Appendix A
Fig. A1 Data processing stages

· Download Survey of Income and Program Participation (SIPP) data for the 2014, 2018, 2019, 2020, 2021, 2022, and 2023 SIPP

Data Processing and Cleaning
Data Retrieval

Compilation of raw data

panels. This provides all four waves for the 2014, 2018, and 2020 panels of the SIPP, as well as three waves for the 2021 panel and two for the 2022 and 2023 panels.
· Generate a unique ID variable for each individual to track them across waves. We concatenate ssuid (Sample unit identifier), spanel (panel year), and pnum (person ID) to create our unique ID.
· We now have: (1) 252,830 person-level observations and (2) 562,514 person-year observations. At this point, we have neither restricted the sample to the working-age population (people aged 18-64), by self-employment and paid employment status, and number of hours worked per week, nor have we dropped cases with missing information on key variables.
· Impute job ID for instances where it is missing, but where the record includes all of the earnings and job information that we are interested in. Because our later analyses are at the year level and we are not interested in tracking a specific job over time, only the job (using the ejb*_jborse variable, ejb*= 1-7 jobs) value for that employment over time, we impute a job ID (jobid) here to avoid dropping this employment information due to missingness. More specifically, we impute a job ID if it is missing (using the ejb*jobid variable), but the corresponding hours worked per week (using the tjb*mwkhrs variable) are not missing, and if one of the earnings (using tpearn variable) values is not missing for that person.
· Standardize the unemployment spell indicator (using the enjflag variable) to make it consistent across panels. We identified respondents’ main job in each month of employment. To do this, we reshape the job-level data to long format, and then, within each month, we take the employment information associated with the job that had the greatest number of hours worked.
· Standardizing race/ethnicity and parental variables. Due to some individuals changing their reported race/ethnicity over the panel in those cases, we take each person’s first reported race/ethnicity and carry it forward to all their subsequent records. Similarly, based on the parental status (the epar_scrnr variable), more parents than expected go from reporting being a parent in an earlier wave to not in a subsequent wave. This issue is also present when using the number of children indicator (the tceb variable). In cases where this occurs, we carry forward any values where a person reported being a parent and then, in a subsequent wave, did not.
· Filter to the working age population. We restricted the sample to individuals with an age at entry in the sample of at least 18 and no more than 64 (people aged 18 to 64). Then, due to a handful of what appear to be miscoded ages that resulted in individuals aging many more than 5 years during our 4-year panel, we restrict to those who had an age increase over the time we observe them of less than or equal to 5 years. Sample creation

· We drop those whom we never observe with any employment in our data. That is, if all job ID (ejb*jobid variable) values are missing for every record we observe an individual.
· Creating the raw samples of self-employed and paid employees. Filter to those who report self-employment as their main job for at least one month, and those who never report self-employment as their main job. This amounts to 14,068 working-age individuals (aged 18 to 64) who reported self-employment as their primary job for at least one month (33,468 person-year observations), and 103,545 paid employees (230,366 person-year observations) who never reported any self-employment as their main job for at least a month.
· Create the sample for comparing earnings between self-employed and wage and salary workers using the raw samples. We filtered to those who were never unemployed in any given month. We then filter to those who worked at least 15 hours per week (using tjb_mwkhrs variable) on average in their main job (ejb*_jborse variable). We then filter to those whose main job was either self-employment every month we observe them or paid employment. This creates a sample of self-employed individuals (person-level n =3,642; person-year n
=10,714) and paid employees (person-level n = 37,448; person-year n
= 109,505) who did not flip between the two employment statuses. Those in self-employed were only self-employed and those who were paid employees were only in paid employment throughout the panel (i.e., up to four years).
· Creating the analytic sample of self-employed using the raw samples. Remove those whom we only observe for one wave, as we use their first year to establish their prior labor market standing and need subsequent years to observe their earnings.
· Filter to those for whom we have complete years of information. That is, we have information on all 12 months in each wave we observe them.
· Remove anyone who worked in the military or who reported “other” as employment during the panel.


· Filter to only those who were continuously employed from month 13 onwards and who had an average weekly working time of greater than or equal to 15 hours (using the tjb_mwkhrs variable).
Overview of Variables and
Operationalizations
Sample Creation, (continued)

· In addition to filtering to those who were continuously employed from month 13 onwards, we restrict to those who had at least 50% of these months after year one marked as self-employed according to the job variable (ejb_jborse).
· Filter to records that have complete information on the variables included in our regression models.
· As a final check for some inconsistencies within the SIPP data, we filter to only those individuals who had information on hours worked per week for their main job (not equal to 0) using the hours work per week variable (tjb_mwkhrs). We also filtered out any individuals who had a monthly record that reported greater than 0 working hours (tjb_mwkhrs) but reported 0 earnings in the earning variable (tpearn).
· After our cleaning and filtering, our analytic sample of self-employed individuals is reduced to 4,057 person-level observation, and 7,238 person-year observations.


· Long-term unemployed: Unemployed for six months or more in the first year. Our primary measure of unemployment in the first year we observe an individual is defined as 1 if the individual was unemployed (as indicated by the enjflag variable) during or for at least six months in the first 12 months we observe that person in the data
· Annual entrepreneurial earnings. We capture annual entrepreneurial earnings by summing the values of the “tpearn” variable for each individual over each year. Given that some of these values are negative, we add 1 + the minimum observed value in earning variable (tpearn) multiplied by -1 to each value of the “tpearn” variable before we log-transform them.
· Industry experience. We created the prior industry experience variable by comparing the modal industry that a person is employed in each year during years two through four with their most common industry in the first year we observe them. This modal approach lets us summarize the monthly employment in the SIPP up to the annual level. That is, each year, we take an individual’s most common industry of employment, and if that industry is the same as their most common industry in year one, then the industry experience variable takes a value of 1.
· Industry experience (continued): For instance, if someone was employed in “Manufacturing” for five months during year 1, was unemployed for six months during year 1, and had one month in “Construction”, we’d set their first-year industry to “Manufacturing”. In the following years (i.e., years two through four), we again take their most common status during that year, set that as their employment industry for that year, and compare it to their first year’s most common industry.
Overview of Variables and Operationalizations (continued)

· Demographic variables
· Race and ethnicity. We create this variable as a combination of the “eorigin” and “erace” variables. If someone reports that he or she is Hispanic, then that person is assigned that value in our race variable. If not, then that person is assigned the value in the “erace” variable. Because of the small sample sizes for many racial groups in the SIPP, we classified race into two groups: non-white (coded 1) and white (coded 0). Education is measured as a categorical variable: high school or less (coded 1), some college or an associate degree (coded 2), and a four-year degree or more (coded 3). Gender measures whether an individual is male (coded 1) or female (coded 0). Immigrant status measures whether an individual immigrated to the US (code 1) or was born in the US (coded 0), whereas marital status captures whether an individual is ever married (coded 1) or single (coded 0). Parental status measures whether a respondent has children (coded 1) or has no children (coded 0), and age is measured in years.


· Our primary independent variable (prior employment status) remains constant, while our dependent variable (entrepreneurial earnings) varies over time. Industry experience is also largely time-invariant once an individual begins their business. Random-effects models (REMs) and fixed-effects models (FEMs) are two standard estimation techniques for correcting for unmeasured individual-specific and time-invariant factors. Because FEMs rely exclusively on within-individual variation across time, they remove all time-invariant predictors from the estimation. FEMs would therefore drop both prior employment status and industry experience variables, preventing us from evaluating our hypotheses.
Analyses



· REMs, by contrast, allow us to retain and estimate the effects of these key time-invariant predictors while still accounting for unobserved heterogeneity across individuals. Thus, we use random-effects regression with robust standard errors to evaluate our hypotheses.Analyses
(continued)

· We use the “plm” package in R to estimate linear panel models with random effects and robust standard errors at the individual level using the walhus random method. We report HC3 robust standard errors generated using the model summary package in our regression tables.
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Table B1: Generalized Variance Inflation Factor (GVIF) for Multicollinearity

	Variable
	Model
	GVIF
	Df
	Adjusted GVIF

	Long-term unemployed (6+ consecutive months)
	M1
	1.08
	2
	1.02

	Gender
	M1
	1.02
	1
	1.01

	Race
	M1
	1.59
	1
	1.26

	Education
	M1
	1.07
	2
	1.02

	Immigration status
	M1
	1.52
	1
	1.23

	Marital status
	M1
	1.18
	1
	1.09

	Parental status
	M1
	1.25
	1
	1.12

	Age
	M1
	1.16
	1
	1.08

	Survey-year
	M1
	1.04
	8
	1.00

	Long-term unemployed (6+ consecutive months)
	M2
	1.32
	2
	1.07

	Industry experience
	M2
	1.25
	1
	1.12

	Gender
	M2
	1.02
	1
	1.01

	Race
	M2
	1.59
	1
	1.26

	Education
	M2
	1.07
	2
	1.02

	Immigration status
	M2
	1.52
	1
	1.23

	Marital status
	M2
	1.18
	1
	1.09

	Parental status
	M2
	1.25
	1
	1.12

	Age
	M2
	1.16
	1
	1.08

	Survey year
	M2
	1.04
	8
	1.00



Note: GVIF (Generalized variance inflation factor) is a more flexible version of standard VIF. It allows independent variables with multiple degrees of freedom, whereas the standard VIF assumes one degree of freedom per variable. Df (Degrees of Freedom) is the number of parameters the variable contributes to the model. Adjusted GVIF (GVIF^(1/(2*Df))) is comparable to standard VIF.
Table B2: Relationships between Precarious Entrepreneurship and Log Annual Entrepreneurial Earnings, Hierarchical Linear Models

	
	(1)
	(2)
	(3)

	Precarious Entrepreneurs
	
	
	

	Long-term unemployed (6+ consecutive months)
	-0.049**
	-0.037*
	-0.037*

	
	(0.018)
	(0.018)
	(0.018)

	Industry experience
	
	0.021*
	0.019*

	
	
	(0.009)
	(0.009)

	Gender
	
	
	

	Female (Ref.: Male)
	-0.070***
	-0.070***
	-0.071***

	
	(0.008)
	(0.008)
	(0.008)

	Race
	
	
	

	Non-white (Ref.: White)
	-0.024*
	-0.023*
	-0.023*

	
	(0.011)
	(0.011)
	(0.011)

	Education (Reference = HS or Less)
	
	
	

	Some college or associate degree
	0.017
	0.017
	0.017

	
	(0.011)
	(0.011)
	(0.011)

	Four-year degree or more
	0.120***
	0.121***
	0.120***

	
	(0.010)
	(0.010)
	(0.010)

	Immigration status
	
	
	

	Immigrated to the U.S. (Ref.: Born in the US)
	-0.015
	-0.015
	-0.016

	
	(0.012)
	(0.012)
	(0.012)

	Marital status
	
	
	

	Ever married (Ref.: Single)
	0.037***
	0.036***
	0.037***

	
	(0.009)
	(0.009)
	(0.009)

	Parental status
	
	
	

	Has children (Ref.: Does not have children)
	0.038***
	0.039***
	0.037***

	
	(0.011)
	(0.011)
	(0.011)

	Household net worth (logged)
	
	
	0.023*

	
	
	
	(0.011)

	Age
	0.000
	0.000
	0.000

	
	(0.000)
	(0.000)
	(0.000)

	Intercept
	13.035***
	13.021***
	12.628***

	
	(0.026)
	(0.026)
	(0.193)

	SD (Intercept Individual)
	0.164
	0.164
	0.163

	SD (Intercept Household)
	0.026
	0.025
	0.025

	R2 Marg.
	0.062
	0.063
	0.065

	R2 Cond.
	0.353
	0.351
	0.351

	AIC
	2801.8
	2805.9
	2814.3

	BIC
	2946.5
	2957.4
	2979.6

	ICC
	0.3
	0.3
	0.3

	RMSE
	0.22
	0.22
	0.22



Standard errors in parentheses; N = 7,238. Two-tailed tests: * p < 0.05, ** p < 0.01, *** p < 0.001. Survey-year indicators included. Models contain individual and household random intercepts; no random slopes are estimated.
Table B3: Relationships between Precarious Entrepreneurship and Log Annual Entrepreneurial Earnings, Random-effects Models with Robust Standard Errors

	
	(1)
	(2)

	Precarious Entrepreneurs
	
	

	Long-term unemployed (6+ consecutive months)
	-0.053***
	-0.040**

	
	(0.011)
	(0.012)

	Industry experience
	
	0.022*

	
	
	(0.010)

	Gender
	
	

	Female (Ref.: Male)
	-0.074***
	-0.074***

	
	(0.008)
	(0.008)

	Race
	
	

	Non-white (Ref.: White)
	-0.023*
	-0.022*

	
	(0.009)
	(0.009)

	Education (Reference = HS or Less)
	
	

	Some college or associate degree
	0.016*
	0.016*

	
	(0.007)
	(0.007)

	Four-year degree or more
	0.120***
	0.120***

	
	(0.010)
	(0.010)

	Immigration status
	
	

	Immigrated to the U.S. (Ref.: Born in the US)
	-0.015
	-0.014

	
	(0.010)
	(0.010)

	Marital status
	
	

	Ever married (Ref.: Single)
	0.038***
	0.037***

	
	(0.008)
	(0.008)

	Parental status
	
	

	Has children (Ref.: Does not have children)
	0.037***
	0.037***

	
	(0.009)
	(0.009)

	Age
	-0.000
	-0.000

	
	(0.000)
	(0.000)

	Intercept
	13.029***
	13.014***

	
	(0.017)
	(0.018)

	R2
	0.932
	0.931

	R2 Adj.
	0.932
	0.931

	AIC
	419.2
	440.4

	BIC
	550.5
	578.7

	RMSE
	0.25
	0.25

	Std. Errors
	HC3
	HC3



HC3 robust standard errors clustered at the individual level in parentheses; N = 7,238. Two-tailed tests: * p < 0.05, ** p < 0.01, *** p < 0.001. Survey-year indicators included.
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