and that the mean 

unemployment rate was 6.03 with a standard deviation of 2.48.  The results in column (4) of 

Table 2 indicate that a one standard deviation increase in county-level unemployment would be 

associated with a 0.0273 percentage point increase in county-level SSDI enrollment, holding 

demographic factors, economic factors, policy factors, and county and year fixed effects 

constant.  This suggests that, while a mechanical correlation exists between unemployment rate 

and SSDI enrollment rates at the county level, this relationship is quite small holding other 

factors constant.   
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Table 3: Regression Results for Alternative Specifications with Contemporaneous 

Unemployment Rate 

 

Table 3 shows the results of alternative specifications of the model.  The first two 

columns of the table replicate the fully specified model from column (4) of Table 2 but employ a 

log-level model in column (1) and a log-log model in column (2).  It is interesting to note that, 

Log(disabled rate) Log(disabled rate) Disabled rate Disabled rate
(1) (2) (3) (4)

 -0.005*** -0.029*** 0.017***
(0.001) (0.009) (0.004)

-0.043***
(0.009)

0.002***
(0.001)

-0.012***
(0.004)
-0.005

(0.004)
-0.003

(0.005)
Demographic Characteristics: Yes Yes Yes Yes

Economic Factors: Yes Yes Yes Yes

Policy Factors: Yes Yes Yes Yes

Constant -1.341** -1.165** -9.976*** -10.53***
(0.537) (0.535) (1.411) (1.448)

County fixed effects Yes Yes Yes Yes
Year fixed effects Yes Yes Yes Yes

Number of county-years 34,419 34,419 34,419 34,419
R-squared 0.906 0.906 0.859 0.857
Number of counties 3,129 3,129 3,129 3,129

F-Statistics and p-values of Joint Hypotheses
Squared and Linear Unemployment Rate 10.64***

(0.00001)

Dependent Variable:

Unemployment rate of the county's working 
  population
Log of unemployment rate of the county's working 
  population
Squared unemployment rate of the county's 
  working population

Controls include demographic characteristics (infant mortality rate, gender, marriage rate, age, race, education, & earnings), 
economic factors (percent of state's non-agricultural working population that is employed in mining, logging, or construction, 
manufacturing, or trade, transportation, and utilities), and policy factors (state minimum wage, TANF application and acceptance 
rates, and EITC receipt rates).

*** p<0.01, ** p<0.05, * p<0.1

Midwest regional dummy x unemployment rate

West regional dummy x unemployment rate

Northeast regional dummy x unemployment rate

Robust standard errors clustered at the county-level in parentheses under coefficients.  P-values given in parentheses 
under F-statistics.  

22 
 



 
while the coefficient on the unemployment rate remains consistently positive in Table 2, the 

same fully specified model with the county disability rate expressed as a logarithm indicates that 

unemployment and a county’s SSDI enrollment are negatively related.  While logs have been 

used in previous studies, the relationship between unemployment rates and SSDI enrollment 

rates was consistently found to be positive.q  It is also noteworthy, however, that while my 

logged model results in a negative relationship, the association itself remains very small: a 0.043 

percent enrollment decrease would reduce the mean SSDI enrollment rate in my data from about 

2.15 it to about 2.149.   

Column (3) of Table 3 includes a square of the unemployment term, and the f-test result 

reported at the bottom of this column shows that unemployment and squared unemployment are 

jointly significant at the 0.001 level.  This indicates that the relationship between unemployment 

and SSDI enrollment is non-linear, with a turning point at an unemployment rate at about 7.35.  

In other words, these results suggest that the relationship between unemployment and SSDI 

enrollment becomes positive once the unemployment rate is greater than 7.35 percent (with a 

standard error 1.12).  Recall from the descriptive statistics in Table 1 that the median county-

level unemployment rate was 6.03 percent.  Thus, the point at which unemployment is positively 

associated with SSDI enrollment is relatively high.  However, this point is also imprecisely 

estimated: a 95% confidence interval places it somewhere between 5.15 and 9.54.  I also 

estimated polynomial models with a cubed term, and the three unemployment coefficients in that 

model were jointly significant at 0.001 levels.  The results of these regressions can be found in 

Appendix Table A.   

q See, for example, Autor and Duggan (2001) and Black, Daniel, and Sanders (2002).   
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Finally, column (4) of Table 3 uses a level-level functional form but includes interactions 

between unemployment rate and regional dummy variables, representing the four regions in the 

United States as defined by the U.S. Census Bureau.r  The North and Midwest dummy 

interactions with unemployment are not statistically significant, indicating that there is no 

significant difference between these regions and the south (the omitted category in this 

regression) with respect to the relationship between SSDI enrollment and unemployment.  

However, the interaction between the western state dummy and the unemployment rate is 

statistically significant, indicating that the relationship between unemployment and SSDI 

enrollment in western states is 0.012 percentage points smaller than in other regions 

  

r Regions are definedas follows: West (AK, AZ, CA, CO, HI, ID, MT, NV, NM, OR, UT, WA, & WY), Midwest 
(IL, IN, IA, KS, MI, MN, MO, NE, ND, OH, SD, & WI), and Northeast (CT, ME, MA, NH, NJ, NY, PA, RI, & 
VT).  The South (AL, AR, DE, DC, FL, GA, KY, LA, MD, MS, NC, OK, SC, TN, TX, VA, & WV) serves as a 
reference category.  More information on U.S. Census regions can be found at 
https://www.census.gov/geo/reference/gtc/gtc_census_divreg.html.   
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Table 4: Regression Results for Alternative Specifications with One-year Lagged 

Unemployment Rate 

 

Because the level of unemployment at a given point in time may affect SSDI enrollment 

rates at a later time (recall that it may take up to two years for an applicant to be accepted onto 

the SSDI rolls), Tables 4 and 5 estimate the same fully specified model as in column (4) of Table 

2, but they lag the key independent variable by one year (Table 4) and two years (Table 5).  Most 

Disabled rate Log(disabled rate) Log(disabled rate) Disabled rate Disabled rate
(1) (2) (3) (4) (5)

0.015*** 0.001 -0.010 0.019***
(0.003) (0.001) (0.009) (0.003)

0.005
(0.008)

0.001***
(0.000)

-0.011***
(0.004)
-0.003

(0.004)
-0.003

(0.005)
Demographic Characteristics: Yes Yes Yes Yes Yes

Economic Factors: Yes Yes Yes Yes Yes

Policy Factors: Yes Yes Yes Yes Yes

Constant -10.88*** -1.287** -1.312** -9.294*** -10.90***

(1.417) (0.530) (0.532) (1.361) (1.433)

County fixed effects Yes Yes Yes Yes Yes

Year fixed effects Yes Yes Yes Yes Yes

Number of county-years 34,419 34,419 34,419 34,419 34,419
R-squared 0.857 0.905 0.905 0.859 0.857

Number of counties 3,129 3,129 3,129 3,129 3,129

F-Statistics and p-values of Joint Hypotheses
10.79*** .
(0.00001)

*** p<0.01, ** p<0.05, * p<0.1

Squared and linear one-year lag 
  unemployment rate

Controls include demographic characteristics (infant mortality rate, gender, marriage rate, age, race, education, & earnings), economic 
factors (percent of state's non-agricultural working population that is employed in mining, logging, or construction, manufacturing, or 
trade, transportation, and utilities), and policy factors (state minimum wage, TANF application and acceptance rates, and EITC receipt 
rates).

Northeast regional dummy x one-year 
  lagged unemployment rate

Dependent Variable:

One-year lag of county unemployment 
  rate
Log of one-year lag of county 
  unemployment rate
Squared one-year lag of county 
  unemployment rate
West regional dummy x one-year lagged 
  unemployment rate
Midwest regional dummy x one-year 
  lagged unemployment rate

Robust standard errors clustered at the county level in parentheses under coefficients.  P-values given in parentheses under F-statistics.  
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models in Tables 4 and 5 continue to show a relatively small, positive relationship between 

unemployment and SSDI, but there are a few notable differences.  While a one-year lag increases 

the magnitude of the relationship between unemployment and SSDI from 0.011 to 0.015 in 

column (1) of Table 4, a two year lag decreases the magnitude to 0.008 in column (1) of Table 5, 

and both lagged coefficients are significant at the 0.05 level.  This makes sense because one 

might assume that the newly unemployed would not apply for SSDI immediately upon losing 

their jobs but take advantage of other temporary programs until they have been exhausted.  These 

results provide suggestive evidence that this exhaustion point is at about one year.  Interestingly, 

the key independent coefficients in the log-level and log-log models in columns (2) and (3) of 

each table are now positive, although these results are either imprecisely estimated (in the one-

year lagged model) or are even smaller in magnitude than was the case for the corresponding 

contemporaneous models in Table 3 (in the two-year lagged model).   
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Table 5: Regression Results for Alternative Specifications with Two-year Lagged 

Unemployment Rate 

 

Column (4) of Tables 4 and 5 reports results for lagged models including a squared 

unemployment term, and test of joint significance in each model show statistical significance for 

the two unemployment variables at the 0.05 level.  Column (5) in each table interacts region 

dummies with one-year and two-year lagged unemployment rates, respectively.  The one-year 

Disabled rate Log(disabled rate) Log(disabled rate) Disabled rate Disabled rate
(1) (2) (3) (4) (5)

0.008** 0.004*** 0.006 0.004
(0.004) (0.002) (0.007) (0.004)

0.026***
(0.008)

0.0002
(0.000)

0.006
(0.005)
-0.002

(0.006)
0.018**
(0.009)

Demographic Characteristics: Yes Yes Yes Yes Yes

Economic Factors: Yes Yes Yes Yes Yes

Policy Factors: Yes Yes Yes Yes Yes

Constant -10.95*** -1.390*** -1.514*** -9.531*** -10.67***

(1.434) (0.526) (0.522) (1.376) (1.403)

County fixed effects Yes Yes Yes Yes Yes

Year fixed effects Yes Yes Yes Yes Yes

Number of county-years 34,419 34,419 34,419 34,419 34,419
R-squared 0.856 0.906 0.906 0.857 0.857

Number of counties 3,129 3,129 3,129 3,129 3,129

F-Statistics and p-values of Joint Hypotheses
4.25** .
(0.014)

*** p<0.01, ** p<0.05, * p<0.1

Squared and linear two-year lag 
  unemployment rate

Controls include demographic characteristics (infant mortality rate, gender, marriage rate, age, race, education, & earnings), economic 
factors (percent of state's non-agricultural working population that is employed in mining, logging, or construction, manufacturing, or 
trade, transportation, and utilities), and policy factors (state minimum wage, TANF application and acceptance rates, and EITC receipt 
rates).

Two-year lag of county unemployment 
  rate

Dependent Variable:

Northeast regional dummy x two-year 
  lagged unemployment rate

Midwest regional dummy x two-year 
  lagged unemployment rate

West regional dummy x two-year lagged 
  unemployment rate

Squared two-year lag of county 
  unemployment rate

Log of two-year lag of county 
  unemployment rate

Robust standard errors clustered at the county level in parentheses under coefficients.  P-values given in parentheses under F-statistics.  
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lagged model produces a similar result to that of the contemporaneous regional interaction model 

in Table 3, with no statistically significant difference between the North and Midwest and the 

South, but with the western coefficient remaining statistically significant at the 0.05 level.   

The two-year lagged model, however, does not show the same statistically significant 

difference between western states and the rest of the country.  The two-year lag models show no 

statistically significant difference between the South and the West and Midwest regional 

interactions, but the regional interaction for the North becomes statistically significant in the 

two-year lagged model, indicating that the relationship between two-year lagged unemployment 

and SSDI enrollment is 0.018 percentage points greater in northern states than the rest of the 

country at the 0.05 significance level.  This difference between Western states and Northern 

states, in terms of the degree to which unemployment is lagged, may have to do with the types of 

jobs or social programs available in these areas.   

Because one of the main differences between this study and previous studies cited in the 

Literature Review section is the inclusion of unemployment-sector data, I estimated 3 different 

fully specified models (contemporaneous, lagged one-year, and lagged two-years) that include 

interactions between unemployment and employment-sector data.  Recall from the descriptive 

statistics that the three employment sectors used in this study correspond to industries that one 

might reasonably expect to require significant physical activity: 1) mining, logging, or 

construction; 2) manufacturing; and 3) trade, transportation, or utilities.  Results for these 

employment sector models are reported in Table 6.  I define a state as having “high” employment 

in a sector when the proportion of people employed in that sector are above the median, and I 

interact these “high-employment” dummies with the key independent variable (lagged or 
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unlagged unemployment) in each model.  The results of each model show that the interaction 

between the unemployment variable and the trade, transportation or utilities employment sector 

dummy is negative and statistically significant at the 0.05 level.  These results indicate that the 

association between unemployment and SSDI in states with high employment in trade, 

transportation, or utilities is approximately 0.005 percentage points smaller than do states with 

“low” levels of employment in trade, transportation, or utilities.  Overall, this is not a large 

difference, but this finding persists whether unemployment is lagged or not.  The other two 

employment sector interactions - one corresponding with mining logging, or construction, and 

the other corresponding with manufacturing - are not statistically significant at the 0.05 level.  

However, a joint significance test shows that all three employment sector interactions are 

statistically significant the 0.05 level.   
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Table 6: Employment-sector Interaction Models 

 

Disabled rate Disabled rate Disabled rate
(1) (2) (3)

0.013***
(0.004)

0.002
(0.002)

0.001
(0.001)

-0.005***
(0.002)

0.017***
(0.004)

0.000
(0.002)

0.001
(0.002)

-0.005***
(0.002)

0.013***
(0.005)
-0.002

(0.002)
-0.003

(0.002)
-0.006**

(0.002)
Demographic Characteristics: Yes Yes Yes

Economic Factors: Yes Yes Yes

Policy Factors: Yes Yes Yes

Constant -10.59*** -10.87*** -10.76***
(1.414) (1.411) (1.419)

County fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Number of county-years 34,419 34,419 34,419
R-squared 0.857 0.857 0.857
Number of counties 3,129 3,129 3,129
F-Statistics and p-values of Joint Hypotheses

3.36** 2.84** 3.36**
(0.0181) (0.0367) (0.0180)

Dependent Variable:

High manufacturing employment sector (greater than the median) 
  * unemployment rate
High trade, transportation, utilities employment sector (greater 
  than the median) * unemployment rate

Controls include demographic characteristics (infant mortality rate, gender, marriage rate, age, race, education, & 
earnings), economic factors (percent of state's non-agricultural working population that is employed in mining, 
logging, or construction, manufacturing, or trade, transportation, and utilities), and policy factors (state minimum 
wage, TANF application and acceptance rates, and EITC receipt rates).

*** p<0.01, ** p<0.05, * p<0.1

One-year lag of county unemployment rate

Unemployment rate of the county's working population

High mining, logging, construction employment sector (greater 
  than the median) * two-year lagged unemployment rate
High manufacturing employment sector (greater than the median) 
  * two-year lagged unemployment rate
High trade, transportation, utilities employment sector (greater 
  than the median) * two-year lagged unemployment rate

High mining, logging, construction employment sector (greater 
  than the median) * unemployment rate

High mining, logging, construction employment sector (greater 
  than the median) * one-year lagged unemployment rate
High manufacturing employment sector (greater than the median) 
  * one-year lagged unemployment rate
High trade, transportation, utilities employment sector (greater 
  than the median) * one-year laggedunemployment rate
Two-year lag of county unemployment rate

Robust standard errors clustered at the county level in parentheses under coefficients.  P-values given in 
parentheses under F-statistics.  

High mining, logging, construction sector, high manufacturing 
  sector, high trade, transportation, utilities sector
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Overall the results in Tables 2–6 show a consistently small, statistically significant 

relationship between unemployment rates and SSDI enrollment rates at the county level.  The 

results reported in Tables 3–6 indicate that this relationship varies somewhat in magnitude, but 

always on a small scale, depending on the region and type of employment available within a 

county.  The relationship between SSDI and unemployment remains positive when subjected to 

most sensitivity tests, although contemporaneous models using the log of SSDI enrollment as the 

dependent variable show a negative relationship.  This switch in signs is puzzling, but could be 

indicative of a “precisely estimated zero,” meaning that the relationship between SSDI and 

unemployment is so small that, when the influence of outliers is minimized by transforming 

SSDI into a logarithm, the sign arbitrarily switches.   

The negative sign on the unemployment coefficient in my logged models may also be due 

to the fact that outlier counties could have been driving the positive results in my other 

regressions.  To test this theory, I estimated 3 additional models whose results are reported in 

Appendix Table B.  In the first model, I removed all county-years in the top 10 percent of the 

SSDI enrollment distribution.  In the second model, I removed all county-years in the top 10 

percent of the unemployment rate distribution.  In the third model, I removed the top 10 percent 

of county-years in either distribution.  In these models, the association between SSDI enrollment 

and unemployment is statistically insignificant.  Moreover, in the models in which the 10 percent 

of the county-years in the unemployment rate distribution are removed, the sign of the relevant 

coefficient to switches to negative.  On the whole, these findings suggest that the association 

between SSDI enrollment and unemployment is highly dependent on both the level of enrollment 

in SSDI and the level of unemployment in a county.   
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DISCUSSION 

 
My analysis tested the relationship between unemployment and social security disability 

insurance enrollment rates between 2000 and 2010.  Because these two variables are 

mechanically correlated, I expected to find evidence of a significant, positive relationship in my 

regressions.  However, although the relevant coefficients were statistically significant, their 

magnitude is weaker and their sign (in the case of some of the logged models) is sometimes 

different than expected.  In sum, while a relationship between SSDI enrollment and 

unemployment may exist, it may be weaker than one might expect.  According to the fully 

specified, level-level model, a one percentage point increase in unemployment is associated with 

an increase of one SSDI enrollee per 10,000 people, holding constant demographic, economic, 

and policy factors, as well as county-level characteristics that are fixed over time and time-

varying characteristics that are fixed across counties.   

It is important to note that this relationship, though smaller in magnitude than expected, is 

not necessarily trivial in terms of its policy implications.  Recall from the introduction that the 

average lifetime cost of an SSDI enrollee is estimated to be over $240,000.  The population level 

of the average U.S. county between 2000 and 2010 is about 94,000, meaning that a one 

percentage point increase in unemployment would result in an additional 9 SSDI enrollees, at an 

estimated cost of about $2.16 million (9 people per county * $240K) per county.  Bearing in 

mind that there are over 3,140 counties in the United States, these calculations suggest that a one 

percentage point increase in the national unemployment rate could result in 28,260 new SSDI 

enrollees (an average of 9 per county * 3,140 counties), costing nearly $7 billion over their 

lifetimes (28,260 enrollees * lifetime average cost of $240,000 = $6.78 billion).   
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I also find some evidence of statistically significant differences by region in the 

relationship between unemployment and SSDI enrollment.  Unemployment rates in the West are 

more weakly associated with SSDI enrollment rates than in other parts of the country.  This 

difference could be a result of a stronger “off the books” job market or more generous social 

safety net programs in the West, which might allow the unemployed to supplement their incomes 

to a greater degree than in other regions before they resort to applying for SSDI.  More study is 

needed to explore the potential causes of these regional differences.   

My results also showed a significant difference in the association between SSDI 

enrollment and unemployment when state-level industrial composition is taken into account.  

Contemporaneous and lagged one- and two-year unemployment rates were all more weakly 

associated with SSDI enrollment in states with higher than average employment in trade, 

transportation, or utilities.  This weaker association was somewhat surprising.  I had 

hypothesized that these sectors are relatively more labor intensive than other sectors and that a 

greater number of people in these industries would suffer from musculoskeletal disabilities, 

rendering them unable to perform their jobs.  While these differences were very small, they 

persisted across specifications.   

Although I attempted to control for as many potential demographic, economic, and policy 

influences as possible, there remain factors for which I could not control and whose omission 

could influence both SSDI enrollment and unemployment rates within a county.  For example, 

the existence and quality of job training programs might upwardly bias the coefficients on 

unemployment by negatively influencing unemployment and SSDI enrollment.  Job training 

programs are funded for varying periods of time, often less than 10 years, so it is possible that 
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there is variation within counties over the time frame of my analysis that is upwardly biasing my 

estimates by virtue of its omission.   

Another omitted variable whose omission may be biasing my coefficients is the level of 

stigma within a county regarding SSDI receipt.  Over time, the cultural attitudes within a county 

may change towards SSDI enrollees, and it seems reasonable to assume counties with higher 

levels of stigma regarding government dependency might have fewer SSDI enrollees.  However, 

it is unclear whether such stigma would be positively or negatively correlated with 

unemployment.  Thus, it is not clear whether and how the omission of this variable might be 

biasing my results.   

The positive, significant unemployment coefficients produced by most of my analyses are 

consistent with the findings of other scholars.s  While my results are smaller in magnitude than 

some other studies have found – Duggan and Imberman (2009), for example, found that a one 

percentage point increase in unemployment was associated with a 1.5 percent increase in SSDI 

enrollment the following year – my results are within the ballpark of the magnitude of the 

estimates reported by Autor and Duggan.  In their influential 2001 study, the authors found that a 

one percentage point increase in unemployment was associated with a 0.021 percentage point 

increase in SSDI awards rates after 1984; my analysis found that a one percentage point increase 

in unemployment is associated with a 0.011 percentage point increase in SSDI enrollees within a 

county.  It is important to note that awards and enrollment are different measures – an award is a 

one-time event while enrollment is measured continuously over time – but the authors state that, 

s See Duggan and Imberman (2009), Rupp and Stapleton (1995), and Autor and Duggan (2001). 
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when they used SSDI enrollment as the dependent variable, they arrived at quantitatively similar 

findings.  

  

CONCLUSION 
 

My results suggest two general conclusions.  First, further study is needed to explore the 

sensitivity and nuances of the relationship between SSDI enrollment and unemployment.  

Second, if there is a relationship between these two variables, it appears to be quite small.  The 

regional and employment-sector differences that were revealed by my analysis also indicate that 

the association between SSDI enrollment and unemployment is not uniform across counties.  

Thus, while national studies may be helpful in estimating overall trends, policymakers might also 

benefit more from more research focusing on specific regions or industries.   

 My findings of a weak relationship (if any) between unemployment and SSDI receipt 

suggest that the SSDI application system may be effectively directing benefits to those who are 

truly disabled.  While one cannot know whether only “deserving” applicants are being accepted 

into the program, the smaller the coefficient on county unemployment rate, the less likely it is 

that program enrollees applied to the system for purely economic reasons.  Therefore, my 

findings suggest that the system is primarily awarding SSDI benefits to those who deserve them 

based on their disability status.   
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Appendix Table A: Cubed Models with Contemporaneous and Lagged Unemployment 

Rates 

 

Disabled rate Disabled rate Disabled rate
(1) (2) (3)

-0.077***
(0.011)

0.007***
(0.001)

-0.0001***
(0.000)

-0.051***
(0.010)

0.006***
(0.001)

-0.0001***
(0.000)

-0.030**
(0.013)

0.004***
(0.001)

.0001***
(0.000)

Demographic Characteristics: Yes Yes Yes

Economic Factors: Yes Yes Yes

Policy Factors: Yes Yes Yes

Constant -9.543*** -9.884*** -10.50***
(1.395) (1.402) (1.421)

County fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Number of county-years 34,419 34,419 34,419
R-squared 0.860 0.859 0.857
Number of counties 3,129 3,129 3,129

F-Statistics and p-values of Joint Hypotheses
Cubed, squared and linear unemployment rate 23.03***

(0.00001)
21.14***
(0.00001)

5.33***
(0.0012)

*** p<0.01, ** p<0.05, * p<0.1

Dependent Variable:

One-year lag of county unemployment 
  rate

Squared unemployment rate of the county's 
  working population

Squared one-year lag of county 
  unemployment rate

Cubed one-year lag of county 
  unemployment rate

Unemployment rate of the county's working 
  population

Cubed unemployment rate of the county's working 
  population

Cubed, squared and linear one-year lag 
  unemployment rate

Cubed, squared and linear two-year lag 
  unemployment rate

Controls include demographic characteristics (infant mortality rate, gender, marriage rate, age, race, education, & 
earnings), economic factors (percent of state's non-agricultural working population that is employed in mining, logging, 
or construction, manufacturing, or trade, transportation, and utilities), and policy factors (state minimum wage, TANF 
application and acceptance rates, and EITC receipt rates).

Two-year lag of county unemployment 
  rate

Squared two-year lag of county 
  unemployment rate

Cubed two-year lag of county 
  unemployment rate

Robust standard errors clustered at the county level in parentheses under coefficients.  P-values given in parentheses 
under F-statistics.  
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Appendix Table B: Regression Results using the Bottom 90% of SSDI Enrollment & 

Unemployment Rates 

 

  

Bottom 90% of 
Disabled Rate Disabled Rate

Bottom 90% of 
Disabled Rate

(1) (2) (3)
0.006

(0.004)
-0.005 -0.001

(0.004) (0.004)
Demographic Characteristics: Yes Yes Yes

Economic Factors: Yes Yes Yes

Policy Factors: Yes Yes Yes

Constant -10.25*** -10.36*** -10.20***
-1.36 -1.42 -1.352

County fixed effects Yes Yes Yes
Year fixed effects Yes Yes Yes

Number of county-years 30978 30959 28561
R-squared 0.873 0.854 0.868
Number of counties 3043 3118 3029

Controls include demographic characteristics (infant mortality rate, gender, marriage rate, age, race, education, 
& earnings), economic factors (percent of state's non-agricultural working population that is employed in 
mining, logging, or construction, manufacturing, or trade, transportation, and utilities), and policy factors (state 
minimum wage, TANF application and acceptance rates, and EITC receipt rates).

Dependent Variable:

Unemployment rate of the county's working 
  population
Bottom 90% of unemployment rate of the county's 
  working population

Robust standard errors clustered at the county level in parentheses under coefficients.  P-values given in 
  parentheses under F-statistics.  

*** p<0.01, ** p<0.05, * p<0.1
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