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ABSTRACT 
 

 This thesis examines whether unemployment insurance (UI) benefits improve the quality of 

job matches for displaced workers who find new employment.  Using individual-level data from 

the 2008 and 2010 Displaced Worker Supplements to the Current Population Survey, I estimate 

the effect of UI receipt, generosity, and exhaustion on two measures of job match quality:  the 

change in the log of weekly earnings from the predisplacement to postdisplacement jobs and an 

indicator of whether the worker switched to a new industry.  Previous studies have consistently 

shown that such industry switching is associated with larger earnings declines due to the loss of 

industry-specific human capital and wage premiums.  The results show a significant, positive 

association between UI receipt and industry switching but no significant relationship between UI 

receipt and earnings when controls are added for jobless spells of less than two weeks.  I also 

find a negative, robust, statistically significant, and economically large relationship between 

exhaustion of benefits and reemployment earnings.  However, I find no significant association 

between UI exhaustion and industry switching.  Also, although the UI replacement rate – which 

measures the estimated proportion of a worker’s previous earnings replaced by UI benefits – is 

negatively and significantly associated with earnings for workers displaced in 2008-09, this 

result is not robust for workers displaced in 2005-07 or to the use of alternative measures of UI 

generosity.  However, replacement rates and maximum benefit levels have a significant, positive 
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association with earnings for workers who hit their state’s UI benefit cap.  These findings are 

consistent with previous literature providing mixed evidence on whether UI affects job match 

quality and suggest that future research should apply techniques simulating randomized selection 

so that treatment and control groups are likely to be similar on both measured and unobservable 

characteristics. 
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INTRODUCTION 
 
 Each year, several million American workers lose their jobs involuntarily and through no fault 

of their own.  The U.S. Bureau of Labor Statistics (BLS) counts “displaced workers” as those 

who are “20 years of age and older who lost or left jobs because their plant or company closed or 

moved, there was insufficient work for them to do, or their position or shift was abolished (U.S. 

Bureau of Labor Statistics 2012a).”  In recent decades, the rate of job displacement has been 

relatively high compared with changes in the overall unemployment rate (Farber 2005), and job 

loss rates rose even more sharply with the onset of the Great Recession.  Between January 2007 

and December 2009, nearly seven million long-tenured workers – those who have worked at 

their jobs continuously for at least three years – were displaced, and another 8.5 million lost jobs 

held for shorter periods of time (U.S. Bureau of Labor Statistics 2012a).   

 While the flexibility of the U.S. labor market contributes to the efficient flow of workers out 

of declining industries and into growing sectors, at least in favorable economic climates, an 

abundance of research shows that job displacement also imposes painful costs on the affected 

individuals and their families.  The average displaced worker struggles to find a new job and 

experiences substantial earnings losses upon reemployment, particularly in recession years.  

Moreover, the decline in earnings associated with job displacement tends to be especially sharp 

for individuals who find work in a new industry – particularly those with high tenure in the job 

from which they were displaced (Neal 1995) – owing to the loss of human capital specific to 

their previous industry or firm, the loss of wage premiums and rents, or both (Fallick 1996).  Job 

loss is also associated with higher mortality rates (Sullivan and von Wachter 2009) and negative 

effects on children of displaced workers (Oreopoulos et al. 2008, Stevens and Schaller 2009). 
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 Although the high earnings cost of industry switching is among the most consistent findings 

in the research literature on job displacement, surprisingly few studies have explored the 

determinants of switching behavior.  Those that have addressed this issue emphasize the role of 

predisplacement tenure (Neal 1995), employment conditions in the old and new industries 

(Fallick 1993, Neal 1995), and the local labor market conditions and share of local employment 

concentrated in the predisplacement industry (Stock 1998).  To the extent they have also 

discussed public policies that could potentially improve outcomes for displaced workers, these 

authors have primarily focused on smoothing the transition to employment in new industries 

through advance notice of plant closings or layoffs (Fallick 1993) and development of more 

targeted job training programs (Stock 1998). 

 This thesis takes a different approach by considering reemployment of displaced workers in 

their previous industry as a potential indication of job match quality, since it may enable workers 

to retain industry-specific skills and mitigate the earnings cost of displacement.  I examine 

whether unemployment insurance (UI) benefits improve the quality of job matches by reducing 

industry switching and earnings losses.  Temporarily replacing a portion of displaced workers’ 

previous wages so that they have time to search for a job that matches their skills is one of the 

primary objectives of the federal-state UI system.  Much of the literature on the incentive effects 

of UI shows that it modestly prolongs the duration of joblessness (Card and Levine 2000, 

Rothstein 2011).  Yet there is mixed evidence that UI receipt and generosity are positively 

associated with better quality job matches for reemployed workers.  Some studies have found 

that more generous state UI programs may help workers find new jobs at which they have longer 
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tenure (Centeno 2004) and that UI receipt may be associated with higher earnings upon 

reemployment (Ehrenberg and Oaxaca 1976); others have found no effect (Classen 1977). 

 While there is little value in encouraging displaced workers to pursue a futile search for 

employment in a declining sector, a substantial share of job displacement is not due to structural 

economic factors such as labor-saving technology, international trade, or shifts in consumer 

demand.  Displacement also follows cyclical patterns, with higher job loss rates during economic 

downturns (Farber 2005).  Given that the costs of industry switching often reflect the destruction 

of human capital investments made over a long period of time, policymakers have an interest in 

knowing whether UI benefits help displaced workers make the best job matches possible while 

minimizing unemployment spells.   

 My thesis connects the two distinct areas of research on the positive job search effects of UI 

and the determinants of industry switching among displaced workers.  In particular, this thesis 

builds on a study by Addison and Blackburn (2000) on the former topic and a paper by Stock 

(1998) on the latter.  Using data from the biennial Displaced Worker Supplement (DWS) to the 

monthly Current Population Survey (CPS), I estimate the effect of receipt, generosity, and 

exhaustion of UI benefits on both the probability that a displaced worker will switch to a new 

industry following permanent job loss and the difference in earnings between their old and new 

jobs.  Combining the CPS and DWS with other data from the U.S. Department of Labor and 

Census Bureau makes it possible to control for a wide range of factors that may confound the 

effects of UI if omitted from a multiple regression model, such as key demographic 

characteristics, firm tenure, prior earnings, predisplacement industry and occupation, and local 

labor market conditions.  By controlling for these factors and exploiting the remaining 
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exogenous variation in UI eligibility, duration, and benefit levels across states, I attempt to 

address the selection bias issues inherent in studies that seek to isolate the effect of UI on 

workers’ job search outcomes.   

 In this thesis, I test the following hypotheses:  whether UI receipt and UI replacement rates 

(i.e., the average percentage of workers’ previous earnings replaced by UI benefits) are both 

positively associated with reemployment earnings; whether the receipt and generosity of UI 

benefits reduce industry switching by encouraging displaced workers to hold out for better job 

matches; and whether, holding other factors constant, workers who exhaust UI benefits are more 

likely to switch industries and have worse earnings outcomes than those who are reemployed 

before their benefits expire.   

 Sections II and III of this thesis provide background and review the literature on displaced 

workers, industry switching, and the incentive effects of UI benefits.  Section IV presents my 

conceptual framework and econometric model for analyzing the effect of UI on switching 

behavior and earnings outcomes.  Section V describes the data and methodology used to test this 

relationship, as well as data limitations and methodological challenges.  Section VI highlights 

descriptive statistics of the sample.  Section VII contains empirical results from a wide variety of 

specifications using ordinary least squares (OLS) and logit regressions.  In Section VIII, I discuss 

the policy implications of my findings and areas for further research. 
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BACKGROUND 
 

Displaced Workers: Definitions, Prevalence, Characteristics, and Outcomes 

 The population of focus in job displacement studies varies based on the definition of 

displaced workers used by different researchers.  Many authors narrow their samples to long-

tenured workers under the official BLS definition, particularly if they use the DWS as their 

primary data source.  However, criteria for defining displacement can also be more restrictive.  

For instance, Jacobson, LaLonde and Sullivan (1993) study the effects of displacement on 

manufacturing workers in Pennsylvania with six or more years of tenure who lost jobs at firms 

experiencing mass layoffs of 30 percent or more of their workforce.  In general, displaced 

workers are considered to be individuals ages 20 and older with established work histories who 

separate from their jobs involuntarily, permanently, and not for cause (Kletzer 1998).  Additional 

restrictions exclude workers in nonagricultural and nonseasonal jobs and, less commonly, those 

displaced for cyclical rather than structural causes (Fallick 1996).   

 The nature and prevalence of job displacement are linked with the business cycle.  For 

instance, DWS data show little cyclical variation in job losses due to plant closings compared 

with displacement due to slack work and eliminated positions and shifts, and indicate that the 

increase in job loss rates in the 1990s can be attributed to “other” reasons (Kletzer 1998).  

Demographically, the displaced have historically been younger (Farber 2005) and more likely to 

be nonwhite, blue-collar, and less educated than workers who do not lose their jobs, yet the share 

of displaced workers who are older, more educated and white-collar has grown over time 

(Kletzer 1998).  Workers who are displaced are also more likely to have lower earnings 
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(Jacobson et al. 1993) and be employed in struggling industries – such as manufacturing and 

mining – and states with weak labor markets (Carrington 1993, Carrington and Zaman 1994).   

 Studies consistently find that displaced workers have difficulty finding new jobs and earn less 

upon reemployment compared with their expected earnings in the absence of displacement, with 

the earnings losses persisting over time (Podgursky and Swaim 1987, Howland and Peterson 

1988, Jacobson et al. 1993, Carrington and Zaman 1994, Neal 1995, Kletzer and Fairlie 2003, 

Farber 2005, Cha and Morgan 2010).  The long-term earnings losses found by studies that use 

the DWS range from eight to 15 percent (Couch and Placzek 2010).  Yet the modest average loss 

masks a large variance across the population of displaced workers.  For instance, more than half 

of full-time, nonagricultural workers in the 1984 DWS who were displaced between 1979 and 

1984 had earnings losses of 25 percent or more by the survey date (Podgursky and Swaim 1987).   

 Some longitudinal studies based on state UI administrative data have found long-term losses 

of this magnitude for all workers in their sample.  Jacobson et al. (1993), which tested a 

difference-in-difference model comparing high-tenure displaced and nondisplaced 

manufacturing workers, found that average earnings for the displaced cohort remained 25 

percent lower than their predisplacement earnings six years after displacement, and that these 

losses began accumulating before the actual job separation.   

 

Unemployment Insurance: Eligibility, Benefits, and Duration 

 Established under the Social Security Act of 1935, the joint federal-state unemployment 

insurance (UI) system provides temporary income replacement to individuals who lose their jobs 

involuntarily and through no fault of their own, who had sufficient earnings over a specified 
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period of time before displacement, and who are able, available for, and actively seeking new 

employment (Shaw and Stone 2012).  Each state distributes benefits from its own UI trust fund, 

which accumulates a surplus during economic expansions that states can draw down in 

recessionary years (Card and Levine 2000).  A federal payroll tax on a worker’s first $7,000 of 

earnings finances UI benefits, but these taxes are offset by a credit for taxes paid to state 

programs, which fund the majority of benefits, while the federal government pays for 

administrative costs (Nicholson and Needels 2006).  The median state taxable wage base is 

$12,000, and the minimum is $7,000 (Shaw and Stone 2012).  Tax rates are “experience rated” 

so that layoff-prone businesses contribute a disproportionately larger amount to state UI trust 

funds than businesses with fewer layoffs.  States where employers receive federal credits for 

taxes paid to state UI trust funds have considerable discretion to design their UI programs under 

a broad set of federal guidelines and with oversight by the U.S. Department of Labor.  Thus, 

there is wide variation in eligibility rules, benefit levels, duration of benefits, and financing 

across the states.  States calculate benefits according to different formulas that generally take into 

account workers’ quarterly earnings during a specified base period.  The base period typically 

covers the first four of five calendar quarters before displacement, although many states have 

begun to use alternative base periods that include the four most recent quarters before job loss 

(U.S. Department of Labor 2012a).   

 Most states determine benefits based on the earnings in the highest quarter, but some rely on 

wages in multiple quarters, annual wages, or average weekly wages in the base period (U.S. 

Department of Labor 2012a).  Workers are only eligible for UI if they have a minimum level of 

high-quarter and/or base period earnings, and some states also set minimum earnings for two or 
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more quarters in the base period.  On average, state UI benefits replace approximately half of a 

worker’s base period wages.  Yet in 2012, the average proportion of wages replaced by UI 

ranged from 33 percent in Alaska to 56.5 percent in Hawaii (Shaw and Stone 2012).  Most states 

index their maximum benefit to the state’s average weekly wage; the remainder set their 

maximum by statute (Nicholson and Needels 2006). 

 Most states provide benefits for up to 26 weeks.  However, only eight states offer a uniform 

benefit duration for all workers (U.S. Department of Labor 2012a).  Average UI duration ranged 

from 12 weeks in Georgia to 19 weeks in Illinois in 2004, and potential durations can be as short 

as 10 weeks (Nicholson and Needels 2006).  In 2009, half of UI beneficiaries exhausted their 

benefits due to the weak job market of the Great Recession (U.S. Department of Labor 2012b).   

 Moreover, it is easier to qualify for benefits in some states than others, since eligibility criteria 

can screen out workers who lose their jobs due to a lack of child care or other family-related 

issues or who are seeking only part-time work (Emsellem, Goldberg, McHugh, Primus, Smith, 

and Wenger 2002).  Generally, less than half of unemployed workers receive UI, but that 

proportion increases in weak labor markets as more workers lose jobs involuntarily (Shaw and 

Stone 2012).   

 Table 1 below shows the average national UI recipiency rate, weekly benefit amount, 

replacement rate, maximum benefit, average duration receiving benefits, exhaustion rate, and 

total unemployment rate (TUR), as well as the range of variation across states.  UI receipt, 

duration, and exhaustion increased substantially between 2005 and 2009, as the national 

unemployment rate nearly doubled. 
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Table 1. Unemployment Insurance Data, 2005-09 
Year 

 
 
 

Statistics 
 
 

 

Recipiency 
Rate 

 
 

Average 
Weekly 
Benefit 
Amount 

Replacement 
Rate 

 
 

Maximum 
Benefit (Upper 

Bound) 
 

Average 
Duration 

 
 

Exhaustion 
Rate 

 
 

TUR 
 
 
 

2005 Average 35.84 266.38 0.357 369.78 15.58 0.37 5.1 

 Min 19.16 (SD) 182.02 (AL) 0.236 (DC) 210.00 (MS) 11.56 (AL) 0.15 (SD) 2.8 (HI) 

 Max 63.59 (LA) 356.67 (MA) 0.514 (HI) 778.00 (MA) 19.63 (DC) 0.54 (DC) 7.8 (MS) 

         

2006 Average 36.26 277.26 0.356 380.43 15.37 0.35 4.6 

 Min 19.37 (TX) 183.77 (AL) 0.237 (DC) 210.00 (MS) 11.16 (GA) 0.13 (SD) 2.5 (HI) 

 Max 58.51 (PA) 366.37 (MA) 0.533 (HI) 778.00 (MA) 19.53 (DC) 0.54 (DC) 6.9 (MI) 

         

2007 Average 37.11 287.76 0.355 392.25 15.14 0.35 4.6 

 Min 19.14 (SD) 176.72 (MS) 0.228 (DC) 210.00 (MS) 11.12 (GA) 0.11 (SD) 2.6 (UT) 

 Max 60.86 (PA) 384.12 (HI) 0.541 (HI) 862.00 (MA) 19.16 (DC) 0.54 (DC) 7.1 (MI) 

         

2008 Average 43.68 297.09 0.351 409.55 15.16 0.39 5.8 

 Min 20.17 (SD) 182.89 (MS) 0.219 (DC) 210.00 (MS) 10.98 (SD) 0.11 (SD) 3.0 (SD) 

 Max 68.22 (NJ) 413.13 (HI) 0.557 (HI) 900.00 (MA) 21.40 (DC) 0.58 (DC) 8.3 (MI) 

         

2009 Average 63.75 310.06 0.360 425.04 16.72 0.5 9.3 

 Min 31.20 (SD) 195.64 (MS) 0.224 (DC) 230.00 (MS) 11.77 (SD) 0.20 (SD) 4.1 (ND) 

  Max 99.28 (PA) 423.01 (HI) 0.557 (HI) 942.00 (MA) 20.34 (DC) 0.68 (FL) 13.4 (MI) 
Notes: TUR represents the total unemployment rate for the calendar year (U.S. Bureau of Labor Statistics 2012b).  
All other data are from the U.S. Department of Labor Employment and Training Administration (U.S. Department 
of Labor 2012b).  The recipiency rate measures the share of unemployed workers who received UI benefits.  The 
maximum UI benefit can vary within a state depending on worker characteristics.  The most common reason an 
unemployed worker would be eligible for a higher maximum benefit is if the state offers a dependency allowance 
for workers with children.  The replacement rate is calculated using quarterly data as the average weekly benefit 
amount divided by the average weekly wage.  Annual replacement rates used in this chart are the average of the 
quarterly data weighted by the total amount of benefits paid in each quarter.   
  

 While recessions lead to an increase in the proportion of workers who exhaust their regular UI 

benefits, state and federal governments typically provide additional weeks of benefits during 

economic downturns.  Under the permanent Extended Benefits (EB) program, enacted in 1970, 

states may offer 13-20 weeks of compensation to workers who exhaust their regular benefits 

(Shaw and Stone 2012).  In every recession since 1971, Congress has also authorized federally-
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funded Emergency Unemployment Compensation (EUC) benefits (Nicholson and Needels 

2006).  The most recent EUC authorization took place in June 2008, when federal legislation 

made 13 weeks of EUC benefits available to any worker who exhausted regular UI benefits 

before March 28, 2009 (Rothstein 2011).  Congress subsequently expanded this benefit tier and 

added new tiers of EUC benefits based on state unemployment rates.  Ultimately, some workers 

could qualify for a maximum of 99 weeks of regular, EB and EUC benefits before these EUC 

extensions began to expire in 2012.  Despite the added generosity of UI benefits during the Great 

Recession, many displaced workers still exhausted their benefits as the share of jobless workers 

who were long-term unemployed and the average jobless duration reached historic levels. 

 

LITERATURE REVIEW 
 

 This literature review begins by examining studies of the determinants of reemployment and 

earnings changes among displaced workers, with a particular emphasis on the role of industry 

switching in predicting earnings losses.  It then highlights research on the factors that predict 

whether a displaced worker will switch industries, followed by a discussion of the incentive 

effects of UI on both jobless durations and job match quality.  There is mixed evidence on 

whether UI has a significant effect on reemployment earnings, and no studies have examined the 

relationship between UI and industry switching. 
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Determinants of Reemployment and Earnings Losses 

 Reemployment rates and earnings for displaced workers differ based on demographic 

characteristics and labor market conditions.  Workers are more likely to experience difficulty 

finding a new job if they are female, nonwhite, older, unionized, high-earning, and high-tenure, 

while high education levels are associated with rapid reattachment to the labor market (Fallick 

1996, Kletzer 1998, Farber 2005).  Jobless durations are also positively related to state and local 

unemployment rates and poor conditions in the former industry (Fallick 1996, Farber 2005).  

Much of the debate over job displacement centers on the determinants of earnings losses upon 

reemployment, the presence of which indicate the possibility that displaced workers lose human 

capital that may be specific to their firm or industry.  Earnings declines may also signify the loss 

of quality job matches or rents resulting from union and industry wage premiums, efficiency 

wages, or internal labor markets in which workers are rewarded for seniority. 

 Although the displaced tend to be younger and less skilled, there is convincing evidence of 

the existence of both firm-specific and industry-specific capital losses from job displacement 

(Podgursky and Swaim 1987, Carrington 1993).  These studies generally find earnings losses for 

industry switchers that are 16-20 percent larger than the losses of stayers (Fallick 1996).  For 

instance, Neal (1995) draws on DWS data from 1984-1990 to estimate the wage changes for 

those who stay in and switch from their original industry.  Applying Heckman’s (1979) two-

stage procedure to correct for sample selection bias toward switching and then conducting 

separate, selection-corrected regressions of log wage changes on both male and female 

switchers’ and stayers’ characteristics, he finds that the wage loss of displacement associated 

with high tenure is much greater for switchers than stayers, whose returns to tenure are similar to 
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non-displaced workers.  Losses for male switchers with 10 years of tenure averaged 31 

percentage points compared with 10 percentage points for similar male stayers. These results 

suggest the presence of specific skills that are transferable across firms in the same industry.  

Other DWS studies reveal extensive variation in displacement costs across industries (Carrington 

and Zaman 1994) and higher switching costs for blue-collar workers who may have made larger 

investments in specific human capital (Podgursky and Swaim 1987). 

 Ong and Mar (1992) use administrative data to compare the two-year earnings losses among 

semiconductor workers in California who were laid off in 1985.  Regressing log average 

quarterly earnings in 1987 on dummy variables for sector of employment, 1984 earnings, and 

other controls, they find that those who found new jobs in the semiconductor industry had no 

losses compared with those recalled to their previous jobs, and individuals reemployed in other 

firms in the high-tech electronics sector had very small earnings losses.  However, earnings were 

substantially lower for workers reemployed in other industries, including losses of 27-36 percent 

for those who switched to services, transportation, retail and wholesale trade, finance, insurance 

and real estate, and other unclassified industries.   

 Also using administrative data in their study of manufacturing workers in Pennsylvania, 

Jacobson et al. (1993) find that the postdisplacement earnings of those who left manufacturing 

were 38 percent lower after six years, compared with losses of 22 percent for those who stayed in 

manufacturing but in a different four-digit Standard Industrial Classification code and 18 percent 

for those who found new jobs in the same four-digit industry.  A study of displaced Connecticut 

workers (Couch and Placzek 2010) that uses the same methodology finds similar patterns of a 

smaller magnitude, with manufacturing workers suffering the largest costs of switching.   
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 There is evidence that at least a portion of switching costs can be attributed to loss of union 

status and wage premiums.  In their study of interindustry variation in changes in log wages for a 

sample from the 1984-88 DWS surveys, Carrington and Zaman (1994) find that the wage loss 

gap between industry switchers and stayers declines when they control for industry wage 

premiums and union coverage.  In a similar vein, Cha and Morgan (2010) use 2006 and 2008 

DWS data to identify large reductions in log earnings among displaced workers who switch 

industries, but they explain these losses in the context of rent destruction.  As evidence, they 

show that switchers’ earnings still fall sharply when they are reemployed in occupations with 

similar skill requirements as their old jobs according to the O*NET database, which measures 

the education, experience, and skills required of different jobs.  However, they are unable to 

identify the structural source of earnings changes that result from elimination of rents, which 

cannot be accounted for by the interaction of switching with the loss of union coverage. 

 Perhaps reinforcing the importance of specific as opposed to general human capital, there has 

been no significant difference in earnings declines between more and less educated workers in 

the DWS since the early 1990s (Farber 2005).  On the contrary, a study by Kletzer and Fairlie 

(2003) using National Longitudinal Survey of Youth (NLSY) data and the Jacobson et al. (1993) 

regression model showed that among younger displaced workers, the college-educated group 

suffered the largest relative earnings losses compared with their expected earnings levels.  Rather 

than reflecting wage declines following displacement, these deviations from expected earnings 

were due to foregone opportunities for rapid earnings growth early in these workers’ careers.   

 Other individual-level factors that tend to increase earnings losses are high pre-layoff wages 

(Podgursky and Swaim 1987, Howland and Peterson 1988), multiple job separations (Stevens 
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1997), and exhaustion of UI benefits, which may represent the effect of a long unemployment 

duration (Kletzer 1998).  Occupation, labor market, and industry conditions also play important 

roles.  With a sample of workers displaced from full-time manufacturing jobs between 1979 and 

1984, Howland and Peterson (1988) find that overall growth in local employment reduces 

displacement costs for white-collar – but not blue-collar – workers in declining industries; strong 

industry labor demand reduces losses for blue-collar workers; high-tenure blue-collar workers 

with little education experience large financial impacts of displacement even in a growing 

economy; and earnings decline for all workers in a depressed local economy.  They conclude that 

the success of blue-collar employees depends on local industry conditions and retention of 

specific skills, whereas white-collar workers benefit from positive conditions in the overall labor 

market that enable them to utilize their general human capital.  Farber (2005) highlights the 

cyclical pattern of earnings losses over a decade in which average earnings declines went from 

13.8 percent in 1989-91 to 6.7 percent and 7.8 percent in the expansions of 1995-97 and 1997-99 

to 17.1 percent in the weak labor market of 2001-03. 

 Overall, the literature shows that the outcomes of displaced workers are likely to vary 

depending on broader local economic and industry conditions, and on the amount of specific 

human capital and wage premiums that a worker retains when moving to a new job.  Displaced 

workers who have accumulated industry-specific skills over a long period of time and then 

switch industries are likely to experience deep wage losses if their skills are not transferable. 
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What Factors Predict Industry Switching? 

 Considering the consistent negative impact of industry switching on postdisplacement income 

found in the literature, surprisingly few studies have examined the determinants of worker 

mobility across industries following involuntary job loss, and none have emphasized the 

influence of UI benefits on workers’ switching behavior.  Two of the most relevant studies of 

industrial mobility are Fallick (1993) and Stock (1998). 

 Relying on worker data from the 1984 and 1986 DWS and industry employment growth, 

unemployment rate, and earnings data from the CPS, Fallick (1993) estimates a Cox partial 

likelihood model to predict the impact of industry conditions on the probability of reemployment 

in original and new industries.  His main finding is that workers displaced from industries with 

smaller employment growth focus their job search efforts on other industries.  In addition, factors 

positively associated with industry switching include plant closings and advance notice of job 

loss, education, managerial and professional occupations, and being female.  Factors negatively 

associated with switching are family income (which, like UI, may lower search costs and 

increase search intensity in the original industry), tenure, and wage premiums at the lost job. 

 Stock (1998) combines worker information from the 1992 DWS with employment data on 41 

North American Industrial Classification System (NAICS) two-digit industries from the Census 

Bureau’s County Business Patterns dataset and unemployment data in 199 metropolitan areas 

from the BLS’ Employment and Earnings reports.  Separate linear probability and probit models 

that estimate the probability of switching show that displacement from industries that employ a 

small fraction of the local labor force is a significant factor in encouraging workers to switch 

industries.  A one percentage point increase in an industry’s share of local employment is 
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associated with a more than one percent decrease in the probability of industrial mobility.  The 

estimated effect of the change in local employment from the year before displacement to the year 

of displacement is inversely associated with switching and weakly significant.  However, Stock 

finds that the effects of the local unemployment rate and changes in local industry employment 

on industry switching are not statistically significant.  Switching behavior varies across 

industries and does not depend on geographic mobility or demographic factors. 

 Other studies that focus on industry switching include Neal (1995), who estimates a probit 

model of the determinants of industry mobility in correcting for the self-selection of workers into 

new industries.  He finds that a one standard deviation increase in industry employment is 

associated with a seven percent decrease in predicted switching, and a one standard deviation 

increase in the industry employment growth rate is associated with a five percent reduction in 

switching.  Switchers are also more likely to have lower pre-layoff earnings, longer jobless 

spells, less experience and tenure, and are more likely to be unmarried and nonwhite.  Also, age 

and presence of children have no effect.  Howland and Peterson (1988) show that blue-collar 

workers are more likely to stay in their original industry than white-collar workers.  While 

industry conditions are an important predictor of switching behavior, the literature also suggests 

that workers who have more to lose from switching are less likely to do so and that highly 

educated workers may have more choices available and are thus more likely to change industries. 

 

The Incentive Effects of Unemployment Insurance 

 A large body of literature on UI focuses on its incentive effects, particularly whether it 

prolongs unemployment by reducing workers’ search intensity and/or increasing their reservation 
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wages (Rothstein 2011).  For instance, Katz and Meyer (1990a) find that increasing the 

maximum duration of UI benefits increases jobless spells and highlight a spike in the number of 

workers who find new jobs immediately before exhausting their benefits.  Yet much of this effect 

can be attributed to a pattern in which displaced workers remain unemployed in the expectation 

that they will be recalled to their original firms (Katz and Meyer 1990b). 

 More recent studies suggest that the effects of UI on jobless duration are modest.  Using state-

level administrative data, Card and Levine (2000) explore the impact of the New Jersey 

Extended Benefit Program created in 1996 for political rather than economic reasons.  By 

comparing benefit exhaustion rates of New Jersey workers over time as a dependent variable, 

comparing New Jersey and Pennsylvania workers in 1996, and comparing New Jersey with all 

states, they find that the 13 weeks of EB increased exhaustion rates by one to three percentage 

points and the average duration of UI claims by one week. 

 A modest effect of UI on jobless duration also appears in Rothstein (2011), which utilizes the 

longitudinal aspects of the CPS to estimate the probability of workers exiting unemployment in 

response to the 2008-09 UI extensions discussed above.  He employs several empirical 

strategies, including comparing jobless spells for UI-eligible unemployed workers with ineligible 

unemployed workers in similar labor markets, isolating the effect of state decisions to adopt 

optional EB, and comparing UI-eligible workers in the same labor markets who were displaced 

at different times and have different expected future benefit durations.  Rothstein finds that UI 

benefit extensions led to a 0.1 to 0.5 percentage point increase in the measured national 

unemployment rate, with at least half of the effect resulting from unemployed workers staying in 

the labor force.  These results do not account for the spillover effect of greater jobless spells of 



 

18 
 

UI recipients in shortening the jobless durations of workers not receiving UI (Levine 1993), and 

the macroeconomic stimulus that UI provides in sustaining aggregate demand (Katz 2010). 

 Relatively few studies have examined whether the “moral hazard” effect of increased time 

spent unemployed is balanced by the formation of higher-quality job matches that fully utilize 

workers’ skills.  Centeno (2004) uses NLSY data to measure the effect of state UI generosity on 

post-unemployment job tenure and finds longer job tenure and less cyclical variation in job 

match quality in states with higher maximum weekly benefits, with state monthly unemployment 

rates at the time of separation held constant along with region controls and time fixed effects.  

Studies of the job match quality effects of UI in other countries present mixed findings, with no 

significant effects of potential UI duration on workers’ earnings in Slovenia (van Ours and 

Vodopivec 2008) and Austria (Lalive 2007), and a weakly positive, significant effect of potential 

UI duration on subsequent job duration in Canada (Belzil 2001). 

 Nearly all of the major empirical studies on the impact of UI on reemployment earnings of 

American workers use different data sources and methodologies, resulting in a broad range of 

conflicting findings.  In one of the more prominent studies, Ehrenberg and Oaxaca (1976) regress 

both log jobless durations and changes in log wages between 1966 and 1967 on UI replacement 

rates for samples of recipients and nonrecipients using data from the National Longitudinal 

Survey.  In doing so, they impute a value of zero for nonrecipients’ UI replacement rate.  They 

find that, for a sample of 274 males ages 45-59, a 10 percentage point increase in the 

replacement rate is associated with a seven percent increase in the reemployment wage and a 1.5 

week increase in jobless duration, holding other factors constant.  Yet the wage and jobless spell 

impacts for women ages 30-44 are only 1.5 percent and 0.3 weeks, respectively, and there are no 



 

19 
 

wage impacts for younger males and females between the ages of 14 and 24.  Because this study 

is not limited to displaced workers, estimates may be downwardly biased by outcomes for 

nonrecipients who quit their jobs (Addison and Blackburn 2000).  In contrast, Classen (1977) 

finds that, among a sample of UI recipients drawn from UI claims data from Pennsylvania and 

Arizona in the late 1960s, weekly benefit amounts have no significant association with best-

quarter earnings in the year following unemployment (holding previous earnings constant).   

 Two studies draw upon data from the Service to Claimants (STC) program, a pilot initiative 

conducted in 1969-70 in which UI recipients in five cities who were not expecting recall and 

who did not need basic retraining were divided randomly into treatment and control groups to 

receive special counseling and job search assistance (Holen 1977).  The study by Holen (1977) 

finds that a $10 increase in the weekly benefit is associated with a $90 increase in 

postunemployment quarterly earnings.  A similar STC study of UI claimants by Burgess and 

Kingston (1976) regresses annual earnings following a jobless spell on the maximum weekly 

benefit amount, potential UI duration, and jobless duration.  Addison and Blackburn (2000) 

object to the inclusion of the latter variable, since reemployment wages and unemployment 

durations are simultaneously determined by a worker’s reservation wage under conventional job 

search models.  Yet Burgess’ and Kingston’s estimates of the positive effect of UI are lower than 

Holen’s (1977), with a $1 increase in weekly benefits associated with a $25 increase in annual 

postunemployment earnings (as opposed to $36 by Holen), and a one-week increase in potential 

duration associated with a $69 increase in reemployment earnings. 

 The more recent and comprehensive study by Addison and Blackburn (2000) provides the 

foundation for my own analysis.  Using data from the 1988, 1990, and 1992 DWS, they estimate 
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three separate models predicting the changes in log wages:  one for UI recipients in which the 

key independent variable is the replacement rate; one for UI recipients and nonrecipients in 

which UI receipt is the key independent variable; and one in which they assign a value of zero 

for the replacement rate of nonrecipients.  Because the DWS only asks whether displaced 

workers received and exhausted UI, Addison and Blackburn create an imputed benefit and 

replacement rate for UI recipients using average state weekly benefits, minimum and maximum 

benefit levels, and UI recipients’ previous weekly earnings.  All three models control for log 

previous weekly earnings, female, married, a female-married interaction, age and age-squared, 

former job tenure and tenure-squared, black, education, whether the displacement was a layoff, 

receipt of advance notice, full-time employment on the lost job, whether the lost job was in a 

blue-collar occupation, state unemployment rates, and displacement and survey year dummies.  

They also test the sensitivity of their results to inclusion of a jobless duration variable. 

 The UI recipients-only model finds no positive or statistically significant effect of the UI 

replacement rate on reemployment earnings, even with jobless duration included.  In the model 

that includes both recipients and nonrecipients, the coefficient on the UI dummy variable for 

nonreceipt would only be significant at the .08 confidence level in a one-tailed test, yet the point 

estimate would represent an approximately two percent increase in weekly earnings associated 

with obtaining UI benefits – a lower estimate than previous studies.  Testing the effect of UI 

eligibility by excluding nonrecipients with more than one year of tenure and recipients with zero 

years of tenure increases the size of the UI receipt coefficient.   

 The estimated effect of UI receipt is highly sensitive to several important sample restrictions, 

including the exclusion of workers displaced less than one year before the survey, which avoids 
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oversampling workers with shorter jobless spells.  A more consequential restriction is the 

limitation of the sample to workers with jobless spells of at least two weeks, under the 

assumption that many of the excluded workers would have been eligible for and received UI 

after filing delays and state-imposed waiting periods had they not found a job so quickly.  

Including workers with jobless spells of less than two weeks makes the coefficient on UI receipt 

negative and statistically significant.  For the third model, the effect of the UI replacement rate 

imputed for recipients and nonrecipients has a similar magnitude and significance level as the UI 

receipt variable, with no variation across age groups.   

 My study not only builds on Addison and Blackburn (2000) and other studies of UI’s effect 

on reemployment earnings with a more recent data set, but also links the research literature on 

industry switching and displaced worker earnings losses by exploring the effect of UI on both 

outcomes.  In particular, I incorporate additional control variables from studies such as Stock 

(1998) on the determinants of industry switching, including the share of local employment 

concentrated in the industry of displacement.  I also control for labor market conditions at the 

MSA level, more detailed occupation dummies, and Census regions.  By only focusing on 

workers with at least one year of job tenure and a minimum of $20 in previous weekly earnings, 

I ensure that the vast majority of observations in the sample would be eligible for UI, and any 

variation in their receipt of UI should be the result of either unobservable characteristics or state 

policies.  The fact that many workers in my sample lost their jobs in 2008-09 – a time of historic 

long-term unemployment – will show whether results for workers displaced during deep 

recessions are consistent with the results of earlier studies.  Additional models testing the impact 

of UI exhaustion will provide further insight into the benefits or negative incentives of UI.   
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CONCEPTUAL FRAMEWORK 
 

 The two primary theoretical frameworks underlying studies of the incentive effects of UI are 

labor-leisure and job search models.  The labor-leisure model posits an inverse relationship 

between wages and leisure, with individuals choosing their number of work hours based on the 

value they place on leisure relative to consumption.  Under this framework, an individual’s wage 

represents the opportunity cost of one hour of leisure time (Ehrenberg and Smith 2009, 172).   

Replacing wages with nonwage income such as UI encourages individuals to reduce their hours 

of work.  Job search models suggest that workers conduct their search with imperfect 

information on the wages offered or skills required by individual firms (Mortensen 1970).  The 

probability of finding a job depends on individuals’ reservation wages – the minimum wages 

they would accept – and the distribution of wage offers that fall between the reservation wage 

and the highest wage that the worker could receive for his or her skills.  In this model, 

individuals set their reservation wages so that the expected value of the wages they will 

ultimately receive equals the foregone income lost while they are unemployed during their 

searches (Addison and Blackburn 2000).  UI benefits reduce the cost of being unemployed, and 

therefore enable workers to increase their reservation wages, which has a dual effect of 

increasing their jobless duration while also increasing their expected wage (Mortensen 1970). 

 Studies of industry switching costs among displaced workers draw on human capital models.  

Workers who leave a job retain general human capital that is transferable across firms.  If this 

were the only source of human capital demanded by the old and new jobs and if labor markets 

were perfectly competitive, there would be little wage loss associated with displacement.  Firms 
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have an incentive to only invest in specific training that does not raise workers’ productivities at 

other firms, and will avoid laying off more skilled and higher tenure employees (Ehrenberg and 

Smith 2009, 154, 156).  However, displaced worker studies make a strong case for the existence 

of specific human capital that is transferable across similar firms in the same industry.   

 This thesis connects these theoretical frameworks by assuming the existence of two potential 

reservation wage points on the wage offer distribution, as shown in Figure 1 below.  Point y1 

represents a minimum wage at which workers will accept jobs in their former industry that 

utilize their sector-specific skills.  To the left of that point is a lower reservation wage (y0) 

representing the minimum earnings a worker would be willing to accept once they have decided 

to expand their search to new industries.  The point ymax represents the highest wage the worker 

could receive given his skill level.  Area a is the distribution of wage offers for a worker with 

reservation wage y1, and area a + b is the wage offer distribution for a worker with reservation 

wage y0.  These areas can also be interpreted as the probability that the worker will make a job 

match consistent with his qualifications and reservation wage for a randomly selected job 

(Mortensen 1970).  Also shown are the expected new wages of workers at each reservation 

wage, which are equal to the mean of each shaded area under the curve. 

 Rather than steadily reducing the reservation wage in a linear manner, prolonged joblessness 

increases the probability that a worker will choose the lower reservation wage as well as the 

likelihood of switching industries.  UI encourages unemployed workers to maintain the “industry 

skill-retention” reservation wage, which simultaneously increases their jobless duration and their 

expected wage.  Assuming no change in hours worked, the difference between the expected 
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earnings of those with the skill-retention reservation wage and the expected earnings of those 

with the lower reservation wage should equal the average earnings cost of switching industries. 

 

Figure 1.  Reservation Wages for Industry Switchers and Stayers 

  
Note: Adapted from Mortensen (1970) 
 

 This thesis therefore hypothesizes that UI increases job match quality by reducing industry 

switching behavior among displaced workers and increasing their expected earnings upon 

reemployment.  My operational definition of industry switching is whether a worker holds a job 

at the CPS survey date in which the industry is different from that of the lost job as measured by 

the 22 NAICS two-digit level industry codes.  Earnings are defined as log weekly earnings in the 

new job.  To estimate the effect of UI, I examine measures of UI receipt, generosity and 

exhaustion.  The DWS asks whether workers received UI following job loss and if their benefits 

expired prior to reemployment.  Data on workers’ state of residence, geographic mobility, 

previous earnings and job tenure, and year of displacement – combined with separate data on 
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average weekly benefit amounts and average weekly wages by state and year – make it possible 

to impute a UI replacement rate using a similar method as Addison and Blackburn (2000).  I will 

test the hypotheses that UI receipt and replacement rates have a positive effect on reemployment 

earnings and a negative effect on industry switching, and that UI exhaustion is associated with 

reduced reemployment earnings and an increased likelihood of switching industries.  Evidence to 

support these hypotheses would indicate that UI minimizes earnings losses by helping displaced 

workers continue searching for jobs in their original industries and retain specific human capital 

accumulated over time.  The basic empirical models that I will test are: 

 

1)  Pr(Y=1) = β0 + β1X1 + β2X2 + β3X3 + e 

2)  log Enew = β0 + β1X1 + β2X2 + β3X3 + e 

 

in which Y is a dummy variable equal to one if a worker switches industries, log Enew represents 

log weekly earnings on the new job, X1 represents UI variables, X2 is a vector of demographic 

and former job characteristics (including previous earnings), and X3 represents economic factors 

that may be correlated with both the UI and dependent variables.  The inclusion of an extensive 

set of control variables that determine earnings outcomes and switching decisions generate 

treatment and control groups that are similar in nearly all important observable characteristics 

(though potentially different in unobservable ways) and establish a counterfactual for earnings 

losses and switching decisions that would have occurred in the absence of UI receipt or 

exhaustion or with less generous UI benefits.   
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DATA AND METHODS 
 

Data Sources 

 I draw my sample from a pooled cross-section of data collected in January 2008 and January 

2010 for the Displaced Worker Supplement (DWS) of the Current Population Survey (CPS) 

made available on the National Bureau of Economic Research website (National Bureau of 

Economic Research 2012).  The U.S. Census Bureau collects these data as part of a joint effort 

with the Bureau of Labor Statistics.  Conducted for more than 50 years, the CPS is a monthly 

survey of individuals ages 16 and above within approximately 56,000 household units among the 

noninstitutionalized civilian population to gather comprehensive information on the employment 

situation and demographic characteristics of American workers (U.S. Census Bureau 2010).  

Households are surveyed monthly as part of a rotation panel for four consecutive months, 

excluded for the next eight months, and then surveyed again for four more consecutive months.   

 The CPS is not a simple random sample, but instead employs stratified sampling techniques 

to ensure representation for geographic areas throughout the U.S.  It also assigns weights to data 

from individuals in the sample to reflect the distribution of demographic characteristics within 

the entire population.  The DWS is a biennial survey conducted in even years in January since 

1984 as a supplement to the monthly CPS.  In 1992, the survey began requesting information 

from the past three years instead of the past five.  Respondents are asked if they lost a job 

because their plant or company closed, they had insufficient work, their position or shift was 

abolished, or for other reasons.  If they answer affirmatively, they are asked a series of questions 

related to the job from which they were displaced and their experience following job loss.   
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 There are numerous advantages to using the DWS as a data source for this study.  The DWS 

contains comprehensive, current, and publicly accessible information on a national sample of 

displaced workers, including the year, state and metropolitan area of residence at the time of 

displacement.1  In addition to the rich set of demographic controls from the CPS, the data can be 

matched by state and year to information on local labor market and industry conditions.  The 

DWS has other advantages compared with the Panel Study of Income Dynamics (PSID), NLSY, 

and state administrative data, which are frequently used for displaced worker studies.  The CPS 

contains a larger sample than the PSID, and the PSID and many administrative sources do not 

clearly distinguish between layoffs, quits and firings, prompting researchers using these data to 

limit their sample to those displaced in mass layoffs (Jacobson et al. 1993).  The DWS also 

gathers demographic information not always contained in administrative sources (Jacobson et al. 

1993) and, unlike the NLSY, is not limited to specific age groups. 

 There are also notable shortcomings in using the DWS as opposed to panel data.  First, as a 

source of cross-sectional data, there is no way in the DWS to control for workers’ time-invariant, 

unobservable characteristics, as well as outcomes prior to displacement (Ong and Mar 1992, 

Neal 1995).  Because a large portion of earnings losses may occur before displacement, 

estimated earnings changes in cross-sectional studies may have a downward bias (Jacobson et al. 

1993).  In addition, workers who experienced more than one job loss only report information on 

the longest job held (Magnani 2001).  DWS respondents are also subject to “recall bias” in which 

they misreport job loss events that occurred well before the survey date (Horvath 1982).  

                                                 
1 Other information collected includes reason for displacement, previous job tenure and industry, full-time status and 
weekly earnings on the lost job, receipt and exhaustion of UI benefits, duration of jobless spells before 
reemployment, number of jobs held since displacement, and reemployment earnings, tenure, and industry. 
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Because the CPS surveys specific housing units, individuals who move to a new location are no 

longer included in the sample, and the DWS does not publicly report the previous metropolitan 

area of workers who moved following displacement.  Finally, there are sample selection bias 

issues since many workers remain unemployed by the survey date (Fallick 1996). 

 Because the CPS is not large enough to provide reliable estimates of geographic information 

for areas below the state level, I draw on other data sources to control for key economic factors.  

The BLS Local Area Unemployment Statistics (LAUS) track employment and unemployment 

rates over time for metropolitan areas, and the Census Bureau’s County Business Patterns data 

highlight changes in industry employment by metropolitan area and state (U.S. Bureau of Labor 

Statistics 2012b, U.S. Census Bureau 2012).  Data on average weekly wages and average weekly 

UI benefits2 by state and year are obtained from the U.S. Department of Labor Employment and 

Training Administration (U.S. Department of Labor 2012b).  Information on minimum and 

maximum benefit levels and minimum qualifying wages is obtained from the department’s 

Comparison of State Unemployment Laws (U.S. Department of Labor 2012a).   

 

Sample 

 Individual displaced workers surveyed in the January 2010 and January 2008 DWS comprise 

the unit of analysis for this study.  The original sample sizes for the 2010 and 2008 surveys are 

152,848 and 151,937, respectively.  Of this group, 9,099 workers indicated in the 2010 DWS that 

they were displaced between 2007 and 2009, and 5,639 workers in the 2008 DWS were 

displaced between 2005 and 2007.  Consistent with other studies of earnings changes among 

                                                 
2 I calculate state UI replacement rates as the average weekly benefit amount divided by the average weekly wage. 
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workers in the DWS, I limit my sample to workers ages 20-61 to prevent retirement decisions 

from influencing reemployment outcomes (Neal 1995), exclude workers who were self-

employed prior to displacement or who lost their jobs for unspecified reasons (Carrington and 

Zaman 1994), and exclude those who lost jobs in seasonal industries or those industries in which 

displacement is not well-defined, such as agriculture, forestry/fishing/logging, and the armed 

forces (Kletzer 1989).  However, unlike Kletzer (1989) and Neal (1995), I include construction 

workers in my sample, since they represent the industry with the largest number of displaced 

workers.  Because this study focuses on industry switching and earnings changes, only workers 

reemployed by the survey date are included in the sample. 

 The DWS records whether a respondent moved to a different city or county following 

displacement, but does not identify the original location.  Given the predicted impact of local 

labor market conditions and industry composition on reemployment outcomes, Stock (1998) 

drops movers from her sample.  Alternatively, Carrington and Zaman (1994) treat all moves as if 

they are intrastate.  Podgursky and Swaim (1987) note that if movers relocate to growing labor 

markets, the larger pool of workers to be absorbed by the local labor force would impart a 

downward bias on the estimated effect of local employment growth variables on earnings 

changes.  Therefore, I replicate the approach in Stock (1998).  

 I impose several additional restrictions to identify comparable groups of UI recipients and 

nonrecipients.  Only workers with at least one year of tenure are included (Fallick 1993).  This 

restriction increases the likelihood that all workers in the sample meet the monetary eligibility 

criteria for the UI program, although there may be differences in eligibility that depend on 

whether states count earnings in the most recent four quarters of work prior to displacement in 
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their base period.  Since workers in most states must have minimum base period earnings of at 

least $1,000 to qualify for UI benefits, I further limit the sample to workers who earned at least 

$20 per week, and also exclude workers who earn less than $20 per week in their current job.3 

Because the CPS and DWS only record weekly earnings, it is difficult to know whether earnings 

changes are the result of changes in wages, hours, or both.  Therefore, many DWS studies focus 

only on full-time to full-time employment transitions to isolate wage changes (Podgursky and 

Swaim 1987, Neal 1995, Farber 2005).  My final analysis sample – before limiting the analysis 

to full-time to full-time transitions – includes a total of 4,006 individuals, including 1,632 from 

the 2008 CPS and 2,374 from the 2010 CPS.   

 

Variables 

 My dependent variables include the log of current weekly earnings4 and an “industry 

switcher” dummy variable equal to one if the worker’s new 2-digit NAICS industry is different 

from the industry from which they were displaced.  There are three key independent variables of 

interest: 1) an indicator of whether the worker received UI benefits following displacement, 2) an 

imputed UI replacement rate, and 3) an indicator of whether the worker exhausted their benefits 

before finding a new job.  The imputed replacement rate is modeled on a similar variable 

developed by Addison and Blackburn (2000).  For UI recipients, I first multiply the average state 

replacement rate – calculated using quarterly Department of Labor data as the average weekly 

benefit amount divided by the average weekly wage, then weighted by the total benefits paid per 

quarter – by a worker’s weekly earnings on the lost job to create an implied benefit.  I then 
                                                 
3 Only 15 observations earn less than $20 per week.  Some of these values appear to result from measurement error. 
4 Many of the values for current weekly earnings are imputed in the CPS.  
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replace this benefit with the state minimum benefit if it is under that value or replace it with the 

maximum benefit if it is over that value, and divide the new benefit amount by the previous 

weekly earnings to obtain the implied replacement rate.  Using this formula, I estimate that the 

imputed benefit equals the maximum benefit for 315 of the 1,215 observations in which the 

imputed benefit is greater than zero and not a missing value.  Because there can be a range of 

maximum benefit amounts within an individual state, usually because of additional benefit 

allowances for dependents, I create an additional, expanded imputed replacement rate in which 

those maximum benefit values are used to calculate the implied benefit.   

 There are 457 non-response and missing observations for the industry switcher variable, all of 

which can be accounted for by the absence of industry information for the job of displacement.  .  

Individuals with missing industry information are more likely to be male, older, married, black 

or Hispanic, and to have children and only a high school diploma.  In addition, 1,125 

observations have missing data for previous weekly earnings.  These observations are much 

more likely to be male, nonmarried, and to have held only one job following displacement, but 

otherwise do not appear very different from the average observation.  Although males have a 

larger earnings loss than females, there is little difference in UI receipt, replacement rates, or 

industry switching based on gender, and the omission of these observations is unlikely to have 

much effect on the results.  UI replacement rate values are treated as missing if previous earnings 

are missing.  There are also missing data for the other key UI variables, with 524 missing values 

for UI receipt and 40 missing values for UI exhaustion within the subset of UI recipients.   

 I include control variables for the following personal characteristics: age and age-squared; 

female; married; an interaction between female and married; white; education; reason for 
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displacement (with plant closings as the reference category); years of tenure on the old job and 

tenure-squared; whether the worker received advance notice before losing his or her job; union 

status on the lost job; and the log of previous weekly earnings.  Most of these factors are 

correlated with UI receipt as well as earnings and/or switching outcomes.5  These variables also 

comprise most of the controls for individual characteristics in Addison and Blackburn (2000). 

 I also control for short jobless spells of less than two weeks and whether more than one job 

was held following displacement, which is an indication of postdisplacement employment 

stability that affects earnings (Stevens 1997).  According to Portugal and Addison (1990), studies 

overestimate the effect of UI on jobless duration by including workers with very short 

unemployment spells, who might have received UI had they not found work during the waiting 

times and filing delays associated with applying for benefits.6  Addison and Blackburn (2000) 

show that the estimated effect of UI changes dramatically when their sample is restricted to 

workers with jobless spells of two or more weeks.   

 Because the CPS does not gather data on total work experience, Neal (1995) calculates 

potential experience as age minus years of education minus six.  However, I omit this measure 

since it is simply a function of age and education, which are already in the model.  The education 

variables comprise three categories: high school diploma only, some college, and a college 

degree or higher, with less than a high school degree as the reference category.  I also include 

region dummy variables based on the four Census regions (Northeast, Midwest, South, West) 

                                                 
5 Of these variables, female is not correlated with UI receipt.  Variables for white, married, and reason for 
displacement do not have a significant correlation with earnings or switching outcomes.  However, most studies of 
displaced worker earnings outcomes control for gender, race, marital status, and reason for displacement.  
6 Most states impose a one-week waiting period before displaced workers can collect benefits. 
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and develop more detailed occupation variables, recoding the occupation codes in the CPS to 

four categories: management and professional, service, sales and office, and blue-collar.7   

 Studies that use the DWS rely on a wide range of proxies for local labor market and industry 

conditions.  Stock (1998) calculates the percent change in industry and metropolitan area 

employment from the year prior to displacement to the year of displacement to develop an 

employment trend variable, while Neal (1995) derives a similar variable from total industry 

employment in year t+1 minus employment in year t-1 divided by employment in year t.  The 

LAUS data allow me to create two detailed local labor market condition variables.  One is the 

unemployment rate for the metropolitan statistical area (MSA) in the year of displacement.  I am 

able to merge the MSAs in both the LAUS and CPS datasets based on the five-digit Federal 

Information Processing Standard (FIPS) Core-Based Statistical Area (CBSA) codes.  To create a 

second employment trend variable, I subtract total MSA employment in the year after 

displacement from employment in the year before displacement and divide that number by 

employment in the year before displacement, giving me a percentage change over a two-year 

period.  For observations in which the individual lived in a nonmetropolitan area or the 

metropolitan area is missing, I impute the state-level unemployment rate and employment trend.  

                                                 
7 While the BLS no longer uses the term “blue-collar” to describe broad categories of its Standard Occupational 
Classification (SOC) system, the agency has previously defined four major occupational groups as blue-collar in its 
National Compensation Survey: precision production, craft, and repair occupations; machine operators and 
inspectors; transportation and moving occupations; and handlers, equipment cleaners, helpers, and laborers (Foster 
2003).  In the CPS, I classify the construction and extraction; installation, maintenance and repair; production; and 
transportation and material moving occupations as blue-collar.  In the management and professional category, I 
place management; business and finance; computer and mathematical science; architecture and engineering; life, 
physical and social science; legal; education, training and library; arts, entertainment, sports and media; and 
healthcare practitioner and technical occupations.  I assign healthcare support; protective services; food preparation; 
building and grounds cleaning and maintenance; and personal care to the service category.  Finally, I group sales 
and office occupations together as one category.  These occupation categories match those in selected Census 
Bureau briefs (Fronczek and Johnson 2003), and similar categories can be found in Fallick (1993). 
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I also include dummy variables for the year of displacement, which hold constant any factors that 

change throughout the year for all observations in the sample (e.g., the national unemployment 

rate).  However, workers who were displaced at the beginning of one year may have different 

outcomes compared with those displaced at the end of the year, and these differences could bias 

my estimates if they are correlated with UI receipt and reemployment outcomes.   

 County Business Patterns data enable me to measure the share of MSA employment 

concentrated in the industry of displacement for 2007 and 2009.8  Stock (1998) found industry 

share to be an important predictor of switching.  Rather than control for industry conditions, I 

include indicators of seven major industry groups selected based on differences in average 

earnings and skills:  mining; construction; manufacturing; trade; transportation and utilities; 

information, professional, and technical services; and other services.  The combination of my 

individual and economic control variables represent virtually all major factors included in other 

studies of industry switching behavior and earnings changes among displaced workers.   

 

Methodological Strategy 

 Several models will be used to test the effect of UI on job match quality for two broad groups:  

1) UI recipients versus nonrecipients, and 2) a UI recipients-only group.  In the first category, I 

will conduct a logit regression to estimate the effect of UI receipt on industry switching and an 

OLS regression of log new weekly earnings on UI receipt.  For the recipient-only group, I will 

estimate similar models with the UI replacement rate and UI exhaustion as key explanatory 

variables.  The following equations describe the various regression models: 
                                                 
8 The 2007 data are used for displacements that occurred in 2005-07; the 2009 data are used for displacements that 
occurred in 2008-09. 
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UI recipients and nonrecipients: 

Pr(switcher=1) = β0 + β1uireceipt + β2Z + e 
 
logearnnew = β0 + β1uireceipt + β2Z + e 
 
 

UI recipients only: 

Pr(switcher=1) = β0 + β1imputedreplacementrate + β2Z + e 
 
logearnnew = β0 + β1imputedreplacementrate + β2Z + e 
 
Pr(switcher=1) = β0 + β1uiexhaust + β2Z + e 
 
logearnnew = β0 + β1uiexhaust + β2Z + e 
 

In each of these models, Z represents the control variables shown in Table A1 in the Appendix, 

as well as predisplacement industry share of local employment for the switcher models. 

 Using this methodology, I am able to control for almost all important observable 

characteristics available in the data.  I am also able to test whether there is a relationship between 

UI and industry switching that serves as a mechanism for any potential effect that UI may have 

on a displaced worker’s reemployment earnings.  However, these models do not control for 

unmeasured characteristics that may affect reemployment outcomes and UI status.  For instance, 

if individuals with strong social networks quickly find suitable job matches, they may be less 

likely to receive UI and more likely to have limited earnings losses.  Omitting this factor would 

therefore produce a downward bias to the estimated effect of UI on reemployment earnings.  

Similarly, individuals in states with generous UI programs may benefit from other programs – 

from job training to other income supports – that could affect their reemployment outcomes.   
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DESCRIPTIVE STATISTICS 
 

 There are important differences between industry switchers and stayers and between UI 

recipients and nonrecipients in my sample.  The average change in log weekly earnings9 for the 

overall sample was -0.16, slightly higher than past studies of displaced workers and likely due to 

the severe economic downturn.  Table 2 shows that earnings losses were substantially higher for 

workers displaced just before or during the Great Recession compared with workers displaced in 

2005 and 2006.  On average, log weekly earnings decreased by -0.012 for a worker displaced in 

2005 and -0.056 for one displaced in 2006, as seen in Table 2; losses widened over time and 

reached -0.241 in 2009.  Moreover, displacement rates increased as the recession deepened.10  

 
Table 2. Change in Average Log Weekly Earnings by Year of Displacement 
 2005 2006 2007 2008 2009 

Change in log weekly  
earnings 

-0.012 -0.056 -0.184 -0.195 -0.241 
(0.69) (0.65) (0.71) (0.66) (0.70) 

Number of observations 331 427 830 577 714 

Notes: Standard deviations are shown in parentheses.  Results are unweighted. 
 

 Slightly more than half of the workers in the sample switched to a new industry following job 

loss.  Consistent with past studies, industry switchers experienced an average decrease in log 

earnings that was nearly 0.09 greater than the loss experienced by industry stayers (see Table 3).  

In addition, the average stayer had higher initial earnings than the average switcher, and 

                                                 
9 To calculate average change in log weekly earnings, I subtract ln(previous earnings) from ln(current earnings) for 
each worker and then take the average difference of these values.  Earnings and benefit level data are presented in 
nominal terms.  Therefore, earnings losses for all workers are larger in real, inflation-adjusted dollars. 
10 The spike for the year 2007 represents the combination of data from the 2008 and 2010 DWS, which both include 
workers displaced in 2007.   
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switchers were seven percentage points more likely to receive UI.  These two groups are similar 

in other observable characteristics, but stayers are older and more likely to be male, married, 

union members, less educated, and displaced due to a plant closing or slack work.  Switchers 

have significantly longer jobless spells following displacement and are more likely to be 

displaced from sales and office occupations.  In general, these results are consistent with a 

scenario in which stayers have more to lose from leaving their industry and therefore search 

more aggressively for jobs in their original sector.  However, there is no significant difference in 

tenure between the two groups.  In addition, stayers are more likely to be displaced in worse 

local labor markets, an outcome explained by the greater proportion of stayers displaced in 2009. 

 

Table 3. Difference in Means for Industry Switchers and Stayers 

Variable Total 
Sample 

Industry 
Switchers 

Industry 
Stayers 

Significance of 
Difference in Means 

(p-value) 

Change in log weekly earnings -0.161 -0.2 -0.112 < 0.001 

 (0.69) (0.75) (0.59)  

Weekly earnings, lost job 826.36 795.87 873.66 < 0.001 

 (599.52) (578.85) (627.85)  

Weekly earnings, current job 720.14 679.58 779.78 < 0.001 

  (579.96) (562.46) (597.57)   

% Industry switchers 52.2 100 0   
% Received UI 36.72 43.47 36.56  
% Exhausted UI 10.86 13.63 9.53  

Number of observations 4,006 2,091 1,458   
Notes: Standard deviations are shown in parentheses.  There are 457 missing observations for previous industry.  
Results are unweighted. 
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 Table 4 shows the direction of industry switches across seven major industry groups along 

with average earnings changes.  While industry stayers had notable earnings losses, switchers 

fared even more poorly.  In particular, those who switched to the trade, transportation/utilities, 

and service sectors or from the mining, construction, manufacturing, and transportation sectors 

experienced the largest average earnings losses. 

 

Table 4. Number of Displaced Workers Switching Industry and Average Earnings Changes  

Notes:  Table shows the total number of people who moved from their original industry to either the same industry 
or a new one.  The average change in log earnings for each major industry pair is shown in parentheses.  Average 
earnings change is computed for a smaller number of industry switches than the total shown in each cell due to 
missing earnings data.  Results are unweighted. 
 

 Nearly 37 percent of workers in the sample received UI, but data on UI receipt are missing for 

13 percent of the observations.  The average UI replacement rate among UI recipients is 0.34, 

 Old Industry 

New Industry 

Mining 
 

 
 

Constr. 
 

 
 

Manufac. 
 

 
 

Trade 
 

 
 

Transp. 
& 

Utilities 
 

Info., 
Professional 

and 
Technical 

Other 
Services 

 
 

Total 
 

 
 

Mining 
 
 

17 
(-0.14) 

 

2 
(0.58) 

 

2 
(n/a) 

 

2 
(-0.17) 

 

1 
(-0.26) 

 

1 
(0.08) 

 

1 
(-0.93) 

 

26 
(-0.11) 

 
Construction 

 
 

1 
(-0.10) 

 

246 
(-0.18) 

 

32 
(-0.31) 

 

20 
(0.01) 

 

10 
(-0.09) 

 

24 
(-0.02) 

 

23 
(0.06) 

 

356 
(-0.15) 

 
Manufacturing 

 
 

4 
(-0.69) 

 

43 
(-0.09) 

 

267 
(-0.05) 

 

39 
(0.04) 

 

12 
(-0.27) 

 

38 
(0.07) 

 

36 
(0.02) 

 

439 
(-0.04) 

 
Trade 

 
 

2 
(0.01) 

 

37 
(-0.24) 

 

82 
(-0.37) 

 

214 
(-0.17) 

 

20 
(-0.23) 

 

75 
(-0.36) 

 

106 
(-0.18) 

 

536 
(-0.23) 

 
Transportation 

& Utilities 
 

2 
(-0.23) 

 

23 
(-0.30) 

 

25 
(-0.33) 

 

23 
(-0.39) 

 

69 
(-0.08) 

 

20 
(-0.13) 

 

21 
(0.04) 

 

183 
(-0.18) 

 
Information, 

Professional and 
Technical 

 

2 
(-0.47) 

 
 

30 
(-0.31) 

 
 

81 
(-0.39) 

 
 

62 
(0.01) 

 
 

16 
(-0.44) 

 
 

364 
(-0.12) 

 
 

109 
(-0.25) 

 
 

664 
(-0.18) 

 
 

Other Services 
 
 

7 
(-0.46) 

 

86 
(-0.33) 

 

154 
(-0.45) 

 

126 
(-0.13) 

 

28 
(-0.33) 

 

189 
(-0.26) 

 

731 
(-0.08) 

 

1321 
(-0.18) 

 
Total 

 
35 

(-0.29) 
474 

(-0.21) 
649 

(-0.25) 
490 

(-0.13) 
158 

(-0.19) 
711 

(-0.17) 
1032 

(-0.09) 
4006 

(-0.16) 
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with a standard deviation of 0.078, and there is virtually no difference in the average replacement 

rate among industry switchers and stayers.  UI recipients have much worse postunemployment 

outcomes than those who do not receive UI (see Table 5).  The change in log weekly earnings for 

recipients is more than -0.2 lower than the change for nonrecipients.  Although UI recipients 

begin with higher average weekly earnings, there is no significant difference between their 

current earnings and those of nonrecipients.  In addition, UI recipients are more than six 

percentage points more likely to switch industries than nonrecipients. 

 One likely explanation for this difference in outcomes is that the average duration of 

joblessness for recipients is nearly three times larger than the average jobless spell for 

nonrecipients – a difference of nearly 14 weeks.  Nearly 54 percent of nonrecipients find new 

jobs in less than three weeks, 43 percent are reemployed in less than two weeks, and one-quarter 

have no jobless spell at all.  In contrast, only about 10 percent of UI recipients find work in less 

than three weeks.  The rapidity with which nonrecipients are reemployed suggests that many 

have little trouble making quality job matches and may not need UI benefits.  In addition, some 

individuals may have received UI benefits if not for filing delays and waiting periods. 

 Table A2 in the Appendix also shows that UI recipients are more likely to be male, married, 

white, union members, high-tenure, in blue-collar occupations and the manufacturing industry, 

and from the Northeast or Midwest – characteristics which may be associated with higher 

earnings and therefore a greater potential for higher losses upon displacement.   UI recipients are 

also concentrated in worse local labor markets, and were more likely to be displaced during the 

Great Recession than nonrecipients.   
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Table 5. Difference in Means for UI Recipients and Nonrecipients 
Variable 

 
 

Full Sample 
 
 

UI Recipients 
 
 

UI Nonrecipients 
 
 

Significance of 
Difference in 

Means (p-value) 

Change in log earnings -0.161 -0.282 -0.076 < 0.001 
 (0.689) (0.661) (0.69)  

Weekly earnings, lost job 826.36 874.25 793.22 < 0.001 
 (599.52) (545.82) (634.76)  

Weekly earnings,  
current job 720.14 716.73 727.04 0.605 

 (579.96) (555.28) (597.99)  
% Industry switchers 52.2 61.79 55.49  

% Exhausted UI 10.86 29.57 0  

UI replacement rate 0.143 0.342 0 < 0.001 
 (1.76) (0.078) (0)  

% Full-time, current job 80.18 82.6 79.21  

% Full-time, lost job 76.78 93.68 80.06  

Jobless spell (in weeks) 12.68 20.43 7.06 < 0.001 

 (18.01) (20.31) (13.55)  

Number of observations 4006 1471 2011  

Missing observations n/a 524 524  
Notes: Standard deviations for continuous variables are in parentheses.  There are 524 observations with missing 
data on UI receipt, and most of these observations are also missing data on previous industry and other variables.  
Results are unweighted.  Descriptive information for additional variables is shown in Table A2 in the Appendix. 
 

 One important difference between UI recipients and nonrecipients is the proportion of each 

group making a transition from full-time to part-time work.  Although 94 percent of recipients 

are displaced from full-time jobs, only 83 percent have full-time jobs upon reemployment.  In 

contrast, the proportion of nonrecipients working full-time declines by less than one percentage 

point, from 80 percent to just above 79 percent.  Therefore, a large component of recipients’ 

weekly earnings losses may be due to a loss of hours rather than a decline in wages, and focusing 

on full-time to full-time transitions may present a more accurate picture of changes in wage rates.  

Table 6 highlights differences in log weekly earnings changes if the sample is limited to full-time 
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to full-time transitions.  Imposing this sample restriction cuts the difference in average earnings 

loss between UI recipients and nonrecipients by more than half, from more than -0.2 to -0.093. 

 

Table 6. Change in Log Weekly Earnings for Full-Time to Full-Time Transitions 
  Full Sample Industry 

Switchers 
Industry 
Stayers 

UI Recipients UI 
Nonrecipients 

Change in log 
weekly earnings -0.094 -0.122 -0.061 -0.147 -0.054 

 (0.52) (0.55) (0.48) (0.49) (0.54) 

Number of 
observations 2,171 1,241 915 961 1,198 

Notes: Standard deviations are shown in parentheses.  Results are unweighted.   

 

 Of those who received UI, Table 7 highlights differences between those who did and did not 

exhaust their benefits.  Individuals who exhausted their benefits had an average decline in log 

earnings of -0.4 and an industry switching rate of 65.5 percent compared with -0.23 and 60.4 

percent for those who did not exhaust benefits.  UI exhausters were also more likely to be 

female, older, not married, less educated, nonwhite, union members, high-tenure, Midwesterners, 

and displaced by plant closing and from blue-collar and service occupations.  In addition, UI 

exhausters faced more prolonged jobless spells.  Relatively fewer UI exhausters were displaced 

in 2008 or 2009 owing to federal UI benefit extensions. 

 

Table 7. Difference in Means for UI Exhausters and Non-Exhausters 
Variable Total Sample of  

UI Recipients 
UI Exhausters UI Non-Exhausters Significance of 

Difference in 
Means (p-value) 

Change in log 
weekly earnings 

-0.28 -0.4 -0.23 < 0.001 

 
(0.66) (0.73) (0.62) 
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Table 7. Difference in Means for UI Exhausters and Non-Exhausters (continued) 
Weekly earnings, 

lost job 
874.25 791.04 913.25 < 0.001 

 
(545.82) (514.92) (556.81) 

 
Weekly earnings, 

current job 
716.73 613.46 765.73 < 0.001 

 
(555.28) (555.73) (551.35) 

 
% Industry 
switchers 

61.79 65.52 60.44  

Imputed UI 
replacement rate 

0.34 0.34 0.34 0.24 

 
(0.08) (0.07) (0.08) 

 
Jobless spell  
(in weeks) 

20.43 32.32 15.51 < 0.001 

 
(20.31) (25.42) (15.3) 

 
Number of 

observations 
1,471 435 996   

Notes: Standard deviations are in parentheses.  There are 564 observations with missing data on UI exhaustion.  
Results are unweighted and are shown for the subset of the sample that received UI benefits.   
 

REGRESSION RESULTS 
 

 In this section, I first present results for the full sample comparing UI recipients and 

nonrecipients.  Results are displayed for OLS regressions of reemployment earnings on UI 

receipt and logit regressions of industry switching on UI receipt.  I then focus on the subset of 

the sample that received UI by focusing on UI replacement rates, as well as alternative measures 

of UI generosity, such as maximum benefit levels and average weekly benefit amounts.  I 

conclude by showing results that compare outcomes for UI recipients who exhaust their benefits 

and recipients whose benefits do not expire before they find new jobs.  UI recipients are more 

likely to switch industries but do not have significantly different earnings changes once controls 

are added for very short jobless spells.  Replacement rates and other measures of UI generosity 
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are positively associated with reemployment earnings for workers who hit the UI benefit cap.  UI 

exhausters have worse earnings outcomes but are not more likely to switch industries.  

 

UI Recipients vs. Nonrecipients: Effect of UI Receipt 

 The first key independent variable of interest is an indicator for whether displaced workers 

received UI benefits after losing their jobs.  Table 8 below displays results of an OLS regression 

of log weekly earnings in the current job on UI receipt and other control variables.  Controlling 

only for log weekly earnings on the previous job for the full sample of workers, predicted 

earnings for UI recipients are on average 13.4 percent lower than earnings for nonrecipients.  

However, this earnings difference drops to only seven percent when the sample is restricted to 

individuals who worked full-time at both their lost job and new job, indicating that much of the 

difference in weekly earnings for UI recipients is driven by reduced hours rather than reduced 

wages.  The addition of my other control variables (listed at the bottom of Table 8) does not 

change the coefficient of UI receipt and its significance as shown in Model 3.   

 Yet when I include an indicator for short jobless spells of less than two weeks in the model, 

the magnitude of the coefficient on UI receipt drops substantially and becomes statistically not 

significant (Model 4).  Also included is an interaction term between short jobless spells and UI 

receipt to test whether the estimated effect of short unemployment durations depends on UI 

receipt or vice versa.  While the coefficient is negative, there is no statistically significant effect 

of having a short jobless spell that depends on UI receipt.  It would be unusual if there was an 

effect, since there is no clear mechanism by which receiving less than two weeks of UI benefits 

would lead to worse job matches.  Similar results hold in Model 5, in which I also control for the 
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share of local employment concentrated in the predisplacement industry and Model 6, in which I 

exclude from the equation all workers with unemployment spells of less than two weeks, as in 

Addison and Blackburn (2000).  Controlling for industry share adds little explanatory power to 

the model and has little effect on my results other than to inflate standard errors due to the large 

number of observations for which data on this variable are missing. 

 

Table 8. OLS Regression of Log New Weekly Earnings on UI Receipt 
  (1) (2) (3) (4) (5) (6) 

  

All 
transitions 

 
 

Full-time to 
full-time 

transitions 
(FT/FT) 

FT/FT 
 
 
 

FT/FT 
 
 
 

FT/FT 
 
 
 

FT/FT, < 2 
weeks 
jobless 

excluded  

UIreceipt -0.134*** -0.0697*** -0.0717*** -0.0249 -0.0419 -0.0166 
 (0.0243) (0.0208) (0.021) (0.025) (0.0314) (0.0252) 

Logearnold 0.668*** 0.686*** 0.554*** 0.559*** 0.601*** 0.531*** 
 (0.021) (0.0215) (0.0296) (0.0301) (0.0347) (0.0364) 

Shortspells    0.105*** 0.0899**  
    (0.0277) (0.0362)  

Shortspells*UIreceipt    -0.112 -0.117  
    (0.0938) (0.111)  

Industry share     0.0806  
     (0.285)  

Additional controls† No No Yes Yes Yes Yes 
Constant 2.043*** 2.018*** 2.378*** 2.240*** 1.774*** 2.540*** 

 (0.137) (0.143) (0.231) (0.235) (0.289) (0.277) 

Observations 2,866 2,159 2,038 2,005 1,298 1,493 
R2 0.354 0.43 0.498 0.508 0.512 0.49 

Adjusted R2 0.3532 0.4297 0.4984 0.4779 0.5063 0.4927 
Notes: Robust standard errors in parentheses.  The Logearnold variable represents ln(weekly earnings) on the lost 
job, and Shortspells represents jobless spells of less than two weeks.  *** p<0.01, ** p<0.05, * p<0.1 
† Additional control variables include female, married, female*married, age, age-squared, race, reason for 
displacement, tenure, tenure-squared, education, advance notice, union status, whether only one job was held after 
displacement, occupation, region, year of displacement, MSA unemployment rate, MSA employment trend, and 
industry.  See Table A3 in the Appendix for the full results. 
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 The results are consistent with Addison and Blackburn (2000) in that much of the difference 

in earnings between UI recipients and nonrecipients can be attributed to the large portion of 

nonrecipients who find new employment almost immediately after displacement.  This result can 

be interpreted in two ways.  It could be that the receipt of benefits or expectation of receiving 

benefits induces workers to prolong their job search, which leads to longer jobless spells, skill 

deterioration, and worse job matches.  However, given the high share of nonrecipients who 

experience no duration of unemployment, a more likely explanation is that there are important 

unobservable differences between UI recipients and nonrecipients that enable the latter group to 

find work before they need to rely on benefits, and in many cases, before they are even eligible 

to receive them.  For instance, nonrecipients may have more established social networks, greater 

motivation, or other characteristics that are independent of the effect of UI on search behavior.  

As a sensitivity check, I regress earnings on UI receipt and my other control variables only for 

the short jobless spells group, and the coefficient on receipt is -0.14 and nearly significant at the 

90 percent confidence level, reinforcing the argument that unobservable differences explain the 

different earnings outcomes of recipients and nonrecipients. 

 Therefore, even with the exclusion of workers with jobless spells of less than two weeks, the 

omission of these factors may produce a downward bias on the UI receipt coefficient so that the 

direction of the relationship is unknown.  While Addison and Blackburn (2000) find that 

receiving UI is associated with a two percent increase in weekly earnings, it is possible that UI 

recipients in their sample displaced between 1983 and 1990 had different characteristics or faced 

different circumstances than the workers in my sample displaced between 2005 and 2009. 
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 The coefficients on other variables in Models 3 to 6 of the earnings equation have the 

expected sign, and they are reported in Table A3 in the Appendix.  Workers displaced in 2009 

experience earnings losses that are 15 percent greater than losses of individuals displaced in 

2005, underscoring the difficulty of finding good job matches during the Great Recession.  

Reemployment earnings losses are greater for younger, unmarried, nonwhite, and less educated 

workers.  The significant negative coefficient on the interaction term between female and 

married indicates that displaced married women have worse average earnings outcomes than 

single women, single men, and married men.  For an individual with a college degree or some 

college coursework, reemployment earnings are on average 30 percent and 15 percent higher 

than those without a high school diploma, respectively.  Earnings outcomes are better for 

workers in the Northeast and worse for those in the Midwest.  Predicted reemployment earnings 

for blue-collar workers are 10 percent less than earnings for professional workers.  The 

coefficients on local unemployment rate and employment trend have the expected negative and 

positive signs, but much of the magnitude of the effect is absorbed by the year dummy variables.   

 Logit regressions of industry switching on UI receipt produce similar results as the earnings 

equation, regardless of full-time status on either the pre- or post-displacement jobs, with the 

positive coefficient on UI receipt diminishing with the addition of short jobless spells as a 

control variable (Table 9).  However, in the preferred specification (Model 5), which includes 

industry share, the coefficient on UI receipt is positive and significant at the 95 percent 

confidence level.  While coefficient estimates derived from this logit regression can be 

interpreted as the ratio of the predicted difference in log odds of being an industry switcher to the 

log odds of being an industry stayer, these estimates can be transformed into predicted 
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probabilities and interpreted as the marginal effect, or elasticity, of a one percent change in X on 

the percent change in Y at the mean value of X.  The marginal effect for indicator variables 

represents a change in value from zero to one.  Holding other factors constant, a UI recipient is 

six percent more likely to switch industries than a nonrecipient. 

 

Table 9. Logistic Regression of Industry Switching on UI Receipt 
  (1) (2) (3) (4) (5) (6) 

  

All 
transitions 

 
 
 

Full-time to 
full-time 

transitions 
(FT/FT) 

 

All 
transitions 

 
 
 

All 
transitions 

 
 
 

All 
transitions 

 
 
 

All 
transitions, 
< 2 weeks 

jobless 
excluded 

UIreceipt 0.289*** 0.294*** 0.348*** 0.153 0.251** 0.185 
 (0.071) (0.08) (0.087) (0.103) (0.128) (0.131) 

Logearnold   -0.289*** -0.286*** -0.228** -0.11 
   (0.074) (0.075) (0.097) (0.122) 

Shortspells    -0.401*** -0.402***  
    (0.108) (0.136)  

Shortspells*UIreceipt    0.566* 0.59  
    (0.299) (0.393)  

Industry share     -7.277*** -7.856*** 
     (1.326) (1.537) 

Additional controls† 
No No Yes Yes Yes Yes 

 
Constant 0.244*** 0.176*** 2.743*** 2.922*** 3.031*** 1.999* 

 (0.0452) (0.0527) (0.771) (0.782) (1.001) (1.188) 

       
Observations 3,432 2,610 2,698 2,648 1,692 1,259 

χ2 16.6903 13.4218 133.601 146.7114 130.0309 105.413 

Pseudo-R2 0.0036 0.0038 0.0407 0.0454 0.0657 0.0692 
Notes: Robust standard errors in parentheses.  The Logearnold variable represents ln(weekly earnings) on the lost 
job, and Shortspells represents jobless spells of less than two weeks.  *** p<0.01, ** p<0.05, * p<0.1 
† Additional control variables include female, married, female*married, age, age-squared, race, reason for 
displacement, tenure, tenure-squared, education, advance notice, union status, whether only one job was held after 
displacement, occupation, region, year of displacement, MSA unemployment rate, MSA employment trend, and 
industry.  See Table A4 in the Appendix for the full results. 
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 Interestingly, the positive association between UI receipt and industry switching does not 

translate to a corresponding negative association between UI receipt and reemployment earnings, 

suggesting the relationship between industry switching and earnings may be complex for those 

who receive UI.  This finding is not the result of switching having no overall effect on earnings.  

In contrast, adding a dummy variable for switcher to the earnings equation in Model 4 of Table 8 

shows that reemployment earnings for switchers are 8.7 percent less than the earnings of industry 

stayers, and there is little change to the coefficient on UI receipt.  It may be the case that the 

combination of the marginal increase in UI recipients’ probability of switching and the marginal 

decrease in switchers’ reemployment earnings is not large enough to reveal significant earnings 

differences between UI recipients and nonrecipients.  The earnings and switcher equations also 

examine different groups (full-time to full-time transitions versus all transitions).  In addition, 

unobservable characteristics that influence the earnings model may have similar effects in the 

switcher model.  As with the earnings model, a regression of industry switching on UI receipt for 

only the workers with short jobless durations produces a positive and nearly significant 

coefficient estimate on UI receipt. 

 Other particularly noteworthy results from Model 5 of the switcher equation include the 

decreased likelihood that individuals (whether UI recipients or nonrecipients) with short jobless 

spells will switch industries and the substantial negative association between the predisplacement 

industry’s share of local employment and the probability that an individual will switch to a new 

industry.  Transforming the coefficient estimates from the logit model into probabilities, an 

individual with a short jobless spell is nearly 10 percent less likely to switch industries than 

workers with longer spells, and a one percentage point increase in industry share of local 
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employment is associated with a 1.7 percent decrease in the likelihood of switching industries.  

This latter result is consistent with one of the key findings by Stock (1998).  Displaced workers 

in sales and office occupations, the manufacturing industry, and the Midwest are most likely to 

experience mobility across industries, while workers in service occupations and the construction 

industry are likely to remain in their original industry.   

 

UI Recipients Only: Effect of Replacement Rates and Benefit Levels 

 For the sample that only includes UI recipients, individuals with higher imputed replacement 

rates have lower reemployment earnings, if only previous weekly earnings are held constant, 

whether or not the sample is restricted to full-time workers.  The coefficient on UI replacement 

rate remains negative but becomes not significant with the addition of other control variables for 

the full-time to full-time transitions.  Splitting the sample into two groups – one composed of 

workers displaced in 2008-09 and the other composed of workers displaced in 2005-07 – 

provides some explanation for these results.  In Model 4 of Table 10, the large negative 

coefficient for the 2008-09 group is significant while the coefficient for the 2005-07 group is 

positive and near zero.  This result suggests that workers in states with higher replacement rates 

were hit harder by the recession than workers in states with lower replacement rates.  The 

magnitudes of the 2008-09 and full sample estimates are not large.  For the full sample, a one 

percentage point increase in the replacement rate would be associated with a 0.4 percent 

reduction in reemployment earnings, or 0.65 percent for those displaced in 2008-09.   
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Table 10. OLS Regression of Log New Weekly Earnings on UI Replacement Rate 
  (1) (2) (3) (4) (5) 

  

All transitions 
 
 
 

Full-time to 
full-time 

transitions 
(FT/FT) 

FT/FT 
 
 
 

FT/FT, 
displaced in 

2008-09 
 

FT/FT, 
displaced in 

2005-07 
 

Imputed replacement rate -0.797*** -0.538** -0.406 -0.647* 0.0716 
 (0.308) (0.259) (0.272) (0.365) (0.403) 

Logearnold 0.687*** 0.663*** 0.566*** 0.514*** 0.610*** 
 (0.0441) (0.0407) (0.0554) (0.0759) (0.0722) 

Additional controls† No No Yes Yes Yes 
Constant 2.058*** 2.282*** 2.537*** 2.536*** 2.131*** 

 (0.36) (0.323) (0.456) (0.655) (0.675) 

Observations 1,200 959 906 422 484 
R2 0.317 0.414 0.489 0.531 0.498 

Adjusted R2 0.3157 0.413 0.4674 0.4929 0.4608 
Notes: Robust standard errors in parentheses.  The Logearnold variable represents ln(weekly earnings) on the lost 
job.*** p<0.01, ** p<0.05, * p<0.1.  An F-test shows that Model 5 is not significant unless the mining variable is 
omitted.  Doing so has very little effect on other coefficient estimates.   
† Additional control variables include female, married, female*married, age, age-squared, race, reason for 
displacement, tenure, tenure-squared, education, advance notice, union status, whether only one job was held after 
displacement, occupation, region, year of displacement, MSA unemployment rate, MSA employment trend, and 
industry.  Due to space constraints, full results for these coefficients are not included, but are available from the 
author upon request.  Coefficient estimates change little from the estimates in Table A3. 
 

 To test the sensitivity of these results to specifications using alternative measures of UI 

generosity, I ran similar OLS regressions of log new weekly earnings on the average weekly 

benefit amount for all full-time to full-time transitions and on the maximum benefit for those 

who hit the benefit cap.  In each model, both the individual’s previous earnings and the average 

weekly wage of the state in which the individual resides are held constant to allow for 

comparability of the effect of different nominal benefit amounts.  While there is no significant 

effect of the average weekly benefit amount, the positive coefficients on maximum benefit are 

statistically significant at the 95 percent confidence level.  Models 3 and 4 of Table 11 predict 

that a $100 increase in the maximum benefit is associated with an increase in reemployment 
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earnings of between 8.3 and 15.8 percent, depending on how the benefit is calculated (i.e., 

whether dependency allowances are included).  There are not enough observations for this model 

to be significant if it is split into 2005-07 and 2008-09 groups, but the results do not appear 

inconsistent.  Similarly, regressing reemployment earnings on imputed replacement rates for 

individuals who hit the benefit cap shows a positive, statistically significant relationship between 

replacement rate and earnings.  A one percentage point increase in the replacement rate for those 

who hit the cap is associated with a 1.4 percent increase in earnings. 

 

Table 11. OLS Regression of Log New Earnings on Alternative Measures of UI Generosity 
  (1) (2) (3) (4) 

  
Full-time to full-
time transitions 

(FT/FT) 

FT/FT 
 
 

FT/FT 
hit benefit cap 

 

FT/FT 
hit benefit cap 

 
Logearnold 0.697*** 0.587*** 0.794*** 0.854*** 

 (0.0355) (0.0552) (0.127) (0.125) 

Average weekly benefit -0.000163 0.000257   
 (0.000364) (0.000407)   

Average weekly wage 0.000282** 0.000206 -0.000569 -0.000568 
 (0.000113) (0.000129) (0.000364) (0.000379) 

Max benefit  
(lower bound)   0.00158**  

   (0.00062)  
Max benefit  

(upper bound)    0.000831** 

    (0.000385) 

Additional controls† Yes Yes Yes Yes 
Constant 1.696*** 2.018*** -0.668 -0.823 

 (0.247) (0.401) (1.01) (1.017) 

Observations 971 912 272 272 
R2 0.415 0.486 0.508 0.503 

Adjusted R2 0.4219 0.4642 0.4305 0.4241 
Notes: Robust standard errors in parentheses.  The Logearnold variable represents ln(weekly earnings) on the lost 
job.*** p<0.01, ** p<0.05, * p<0.1.  An F-test shows that Model 5 is not significant unless the mining variable is 
omitted.  Doing so has very little effect on other coefficient estimates.   
† Additional control variables include female, married, female*married, age, age-squared, race, reason for 
displacement, tenure, tenure-squared, education, advance notice, union status, whether only one job was held after 
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displacement, occupation, region, year of displacement, MSA unemployment rate, MSA employment trend, and 
industry.  Due to space constraints, full results for these coefficients are not included, but are available from the 
author upon request.  Coefficient estimates change little from the estimates in Table A3. 
 

 There is no significant association between industry switching and the UI replacement rate, as 

shown in Table 12.  These results hold even for those who hit the benefit cap, with the inclusion 

of industry share making the coefficient on replacement rate not significant.  The negative 

coefficient on replacement rate is higher when only the 2005-07 group is included.   

 

Table 12. Logistic Regression of Industry Switching on UI Replacement Rate 
  (1) (2) (3) (4) (5) (6) 

  

All 
transitions 

 
 

Full-time to 
full-time 

transitions 
 

All 
transitions 

 
 

All 
transitions 

 
 

All 
transitions, 
displaced in 

2008-09 

All 
transitions, 
displaced in 

2005-07 
Imputed replacement 

rate 0.0197 0.0211 -1.414 -0.874 -0.14 -3.476 

 (0.768) (0.839) (1.089) (1.55) (2.09) (2.58) 

Logearnold   -0.300* -0.183 -0.296 -0.141 
   (0.164) (0.221) (0.31) (0.349) 

Industry share    -10.03*** -7.538** -15.04*** 
    (2.148) (2.964) (3.503) 

Additional controls† No No Yes Yes Yes Yes 
Constant 0.551** 0.477 3.190* 2.3 1.51 3.096 

 (0.27) (0.291) (1.721) (2.439) (3.498) (4.161) 

Observations 1192 952 1124 692 347 344 
χ2 0.0007 0.0006 56.3936 72.9758 36.4719 55.0655 

Pseudo-R2 0 0 0.042 0.0875 0.0916 0.1678 
Notes: Robust standard errors in parentheses.  The Logearnold variable represents ln(weekly earnings) on the lost 
job.*** p<0.01, ** p<0.05, * p<0.1.  An F-test shows that Model 5 is not significant unless the mining variable is 
omitted.  Doing so has very little effect on other coefficient estimates. 
† Additional control variables include female, married, female*married, age, age-squared, race, reason for 
displacement, tenure, tenure-squared, education, advance notice, union status, whether only one job was held after 
displacement, occupation, region, year of displacement, MSA unemployment rate, MSA employment trend, and 
industry.  Due to space constraints, full results for these coefficients are not included, but are available from the 
author upon request.  Coefficient estimates change little from the estimates in Table A4. 
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 Similar models with alternative measures of UI generosity show no significant relationship 

between average weekly benefit amount and industry switching, but among those who hit the 

benefit cap, a higher upper bound maximum benefit (which includes dependency allowances) is 

associated with a reduced probability of switching industries that is nearly significant at the 90 

percent confidence level.  A $100 benefit increase in the maximum benefit level is predicted to 

reduce switching by 10 percent.   

 

UI Recipients Only: Effect of UI Exhaustion 

 UI exhaustion has a strong, negative, statistically significant association with reemployment 

earnings.  Model 2 of Table 13 shows that, holding other factors constant and focusing only on 

full-time to full-time transitions, the average reemployment earnings of UI recipients who 

exhaust their benefits are 11.3 percent less than the earnings of recipients who do not exhaust 

their benefits.  As in the UI receipt regressions, controlling for industry share of local 

employment has little effect on the coefficients, adds little explanatory power to the model, and 

results in the loss of many observations due to missing data; therefore, I exclude this variable.11 

 

Table 13. OLS Regression of Log New Weekly Earnings on UI Exhaustion 
  (1) (2) (3) (4) (5) 

  

Full-time to 
full-time 

transitions 
(FT/FT) 

FT/FT 
 
 
 

FT/FT 
 
 
 

FT/FT, 
displaced in 

2008-09 
 

FT/FT 
displaced in 

2005-07 
 

UIexhaust -0.111*** -0.113*** -0.0856** -0.0755 -0.114*** 
 (0.0348) (0.0338) (0.0351) (0.0603) (0.0415) 

Logearnold 0.701*** 0.607*** 0.614*** 0.571*** 0.605*** 
 (0.036) (0.054) (0.055) (0.0746) (0.0712) 

                                                 
11 Including industry share in the model produces a slightly more negative UI exhaustion coefficient. 



 

54 
 

Table 13. OLS Regression of Log New Weekly Earnings on UI Exhaustion (continued) 
Weeks jobless   -0.00163*   

   (0.000963)   
Additional controls† Yes Yes Yes Yes Yes 

Constant 1.876*** 2.082*** 2.036*** 1.925*** 2.181*** 
 (0.241) (0.402) (0.409) (0.53) (0.594) 

Observations 949 896 879 421 475 
R2 0.419 0.495 0.497 0.53 0.522 

Adjusted R2 0.4182 0.4743 0.4752 0.49 0.4846 
Notes: Robust standard errors in parentheses.  *** p<0.01, ** p<0.05, * p<0.1.  The Logearnold variable represents 
ln(weekly earnings) on the lost job, and UIexhaust is an indicator equal to one if a worker exhausted their UI 
benefits.  An F-test shows that Model 5 is not significant unless the mining variable is omitted.  Doing so has very 
little effect on other coefficient estimates.   
† Additional control variables include female, married, female*married, age, age-squared, race, reason for 
displacement, tenure, tenure-squared, education, advance notice, union status, whether only one job was held after 
displacement, occupation, region, year of displacement, MSA unemployment rate, MSA employment trend, and 
industry.  Due to space constraints, full results for these coefficients are not included, but are available from the 
author upon request.  These coefficient estimates are similar to those in Table A3 shown in the Appendix. 
 

 However, this regression does not control for weeks jobless, which has a strong positive 

correlation with benefit exhaustion and a negative correlation with reemployment earnings.  

Omitting jobless spell length should therefore exert a downward bias on the negative coefficient 

on UI exhaustion; the true earnings effect may not be as severe.  Yet it is also problematic to 

hold weeks jobless constant, because unemployment duration and reemployment wages are 

simultaneously determined.  Thus, the direction of causation between weeks jobless and earnings 

is unclear, and this simultaneity bias may obscure the true relationship between these two 

variables.  Acknowledging this endogeneity problem and the limitations it poses to my model, I 

include weeks jobless in the regression in Model 3 simply to check the robustness of the 

relationship between UI exhaustion and earnings.  Even with this variable included, the earnings 

of those who exhaust benefits are 8.6 percent less than the earnings of those who do not.  An 

instrumental variable to address this endogeneity bias is not available in the analysis database. 
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 When the sample is split into two groups, those displaced in 2005-07 and those displaced in 

2008-09, the relationship between exhaustion and earnings is not significant for workers in the 

latter group.  This result may be related to federal extensions of UI benefits during the Great 

Recession.  Because of these extensions, workers with very long jobless spells were less likely to 

exhaust their benefits.  Of the 756 observations in the 2005-07 cohort, 122 long-term 

unemployed workers (out of work for more than 26 weeks) exhausted their benefits and only 47 

did not.  Of the 887 observations in the 2008-09 cohort, 51 long-term unemployed individuals 

exhausted their benefits and 98 did not.  Thus, the 2008-09 group includes more long-term 

unemployed workers who did not exhaust benefits but were likely to have large earnings losses 

due to their long jobless duration.  However, when the long-term unemployed are excluded from 

the 2008-09 cohort, the UI exhaustion coefficient remains not significant.  The effect of UI 

exhaustion on earnings is significant and of a similar magnitude as the 2005-07 group in the 

absence of controls for education and region.  This result suggests that those who exhausted UI 

benefits in 2008-09 were more likely to be concentrated in educational groups and regions that 

experienced higher earnings losses compared with those who exhausted benefits in the 2005-07 

cohort.  In addition, individuals who exhaust benefits may be systematically different in 

unobservable ways from workers whose benefits do not expire and may struggle to find quality 

job matches regardless of their UI status.  

 A logit regression of industry switching on UI exhaustion shows that, holding other factors 

constant, there is no significant relationship between switching and exhaustion (Table 14).  As 

with previous results, the most consequential control variable is the share of local employment 

concentrated in the predisplacement industry.  Omitting this variable causes the estimate on UI 
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exhaustion to be positive and significant.  Including it flips the sign of the coefficient on UI 

exhaustion and nearly doubles the pseudo-R2.  The relationship between UI status and the two 

dependent variables is more complex than the way it is modeled in this thesis.  UI receipt has a 

positive association with industry switching but no significant effect on earnings; UI exhaustion 

has no effect on switching but a significant, negative effect on earnings.  

 

Table 14. Logistic Regression of Industry Switching on UI Exhaustion 
  (1) (2) (3) (4) (5) 

  

All transitions 
 
 
 

Full-time to 
full-time 

transitions 
(FT/FT) 

All transitions 
 
 
 

All 
transitions, 
displaced in 

2008-09 

All 
transitions, 
displaced in 

2005-07 

UIexhaust 0.258** 0.237* -0.0567 -0.13 0.0289 
 (0.123) (0.139) (0.195) (0.325) (0.269) 

Logearnold   -0.146 -0.268 0.0428 
   (0.187) (0.264) (0.292) 

Industry share   -9.950*** -7.587** -15.09*** 
   (2.148) (2.96) (3.431) 

Additional controls† No No Yes Yes Yes 
Constant 0.460*** 0.409*** 1.51 1.249 0.153 

 (0.0655) (0.0714) (1.95) (2.762) (3.504) 

Observations 1406 1130 686 346 339 
χ2 4.4333 2.8964 71.5299 36.577 53.6706 

Pseudo-R2 0.0024 0.0019 0.0868 0.0921 0.1604 
Notes: Robust standard errors in parentheses.  The Logearnold variable represents ln(weekly earnings) on the lost 
job and UIexhaust is an indicator equal to one if a worker exhausted UI benefits.  *** p<0.01, ** p<0.05, * p<0.1.   
† Additional control variables include female, married, female*married, age, age-squared, race, reason for 
displacement, tenure, tenure-squared, education, advance notice, union status, whether only one job was held after 
displacement, occupation, region, year of displacement, MSA unemployment rate, MSA employment trend, and 
industry.  Due to space constraints, full results for these coefficients are not included, but are available from the 
author upon request.  Coefficient estimates change little from the estimates in Table A4.   
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Diagnostic Tests and Sensitivity Tests 

 I test the reliability and robustness of the results presented above, by first testing the impact of 

outliers on the regression results.  Dropping the two observations in which the UI replacement 

rate is higher than 0.6 has no effect on any of the results.  In addition, when I run the earnings 

regressions for full-time transitions while excluding observations with current or past weekly 

earnings below $250,12 the replacement rate coefficients are less negative.  Although a Breusch-

Pagan test fails to reject the null hypothesis that the error variances in the main earnings model 

specifications are homogenous, I use robust standard errors to correct for potential 

heteroskedasticity in each model.  A variance inflation factor test shows little multicollinearity 

other than the age and age-squared and tenure and tenure-squared variables.13   

 The CPS contains top-coded values of $2,884 for individuals with high previous and current 

weekly earnings.  Controlling for observations with top-coded previous weekly earnings values 

has little effect on any of the analysis results.  For the replacement rate regressions, using the 

upper-bound rate has little impact but serves to amplify the negative earnings effects in 2008-09 

and the positive effects in 2005-07.  In the switcher model, using this measure makes the 

coefficient more negative and statistically significant for those displaced in 2005-07.  The model 

results change only slightly if “change in log weekly earnings” is used as the dependent variable 

(controlling for log previous weekly earnings).14   

 It is possible that I have defined industry switching too narrowly by using the two-digit 

NAICS codes and that some “switches” represent moves within sectors that require similar 

                                                 
12 At a national minimum wage of $7.25 per hour and 35 hours per week, minimum earnings should be $254. 
13 The variance inflation factor measures the extent to which the error variance of a coefficient is affected by 
correlation with other explanatory variables (Wooldridge 2009). 
14 Adding sample weights to the regressions also has little effect on the results of the analysis. 
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knowledge and skills (e.g., from finance and insurance to real estate).  When industry switching 

is defined based on seven broader industry categories instead of the 22 more refined, original 

categories that reflect the two-digit NAICS sectors, the effect of UI receipt remains positive but 

becomes significant in the model that excludes industry share.  On the other hand, the UI receipt 

coefficient becomes not significant in the equation that includes industry share, reversing the 

previous results in the estimation section (Table 9).  The replacement rate and exhaustion 

coefficients change but remain not significant.  Recoding the 457 observations with missing 

industry data as switchers does not change the results since other variables, particularly UI 

receipt, are missing for those observations.  Expanding the definition of a “short” jobless spell to 

less than four weeks has little effect on the results in the regression of earnings on UI receipt.   

 Finally, I estimate the regressions shown in Tables 8, 9, 10, 12, 13, and 14 for selected 

subpopulations.  Limiting the sample to males – who may have different labor force participation 

characteristics than females – has a small effect on the results; however, the UI receipt 

coefficient becomes not significant in the switching equation.  The results change only modestly 

if the sample is limited to blue-collar workers, who may have more difficulty making quality job 

matches as the economy becomes more service oriented.  

 

CONCLUSION 
 

 The existing literature on the American unemployment insurance (UI) system offers mixed 

evidence of its role in facilitating quality job matches among displaced workers.  This study is no 

exception, with findings varying based on the definition of the dependent variable used to 
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measure job match quality, the definition of the independent variable used to measure UI, the 

characteristics of the worker, and the year of job loss.  I find that UI receipt has a positive 

association with industry switching but no significant effect on earnings.  UI exhaustion has no 

effect on switching but a significant negative effect on earnings.  UI replacement rates and other 

measures of UI generosity only have a significant, positive effect on earnings for workers who 

hit the benefit cap.  These mixed results can be partially attributed to limitations of the data.  

While the DWS and CPS provide crucial information on the nature and scope of job 

displacement within the U.S., there are also important drawbacks to using pooled cross-sectional 

data.  In particular, the inability to control for time-invariant individual fixed effects may cause 

the estimated effect of UI to be biased.   

 Unobservable factors may be particularly influential in generating different reemployment 

outcomes for UI recipients and nonrecipients.  A direct comparison of these groups that does not 

control for short jobless spells of 0-1 week would suggest that UI receipt has a negative effect on 

earnings.  Yet, this conclusion would be misleading since a substantial share of nonrecipients 

find new, suitable employment almost immediately after displacement, and are therefore unlikely 

to need UI or to receive benefits prior to resuming work.  Greater motivation, stronger social 

networks, or other unmeasured factors may explain nonrecipients’ ability to make better job 

matches more quickly.   

 An alternative interpretation is that the prospect of receiving UI induces workers to prolong 

their unemployment duration (Katz and Meyer 1990a, Card and Levine 2000) and that this 

behavioral effect may ultimately lead to lower quality job matches as skills deteriorate (van Ours 

and Vodopivec 2008).  However, my results challenge this narrative.  Even among workers with 
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short jobless spells, there are large differences in earnings changes between UI recipients and 

nonrecipients, and the estimated difference is nearly statistically significant for those with jobless 

durations of less than two weeks.  My overall findings are generally consistent with Addison and 

Blackburn (2000). 

 The negative association that I find between UI exhaustion and reemployment earnings is 

statistically and economically significant and robust, with UI recipients who exhaust benefits 

earning between 8.6 and 11.3 percent less than recipients whose benefits do not expire.  These 

results should be interpreted with caution given the endogeneity problem of controlling for 

weeks jobless and the variation in predicted effects by year of displacement.  They suggest that 

further research is needed on the effect of benefit expiration.   

 Given the strong link between industry switching and earnings losses (found in the recent 

literature), one would expect to find similarities in the correlation between UI status and 

switching rates and the correlation between UI status and earnings losses.  Yet, in my study, 

these similarities do not appear in the data for either those who receive UI or those who exhaust 

UI.  Even controlling for short jobless spells, a UI recipient is six percent more likely to switch 

industries than a nonrecipient, but does not experience a statistically significant different change 

in earnings.  In contrast, I find no substantial differences in industry switching between those 

who exhaust benefits and those who do not, even though earnings outcomes are significantly 

different.  It may be that any decrease in earnings associated with a marginal increase in the 

probability of switching industries is too small to show up in the data, or this finding may be 

attributable to the complex link among industry switching, earnings change, and UI recipiency. 
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 I find that the effects of UI replacement rates on earnings and industry switching are 

ambiguous.  In my study, higher replacement rates were associated with earnings losses for 

workers displaced in 2008-09, but not for workers displaced in 2005-07, suggesting that workers 

in states with higher replacement rates may have experienced more challenges during the Great 

Recession than workers in low replacement rate states.  Moreover, there is no significant 

relationship between UI generosity, as measured by the average weekly benefit amount, and 

reemployment earnings.   

 However, replacement rates and an alternative measure of UI generosity, the maximum 

weekly benefit, appear to matter for workers who reach the benefit cap.  For these workers, a 

$100 increase in the maximum benefit is associated with a statistically significant increase in 

earnings of between 8.3 and 15.8 percent, and a one percentage point increase in the replacement 

rate is associated with a significant 1.4 percent increase in earnings.  Similarly, replacement rates 

and average weekly benefit amounts are not associated with industry switching for the full 

sample of UI recipients, but in the case of individuals who hit the benefit cap, one of the 

measures of maximum benefit level is nearly significant and negatively associated with industry 

switching. 

 Finally, my results show that industry switching decisions are difficult to predict with 

available data.  However, my findings are consistent with those of Stock (1998), particularly 

with regard to the importance of the share of local employment concentrated in the 

predisplacement industry as a determinant of industry switching behavior. 
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Policy Implications 

 My findings have several implications for ensuring that federal and state UI policies help 

displaced workers find suitable job matches and mitigate their earnings losses.  First, taking into 

account the difficulty of adequately controlling for jobless durations in the earnings-exhaustion 

equations, the results of this thesis suggest that recent state policy changes that accelerate UI 

exhaustion may have a detrimental impact on workers’ postdisplacement earnings.  Despite 

continued high rates of joblessness and historically high long-term unemployment rates, states 

such as Florida, Georgia, Michigan, Missouri, North Carolina, and South Carolina have sharply 

curtailed the maximum number of weeks of regular UI benefits that a worker can receive, with 

maximum durations as low as 12 weeks in Florida and North Carolina depending on economic 

conditions, and with benefit changes triggering a cutoff of federal emergency benefits in North 

Carolina (Evangelist 2013).  State lawmakers have enacted these policies under the assumption 

that doing so will incentivize displaced workers to search for new jobs more intensively and, as a 

practical matter, to address shortfalls in state UI trust funds.  However, it will be important to 

determine if these policy changes also induce more UI recipients to accept jobs that do not match 

their skills and therefore provide them with lower reemployment earnings. 

 Second, higher replacement rates and maximum benefit levels for individuals who hit their 

state’s benefit cap are associated with favorable outcomes for one or both of my measures of job 

match quality.  Yet, another emerging policy issue is the reduction of maximum weekly benefit 

amounts, particularly in North Carolina, where legislation to cut the maximum benefit by 35 

percent was signed by the Governor in February 2013 (Brown 2013).  My results suggest these 
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changes could exacerbate the earnings losses of moderate-income and higher-income displaced 

workers. 

 Third, the policy debate and research on UI focus almost exclusively on whether the program 

prolongs unemployment duration.  Yet, policymakers should also weigh the costs of UI 

recipiency and jobless duration with the benefits of more effective job searches.  While the costs 

of UI are highly visible to policymakers and taxpayers, there may also be hidden economic costs 

if workers feel pressured to take lower productivity jobs after their UI benefits expire. 

 Finally, although industry switching is a consistent determinant of earnings losses and UI 

receipt is positively associated with industry switching, there is no clear relationship between UI 

receipt and reemployment earnings.  Thus, it is unclear whether the positive association between 

UI and industry switching represents an effect of UI receipt on job match quality.  Other 

workforce development policies – such as job search assistance, counseling, and training – may 

offer a more targeted approach to matching displaced workers with new jobs in their original 

industry or helping them transition out of a declining sector. 

 

Future Research 

 Despite controlling for a wide range of measurable individual and economic factors that are 

correlated with UI, reemployment earnings, and industry switching, there are inherent limitations 

to this pooled cross-sectional study that result from unobserved differences between the 

treatment and control groups.  These differences may influence individuals’ selection into the 

treatment groups and simultaneously affect their reemployment outcomes.  My results also 

suggest that one of the areas where further research is most needed is in determining the effect of 
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UI exhaustion on reemployment earnings and other measures of job match quality.  While there 

is no apparent instrumental variable for weeks jobless or for UI exhaustion in the CPS data used 

in this thesis, identifying an appropriate instrument to correct for the endogeneity of these 

variables would help clarify the effect of expiration of benefits on job match quality.   

 Longitudinal studies relying on state-level administrative data on UI receipt and earnings 

histories may enable researchers to better isolate the effect of UI by controlling for individual 

and time fixed effects.  Alternatively, a difference-in-difference model could be used to examine 

the impact of abrupt policy changes on affected groups.  For instance, assuming the difference in 

earnings changes between workers who hit the benefit cap and earnings changes for those who 

do not hit the cap would otherwise be the same, this model could be used to identify the effect of 

sharp reductions in maximum benefit levels in states such as North Carolina.  In addition, the 

sudden cutoff of both state and federal benefits for many workers in this state, which is unrelated 

to any major change in economic conditions, potentially offers a natural experiment for 

comparing workers who exhaust their benefits in North Carolina with similar workers who 

continued to receive regular and emergency UI benefits in neighboring counties of other states. 

 In the absence of random assignment, other quasi-experimental approaches may be used to 

ensure treatment and control groups have similar characteristics.  Regression discontinuity 

designs have been employed in some international studies (Lalive 2007) and, given the extensive 

variation in state-level UI policies, may be well-suited to studies of displaced worker studies in 

the U.S.  In particular, differences in monetary eligibility requirements could enable comparisons 

between workers who qualify for benefits because their state uses an alternative base period with 

workers who would have qualified had their state also allowed for alternative base periods in 
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determining eligibility.  It may also be possible to compare workers who narrowly miss the 

monetary eligibility requirement because of insufficient or uneven earnings with those who 

narrowly meet that requirement.  
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APPENDIX A: TABLES 
 
Table A1.  Variable Names and Definitions 
Dependent Variables Variable Definition 
logearnnew Continuous variable of ln(current weekly earnings) 

industry switcher Indicator equal to one if industry of current job and industry of previous job are not 
the same as measured by 2-digit NAICS code 

Key Independent 
Variables   

uireceipt Indicator equal to one if worker received UI benefits after displacement 

imputed replacement rate 
Continuous variable of state replacement rate in year of displacement multiplied by 
previous earnings; imputed benefit value replaced with state minimum or maximum 
if lower or higher than those values; benefit divided by previous earnings. 

uiexhaust Indicator equal to one if UI benefits expired before reemployment 
Control Variables   
logearnold Continuous variable of ln(previous weekly earnings) 
shortspells Indicator equal to one if jobless duration is less than two weeks 
shortspells*uireceipt Interaction of shortspells and uireceipt 
female Indicator equal to one if worker is female 
married Indicator equal to one if worker is married 
female*married Interaction of female and married 
age Continuous variable of worker's age in years 
age2 Continuous variable of age squared 
white Indicator equal to one if worker is white 

insufficient work Indicator equal to one if displacement was due to insufficient work  
(reference category is plant closing) 

shift abolished Indicator equal to one if displacement was due to abolition of shift or position 
(reference category is plant closing) 

advance notice Indicator equal to one if worker received advance notice of job loss 

high school diploma Indicator equal to one if highest level of school completed was high school 
(reference category is less than high school) 

some college Indicator equal to one if highest level of school completed was some college or 
associate's degree (reference category is less than high school) 

college or more Indicator equal to one if highest level of school completed was bachelor's degree or 
more (reference category is less than high school) 

blue-collar Indicator equal to one if previous occupation was blue-collar  
(reference category is professional) 

sales/office Indicator equal to one if previous occupation was sales or office  
(reference category is professional) 

service Indicator equal to one if previous occupation was service  
(reference category is professional) 

northeast Indicator equal to one if lives in northeast Census region  
(reference category is west) 

south Indicator equal to one if lives in southern Census region (reference category is west) 
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Table A1.  Variable Names and Definitions (continued) 
midwest Indicator equal to one if lives in midwest Census region (reference category is west) 

unemployment rate Continuous variable of MSA unemployment rate in year of displacement as 
measured by Local Area Unemployment Statistics 

employment trend 
Continuous variable of MSA employment in year after displacement minus 
employment in year before displacement divided by MSA employment in year 
before displacement 

2009 Indicator equal to one if displacement occurred in 2009 (reference category is 2005) 
2008 Indicator equal to one if displacement occurred in 2008 (reference category is 2005) 
2007 Indicator equal to one if displacement occurred in 2007 (reference category is 2005) 
2006 Indicator equal to one if displacement occurred in 2006 (reference category is 2005) 
old job tenure Continuous variable of years of tenure on lost job 
old job tenure2 Continuous variable of old job tenure squared 
union Indicator equal to one if worker was union member on lost job 
one job held Indicator equal to one if only one job held after displacement 

mining Indicator equal to one if industry of displacement was mining  
(reference category is other service) 

construction Indicator equal to one if industry of displacement was construction  
(reference category is other service) 

manufacturing Indicator equal to one if industry of displacement was manufacturing  
(reference category is other service) 

trade Indicator equal to one if industry of displacement was trade  
(reference category is other service) 

transp./utilities Indicator equal to one if industry of displacement was transportation or utilities  
(reference category is other service) 

professional Indicator equal to one if industry of displacement was information, professional or 
technical service (reference category is other service) 

industry share Continuous variable of share of total MSA employment concentrated in 2-digit 
NAICS industry of displacement in year of displacement 
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Table A2. Difference in Means for UI Recipients and Nonrecipients 
Variable Full Sample UI Recipients UI Nonrecipients Significance of 

Difference in 
Means (p-value) 

Change in log earnings -0.161 -0.282 -0.076 < 0.001 
 (0.689) (0.661) (0.69)  

Weekly earnings, lost job 826.36 874.25 793.22 < 0.001 
 (599.52) (545.82) (634.76)  

Weekly earnings,  
current job 720.14 716.73 727.04 0.605 

 (579.96) (555.28) (597.99)  

% Industry switchers 52.2 61.79 55.49  

% Exhausted UI 10.86 29.57 0  

UI replacement rate 0.143 0.342 0 < 0.001 
 (1.76) (0.078) (0)  

Age 41.18 42.95 39.68 < 0.001 
 (10.92) (10.36) (11.08)  

% Male 59.31 59.95 58.23  

% Married 59.24 62.47 57.63  

% Less than high school  8.54 6.25 9.75  
% High school  
diploma only 32.35 34.67 29.59  

% With some college 32.45 32.29 33.32  

% College degree or more  26.67 26.78 27.35  

% White 71.79 76.21 69.92  

% Black 9.36 9.65 8.8  

% Hispanic 13.16 8.29 15.91  

% Plant or business closing 33.08 30.52 35.36  

% Insufficient work 41.49 39.77 39.04  
% Position or shift 

abolished 25.44 29.71 25.61  

% Received advance notice 34.02 38.82 35.55  

% In union at lost job 6.99 9.99 6.32  

% Full-time, current job 80.18 82.6 79.21  

% Full-time, lost job 76.78 93.68 80.06  

Tenure, lost job (in years) 5.74 6.53 5.21 < 0.001 
 (6.23) (6.72) (5.84)  
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Table A2. Difference in Means for UI Recipients and Nonrecipients (continued) 
% One job held  68.3 75.46 77.47  

Jobless spell (in weeks) 12.68 20.43 7.06 < 0.001 

 (18.01) (20.31) (13.55)  
% In Northeast 20.09 25.56 16.16  

% In Midwest 25.34 27.12 25.56  

% In South 29.06 24.13 31.73  

% In West 25.51 23.18 26.55  
% In sales/office 

occupation 22.04 24 24.71  

% In service occupation 9.41 5.57 13.87  

% In blue collar occupation 28.78 35.69 29.64  
% In management 

occupation 27.86 32.29 30.43  

MSA employment trend -0.0066 -0.0108 -0.0045 < 0.001 

 (0.038) (0.038) (0.038)  

MSA unemployment rate 5.76 5.96 5.62 < 0.001 

 (2.23) (2.25) (2.2)  

% Displaced in 2009 24.54 26.38 24.52  

% Displaced in 2008 19.4 23.45 18.35  

% Displaced in 2007 27.53 24.54 31.28  

% Displaced in 2006 11.01 13.8 14.52  

% Displaced in 2005 13.13 11.35 10.84  

Industry share  0.082 0.083 0.082 0.545 
 (0.046) (0.046) (0.046)  

% Mining 0.87 0.88 1.04  

% Manufacturing 16.2 25.29 12.98  

% Construction 11.83 12.24 13.67  

% Trade 12.23 12.92 14.27  

% Transportation/utilities 3.94 4.89 4.03  

% Professional 17.75 20.73 18.95  

% Other service 25.76 21.07 34.01  

Number of observations 4006 1471 2011   
Missing observations n/a 524 524   

Standard deviations for continuous variables are in parentheses.  There are 524 observations with missing data on UI 
receipt.  Results are unweighted. 
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Table A3. OLS Regression of Log New Weekly Earnings on UI Receipt 
  (1) (2) (3) (4) (5) (6) 

  

All 
transitions 

 
 

Full-time to 
full-time 

transitions 
(FT/FT) 

FT/FT 
 
 
 

FT/FT 
 
 
 

FT/FT 
 
 
 

FT/FT, < 2 
weeks 
jobless 

excluded  

UIreceipt -0.134*** -0.0697*** -0.0717*** -0.0249 -0.0419 -0.0166 

 (0.0243) (0.0208) (0.021) (0.025) (0.0314) (0.0252) 

Logearnold 0.668*** 0.686*** 0.554*** 0.559*** 0.601*** 0.531*** 

 (0.021) (0.0215) (0.0296) (0.0301) (0.0347) (0.0364) 

Shortspells    0.105*** 0.0899**  

    (0.0277) (0.0362)  

Shortspells*UIreceipt    -0.112 -0.117  

    (0.0938) (0.111)  

Female   -0.0363 -0.0309 -0.0358 -0.0133 
   (0.0353) (0.0355) (0.0444) (0.0387) 

Married   0.0904*** 0.0979*** 0.106*** 0.0936*** 
   (0.0283) (0.0281) (0.0384) (0.0331) 

Female*married   -0.100** -0.109*** -0.0922* -0.133*** 
   (0.0418) (0.0419) (0.0550) (0.0477) 

Age   0.0167** 0.0195*** 0.0306*** 0.0147* 
   (0.00753) (0.00755) (0.00966) (0.00886) 

Age2   -0.00023** -0.00026*** -0.00039*** -0.0002* 
   (9.04e-05) (9.05e-05) (0.000115) (0.000106) 

White   0.0733*** 0.0660** 0.0805** 0.0632** 
   (0.0269) (0.0269) (0.0340) (0.0300) 

Insufficient work   -0.0237 -0.0124 -0.00796 -0.0330 
   (0.0255) (0.0254) (0.0320) (0.0298) 

Shift abolished   -0.0101 -0.00157 0.000284 -0.0189 
   (0.0274) (0.0276) (0.0344) (0.0315) 

Advance notice   0.00811 0.00762 0.0199 0.0188 
   (0.0218) (0.0218) (0.0276) (0.0251) 

High school diploma   0.0590 0.0676 0.0298 0.0526 
   (0.0435) (0.0426) (0.0567) (0.0516) 

Some college   0.157*** 0.153*** 0.120** 0.171*** 
   (0.0449) (0.0445) (0.0582) (0.0517) 

College or more   0.299*** 0.298*** 0.239*** 0.291*** 
   (0.0530) (0.0528) (0.0670) (0.0630) 

Blue-collar   -0.108*** -0.102*** -0.0805* -0.119*** 
   (0.0371) (0.0366) (0.0489) (0.0414) 



 

71 
 

Table A3. OLS Regression of Log New Weekly Earnings on UI Receipt (continued) 
Sales/office   -0.0408 -0.0384 -0.0351 -0.0448 

   (0.0323) (0.0325) (0.0407) (0.0373) 

Service   -0.0657 -0.0663 -0.102 -0.109* 
   (0.0493) (0.0497) (0.0649) (0.0558) 

Northeast   0.0877*** 0.0851*** 0.0985* 0.0880** 
   (0.0306) (0.0303) (0.0505) (0.0360) 

South   -0.0433 -0.0447 -0.0360 -0.00587 
   (0.0293) (0.0289) (0.0350) (0.0339) 

Midwest   -0.0666** -0.0708** -0.0654* -0.0611* 
   (0.0290) (0.0290) (0.0355) (0.0350) 

Unemployment rate   0.0187** 0.0194** 0.0191 0.0135 
   (0.00880) (0.00889) (0.0117) (0.00962) 

Employment trend   0.646 0.769 0.617 0.258 
   (0.495) (0.502) (0.600) (0.559) 

2009   -0.159*** -0.150*** -0.126** -0.131** 
   (0.0476) (0.0484) (0.0632) (0.0564) 

2008   -0.0879* -0.0736 -0.0499 -0.0802 
   (0.0477) (0.0483) (0.0623) (0.0556) 

2007   -0.103*** -0.0983*** -0.0722 -0.0621 
   (0.0358) (0.0363) (0.0456) (0.0427) 

2006   -0.0150 -0.00291 0.0191 -0.000235 
   (0.0372) (0.0368) (0.0435) (0.0448) 

Old job tenure   -0.00407 -0.00520 -0.00579 -0.00278 
   (0.00458) (0.00457) (0.00636) (0.00554) 

Old job tenure2   0.000112 0.000137 0.000134 8.87e-05 
   (0.000155) (0.000155) (0.000242) (0.000190) 

Union   -0.0173 -0.0346 -0.0998 -0.0336 
   (0.0458) (0.0467) (0.0683) (0.0520) 

One job held   0.0647** 0.0628** 0.0449 0.0697** 
   (0.0279) (0.0283) (0.0337) (0.0308) 

Mining   0.127 0.120 -0.0950 0.00163 
   (0.0908) (0.0883) (0.214) (0.143) 

Construction   0.0491 0.0426 -0.0118 0.0138 
   (0.0417) (0.0396) (0.0507) (0.0482) 

Manufacturing   0.0439 0.0393 0.0320 0.0199 
   (0.0360) (0.0351) (0.0511) (0.0414) 

Trade   0.0257 0.0139 0.00639 -0.0195 
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Table A3. OLS Regression of Log New Weekly Earnings on UI Receipt (continued) 
   (0.0385) (0.0381) (0.0477) (0.0478) 

Transp./utilities   0.0163 0.00290 -0.0440 -0.0739 
   (0.0507) (0.0493) (0.0645) (0.0594) 

Professional   0.0367 0.0308 0.0147 -0.0167 
   (0.0322) (0.0318) (0.0412) (0.0366) 

Industry share     0.0806  

     (0.285)  

Constant 2.043*** 2.018*** 2.378*** 2.240*** 1.774*** 2.540*** 

 (0.137) (0.143) (0.231) (0.235) (0.289) (0.277) 

Observations 2,866 2,159 2,038 2,005 1,298 1,493 

R2 0.354 0.43 0.498 0.508 0.512 0.49 

Adjusted R2 0.3532 0.4297 0.4984 0.4779 0.5063 0.4927 
Notes: Robust standard errors in parentheses.  The Logearnold variable represents ln(weekly earnings) on the lost 
job, and Shortspells represents jobless spells of less than two weeks.  *** p<0.01, ** p<0.05, * p<0.1
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Table A4. Logistic Regression of Industry Switching on UI Receipt 
  (1) (2) (3) (4) (5) (6) 

  

All 
transitions 

 
 
 

Full-time to 
full-time 

transitions 
(FT/FT) 

 

All 
transitions 

 
 
 

All 
transitions 

 
 

 

All 
transitions 

 
 
 

All 
transitions, 
< 2 weeks 

jobless 
excluded 

UIreceipt 0.289*** 0.294*** 0.348*** 0.153 0.251** 0.185 
 (0.071) (0.08) (0.087) (0.103) (0.128) (0.131) 

Logearnold   -0.289*** -0.286*** -0.228** -0.11 
   (0.074) (0.075) (0.097) (0.122) 

Shortspells    -0.401*** -0.402***  
    (0.108) (0.136)  

Shortspells*UIreceipt    0.566* 0.59  
    (0.299) (0.393)  

Industry share     -7.277*** -7.856*** 
     (1.326) (1.537) 

Female   -0.195 -0.213 -0.104 0.0165 
   (0.137) (0.138) (0.177) (0.211) 

Married   -0.110 -0.115 -0.242 -0.128 
   (0.118) (0.119) (0.151) (0.179) 

Female*married   0.178 0.205 0.301 0.141 
   (0.168) (0.170) (0.219) (0.259) 

Age   -0.0373 -0.0365 -0.0262 -0.0155 
   (0.0315) (0.0319) (0.0406) (0.0477) 

Age2   0.000372 0.000366 0.000220 2.12e-06 
   (0.000377) (0.000383) (0.000485) (0.000569) 

White   -0.0978 -0.0802 -0.116 -0.124 
   (0.0983) (0.0996) (0.121) (0.142) 

Insufficient work   0.160 0.126 0.0974 -0.00773 
   (0.107) (0.108) (0.137) (0.163) 

Shift abolished   0.257** 0.228** 0.249* 0.297* 
   (0.109) (0.110) (0.138) (0.167) 

Old job tenure   -0.00315 -0.00163 -0.0139 -0.0119 
   (0.0199) (0.0202) (0.0265) (0.0311) 

Old job tenure2   0.000455 0.000412 0.000656 0.00100 
   (0.000734) (0.000749) (0.00103) (0.00122) 

Advance notice   0.152* 0.136 0.120 0.142 
   (0.0908) (0.0919) (0.115) (0.135) 

High school diploma   0.000877 0.0259 -0.0532 -0.0765 
   (0.166) (0.168) (0.213) (0.243) 
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Table A4. Logistic Regression of Industry Switching on UI Receipt (continued) 
Some college   0.181 0.230 0.310 0.369 

   (0.170) (0.173) (0.220) (0.253) 

College or more   0.270 0.277 0.296 0.415 
   (0.191) (0.193) (0.245) (0.285) 

Blue-collar   0.170 0.149 0.173 0.179 
   (0.140) (0.142) (0.191) (0.224) 

Sales/office   0.423*** 0.396*** 0.353** 0.460** 
   (0.125) (0.126) (0.156) (0.192) 

Service   -0.270 -0.341** -0.376* -0.347 
   (0.166) (0.169) (0.217) (0.254) 

Union   -0.352** -0.361** -0.252 -0.0948 
   (0.152) (0.155) (0.208) (0.241) 

Northeast   -6.60e-05 -0.0161 0.119 0.354 
   (0.127) (0.128) (0.198) (0.236) 

South   -0.0936 -0.109 0.0425 0.00365 
   (0.113) (0.115) (0.139) (0.162) 

Midwest   0.154 0.160 0.291** 0.269 
   (0.118) (0.120) (0.144) (0.169) 

Unemployment rate   -0.0401 -0.0474 -0.0475 -0.0157 
   (0.0356) (0.0362) (0.0465) (0.0530) 

Employment trend   2.812 2.560 1.539 3.398 
   (2.100) (2.111) (2.465) (2.987) 

One job held   -0.222** -0.204* -0.146 -0.132 
   (0.104) (0.105) (0.133) (0.155) 

2009   0.289 0.301 0.107 -0.0609 
   (0.200) (0.203) (0.257) (0.308) 

2008   0.412** 0.382* 0.211 0.117 
   (0.208) (0.210) (0.260) (0.315) 

2007   0.334** 0.329** 0.231 0.135 
   (0.156) (0.158) (0.197) (0.242) 

2006   0.0206 0.0356 -0.114 -0.212 
   (0.159) (0.162) (0.204) (0.248) 

Mining   0.102 0.0851 -0.432 -0.354 
   (0.388) (0.399) (0.746) (0.844) 

Construction   -0.210 -0.245 -0.457** -0.377 
   (0.167) (0.171) (0.212) (0.238) 

Manufacturing   0.543*** 0.520*** 0.811*** 1.009*** 
   (0.144) (0.145) (0.216) (0.250) 

Trade   0.120 0.129 0.268 0.260 
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Table A4. Logistic Regression of Industry Switching on UI Receipt (continued) 
   (0.147) (0.149) (0.183) (0.218) 

Transp./utilities   0.246 0.222 -0.245 -0.227 
   (0.219) (0.220) (0.275) (0.318) 

Professional   0.175 0.159 -0.0177 0.0270 
   (0.127) (0.129) (0.160) (0.188) 

Constant 0.244*** 0.176*** 2.743*** 2.922*** 3.031*** 1.999* 
 (0.0452) (0.0527) (0.771) (0.782) (1.001) (1.188) 

       
Observations 3,432 2,610 2,698 2,648 1,692 1,259 

χ2 16.6903 13.4218 133.601 146.7114 130.0309 105.413 

Pseudo-R2 0.0036 0.0038 0.0407 0.0454 0.0657 0.0692 
Notes: Robust standard errors in parentheses.  The Logearnold variable represents ln(weekly earnings) on the lost 
job, and Shortspells represents jobless spells of less than two weeks.  *** p<0.01, ** p<0.05, * p<0.1 
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