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Abstract 

 Recent research has called attention to alternative employment arrangements that often 

leave workers without retirement and health benefits and with income instability.  At the same 

time, workers are facing increasing competition from automation and globalization.  This 

competition is of special concern for older workers, who increasingly need longer careers to 

secure an adequate retirement and jobs with benefits to enable saving and access to affordable 

health care.  The question is: are these “nontraditional” jobs more prevalent in areas more 

exposed to such competitive pressures and are older workers more likely to hold them?  The 

study uses the 1996-2008 panels of the Survey of Income and Program Participation (SIPP) to 

track the share of workers in nontraditional work arrangements – defined based on characteristics 

of the job including retirement plan coverage, health insurance coverage, and hour or wage 

instability.  It then estimates whether workers are more likely to be in nontraditional 

arrangements, or transition from traditional to nontraditional work, in areas with greater exposure 

to trade and automation.  The findings suggest that globalization does not have a major effect, 

but automation does; a 1-standard deviation increase in the use of industrial robots is associated 

with an 11-percent increase in nontraditional employment.  This relationship is even stronger for 

older workers: a 1-standard-deviation increase in automation is associated with a 17-percent 

increase in nontraditional work at ages 50-62.  As automation continues to increase, jobs that 

offer retirement savings, health insurance, and stable income may continue to decline, and the 

impact is likely to be particularly felt by older workers who may need these benefits the most.



 

Introduction 

A burgeoning literature has focused on workers engaging in what are often referred to as 

“alternative work arrangements,” such as independent contracting, on-call work, or temporary 

work (Katz and Krueger 2016, 2019; Jackson, Looney, and Ramnath 2017; Abraham et al. 2018; 

Farrell and Greig 2017; Robles and McGee 2016; and Collins et al. 2019).  While the workers 

included in this category vary greatly across studies, their common denominator is best 

expressed in what they lack: retirement and health benefits that denote a high-quality job, and 

some measure of stability in their incomes, hours, and employment status.  Such jobs seem 

especially common among older workers (Katz and Kruger 2019), which is particularly 

concerning as they increasingly require jobs that will allow them to save for looming retirements 

and cover increasing health expenditures. 

The focus of this study is whether the share of jobs lacking the markers of “traditional” 

employment is greater in places where the labor market has been weaker – in particular, because 

of the external pressures of globalized competition (especially from China) and the automation 

of routine tasks – and whether the effect is any more or less extreme for older workers 

specifically.  Using the Survey of Income and Program Participation (SIPP), this paper defines 

nontraditional work in two different ways: 1) broadly as the absence of both retirement and 

health benefits; and 2) more restrictively as the absence of these benefits plus some volatility in 

hours, earnings, or employment. 

The analysis focuses on whether nontraditional work is concentrated in areas affected by 

globalization and automation.  It also examines the extent to which individuals first observed in 

traditional jobs move toward nontraditional work at greater rates when local labor markets face 

these external pressures.  The results will help policymakers better understand how future 

increases in globalization and automation could affect the spread of nontraditional work going 

forward, both to workers in general and to late-career workers in particular. 

The results suggest that nontraditional work is more likely in states with greater exposure 

to automation, but exposure to import competition has no significant relationship with 

nontraditional work.  A 1-standard-deviation increase in automation increases the probability that 

an individual is in a nontraditional job by about 11 percent for all workers and 17 percent for 

workers ages 50-62.  Furthermore, the results provide suggestive evidence that traditionally 
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employed workers tend to move to nontraditional jobs when their industry is exposed to 

increased automation, but such movement may still be too rare to find a conclusive relationship. 

The rest of the paper proceeds as follows.  The next section reviews the literature on the 

markers of nontraditional work arrangements.  The third section describes how the analysis uses 

SIPP data to define nontraditional work, and the fourth outlines the econometric approach to 

estimating the relationship between nontraditional work and globalization and automation.  The 

fifth section presents results, and the final section concludes that, given the positive correlation 

between nontraditional work and industrial robot utilization, the likely spread of automation to 

other industries could push more workers into nontraditional work. 

 

Background and Previous Literature 

While research on nontraditional work dates back decades (see an early review from 

Barker and Christensen 1998), it has gained renewed prominence in the media and among social 

scientists, especially after Katz and Krueger’s 2016 study found an increase in so-called 

“alternative” arrangements from 10 percent to 15 percent of the workforce over the 2005-2015 

period.  Later evidence from those same authors suggested a slightly more muted upward trend 

in primary employment in alternative arrangements, and suggested alternative jobs are often 

secondary jobs (Katz and Krueger 2019).  Indeed, Collins et al. (2019) find evidence that, 

although a higher share of workers are filing IRS Form-1099s indicating independent contracting 

work, almost all of the growth is from people using that work as a secondary source of income.1  

Collins et al. (2019) also focused on another popular topic in this literature: the rise of the 

gig-economy facilitated by the use of online platforms.  Their finding is common to the literature 

– these types of jobs have increased recently but are still rare, especially as primary jobs.  For 

example, Farrell and Greig (2016), examining bank records for J.P. Morgan Chase account-

holders, find increased incidence of deposits from “gig-economy” payers, though the share of 

workers with this direct evidence of gig-economy employment remained below 2 percent as of 

2016.  In contrast to studies looking at gig workers, other studies include broader definitions of 

nontraditional work, encompassing direct-selling to consumers, part-time work, and small 

                                                 
1 Jackson, Looney, and Ramnath (2017) similarly use administrative tax records, but instead identify workers with 
self-employment income and only small amounts of business expenses, which may indicate independent contracting.  
They find that the share of the workforce with this tax filing status nearly doubled from 1999 to 2014, though it 
remains only around 4 percent of workers.   
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business ownership.  Under this more expansive definition, the share of workers in nontraditional 

arrangements is as high as 30 percent (Robles and McGee 2016) or even 40 percent (GAO 2015) 

of workers.  In other words, under the various definitions used in this literature, the range of 

estimates of these alternative jobs can fall anywhere between 2 and 40 percent. 

Because of the lack of consensus over the definition of nontraditional work, the current 

study focuses on the characteristics of jobs – ultimately, what matters for economic security is 

not the label given the job, but factors such as fringe benefits and the volatility of wages, hours, 

and employment.  This focus on job characteristics instead of the nature of the employer 

relationship is also related to the strand of the literature examining the quality of jobs.  For 

example, Kalleberg, Reskin, and Hudson (2000) report that, as of 1995, 31 percent of American 

workers were in jobs that fit the CPS definition of alternative arrangements, and/or lacked 

retirement and health benefits, and/or carried low or volatile pay.  In a review, Osterman (2013) 

finds that jobs with unpredictable wages are becoming more common and fringe benefit offers 

are declining.   

In any case, the preceding studies mostly focus on counting the workers in various kinds 

of jobs, rather than how these kinds of arrangements may have arisen.  These studies therefore 

lack an exploration of whether nontraditional employment appears to be related to 

macroeconomic pressures and secular trends in the labor market toward increased globalization 

and automation – and in particular, whether they impact older workers’ ability to secure an 

adequate retirement.  Autor, Dorn, and Hanson (2013) find greater expenditures on retirement 

and disability benefits in local labor markets that are more subject to import competition from 

China, which suggests that older workers are driven into earlier retirement when globalization 

reduces their job prospects.  The same authors find that workers in manufacturing industries that 

were most exposed to import competition experienced more churn, particularly when they had 

low earnings to begin with (Autor, Dorn, Hanson, and Song 2014).2  Similarly, Acemoglu and 

Restrepo (2017) find that local labor markets exposed to automation see employment and wage 

                                                 
2 This literature is large and growing.  For example, see also Balsvik, Jensen, and Salvanes (2015); Acemoglu, 
Autor, Dorn, Hanson, and Price (2016); Bloom, Draca, and Van Reenen (2016); and Pierce and Schott (2016). 
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losses, though they do not report results by age.  Overall, previous research has not examined 

whether these trends push workers into nontraditional jobs.3 

 

Data 

The project uses the Survey of Income and Program Participation to examine the share of 

individuals in nontraditional or traditional jobs over the 1998-2012 period.  The SIPP is a 

longitudinal household survey conducted by the U.S. Census Bureau, sampling individuals 

within each household once every four months (a “wave”) over a period of 2½ to 4 years.  This 

study uses panels of individuals that were sampled beginning in 1996, 2001, 2004, and 2008. 

The analysis uses SIPP data on labor market outcomes, demographics, family structure, 

and health insurance coverage from the core questionnaire, which is fielded at each interview.  

The project also uses information from SIPP topical modules that are fielded periodically in 

specific waves.  The topical modules of interest are the ones covering: 1) retirement plan offers 

and participation; and 2) information from IRS tax forms.  The following two subsections detail 

how the core and topical modules are used to define nontraditional work and then to identify 

transitions from traditional into nontraditional status.  The final subsection focuses on 

measurements of globalization and automation. 

 

Defining Nontraditional Work 

The analysis uses two definitions of nontraditional work.  The first is less restrictive, 

focusing exclusively on whether a job lacks employer-sponsored retirement and health benefits.  

However, many studies of nontraditional jobs are also concerned with instability.  Furthermore, 

workers who are the secondary earners in their households may prefer a job with greater 

earnings but less generous fringe benefits.  So the study also uses a second, more-restrictive 

definition which requires jobs to both lack those benefits and to have volatility in employment 

status, earnings, or work hours. 

While the full SIPP panel includes information on both retirement and health benefits, the 

timing of the availability of this information creates some limitations.  The data on retirement 

                                                 
3 Ongoing Sloan-funded work by Richard Freeman and colleagues examines the extent to which automation affects 
employer demand for older workers, but does not focus specifically on whether those firms create nontraditional 
arrangements for those workers.  Other papers in this vein include Hemous and Olsen (2014); Acemoglu and 
Restrepo (2018); Autor and Salomons (2018); and Graetz and Michaels (2018). 
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plan offers is exclusively available in a topical module that is usually fielded only once per SIPP 

panel.  Employer-sponsored health insurance offers, however, are asked in a different topical 

module.4  Because nontraditional work is, either implicitly or explicitly, more volatile, limiting 

the sample to jobs that last through both topical modules would be too restrictive. 

Instead, the study takes advantage of the health insurance data available in the SIPP core, 

which documents participation in an employer-sponsored health plan rather than a health 

insurance offer.  The first concern with using participation instead of offers is that some workers 

marked as in nontraditional jobs might in fact be offered a health plan but turn it down if the plan 

carries a high premium or is of low generosity.  But it is arguably sound to consider jobs offering 

no plan and jobs that offer plans that are too unattractive to take up as being essentially equal.  

The second concern is that some workers who do not participate in a health plan may opt for 

health insurance through their spouse, even if they have coverage available through their own 

employer.  Supplemental analysis of the CPS Contingent Worker Supplement indicates that the 

majority of married workers participating in their spouse’s employer plan are offered health 

insurance by their own employer as well.5  Therefore, the analysis would label a worker’s job as 

nontraditional only if the worker did not have health insurance through their own or a spouse’s 

job.  This restriction therefore yields a conservative estimate of the size of the group of 

nontraditional jobs, suggesting that any positive association with the probability a worker is in 

nontraditional work would be a lower bound on the true correlation.6 

                                                 
4 In the 1996, 2001, and 2004 panels, the topical module with health benefit offers is in wave 5, two waves – or 
about 8 months – before the detailed information on pension offers.  In the 2008 panel, the questions on health 
benefit offers are asked 20 months prior to the pension wave. 
5 In the CPS, roughly 70 percent of married individuals with health insurance through their spouse were also offered 
it at their job. 
6 The estimate may be a lower bound on the magnitude of effects for two reasons.  First, classical measurement error 
in the dependent variable can lead to attenuation bias in a discrete-response model; see Hausman, Abrevaya, and 
Scott-Morton (1998).  Second, if undercounting non-traditional work is more likely in areas with high exposure to 
automation and trade, then this non-classical measurement error would also lead to understatement of the correlation 
between non-traditional work and these factors.  Such a situation might arise, for example, if areas with high levels 
of automation lead to a shortage of jobs providing employer-sponsored insurance (ESI), which in turn leads 
households to specialize, with one spouse seeking ESI with family coverage.  In these areas, in particular, some 
nontraditional jobs would be excluded from the analysis because they would be associated with workers whose 
spouses have ESI, and thus cannot be definitively assigned to nontraditional work. 
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Transitions between Jobs 

The analysis is also interested in whether globalization and automation push workers 

from traditional into nontraditional jobs.  The limitation in exploring these transitions is that the 

SIPP topical module on retirement plan offers is fielded only once per panel, making tracking 

workers’ nontraditional job status over time difficult.  However, the SIPP does contain a separate 

topical module on tax returns asked exactly one year before the detailed retirement plan module.  

While the tax module does not include enough information to identify nontraditional jobs, it does 

allow for definitively identifying traditional jobs: if a worker is making tax-deferred 

contributions to a 401(k) or has employer-sponsored health insurance coverage, the job must 

have offered those benefits.  The paper follows these workers in traditional jobs one year later to 

see if they have moved to a nontraditional job in the wave in which the full retirement plan 

topical module is available.  As with the analysis of nontraditional work status, this approach 

would estimate a lower bound on any positive relationships with transitions into nontraditional 

work, as the analysis may miss some workers transitioning into nontraditional jobs. 

 

Quantifying Exposure to Globalization and Automation 

The final piece of information is the workers’ exposure to globalization and automation.  

The globalization measure is based on data on Chinese imports to the United States from Autor, 

Dorn, and Hanson (2013).7  These data are at the Commuting Zone (CZ) level, and available in 

1990, 2000, and 2007.  They are aggregated to the state level, weighted by the share of the 

national population of CZs in 1990.8  The data are interpolated linearly between 1990 and 2000, 

and held constant after 2007; while more updated data would be ideal, keeping the values 

constant after 2007 ensures that the variation in trade is driven by the plausibly exogenous 

entrance of China into world trade, and not by its more moderate and possibly demand-driven 

growth since.   

The analysis measures exposure to automation in the same way as Acemoglu and 

Restrepo (2017), based on the number of industrial robots per 1,000 workers, calculated for 19 

                                                 
7 The original data were acquired by Autor, Dorn, and Hanson (2013) from the U.N. Comtrade database.  These data 
are available online at http://www.ddorn.net/data.htm.  
8 These data exclude Alaska and Hawaii; however, Washington, DC is counted as a state.  Furthermore, Maine and 
Vermont are aggregated into one single state for the purpose of the analysis, to match SIPP definitions that are 
consistent across panels; similarly Wyoming, North Dakota, and South Dakota are considered a single state. 

http://www.ddorn.net/data.htm
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different industries.  The data to construct this measure were collected by Acemoglu and 

Restrepo from the International Federation of Robots (for number of industrial robots) and from 

the U.S. Census and the American Community Survey (for number of workers by industry).  This 

paper takes the robots per 1,000 workers numbers by industry directly from Table A1 in 

Acemoglu and Restrepo (2017). 

The robots per 1,000 workers ratio is observed for the years 2004, 2007, and 2014, and is 

assumed to be 0 in 1980.  The analysis uses these industry-level measures to calculate state-year 

level robot penetration as follows: first, three-digit industry codes from the CPS are classified 

into the 19 industry categories enumerated in Acemoglu and Restrepo (2017).9  Second, the 

shares of employment of these 19 categories in each state are calculated from the 1990 CPS 

(prior to the analysis period).  Third, state-year robot penetration is calculated in 2004, 2007, and 

2014 based on the industry-level robots to workers ratio weighted by the 1990 state industry 

shares.  Finally, the measure is interpolated linearly between 1980, 2004, 2007, and 2014 to 

arrive at relevant values for the SIPP survey years of 1997-1998, 2002-2003, 2005- 2006, and 

2011-2012. 

 Finally, for both the measure of globalization and the measure of automation, the 

variables are standardized to their Z-scores, so that in the analysis every unit change in either 

measure corresponds to a 1-standard-deviation change. 

 

Methodology 

The project first examines the extent to which nontraditional jobs, as defined by this 

project, have become more common over time, and presents descriptive statistics on the 

characteristics of workers in nontraditional versus traditional jobs, as well as workers who 

transitioned from traditional to nontraditional status.  The focus of the empirical analysis is 

whether more workers are in nontraditional jobs and whether more workers in traditional jobs 

move to nontraditional work in labor markets with greater exposure to globalization and 

automation.  To answer these questions, the main analysis estimates several regression models.   

The first model – the static analysis – estimates the relationship between nontraditional 

work and exposure to globalization and automation in an individual’s state of residence (s), 

among those who are working at year t (the wave of the SIPP pension topical module) using a 

                                                 
9 A crosswalk is available from the authors of the current paper upon request. 
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probit regression.  The dependent variable is an indicator equal to 1 if worker i is categorized as 

being in a nontraditional job:10 

 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖𝑖𝑖 = Φ(𝛼𝛼1𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑖𝑖𝑖𝑖 + 𝛼𝛼2𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁𝑖𝑖𝑖𝑖 + 𝛾𝛾𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖 + 𝜁𝜁𝑖𝑖 + 𝜏𝜏𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖) 

 

The key independent variables are the first two: 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑇𝑇𝑖𝑖𝑖𝑖 is an index of the degree to 

which industries in the worker’s state have faced exposure to trade from China by year t; and 

𝐴𝐴𝐴𝐴𝐴𝐴𝑁𝑁𝑖𝑖𝑖𝑖 is an index measuring the degree to which industries in state s have faced exposure to 

automation by year t.  The estimated relationships are both expected to be positive, as greater 

exposure to each factor is likely to be associated with higher probabilities that any given worker 

is in nontraditional employment.  These results are also estimated in subsamples defined by age 

and gender, to examine heterogeneity in the relationship between nontraditional work and 

globalization and automation – and, in particular, the extent to which older workers (ages 50-62) 

are in nontraditional jobs. 

The second model focuses on whether these same factors push workers from traditional 

to nontraditional jobs.  It is identical in structure, but the sample is limited to the workers “at 

risk” of becoming nontraditionally employed: those in traditional jobs at the time of the tax 

topical module in year t-1.  Limiting the sample to these workers changes the interpretation of 

the key estimates slightly: a positive marginal effect indicates that greater exposure to trade or 

automation in a worker’s state of residence is associated with a greater probability that a worker 

in a traditional job moves to a nontraditional job by year t. 

The models include state (𝜁𝜁𝑖𝑖) and year (𝜏𝜏𝑖𝑖) fixed effects, as well as a vector of personal 

and job characteristics, 𝑋𝑋𝑖𝑖𝑖𝑖𝑖𝑖.  These variables include indicators for gender, race and Hispanic 

ethnicity, and marital status; categories for age and educational attainment; the log of family 

income excluding own earnings, to account for how other available resources may affect job 

status; indicators for the industry of the respondent’s primary job; and whether the current 

employer employed 25 or fewer employees.  The state fixed effects control for invariant state 

characteristics; in particular, these include the baseline level of different industries.  These 

                                                 
10 Due to the probit model’s nonlinearity, the results present the marginal effect – that is, the derivative of 
𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑖𝑖𝑖𝑖𝑖𝑖  with respect to each variable, averaged across each individual in the sample.  Standard errors are 
calculated for these marginal effects using the Delta method. 
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controls therefore ensure that the variation identifying the effect of automation and trade is not 

due to a different starting point of manufacturing, for example.11   

Table 1 shows the characteristics of workers in nontraditional and traditional jobs (using 

the more-restrictive definition), as well as those who transition from traditional to nontraditional 

work from one year to the next.12  Although the age distribution of those in traditional and 

nontraditional work is fairly similar – in contrast to other studies that have found a greater share 

of older workers in alternative work arrangements – workers in nontraditional jobs are more 

likely to be male, Hispanic, and unmarried, and are less likely to have a high school or college 

degree.  They have fewer resources available outside of their own work: on average, their total 

household income excluding their own earnings is only $9,552, compared to $25,582 for 

traditionally employed workers.  The majority of workers in nontraditional jobs are employed by 

small firms (which may include independent contracting, but this status is indistinguishable in 

the SIPP from other self-employment arrangements).  The shares of nontraditional jobs in 

construction, agriculture, retail trade, and services are much higher, while the shares in 

manufacturing and public administration are noticeably smaller. 

Compared to workers in nontraditional jobs overall, those who move from traditional to 

nontraditional work are even more likely to be male, but less likely to be Hispanic, and their 

educational attainment looks more like workers in traditional jobs.  But workers who move from 

traditional to nontraditional work have even less income available outside from their own work 

($6,186), which may suggest that nontraditional work is used when other options are unavailable. 

 

                                                 
11 Controlling for time-variant manufacturing shares is inappropriate, as a decline in manufacturing employment, for 
example, is a predictable consequence of automation, as robots replace workers (see Acemoglu and Restrepo 2019).  
In fact, over the past few decades, U.S. manufacturing output has steadily increased, even as manufacturing 
employment has gradually declined (Federal Reserve Bank of St. Louis 2019). 
12 The analysis uses information from several waves to determine nontraditional or traditional work status, and part 
of the analysis focuses on movements from traditional to nontraditional work status.  Therefore, the sample is 
restricted to respondents who are present in all of the waves between the tax topical module wave and the pension 
topical module wave (inclusive).  The sample also excludes individuals who are working but whose jobs are not 
classified as either traditional or nontraditional because of missing information on pension coverage, health 
insurance status, or any of the volatility measures.  The sample is further restricted to ages 26-62; individuals 
younger than 26 may still be changing jobs frequently, and some of them will have health insurance coverage 
through a parent rather than their own employer or a spouse, and individuals 63 or older are likely to be retired.    
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Results 

Figure 1 shows that the share of workers in nontraditional jobs at ages 26-62 has trended 

slightly upward, especially under the more-restrictive definition.  By 2012, about 19.2 percent of 

workers were at jobs that did not provide benefits, and 7.6 percent were in jobs that did not 

provide benefits and were unstable.  The figure also shows that the pattern is similar for older 

workers, although with a smaller increase.  By 2012, the share of workers ages 50-62 in jobs 

without benefits was 17.1 percent, and 7.0 percent had jobs without benefits and with some 

measure of instability. 

The pattern is similar for transitions between traditional and nontraditional work (Figure 

2).  The transition rate is generally much smaller – between 0.8 and 1.3 percent – because the 

vast majority of individuals do not change jobs from one year to the next (using the more-

restrictive definition).13  But the figure exhibits the same pattern as Figure 1: the transition rate 

increased slightly from 1997-1998 to 2002-2003, fell back in 2005-2006 when the economy was 

stronger, and then rose sharply during the 2011-2012 period, which coincided with the late stages 

of the Great Recession’s labor market weakness.  A similar pattern again emerges when the 

sample is restricted to workers ages 50-62. 

While the nontraditional share and the rate of transitions from traditional to nontraditional 

jobs are likely attributable in part to the business cycle, the focal empirical question is whether 

increased import competition and automation are associated with greater prevalence of 

nontraditional work.   

The marginal effects from the probit regressions indicate that greater exposure to 

automation has a positive and marginally statistically significant relationship with the probability 

of working in a nontraditional job.  Table 2 reports results using both definitions of 

nontraditional work.  The results in column 1 report the less-restrictive definition, where workers 

are in nontraditional employment if they lack both retirement and health benefits, irrespective of 

their volatility.  Our preferred specification is in column 2, the more-restrictive definition: 

workers are marked as having nontraditional jobs if the jobs lack both retirement and health 

benefits and have volatile employment, hours, or earnings.  The magnitudes of the estimates for 

                                                 
13 The pattern of transition rates is similar using the benefits-only definition.  The low rate of transition from 
traditional jobs likely reflects the job-lock induced by reliance on an employer for health insurance, particularly 
among older workers (see, for example, Gruber and Madrian 1995; Garthwaite, Gross, and Notowidigdo 2014; and 
Wettstein forthcoming). 
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the automation index are similar in the two specifications, and as expected the more precise 

definition in column 2 has a much smaller standard error.  As a result, with the more-restrictive 

definition, the estimate on automation and nontraditional work is statistically significant at the 

10-percent level.  Because the automation index is measured in standard deviations, the 

magnitude of the estimate indicates that a one-standard-deviation increase in automation is 

associated with a 0.7-percentage-point increase in the probability of being nontraditional, or an 

11-percent increase over the mean of 5.8 percent in nontraditional work (for this definition and 

over the full time period).14 

Trade, on the other hand, has a statistically insignificant relationship with the probability 

of working in a nontraditional job under the more-restrictive definition and is in an unexpected 

direction.  And the estimate is actually statistically significant (at the 90-percent level) in that 

unexpected direction in the regression with the less-restrictive definition of nontraditional 

employment.  These results, therefore, indicate no evidence that nontraditional work is greater in 

areas more exposed to import competition – if anything, the relationship goes the other way.15 

Table 3 shows marginal effects estimates for the automation and trade indices for 

subsamples by gender and age.16  Compared to the full sample, estimates for automation are 

larger for older workers (ages 50-62), and are still marginally statistically significant despite the 

smaller sample size; a 1-standard deviation increase in automation is associated with a 1-

percentage-point increase in nontraditional work, or about 17 percent of the mean nontraditional 

share of 6.0 percent (for this group over the full period).  The estimate is statistically 

insignificant for prime-age workers (ages 35-49), but is largest for younger workers (ages 26-

34), who may lack the human capital to be able to bargain for a more secure work arrangement 

when firms are also automating workers’ tasks.  For both men and women, the estimate on 

                                                 
14 The magnitude of estimates is similar in linear probability models (LPM), though the null is not rejected due to 
wider confidence intervals.  But, due to the low share of nontraditional jobs, about one-quarter of workers end up 
with predicted values of the nontraditional indicator that are less than zero (or greater than 1) in the LPM model.  As 
a result, this study presents the results only from probit specifications, though LPM results are available upon 
request. 
15 Other estimates are in line with predictions about nontraditional work.  Older individuals, men, non-whites, 
unmarried individuals, and high school graduates have higher rates of nontraditional work.  As income from other 
family members increases, nontraditional work also falls.  Nontraditional work is also more common in small firms 
and in the construction and agriculture industries, and less common in public administration, mining, manufacturing, 
and wholesale trade. 
16 These results use the specification reported in column 2 of Table 2, based on the more-restrictive definition of 
nontraditional work. 
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automation is positive, but with the smaller sample, the estimates are not statistically significant.  

The estimate is larger for men – as expected, because men face greater pressure from industrial 

use of robots (Autor, Dorn, and Hanson forthcoming) – but not significantly so.  Also, no 

subgroup is evidently more likely to be in nontraditional jobs when import competition is high; 

most estimates are negative, and all but the male sample is statistically insignificant (and that one 

is in the wrong direction). 

The dynamic analysis in Table 4 provides suggestive evidence that more workers 

transition from traditional to nontraditional work when automation or trade is high, but the only 

result that is statistically significant is for the less-restrictive definition of nontraditional work 

(column 1).  Neither estimate is statistically significant with the more-restrictive definition, and 

the magnitudes are quite small (column 2).  The small number of workers who move from a 

traditional job to nontraditional employment likely makes this specification underpowered.17 

 

Conclusion 

The apparent rise of alternative work arrangements and labor market weaknesses – slow 

wage growth, declining health benefit offers, and stagnation in median income and employer-

sponsored retirement coverage – have raised concerns about the precariousness of workers’ 

employment arrangements, especially as globalization and automation continue to put pressure 

on worker bargaining power and stability.  This study examines whether nontraditional 

employment – jobs characterized by lacking health and retirement benefits and having volatile 

employment, hours, or earnings – are more common in areas that have seen greater exposure to 

automation and import competition.  It also explores the extent to which these pressures affect 

older workers specifically. 

The results indicate that automation is associated with a greater share of workers in 

nontraditional employment arrangements; a 1-standard-deviation increase in industrial robot 

usage is associated with an 11-percent increase in nontraditional work status.  This relationship is 

stronger among older workers, which is concerning given the growing need for older workers to 

extend their careers to better secure their retirement.  Moreover, this result may understate the 

                                                 
17 The estimates for other variables indicate the profile of workers who transition from traditional to nontraditional 
work is similar to the profile of workers in nontraditional work in general.  An exception is that those with high-
school degrees are least likely to transition, even compared to those with less than a high school degree, perhaps 
because high-school graduates already had the highest share of nontraditional work. 



13 

true relationship between nontraditional work and automation.  First, data restrictions lead the 

analysis to potentially undercount nontraditional jobs.  Second, industrial robot usage is only one 

relatively easy-to-measure component of the effect of automation on employment, so automation 

may have grown even more than the data currently indicate.   

On the other hand, import competition is not associated with greater use of nontraditional 

work; if anything, the relationship goes the other way, though these results are often not 

statistically significant.  And movements from traditional to nontraditional work are still rare 

enough that no precise relationship with automation or import competition can be estimated. 

These results suggest that as automation continues to increase, it may reduce worker 

bargaining power and encourage employers to seek less permanent relationships with workers.  

Older workers in particular may have trouble extending their careers in traditional employment, 

and may have to settle for jobs that do not include benefits or that leave them with volatile hours 

or earnings.  Workers faced with nontraditional work, therefore, would have to seek the benefits 

of traditional employment – easy access to retirement savings and health insurance and income 

stability – from alternative sources. 
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Table 1. Summary Statistics on Workers in Nontraditional and Traditional Jobs 
 

 Nontraditional Traditional Traditional -> 
Nontraditional 

Import competition index 0.03  -0.01  0.05  
Automation index -0.04  0.02  -0.03  
Age       
 26-34 20.98 % 20.21 % 20.82 % 
 35-49 47.83  49.46  50.09  
 50-62 31.19  30.34  29.09  
Female 35.54  45.95  31.55  
White non-Hispanic 63.42  75.54  70.39  
Black non-Hispanic 10.33  10.28  9.94  
Hispanic 19.27  8.90  13.40  
Asian non-Hispanic 4.99  3.64  4.92  
Other race/ethnicity 1.98  1.64  1.35  
Married 55.06  68.32  55.21  
Less than high school 17.18  5.45  8.05  
High school degree only 28.73  23.70  20.02  
Some college or associates degree 31.66  33.60  38.81  
Bachelor’s degree or more 22.43  37.25  33.11  
Total family income excl. own earnings (median) $9,552  $25,582  $6,186  
25 or fewer employees 84.14 % 34.01 % 76.33 % 
Industry       
 Agriculture, forestry, and fishing 5.87  0.91  1.73  
 Mining 0.29  0.59  0.45  
 Construction 16.33  4.90  13.97  
 Manufacturing 5.66  17.40  7.32  
 Wholesale trade 3.62  4.35  4.58  
 Retail trade 13.33  9.77  13.85  
 Utilities, transportation, and communication 7.80  8.44  8.80  
 Finance, insurance, and real estate 6.25  7.35  9.89  
 Services 46.74  41.16  49.86  
 Public administration 1.26  8.45  2.95  
Sample size 3,761   62,803   509   
 
Note: Nontraditional and traditional status is determined by the more-restrictive definition that includes volatility. 
The automation and import competition indices are reported as Z-scores – that is, the number of standard deviations 
the state is above (positive) or below (negative) the mean. 
Source: Authors’ calculations from the Survey of Income and Program Participation, 1996-2008 panels. 
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Table 2. Marginal Effects from Probit Regressions of Nontraditional Work Status 
 
    (1) (2) 

Nontraditional definition No benefits only No benefits and 
having volatility 

Import competition -0.0079 * -0.0044  
  (0.0045)  (0.0032)  
Automation 0.0057  0.0066 * 
  (0.0050)  (0.0035)  
Age (omitted: 35-49)     
 26-34 0.0170 *** -0.0002  
  (0.0034)  (0.0025)  
 50-62 0.0127 *** 0.0068 *** 
  (0.0030)  (0.0021)  
Female 0.0008  -0.0119 *** 
  (0.0028)  (0.0020)  
Black non-Hispanic 0.0274 *** 0.0085 ** 
  (0.0045)  (0.0033)  
Hispanic 0.0836 *** 0.0253 *** 
  (0.0044)  (0.0033)  
Asian non-Hispanic 0.0747 *** 0.0321 *** 
  (0.0064)  (0.0044)  
Other race/ethnicity 0.0289 *** 0.0176 *** 
  (0.0093)  (0.0065)  
Married -0.0554 *** -0.0210 *** 
  (0.0032)  (0.0023)  
Education (omitted: high school degree only)     
 Less than high school 0.0831 *** 0.0290 *** 
  (0.0045)  (0.0034)  
 Some college or associates degree -0.0416 *** -0.0105 *** 
  (0.0033)  (0.0024)  
 Bachelor’s degree or more -0.0912 *** -0.0246 *** 
  (0.0036)  (0.0026)  
Log of total family income excl. own earnings -0.0032 *** -0.0020 *** 
  (0.0004)  (0.0003)  
25 or fewer employees 0.1813 *** 0.0938 *** 
  (0.0025)  (0.0022)  
Sample size 74,308   66,214   
Pseudo-R2 0.243   0.218   
 
Note: Regressions also include state and year fixed effects and industry dummies.  * p<0.10, ** p<0.05, *** p<0.01.  
Source: Authors' estimates from the Survey of Income and Program Participation, 1996-2008 panels. 
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Table 3. Marginal Effects from Probit Regressions of Nontraditional Work Status, by Age and 
Gender 
 

  
Import 

competition Automation 
N and    

pseudo-R2 
Age       
 50-62 -0.0090  0.0102 * 20,695  
  (0.0059)  (0.0056)  0.208  
 35-49 -0.0009  0.0004  32,897  
  (0.0044)  (0.0051)  0.235  
 26-34 -0.0052  0.0216 ** 12,509  
  (0.0074)  (0.0086)  0.231  
Men -0.0105 ** 0.0075  35,173  
  (0.0046)  (0.0053)  0.238  
Women 0.0045  0.0048  31,006  
    (0.0043)   (0.0043)   0.187   
 
Note: Regressions use the more-restrictive definition of nontraditional work status.  * p<0.10, ** p<0.05.  
Source: Authors' estimates from the Survey of Income and Program Participation, 1996-2008 panels. 
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Table 4. Marginal Effects from Probit Regressions of Moving from Traditional to Nontraditional 
Work Status 
 
    (1) (2) 

Nontraditional definition No benefits only No benefits and 
having volatility 

Import competition -0.0022  0.0013  
  (0.0028)  (0.0018)  
Automation 0.0061 * 0.0018  
  (0.0034)  (0.0021)  
Age (omitted: 35-49)     
 26-34 0.0057 *** 0.0008  
  (0.0020)  (0.0012)  
 50-62 0.0031 * 0.0009  
  (0.0019)  (0.0011)  
Female -0.0053 *** -0.0044 *** 
  (0.0017)  (0.0011)  
Black non-Hispanic 0.0030  0.0010  
  (0.0029)  (0.0018)  
Hispanic 0.0193 *** 0.0037 * 
  (0.0028)  (0.0019)  
Asian non-Hispanic 0.0142 *** 0.0046 ** 
  (0.0039)  (0.0023)  
Other race/ethnicity -0.0026  -0.0001  
  (0.0062)  (0.0039)  
Married -0.0141 *** -0.0038 *** 
  (0.0020)  (0.0013)  
Education (omitted: high school degree only)     
 Less than high school 0.0146 *** 0.0052 ** 
  (0.0032)  (0.0021)  
 Some college or associates degree -0.0019  0.0029 ** 
  (0.0021)  (0.0013)  
 Bachelor’s degree or more -0.0122 *** 0.0010  
  (0.0023)  (0.0014)  
Log of total family income excl. own earnings -0.0003  -0.0004 ** 
  (0.0003)  (0.0002)  
25 or fewer employees 0.0341 *** 0.0154 *** 
  (0.0017)  (0.0012)  
Sample size      53,410    51,916   
Pseudo-R2 0.097   0.113   
 
Note: Regressions also include state and year fixed effects and industry dummies.  * p<0.10, ** p<0.05, *** p<0.01.  
Source: Authors' estimates from the Survey of Income and Program Participation, 1996-2008 panels. 
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Figure 1. Share of Workers in Nontraditional Employment, by Age and Definition 
 

 
 
Note: The total number of workers only includes individuals who can be definitively categorized as traditional or 
nontraditional. 
Source: Authors’ calculations from the Survey of Income and Program Participation, 1996-2008 panels. 
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Figure 2. Share of Workers Moving from Traditional to Nontraditional Employment, by Age 
 

 
 
Note: The transition rate uses the more-restrictive definition of nontraditional work status, and the sample is limited 
to those in traditional jobs one year prior. 
Source: Authors’ calculations from the Survey of Income and Program Participation, 1996-2008 panels. 
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