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ABSTRACT

Over the past four decades, income inequality grew significantly between workers with 
bachelor’s degrees and those with high school diplomas (often called “unskilled”). Rather than 
being unskilled, we argue that these workers are STARs because they are skilled through 
alternative routes—namely their work experience. Using the skill requirements of a worker’s 
current job as a proxy of their actual skill, we find that though both groups of workers make 
transitions to occupations requiring similar skills to their previous occupations, workers with 
bachelor’s degrees have dramatically better access to higher-wage occupations where the skill 
requirements exceed the workers’ observed skill. This measured opportunity gap offers a fresh 
explanation of income inequality by degree status and reestablishes the important role of on-the-
job training in human capital formation.
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Workers with high school diplomas but not bachelor’s degrees—whom we deem as Skilled 
Through Alternative Routes (STARs)—experience a very different wage trajectory when 
compared to their peers with bachelor’s degrees (BD) (1). As shown in Fig. 1A-B, STARs in both 

the 1976 and 1989 age cohorts begin their careers at age 25 with lower median wages than their 
peers with bachelor’s degrees; moreover, this initial gap in earnings widens over a STAR’s career. 
For the 1989 age cohort, it is only at age 55, when STARs already have 30 years of labor market 
experience, that they earn as much as their peers with college degrees did at age 25. In the time 

between these two cohorts, labor market inequality has worsened—the initial gap in earnings at 
age 25 has widened (Fig. 1A-B), and a smaller fraction of STARs in the 1989 cohort than the 1976 
cohort earned at least the median hourly wage of their peers with college degrees at each point in 
their career (Fig. 1C).  

The canonical explanation for the divergent fortunes of workers by degree status is the 
skill-biased technological change (SBTC) paradigm in which workers with bachelor’s degrees are 
“skilled,” those without are “unskilled,” and technological innovation increases the productivity 
of “skilled” workers only and hence increases their earnings relative to those of their “unskilled” 

counterparts (1-4). A generalization of the canonical model relaxes the assumption that technology 
only favors the skilled workers and instead posits that skilled workers have a comparative 
advantage in performing complex tasks; however it leaves intact the implication that a skilled 
worker is a worker with a college degree (5). Underlying the explanations for labor market 

inequality by educational status in both the SBTC model and its generalization, the Ricardian 
Model of the Labor Market, is the presumption that the most important years of skill development 
are the 4 years of college—not the 12 years of school before, in which workers build foundational 
skills of reading and writing—nor the 30-40 years of learning on the job that occur during a 

worker’s career in the labor force.  
The differences in human capital acquired during college, while important, are unlikely to 

be the sole cause of increasing inequality by degree attainment given the literature documenting 
the importance that investments in both early childhood education and on-the-job training have on 

education and labor market outcomes, as well as the evidence that technical knowledge learned in 
college by STEM majors depreciates rapidly following graduation (6-8). Moreover, dominant 
theories of learning—notably multiple intelligences, situated learning theory and community of 
practice, peer effects, and constructivism—hold that knowledge is multimodal, learning happens 

while doing, learning occurs in multiple settings (including workplaces and especially among 
peers), and the disequilibrium caused by knowledge gaps can spark learning (9-13).   

In addition to the canonical explanations, we argue that labor market inequality between 
STARs and workers with bachelor’s degrees is partly due to an opportunity gap. We first establish 

that the skill content of a worker’s current job is a good measure of the skills necessary to do that 
job well, irrespective of degree attainment. Second, we determine how often workers with different 
skill sets transition from one job to another and define the “absolute skill mobility friction” as how 
much workers are hindered in transitioning to a job for which there is some mismatch between 

their current skills and the skill requirements in a destination job. We show that while all workers 
can easily transition to jobs requiring skills similar to their previous job, when there is a larger 
skills mismatch, STARs experience more friction transitioning to higher wage work than do 
workers with bachelor’s degrees. This suggests that labor market inequality could be the result of 

an opportunity gap.  
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Fig. 1. Career mobility by degree attainment for workers in 1976 and 1989 cohorts. (A) Cohort earnings for 
workers 25–29 years old in 1976 for workers with a college bachelor’s degree (BD) versus workers skilled through 
alternative routes (STARs). (B) Cohort earnings for workers 25–29 years old in 1989. (C) Percent of STARs earning 

as much as the median worker with a bachelor’s degree. Data are from the 1976–2019 Annual Social and Economic 
Supplement (ASEC) of the Current Population Survey (CPS) microdata a ccessed via IPUMS.  
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Our approach of recognizing that learning occurs on the job and quantifying human capital 
based on skills developed on-the-job has deep roots in the original human capital model of Becker, 
which focused primarily on the economics of on-the-job training and secondarily on human capital 

development in schools: “On-the-job training is dealt with so elaborately not because it is more 
important than other kinds of investment in human capital—although its importance is often 
underrated—but because it clearly illustrates the effect of human capital on earnings, employment, 
and other economic variables. For example, the close connection between foregone and direct costs 

or the effect of human capital on earnings at different ages is vividly brought out. The extended 
discussion of on-the-job training paves the way for much briefer discussions of other kinds of 
investment in human beings” (14). In the spirit of the Spence model of job market signaling (15), 
our measure of a worker’s skill set consisting of the skill requirements of a worker’s previous job 

also provides a labor market signal for STARs and recenters the discussion of labor market 
inequality on differences in required job skills, rather than degrees.  
 
 

Measuring Worker Skill Using Skill Requirements of Current Job 

  
We construct a measure of a worker’s skill set by assuming it can be proxied by the skill 

requirements of the worker’s current job (see S1). To determine the skill set required for an 

occupation, we use the O*NET database which provides an importance rating from 1 to 5 for 35 
separate dimensions of skill (12-14).1 The skill vector for each occupation consists of 10 basic 
skills (e.g., Reading Comprehension, Writing, Critical Thinking), 4 resource management skills 
(e.g., Time Management, Management of Personnel Resources), 6 social skills (e.g., Social 

Perceptiveness, Negotiation), 3 systems skills (e.g., Systems Evaluation, Judgment and Decision 
Making), 11 technical skills (e.g., Operation Monitoring, Equipment Maintenance, Programing, 
Troubleshooting), and a single Complex Problem Solving skill (see Table S1.1 for detailed 
descriptions).  

This measure of skill has several attractive features: (i) it adds dimensionality to the 
measurement of the skills of a worker, going beyond the paradigm of equating college degree (or 
years of work experience) to skill, (ii) it is equally applicable to workers with and without degrees, 
which allows us to make statements about labor market inequality between STARs and workers 

with bachelor’s degrees as a function of skills rather than degrees alone, (iii) it bears direct 
relationship to the nature of the tasks that a worker conducts in the job (Table S1.1), (iv) it explains 
the variation in the wages with a similar degree of accuracy as using detailed occupations does 
(Table S2.1), and (v) it encodes the reality that workers learn transferable skills on the job, as 

posited by the Becker model of human capital (13). 
When a worker transitions to an occupation that pays higher wages, it typically means skill 

requirements in the new occupation exceed the skill requirements of the worker’s origin 
occupation. Fig. 2A shows that for STARs, this is true for the average requirement of every skill 

except Service Orientation. For workers with bachelor’s degrees, this is the true for the average 
requirement of 27 of 35 skills—and note that the 8 skills for which this is not the case (open squares 
to the left of the dotted line) are all technical skills which are needed to design, set-up, operate, 

 
1 In addition to its skill importance ratings, O*NET also rates each occupation for the level of each skill that is required. 
Since the skill importance and skill level ratings have a correlation coefficient of 0.97, for our main analysis we focus 
on the skill importance measure.  Our results are robust to using either measure (see S7.1 for a more thorough 

discussion).  
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and correct malfunctions involving machines or technological systems. For workers with 
bachelor’s degrees, moving out of roles that require these skills tends to lead to higher wages.  

We use the Euclidean distance between the skill vector of a worker’s current occupation 

`i’ and a potential destination occupation ̀ j’ to measure how closely matched a worker’s skills are 
to the requirements of a prospective job: 
 
 

         (1) 
 
Other distance metrics, for example the Manhattan distance and the cosine similarity index, are 

highly correlated with the Euclidean distance (16,17).  
In Fig. 2B, we show the component-by-component skill requirements for a retail 

salesperson (earning on average $16/hour) and customer service representative (earning on 
average of 9.9% more). This transition, which is a common one in the data, would require moving 

0.81 units in terms of the log of the Euclidean skill distance. Roughly 55% of the transitions in the 
data are “close” transitions, which we define as transitions that have less than a log skill distance 
of 1.15 points. The remaining 45% of transitions we classify as “far” transitions. See S7.3 for a 
discussion of how we chose the near-far skill distance threshold. 
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Fig. 2. Occupation skill requirements and labor market transitions. (A) The average difference in skill importance 

between origin and destination jobs for all transitions to higher wages plotted separately by degree attainment. Positive 
values indicate that a skill is more important in destination occupations than origin occupations. (B)  Example of the 

change in skills importance for a job transition from retail salesperson to customer service representative. For this 
transition, the log of the Euclidean skill distance is 0.82. Data are from the 2010–2019 Annual Social and Economic 
Supplement (ASEC) of the Current Population Survey (CPS) microdata accessed via IPUMS and the U.S. Department 

of Labor's Occupational Information Network (O*NET). 
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Skill Mobility Friction Model 

 
We analyze workers’ job mobility as a function of their current skills and the skill 

requirements of potential future jobs using a matching model (see S3).  In the model, a worker 
originally employed in occupation ̀ i’ either remains matched to occupation ̀ i’ or matches to a 
different occupation `j’ depending on which option maximizes the value of worker-occupation 
match—a quantity that depends on the value of not switching averaged across all origin 

occupations ( ), index measures of the desirability of the origin and destination occupations ( ) 

and ( ), respectively), the Euclidean skill distance between the origin and destination occupations 

( ), and an idiosyncratic term ( ), which we assume to follow a Gumble distribution: 
 

           (2) 
 
Solving the model (see S3), we find that the log of the flow rate, which is the number of workers 

leaving ̀ i’ for ̀ j’ ( ) divided by the number of workers originally in origin ̀ i’ ( ), is given 
by: 
 

            (3) 

 

The better the origin occupation , the less likely the worker is to leave occupation i, hence 

the lower flow rate. Conversely, the better the destination occupation, , the higher the flow rate. 
The key parameter of interest in the model is —which we call the absolute skill mobility friction 

(ASMF). The ASMF measures the percent reduction in the flow rate that is associated with a 1 
percent increase in the skill distance.  

To estimate the ASMF for workers by degree status, whether the work is transitioning to 
higher wage or lower wage work, and whether the labor market is tight or slack, we merge the 

O*NET data on occupation skills with data on worker transitions, worker demographics, and 
aggregate labor market conditions from the Current Population Survey (see S1). Our main results 
derive from estimating equation (3) for the most recent decade of data from 2010-2019.  We use a 
flow rate and skill distance calculated from the data and occupation fixed effects for the origin and 

destination occupation to capture  and . To capture heterogeneity in the ASMF by worker 
education and job transition type, we interact the skill distance in equation (3) with indicator 
variables for worker type (STAR or bachelor’s degree) and job transition type (upwardly mobile, 
downwardly mobile), and labor market conditions (slack or tight), as detailed in S3 and S4.  

 
 
Results 

  

Figure 3 shows, non-parametrically, the relationship between the flow rate and the skill 
distance in job transitions and the relationship between wages and the skill distance . Fig. 3A groups 
all workers regardless of educational attainment and regardless of whether job transitions lead to 
higher wage work or lower wage work. The negative relationship between the flow rate and skill 

distance suggests a strong absolute skill mobility friction: a 1% increase in skill distance is 
associated with a 1.4% reduction in the flow rate. Transitioning to destination jobs with larger 
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skills distance is also associated with higher wages for both workers with bachelor’s degrees and 
for STARs, as shown in Fig. 3B and Fig. 3D (although the wage increases are larger for workers 
with bachelor’s degrees). The ASMF is the same whether a worker is moving to higher wage work 

or transitioning to lower wage work.  
Aggregate homogeneity in the ASMFs illustrated in Fig. 3C masks the reality shown in 

Fig. 4A that STARs face greater skill mobility frictions when transitioning to higher wage work 
than they do when transitioning to lower wage work. The opposite is true for workers with 

bachelor’s degrees, as shown in Fig. 4B. In fact, for “far” transitions i.e., log skill distance >1.15, 
the ASMF faced by workers with bachelor’s degrees is positive rather than negative as it is for 
near transitions—the flow rate increases rather than decreases with the skills distance. 

Building on the descriptive results in Fig. 3 and Fig. 4, we use our model to estimate the 

ASMFs. Our main parameter of interest is the difference between the ASMF for workers with 
college degrees ( ) and ASMF for STARs ( ). We call this difference , the 
relative skill mobility friction (RSMF). When the RSMF is positive, a given increase in the skills 
distance between a worker’s origin and destination job results in a larger percentage point 

reduction in the job flow rate for STARs than for workers with bachelor’s degrees. If the RSMF 
is negative, the absolute mobility friction faced by STARs is smaller than the absolute mobility 
friction faced by workers with bachelor’s degrees. We define an opportunity gap in the following 
way: an opportunity gap between STARs and workers with bachelor’s degrees exists if the relative 

skill mobility friction is positive for job transitions that lead to higher wages . Because wages are 
increasing with the skill distance, as shown in Fig. 3B and Fig. 3D, the strongest evidence of an 
opportunity gap would be a positive RSMF for “far” transitions that lead to higher wages.  
  In Fig. 5, we present estimates of the RSMF by transition type (increase in wages versus 

decrease in wages, for “near” transitions versus “far” transitions) and by labor market conditions 
(tight labor markets versus loose labor markets). We define a local labor market, i.e., a 
Metropolitan Statistical Area (MSA), as “tight” in a given year if the unemployment rate is less 
than 5%, otherwise we code it as a “loose” labor market (see S4) (18). The error bars on our 

estimates represent 95% confidence intervals. For upward transitions (to higher wage work), a 1 
percent increase in the skill distance lowers the flow rate for STARs by 0.58 percentage points 
more than it lowers the flow rate for workers with bachelor’s degrees—hence the positive RSMF. 
By contrast, for downward transitions (to lower wage work), a 1 percent increase in the skill 

distance lowers the flow rate for workers with bachelor’s degrees by 0.51 percentage points more 
than it lowers the flow rate for workers who are STARs—hence the negative RSMF. By estimating 
the RSMF separately for transitions that lead to higher and lower wage work, we show that the 
average RSMF of 0.07 (statistically insignificant) for a pooled analysis of all transitions obscures 

the fact that the bachelor’s degree serves as both a rocket to high-wage occupations and a parachute 
lessening the impact of difficult transitions for college workers lacking skills for available jobs. 
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Fig. 3. Baseline relationships between skill distance, transition flow rate, and percent change in wages. (A) 
Relationship between skill distance and flow rate for all workers and transition types. (B) Relationship between skill 

distance and percent change in wages. (C) Relationship between skill distance and flow rate by mobility type. (D) 
Relationship between skill distance and percent change in wages by degree attainment. In each binned scatter plot, 

each point represents 5 percent of the empirical distribution of the transition skill distances. The point is then 
positioned at the mean flow rate or percent change in wages for that subset of transitions. As such, the binned scatter 
points provide a non-parametric estimate of the conditional expectation of the flow rate or percent change in wages 

given the skill distance. Data are from the 2010–2019 Annual Social and Economic Supplement (ASEC) of the Current 
Population Survey (CPS) microdata accessed via IPUMS and the U.S. Department of Labor's Occupational 
Information Network (O*NET). 
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Fig. 4. Absolute skill mobility friction by degree attainment and mobility type. (A) Relationship between skill 
distance and flow rate by mobility type for workers with a high school diploma, but no bachelor’s degree who are 
skilled through alternative routes (STARs). (B) Relationship between skill distance and flow rate by mobility type for 

workers with a bachelor’s degree or higher. Data are from the 2010–2019 Annual Social and Economic Supplement 
(ASEC) of the Current Population Survey (CPS) microdata accessed via IPUMS and the U.S. Department of Labor's 
Occupational Information Network (O*NET). 

 
 

There are several pieces of evidence to suggest that our main results point to an opportunity 

gap between STARs and workers with bachelor’s degrees. First, the positive RSMF in transitions 
leading to higher wage work is driven primarily by a positive RSMF in far skill transitions (Fig. 
5A). Near transitions (log skill distance < 1.15), regardless of whether they move a worker to 
higher or lower wage work, and far transitions that lead to lower wage work have an RSMF that 

is both negative and roughly one-third the magnitude of the positive RSMF for far transitions that 
lead to higher wage work. Second, the sign of the RSMF in Fig. 5B appears to be driven by whether 
a transition is upward (to a higher-paying job) versus downward rather than whether the transition 
is happening in a tight versus a loose labor market. Given the evidence that firms respond to slack 

labor markets by increasing degree requirements, one would expect a difference in the RSMF 
between slack and tight labor markets (19). Instead, we find an RSMF that is small and 
indistinguishable from zero in both slack and tight labor markets. Regardless of labor market 
conditions, the sign of the RSMF is dictated by whether the transition leads to higher or lower 

wages, which suggests that institutional features of how the labor market functions differentially 
for STARs versus workers with bachelor’s degrees, rather than year-to-year business cycle 
fluctuations in the macroeconomy, drive the results.  
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Fig. 5. Relative skill mobility friction by mobility type, skill distance, and labor market condition. (A) The 
difference in absolute skill mobility friction between workers with bachelor’s degrees (BD) and workers who are 

skilled through alternative routes (STARs) by change in wages and skill distance. (B) The difference in absolute skill 
mobility friction between workers with bachelor’s degrees and STARs by change in wages and labor market tightness. 
Positive values of the relative skill mobility friction indicate higher levels of absolute skill mobility friction for STARs 

than workers with bachelor’s degrees. Data are from the 2010–2019 Annual Social and Economic Supplement (ASEC) 
of the Current Population Survey (CPS) microdata accessed via IPUMS and the U.S. Department of Labor's 

Occupational Information Network (O*NET). 
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One potential threat to assigning a causal interpretation to our estimates of the absolute and 
relative skill mobility frictions is omitted variable bias. We simulate the impact of omitted variable 
bias on our results by dropping one of the O*NET skill dimensions from our calculation of the 

skill distance and re-estimating our model with the remaining 34 skills. After permuting through 
all 35 skills as candidate omitted skills, we end up with a distribution of 35 RSMFs—each suffering 
from omitted variable bias (by design). In Fig. 6A and Fig. 6B, we plot the distribution of the 
percent bias for the RSMF in job transitions leading to higher wage work and lower wage work, 

respectively. On average, our estimates from the full sample are unbiased. Further, based on a 95% 
confidence interval, the percent bias ranges from [-9%, 12%]. In S5 we outline a second approach 
for bounding the percent bias in our estimates. This auxiliary approach yields similar confidence 
intervals for the potential bias in our estimates of the RSMF due to omitted skills.  

 

 
Fig. 6. Potential omitted variable bias in estimates of relative skill mobility friction by transition type. (A) 

Distribution of percent bias for relative skill mobility friction estimates for transitions to lower wages. (B) Distribution 
of percent bias for relative skill mobility friction estimates for transitions to higher wages. The percent bias density 
curves are calculated by comparing the estimates of the relative skill mobility friction to alternative estimates in which 

we iteratively exclude one of the 35 O*NET skills before calculating the Euclidean skill distance and the relative skill 
mobility friction. The dashed line in both figures represents the average percent bias. These results suggest that even 

the presence of extreme omitted variable bias is unlikely to change our skill mobility friction estimates by more than 
10 percent. Data are from the 2010–2019 Annual Social and Economic Supplement (ASEC) of the Current Population 
Survey (CPS) microdata accessed via IPUMS and the U.S. Department of Labor's Occupational Information Network 

(O*NET). 
 
Our results are not an artifact of occupational segregation between STARs and workers 

with bachelor’s degrees. In S6, we find similar results when we rerun our analysis excluding 
occupations that exclusively employ STARs or workers with bachelor’s degrees. Our results are 
also robust to using different distance metrics for the skill distance. In S7.2, we run our analysis 
using the Manhattan distance, cosine similarity, and an asymmetric distance metric that we 

constructed, which weights positive and negative skill deviations differently. The broad patterns 
that we document for the relative and absolute skill mobility frictions (2010-2019) hold when we 
expand the sample and analyze data from the full 1976-2010 CPS dataset.  
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Fig. 7. Absolute and relative skill mobility frictions from 1976 to 2019. (A) Absolute skill mobility friction for 
workers who are skilled through alternative routes (STARs) by wage outcomes. (B) Absolute skill mobility friction 

for workers with bachelor’s degrees by wage outcomes. (C) The difference in absolute skill mobility friction between 
STARs and workers with bachelor’s degrees by wage outcomes. Positive values of the relative skill mobility friction 
indicate higher levels of absolute skill mobility friction for STARs than workers with bachelor’s degrees. Data are 

from the 1976–2019 Annual Social and Economic Supplement (ASEC) of the Current Population Survey (CPS) 
microdata accessed via IPUMS and the U.S. Department of Labor's Occupational Information Network (O*NET). 
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Fig. 7A shows that, since 1982, STARs have experienced a larger absolute skill mobility 
friction when transitioning to higher wage work than when transitioning to lower wage work. Fig. 
7B, by contrast, shows that workers with a bachelor’s degree have historically faced a smaller skill 

mobility friction when transitioning to higher wage work than when transitioning to lower wage 
work. In fact, prior to 1982, the absolute skill mobility friction for workers with bachelor’s degrees 
was positive, suggesting no friction at all. Putting these two together, in Fig. 8C, we plot the 
relative skill mobility friction over time. The RSMF for upwardly mobile transitions has remained 

consistently in the vicinity of 0.5, whereas the RSMF for downwardly mobile transitions has 
remained consistently around -0.4. Therefore, it has been the case for at least the past four decades 
that STARs face more skills mobility friction when moving to higher wage work than workers 
with bachelor’s degrees and less skills mobility friction when moving to lower wage work.  

 
Mechanisms  

 

There is a clear opportunity gap between STARs and workers with bachelor’s degrees. To 

test whether this gap is the result of differences in the human capital developed through additional 
years of schooling, the signaling value of getting into college, or the “sheepsk in effect” of having 
the bachelor’s degree itself (above and beyond the human capital content of the degree), we 
disaggregate the STAR category into workers with only a high school diploma, workers with some 

college but no degree, and workers with an associate’s degree (20). If the opportunity gap is due 
to the bachelor’s degree as a labor market signal of unobserved worker ability, we would expect 
an immediate change in the ASMF going from the high school to some college category. The 
human capital theory, by contrast, would predict gradual (monotonic) changes in the ASMF as the 

years of post-high school education increased, whereas the sheepskin effect would predict the most 
dramatic change in the ASMF going from associates degree to bachelor’s degree and barely any 
changes in the ASMF when crossing the earlier college attainment thresholds.  

In Fig. 8A-B, we compare the absolute skill mobility friction for STARs with varying 

levels of post high school educational attainment to the ASMF of workers with a bachelor’s degree 
or higher. We find that although STARs develop human capital with each additional year of post 
high school education, there is no statistically significant difference in the ASMF experienced by 
workers with a high school diploma but no college, some college, or an associate’s degree in either 

far transitions or near transitions to higher wages.2 This finding suggests that the human capital 
and signaling theories are unlikely explanations for the opportunity gap that we document in this 
paper. There is, however, evidence that is suggestive of a sheepskin effect: the difference in the 
ASMF between workers with an associate’s degree and workers with a bachelor’s degree is 

statistically significant for both near and far transitions that lead to higher wages.3  
 

 
2 We calculate the stepwise differences in absolute skill mobility frictions for workers with adjacent levels of 
educational attainment and test the null hypothesis that this difference is zero. For near transitions to higher wages, 

the p-value of the difference between no college and some college is 0.34 and between some college and an associate’s 
degree is 0.92. For far transitions to higher wages, the p-value of the difference between no college and some college 
is 0.51 and between some college and an associate’s degree is 0.86. 
3 For workers with a bachelor’s degree making upwardly mobile and far transitions, the absolute skill mobility changes 
sign from negative to positive. This indicates that, rather than facing friction when moving to higher wage work, 
workers with bachelor’s degrees experience a pull towards these jobs. For near transitions to higher wages, the p-value 
for the difference between an associate’s degree and a bachelor’s degree is 0.02. For far transitions to higher wages, 

the p-value in the difference between an associate’s degree and a bachelor’s degree is less than 0.001. 
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Fig. 8. Absolute skill mobility friction by college attainment, mobility type, and skill distance. (A) Absolute skill 

mobility friction (ASMF) by college attainment and mobility type for transitions with a log skill distance less than 
1.15. (B) AMSF by college attainment and mobility type for transitions with a log skill distance more than 1.15. Data 
are from the 2010–2019 Annual Social and Economic Supplement (ASEC) of the Current Population Survey (CPS) 

microdata accessed via IPUMS and the U.S. Department of Labor's Occupational Information Network (O*NET). 

 
 

Discussion  

 

The findings from this work support the conclusion that an opportunity gap in access to 
higher wage work contributes to labor market inequality between STARs and workers with 

bachelor’s degrees. While all workers readily make transitions to occupations with similar skills 
to their existing jobs, when the skills in the destination occupations exceed the workers’ existing 
stock of skills, workers with a bachelor’s degree move to higher wage work more readily than do 
STARs. The opportunity gap does not appear to be driven by differences in the human capital of 

STARs and workers with bachelor’s degrees nor differences in some unobserved ability that 
having a bachelor’s degree signals. Rather, the opportunity gap appears to be the result of an 
intrinsic preference for the bachelor’s degree credential itself by employers.  

Whereas fewer than 40% of Americans currently have college degrees, 70% of new jobs 

created since the 2008 recession were in occupations that typically require a bachelor’s degree 
(22). A majority of surveyed employers from industries as varied as health care, manufacturing, 
and retail acknowledge that they filter out qualified applicants who have the skills and work 
experience to be successful in jobs when they do not meet the four-year degree requirement (21).  

The practice of “degree inflation,” in which firms require bachelor’s degrees for new workers in 
roles where incumbent workers at the firm do not have a bachelor’s degree, suggests that fixes to 
the opportunity gap cannot rely on expanding college access alone. As more workers gain access 
to bachelor’s degrees, employers may begin to look to postgraduate degrees as the new marker of 

skill—creating a new opportunity gap between those with and without postgraduate degrees.  
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There is no question that increasing college access leads to higher individual and aggregate 
productivity (23,24). However, the opportunity gap does not appear to be driven by differences in 
human capital acquired in college; instead, it is a function of the higher relative  skill mobility 

friction experienced by STARs (when compared to workers with bachelor’s degrees) in moving to 
higher-paying jobs that require more skills, on average, than their current role. That workers with 
bachelor’s degrees can successfully transition to higher-paying jobs that require more skills is a 
triumph of the Becker model of human capital, which centers the role of on -the-job training in 

human capital accumulation. A next step in reducing income inequality could be to provide STARs 
with similar opportunities as workers with bachelor’s degrees to move to higher wage work where 
they would accumulate the additional required human capital on-the-job. 
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S1 Data Sources

Our analysis is based on two publicly available federal government databases—the U.S.
Department of Labor’s Occupational Information Network (O*NET) and the Bureau of
Labor Statistics’ Current Population Survey (CPS).

S1.1 O*NET

In order to construct a worker’s current skill portfolio and to compute the skill similarity
between any two occupations, we rely on the U.S. Department of Labor’s Occupational
Information Network (O*NET). The O*NET database is one of the most comprehensive
public data sources for occupational information, providing detailed information about
969 individual occupations categorized by a standard occupation code (SOC). The O*NET
database is maintained and updated continually through its Data Collection program, a
regularly conducted survey of workers and occupational analysts, assessing topics such
as required education, abilities, experience, tasks, and skills.

For each occupation, the O*NET provides importance ratings for a set of 35 skills within
seven broad categories: content, process, social, complex problem solving, technical, sys-
tems, and resource management. Each skill is rated on a scale from 1 to 5 based on how
important that skill is in order to perform the tasks associated with a given occupation.
For example, the skills rated most important for a customer service representative are
active listening, speaking, and service orientation. In comparison, skills such as installa-
tion, equipment selection, and repairing are rated as particularly unimportant for success
in this occupation.

Table S1.1. O*NET skill definitions.
Basic Skills

Active Learning
Understanding the implications of new information
for both current and future problem-solving and
decision-making.

Active Listening

Giving full attention to what other people are saying,
taking time to understand the points being made, ask-
ing questions as appropriate, and not interrupting at
inappropriate times.

Critical Thinking
Using logic and reasoning to identify the strengths
and weaknesses of alternative solutions, conclusions
or approaches to problems.

Learning Strategies
Selecting and using training/instructional methods
and procedures appropriate for the situation when
learning or teaching new things.
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Mathematics Using mathematics to solve problems.

Monitoring
Monitoring/Assessing performance of yourself, other
individuals, or organizations to make improvements
or take corrective action.

Reading Comprehension Understanding written sentences and paragraphs in
work related documents.

Science Using scientific rules and methods to solve problems.

Speaking Talking to others to convey information effectively.

Writing Communicating effectively in writing as appropriate
for the needs of the audience.

Complex Problem Solving Skills

Complex Problem Solving
Identifying complex problems and reviewing related
information to develop and evaluate options and im-
plement solutions.

Resource Management Skills

Management of Financial Re-
sources

Determining how money will be spent to get the work
done, and accounting for these expenditures.

Management of Material Re-
sources

Obtaining and seeing to the appropriate use of equip-
ment, facilities, and materials needed to do certain
work.

Management of Personnel
Resources

Motivating, developing, and directing people as they
work, identifying the best people for the job.

Time Management Managing one’s own time and the time of others.

Social Skills

Coordination Adjusting actions in relation to others’ actions.

Instructing Teaching others how to do something.

Negotiation Bringing others together and trying to reconcile differ-
ences.

Persuasion Persuading others to change their minds or behavior

Service Orientation Actively looking for ways to help people.

Social Perceptiveness Being aware of others’ reactions and understanding
why they react as they do.

Systems Skills

Judgment and Decision Mak-
ing

Considering the relative costs and benefits of potential
actions to choose the most appropriate one.
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Systems Analysis
Determining how a system should work and how
changes in conditions, operations, and the environ-
ment will affect outcomes.

Systems Evaluation
Identifying measures or indicators of system perfor-
mance and the actions needed to improve or correct
performance, relative to the goals of the system.

Technical Skills

Equipment Maintenance
Performing routine maintenance on equipment and
determining when and what kind of maintenance is
needed.

Equipment Selection Determining the kind of tools and equipment needed
to do a job.

Installation Installing equipment, machines, wiring, or programs
to meet specifications.

Operation and Control Controlling operations of equipment or systems.

Operation Monitoring Watching gauges, dials, or other indicators to make
sure a machine is working properly.

Operations Analysis Analyzing needs and product requirements to create
a design.

Programming Writing computer programs for various purposes.

Quality Control Analysis Conducting tests and inspections of products, ser-
vices, or processes to evaluate quality or performance.

Repairing Repairing machines or systems using the needed
tools.

Technology Design Generating or adapting equipment and technology to
serve user needs.

Troubleshooting Determining causes of operating errors and deciding
what to do about it.

S1.2 CPS

We use the Current Population Survey (CPS) to sample the worker population. Con-
ducted by the U.S. Census Bureau for the Bureau of Labor Statistics (BLS), the CPS is a
monthly household survey providing one of the most important sources for economic
and social statistics about the labor force over an extended period of time. Each year, the
Annual Social and Economic Supplement (ASEC) of the CPS provides a more in-depth
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snapshot of individuals’ employment, earnings, and health insurance. The ASEC is par-
ticularly useful for us because workers are asked about both their current occupation
and their occupation in the previous year, which allows us to identify cross-occupational
transitions.

We access CPS data using the IPUMS-CPS dataset which integrates CPS data from 1962
to the present using harmonized variables which make cross-time comparisons more fea-
sible (Flood et al. 2020).1 Because the Census has made multiple updates to their occupa-
tion codes during this time frame, IPUMS-CPS provides a harmonized 2010 occupation
coding, which condenses the larger set of occupational codes used over this time period
to a comparable set of 441 occupations. For each worker in the CPS, we match the O*NET
occupational skill requirements for that same occupation to the worker.

Because of the portion of younger workers attending college and making sizeable transi-
tions from part-time work (often unrelated to their career choice) to full-time work after
graduation, we adopt the norm in the literature and focus on members of the active labor
force who are 25 years or older. We exclude unemployed workers and those in the CPS for
whom income or occupational data is not available, primarily because we use a workers’
current occupation to estimate her skill portfolio and the distance to alternative occupa-
tions. Finally, we restrict our analysis to workers with at least a high school diploma or
its equivalent.2

To account for any differences in the average number hours worked per year by occupa-
tion and education level, we convert annual wage earnings to hourly wages using total
earnings last year, the number of weeks earned last year, and the usual number of hours
worked per week last year. For each occupation and education group, we then estimate
median hourly wages weighted by the CPS weights. For data quality purposes, we only
include workers who worked more than 13 weeks, worked more than 3 hours per week,
and earned at least $2/hr in the median hourly wage estimates. All hourly wages are
converted to real 2019 dollars using the BLS Consumer Price Index (R-CPS-U-RS).

Throughout our work, we consider the data in rolling ten-year windows (e.g., 2010-2019,
2009-2018) in order to observe a reasonably large sample of cross-occupational transitions
and to not miss less frequently occurring origin-destination pairs. While we ultimately
extend our analysis back to 1976,3 our analysis primarily uses the results from 2010 to

1The IPUMS-CPS dataset is publicly available at https://cps.ipums.org/cps/. In order to merge the
O*NET and CPS data sets, we use two crosswalks from the Bureau of Labor Statistics to first move from
O*NET’s occupation codes to the Standard Occupation Classification (SOC) codes and then move from the
SOC codes to the CPS occupation codes. Most of the O*NET and CPS occupations match at the 6-digit SOC
level (78%), but we used 5-digit (11%) and 4-digit (11%) averages for the ones that did not match at the
6-digit level.

2This restriction removes about 8.8 million workers from our analysis. While future work should con-
sider how this subset of workers achieve upwardly mobile transitions in the labor market, we chose to focus
our attention on workers with at least a high school diploma because of the modern prevalence of the high
school diploma as a minimum requirement on job openings across a wide variety of occupations.

3This is the earliest that the CPS asked respondents about the total number of weeks worked per year
which we use to calculate worker’s hourly wages from their reported annual wages.
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2019. In Table S1.2 we report summary statistics of the data. Overall, our sample consists
of an average of 110.9 million workers in each year. This corresponds to roughly 81% of
the active civilian labor force. The average age of the STARs and workers with bachelor’s
degrees in our sample are identical at 45 years old, whereas the share of racial minorities
and the share of men is higher among the population of STARs. Workers with bachelor’s
degrees earn more than STARs and are also less likely to change jobs, however, condi-
tional on making a cross-occupational shift in a given year, both STARs and workers with
bachelor’s degrees are equally likely to transition to a job paying higher wages as they
are to a job paying lower wages.

Table S1.2. Summary statistics of labor force, average from 2010 to 2019

Workers w/ Bachelor’s Degrees STARs

Total # of workers, annually 46,663,085 64,196,192

Median age 44 45

% Women 49.7 46.8

% Black 8.4 13.2

% Hispanic 7.6 15.5

Median hourly wage $28.8 $16.9

% of workers who make 8.6 10.0
cross-occupational transitions

% of cross-occupational transitions 51.1 49.9
that lead to >10% higher wages

S2 Validating O*NET Skills

If we conceive of an occupation as a bundle of tasks, the skills rated by the O*NET rep-
resent the bundle of job-related competencies necessary for a worker to successfully per-
form those tasks (Autor and Handel 2013). While there is certainly variation in the skill
sets of workers within an occupation, especially for recently hired workers, we assume
that workers develop the full set of skills required to perform their current occupation
through training and on-the-job experience. As a result, the 35-item vector of O*NET
skill importance ratings skill vector for a worker’s current occupation provides a good
estimate of their current skill portfolio.
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S2.1 Relationship between Skills and Wages

In order to demonstrate the value of our skills measure, we first implement a Mincer wage
regression. Mincer’s model of earnings (1974) has been widely used to explain a worker’s
earnings as a function of years of schooling and potential work experience.4 This function
is most commonly formulated as:

log(ωi) = α + ρsi + β1xi + β2x2
i εi (1)

where ωi is the wages of worker i, α is the intercept which represents the level of earn-
ings of an individual with no years of schooling and no work experience, si is the worker
i’s years of schooling, and xi is years of potential work experience. Note that the pa-
rameters ρ, β1, and β2 can be interpreted as the returns to schooling and experience,
respectively.5 This model has been used to study racial and gender wage gaps – often
using occupational fixed effects to control for selection effects which might lead female,
Black, or Hispanic workers into a different subset of occupations than their male or white
counterparts. Our interest in Mincer wage regressions centers around a comparison of
the model with occupational fixed effects and an alternative model with controls for a
worker’s skill portfolio instead. Ultimately, we seek to show that an occupation can be
thought of as a set of skills and we do not lose power in explaining the returns to formal
schooling even as we validate work experience as a meaningful proxy for skill.

S2.2 Validating Measure of Skill Distance

In Table S2.1, we present the results from a Mincer wage regression for the year 20196.
Column I represents the basic specification of the Mincer wage regression and an aug-
mented regression with controls for race and gender is in Column II. Columns III and
IV, which further augment the specification to include occupational fixed effects and the
O*NET measures of skills, show that the O*NET measures of skills capture meaningful
variation in wages, thereby validating their use as a measure of worker skill in our study.

First, we see that relative to the baseline model, in which the estimated returns to one
additional year of school is 10.7% (Column II), the returns to school from the model with
controls for O*NET skills is 6.4% (Column IV), which mirrors the estimated returns to
school from the model with occupational fixed effects 5.8% (Column III) and the OLS
estimates in the literature summarized in Card (2001). Moreover, the model with O*NET
skills has an R2 = 0.30, which is both larger than the R2 in the baseline model (R2 = 0.21)

4Potential work experience is calculated as a person’s age minus years of schooling minus six. Although
this definition is accepted and used in the literature, it is worth noting that this definition ignores work
experience that students might gain while attending school.

5The quadratic is included for years of potential work experience because of the diminishing marginal
returns of additional experience.

6We used the 2019 CPS-ASEC because it was the most current available data at the time of analysis, but
these results are robust over time
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and closer to the explanatory power of the model with occupational fixed effects (R2 =
0.33). Overall, the 35 skill measures in the O*NET database perform almost as well as the
483 occupational fixed effects in estimating the returns to education and in explaining the
variance in wages across individual workers. For this reason, we are confident that the
O*NET skills measures are good proxies of the skills that workers learn on the job.

Table S2.1. 2019 Mincer wage regressions.

Dependent variable:

logwage
I II III IV

Education 0.110∗∗∗ 0.107∗∗∗ 0.058∗∗∗ 0.064∗∗∗

(0.001) (0.001) (0.001) (0.001)

Work Experience 0.023∗∗∗ 0.021∗∗∗ 0.018∗∗∗ 0.019∗∗∗

(0.001) (0.001) (0.001) (0.001)

(Work Experience)2 −0.0003∗∗∗ −0.0003∗∗∗ −0.0002∗∗∗ −0.0003∗∗∗

(0.00001) (0.00001) (0.00001) (0.00001)

Sex: Female −0.262∗∗∗ −0.179∗∗∗ −0.200∗∗∗

(0.005) (0.006) (0.005)

Eth: Black −0.165∗∗∗ −0.086∗∗∗ −0.103∗∗∗

(0.008) (0.008) (0.008)

Eth: Hispanic −0.092∗∗∗ −0.032∗∗∗ −0.044∗∗∗

(0.007) (0.007) (0.007)

Eth: Asian 0.042∗∗∗ 0.049∗∗∗ 0.049∗∗∗

(0.010) (0.010) (0.010)

Eth: Other −0.119∗∗∗ −0.056∗∗∗ −0.073∗∗∗

(0.015) (0.014) (0.014)

Constant 1.228∗∗∗ 1.456∗∗∗ 2.829∗∗∗ 0.300∗∗∗

(0.017) (0.018) (0.031) (0.054)

Fixed Effects None None Occ. None
Skill False False False True
Observations 70,550 70,550 70,550 70,550
R2 0.167 0.205 0.334 0.297
Adjusted R2 0.167 0.205 0.330 0.297

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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S3 Model

Let Si,j represent the total surplus generated by a worker starting in occupation ‘i’ match-
ing to occupation ‘j’, further let us assume that this surplus is the following function:

Si,j = (α0 + ξi)× 1[j = 1] + 1[j 6= i)]×
(
θlog(di,j) + ξ j

)
+ εi,j (2)

where ξi reflects the average match surplus from staying in occupation i, di,j represents
the skill distance between occupation i and j, ξ j is a measure of the average match surplus
in the destination occupation and εi,j is an idiosyncratic taste. To close the model, we
assume that the εi,j follows a Gumbel distribution. In equilibrium, the log of the flow
rate, i.e. the number of workers leaving origin ‘i’ for destination ‘j’ (Ni,j) divided by the
number of workers originally in origin ‘i’ (Ni), is given by:

log
(

Ni,j

Ni

)
=


θlog(di,j) + ξ j − log

(
eα0+ξi + ∑

k 6=i
eθlog(di,k)+ξk

)
, for j 6= i

eα0+ξi

eα0+ξi+ ∑
k 6=i

eθlog(di,k)+ξk
, for j = i

log
(

Ni,j

Ni

)
≈


θlog(di,j) + ξ j − ξi − α0, j 6= i

eα0+ξi

eα0+ξi+ ∑
k 6=i

eθlog(di,k)+ξk
, for j = i

The relationship between the flow rate, log
(

Ni,j
Ni

)
and the parameters of the model for

the case i 6= j follows from the assumption that the number of workers remaining in the
origin occupation is close to 1. In practice the fraction of stayers in the origin occupation
is higher than 90%, as shown in Table S1.2. Formally, if the fraction of those transitioning
is close to 1, then:

log

(
eα0+ξi + ∑

k 6=i
eθlog(di,k)+ξk

)
≈ α0 + ξi. (3)

The intuition for the estimating equation relating the flow rate to the skill distance be-
tween origin and occupation jobs in the equation

log
(

Ni,j

Ni

)
≈ θlog(di,j) + ξ j − α0 − ξi, for j 6= i (4)

is the following: the better the origin occupation ξi, the less likely the worker is to leave
occupation i, hence the lower flow rate. Conversely, the better the destination occupation,
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ξ j, the more likely the worker is to leave. The term θ captures the cost of making a transi-
tion. If θ < 0, then further skill distance transitions di,j reduce match quality between the
firm and worker. If θ > 0, then further skill distance transitions are associated with higher
match quality between the firm and the worker. The descriptive results presented in the
main paper suggest that skills learned on the job matter for all workers, however work-
ers with bachelor’s degrees face less friction than STARs when transitioning to higher-
paying occupations. This analysis also shows in absolute terms that STARs’ mobility as a
function of skills is invariant to whether they are transitioning to higher or lower wages,
whereas workers with bachelor’s degrees experience less friction when moving upwards
than moving downwards. While the descriptive findings are strongly suggestive, there
are several threats to identification. The first is omitted variable bias. For example, it
may be the case that unobservable attributes of the origin and destination occupations
could impact the likelihood of transitioning from one to the other beyond what is cap-
tured by the skills distance. These attributes could take the form of non-wage employee
benefits, job satisfaction, or occupation-specific degree requirements. To account for these
unobservable attributes and move towards a potentially more causal interpretation of the
findings, we now implement regression models with origin and destination occupation
fixed effects. Including origin and destination fixed effects accounts for the differences in
the way that STARs and workers with bachelor’s degrees sort into origin jobs and tran-
sition to destination jobs for our estimates of the absolute skill mobility friction, purging
them from some of the effect of these endogenous differences in worker sorting by type. A
second concern is that there is a confounding variable that is correlated with both the skill
distance and the flow rate between occupations. In our robustness section, we indirectly
test this by using a permutation test in which we drop one of the skills from the calcula-
tion of the skill distance and recompute the absolute skill mobility friction. This exercise
provides a bound on the extent to which an omitted skill may be impacting our results.
In Table S3.1, we outline the four specifications that we use to estimate the relationship
between the skill distance and the flow rate.

We use the first model specification with no heterogeneity to estimate the absolute skill
mobility friction across all worker types and transitions (θ1,1). The second specification is
a stacked regression of the flow rates for both upwardly mobile and downwardly mobile
transitions from which we capture the average skill mobility friction for upwardly mo-
bile transitions (θ1,2 + θ2,2) and downwardly mobile transitions (θ1,2), averaged across all
worker types. Because this regression is stacked by transition type, we test for differences
between the skill mobility frictions for upwardly and downwardly mobile transitions
(θ2,2). The third specification measures heterogeneity in the absolute skill mobility fric-
tion by worker type. The skill mobility friction for STARs is captured by θ1,3 and that for
workers with bachelor’s degrees is θ1,3 + θ2,3. The difference between the two is θ2,3, or the
relative skill mobility friction. In our fourth specification, we calculate flow rates by both
worker type and transition type and then calculate a stacked regression of flow rates on
skill distances, allowing for heterogeneity in the skill mobility friction by worker and tran-
sition type. The skill mobility friction for STARs is θ1,4 for downwardly mobile transitions
and θ1,4 + θ2,4 for upwardly mobile transitions. The skill mobility friction for workers
with bachelor’s degrees is θ1,4 + θ3,4 for downward transitions and θ1,4 + θ2,4 + θ3,4 + θ4,4
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Table S3.1. Summary of model specifications

Interactions Model Specification

None Yi,j = α0,1 + θ1,1log(di,j) + ξi,1 + ξ j,1 + εi, f ,t,1

Transition (t) Yi,j,t = α0,2 + α1,2 × 1[Up] + (θ1,2 + θ2,2 × 1[Up])log(di,j) + ξi,2 + ξ j,2 + εi, f ,t,2

Worker (w) Yi,j,w = α0,3 + α1,3 × 1[BD] + (θ1,3 + θ2,3 × 1[BD])log(di,j) + ξi,3 + ξ j,3 + εi, f ,t,3

Both (t,w) Yi,j,t,w = α0,4 + α1,41[Up] + α2,41[BD] + α3,4(1[BD]× 1[Up])+

(θ1,4 + θ2,41[Up] + θ3,41[BD] + θ4,4 × 1[Up]× [BD])log(di,j)+

ξi,4 + ξ j,4 + εi,j,t,m,4

Note: Up refers to upwardly mobile transitions. BD refers to transitions made by workers with bachelor’s
degrees.

for upward transitions. In our fourth specification we can calculate the difference in skill
mobility friction within transition type and across worker type and the difference in the
skill mobility friction across transition type and within worker type. These comparisons
allow us to test whether the skill mobility friction is the same for a given worker type re-
gardless of transition type or whether the skill mobility friction is different across worker
type given the same transition.
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S4 Results on Labor Market Tightness

It is well documented that firms in slack labor markets take advantage of surplus work-
ers with bachelor’s degrees. To test whether the differential treatment of workers with
bachelor’s degrees for upwardly mobile transitions is due to a market failure, we exam-
ine whether the gap in absolute skill mobility friction persists in tight labor markets or
occurs primarily in loose labor markets. If we were to find that the gap still persists in
tight labor markets, this would point to an advantage to workers with bachelor’s degrees
that cannot be competed away.

For this analysis, we focus on workers in the CPS who reported living in one of the 392
metropolitan statistical areas (MSAs). We use data from the BLS’s Local Area Unemploy-
ment Statistics to calculate the average MSA-level annual unemployment rate, and then
categorize workers as living in tight labor markets (unemployment rate is below 5%) or
loose labor markets (unemployment rate is 5% or above).7 A more direct measure of labor
market tightness would be the number of effective job vacancies to the number of effec-
tive job searchers as in Abraham et. al. (2020), however, the nature of the CPS does not
let us reliably estimate this measure at the MSA-level.

After classifying workers by the labor market tightness of their MSAs, we calculate the
occupation-to-occupation flow rates separately for workers in tight and loose labor mar-
kets. We then run regressions similar to those shown in Table S3.1, only replacing the
indicator for transition, i.e. 1[Up]), with an indicator for whether labor market is tight or
loose (i.e. 1[Tight]). The results from this exercise are reported in Table S4.1.

In the aggregate, we find that flow rates decline more quickly as a function of skill dis-
tance in tight labor markets when compared to slack labor markets. The ASMF of -0.88 in
tight labor markets is statistically higher than the ASMF of -0.80 in loose labor markets.
However, when comparing across market type and within worker degree attainment or
vice versa, we find no differences in the ASMFs. This mirrors the findings in the paper in
which no differences in the ASMF emerge between STARs and workers with bachelor’s
degrees (see Fig. 3A-B) until we also distinguish between upwardly and downwardly
mobile transitions (see Fig. 4).

We take the analysis one step further here and introduce heterogeneity by whether a job
transition is upwardly mobile or downwardly mobile in addition to the heterogeneity
by whether the transition is occurring in a loose versus a tight labor market. First, we
condition on the set of upward or downward transitions and then run our fully interacted

7Because of the generally monotonic decline in unemployment during the 10-year period from 2010 to
2019, most MSAs in the beginning of the decade are classified as loose labor markets while most MSAs
at the end of the decade are classified as tight. As a result, this absolute measure of labor market may
capture genuine variation in the mobility elasticities by labor market tightness, but it also might capture
longitudinal changes in the way that transitions occur.
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Table S4.1. Absolute skill mobility friction by degree attainment and labor market
tightness

All Workers STARs BD BD - STAR

All Labor Markets -0.997∗∗∗ -0.692∗∗∗ -0.613∗∗∗ 0.079
(0.026) (0.028) (0.034) (0.041)

Loose Labor Markets -0.798∗∗∗ -0.649∗∗∗ -0.604∗∗∗ 0.046
(0.028) (0.035) (0.045) (0.055)

Tight Labor Markets -0.875∗∗∗ -0.706∗∗∗ -0.610∗∗∗ 0.096
(0.030) (0.039) (0.046) (0.058)

Difference (Tight - Loose) -0.078∗∗ -0.057 -0.006 0.051
(0.038) (0.049) (0.064) (0.083)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

model:

Yi,j,t,w = α0,5 + α1,51[Tight] + α2,51[BD] + α3,5(1[BD]× 1[Tight])

+ (θ1,5 + θ2,51[Tight] + θ3,51[BD] + θ4,5 × 1[Tight]× [BD])log(di,j)

+ ξi,5 + ξ j,5 + εi,j,t,m,5

We use this specification to test whether labor market tightness matters when conditioned
on the transition mobility type. When transitioning to jobs with higher earnings, we
find that workers with bachelor’s degrees face an ASMF that is between 50 and 60 log
points lower than STARs in both tight and loose labor markets, as reported in Table S4.2.
Likewise, for downwardly mobile transitions, workers with bachelor’s degrees face an
ASMF that is about 50 log points higher than STARs in both tight and loose labor markets.

What is clear from this analysis is that labor market conditions—whether the market is
tight or loose—matter a lot less than the type of transition—whether it is an upward or
downward transition—for explaining the differences in ASMF between STARs and work-
ers with bachelor’s degrees. Fundamentally, labor market inequality between workers
with bachelor’s degrees and STARs depends on whether they are moving up or down in
the labor market. For workers with bachelor’s degrees moving up is easier than moving
down whereas for STARs moving down is easier than moving up: workers with bache-
lor’s degrees face more friction when falling down in the labor market and less friction
when climbing up, whereas STARs face less friction falling down and more when climb-
ing up.
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Table S4.2. Relative skill mobility friction by transition type and labor market tightness

Upwardly Mobile Downwardly Mobile Difference
Transitions Mobile Transitions (Up - Down)

Loose Labor Markets 0.500∗∗∗ -0.468∗∗∗ 0.967∗∗∗

(0.076) (0.078) (0.116)

Tight Labor Markets 0.593∗∗∗ -0.511∗∗∗ 1.181∗∗∗

(0.085) (0.090) (0.134)

Difference (Tight - Loose) 0.093 -0.043
(0.123) (0.127)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

S5 Omitted Variable Bias

The main threat to identification in our context is omitted variable bias. In particular, sup-
pose there is an unobserved or omitted skill from the O*NET classification, its importance
affects the flow rate of workers, and its importance varies across occupations. This could
bias our estimate of the skill mobility friction. We propose the following exercise to create
potential bounds on this type of omitted variable bias. The key idea behind our approach
is that we can synthetically generate an omitted variable in our context by excluding one
of the 35 O*NET skills and directly measure how this affects our estimated mobility elas-
ticities. Since we have 35 skills in total, we permute through each of the skills to generate
35 synthetic estimates of our mobility elasticities, each of which, by construction, suffers
from an omitted variable problem.8 To convert this into informative bounds, we first re-
port a histogram of the percent bias that we find. Secondly, for each skill mobility friction,
we plot the percent bias against the correlation between the included skill distance and
the absolute value of the skill distance of the omitted component. The second exercise
allows us to trace out the functional relationship between the correlation of the omitted
variable and the size of the omitted variable bias.

S5.1 Simple Example of Bounding Exercise

To illustrate how we conduct this analysis, consider its application to our simplest model
in which we estimate an ASMF that does not depend on worker type or transition type:

Yi,j = α0,1,−k + θ1,1,−klog(di,j,−k) + ξi,1,−k + ξ j,1,−k + εi, f ,−k. (5)

8This is similar to the jack-knife procedure that is used to construct confidence intervals.
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The omitted skill is the k-th skill. The term di,j,−k is the Euclidean skill distance between
occupation ’i’ and ‘j’ where we consider all O*NET skills except k. Likewise, the θ1,1,−k,
is the skill mobility friction obtained from excluding the k-th skill and b1,1,−k ≡

θ1,1,−k−θ1,1
θ1,1

is the estimated omitted variable bias in percent terms. Permuting through all skills, we
obtain a vector of 35 estimates of the ASMF from which we compute the percent bias in
skill mobility friction {b1,1,−1, b1,1,−2, . . . , b1,1,−k, . . . . . . , b1,1,−35}.

Next, for each omitted skill, we compute the correlation between the skill and the ob-
served skill distance under this omission ρ1,1,−k = Cor(sk

i − sk
j , log(d−k

i,j )). We then plot
b1,1,−k against ρ1,1,−k The range of the correlations tells us how much support we have for
creating omitted variable bias bounds that are internally consistent. The slope of this line
helps us to think about extrapolating outside of the sample if the omitted variable has a
correlation with the observed distance that is larger than any of the correlations that we
have computed.

S5.2 Application of Bounding Exercise

We now apply our bounding exercise to the fully interacted model in which we allow
the ASMF to vary by both worker type (STAR/bachelor’s degree) and by transition type
(upwardly mobile/downwardly mobile). In Fig. S5.1, we illustrate the density curves of
the percent bias for each worker type. For STARs, we can bound the bias on the skill mo-
bility friction by -3% on the low end and 3% on the high end. For workers with bachelor’s
degrees, we can bound our mobility elasticities on the low end by -6% and on the top end
by 10%. The clear message here is that even the most extreme levels of omitted variable
bias are unlikely to change our skill mobility friction estimate by more than 10%. In Fig.
6 of the paper, we extend our analysis to compute the percent bias in the difference in the
mobility elasticities for workers with bachelor’s degrees and STARs by transition.

In Fig. S5.2, we present the results from our plot of the percent bias against the correlation
between the omitted and included skill distances. First, we find that there is a broad range
in the correlation between the included and omitted skill, ranging from a correlation of
0.2 to a correlation of 0.6. Second, there is a positive approximately linear relationship
between the percent bias and the correlation between the omitted and included skill dis-
tances: the more positive the correlation between the omitted and included skill distances,
the larger the omitted variable bias.

To obtain an even more conservative set of bounds on the estimated elasticities than the
bounds that we obtained from the distributions in Fig. S5.1, we extrapolate the linear re-
lationship between the bias and the correlation to their predicted values for the maximum
positive and minimum negative correlations possible, i.e., ρ−k = −1 and ρ−k = 1. Based
on this extrapolation, we find that the most conservative bounds that we can place on the
bias in our estimated mobility elasticities for STARs making either type of transition and
for workers with bachelor’s degrees who are downwardly mobile is b−k ∈ [−11%, 4%].
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Fig. S5.1. Potential Omitted Variable Bias by Education and Transition Type

For workers with bachelor’s degrees who are upwardly mobile, we find a bound on the
bias of elasticity mobility of b−k ∈ [−36%, 13%]. In Figure S5.3, we plot the difference
in the skill mobility friction for workers with bachelor’s degrees and STARs against the
correlation between omitted and included skill distances separately for upwardly mobile
and downwardly mobile transitions. Using this correlation to estimate bounds of these
two differences, we find that for upwardly mobile transitions, the bias is in the interval [-
4.2%, 8.6%], whereas for downwardly mobile transitions, we find that the bias is [-10.9%,
3.7%] on the difference in the skill mobility friction between workers with bachelor’s de-
grees and STARs in downwardly mobile transitions and upwardly mobile transitions,
respectively. Given the estimated differences in the elasticities are 60 log points, the most
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Fig. S5.2. Relationship Between Percent Bias and the Correlation Between Omitted and
Included Skill Distances by Education and Transition Type

extreme forms of omitted variable bias will reduce our point estimate by an amount that
is within the confidence interval of our point estimates. Again, omitted variable bias con-
cerns are unlikely to explain our findings.
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Fig. S5.3. Relationship between percent bias and the correlation between omitted and
included skill distances by transition type: difference between STARs and workers with
bachelor’s degrees

S6 Occupational Segregation and Selection Effects

The differences in the absolute skill mobility frictions for workers with bachelor’s degrees
and STARs, particularly for transitions to higher wage occupations, may be explained in
part by occupational segregation in the labor market by degree attainment. It is worth
noting that this explanation is immediately hampered by the fact that these two groups
of workers have very similar ASMFs when transitions require a lower skill distance or
lead to lower wage occupations. However, as seen in Fig. S6.1, many occupations in
the labor market are filled disproportionately by workers with a bachelor’s degree or
by workers without a bachelor’s degree. As a result, STARs and workers with bachelor’s
degrees may be transitioning into or out of occupations that are exclusive to workers with
a similar level of education.

In order to test this hypothesis directly, we recreated Fig. 4 in the paper after limiting the
analysis to origin and destination occupations with higher levels of educational diversity.
Fig. S6.2 shows the relationship between the skill distance and flow rate for transitions
for which the origin and destination occupations are made up of at least 10 percent of
workers with bachelors degrees and at least 10 percent of workers without bachelor’s
degrees. Fig. S6.3 limits the occupations of interest still further by requiring that at least
20 percent of workers have and do not have a bachelor’s degree.

While reducing our data in this way increases the noise in these figures, the fundamental
relationship between skill distance and flow rate remains the same across degree attain-
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ment and mobility type. STARs face greater skill mobility frictions when transitioning to
higher wage occupations than when transitioning to lower wage occupations. In compar-
ison, workers with bachelor’s degrees experience less skill mobility friction when transi-
tioning to higher wage work, especially when transitions have a particularly high skill
distance. The findings in Fig. S6.2 and S6.3 rule out the hypothesis that workers with
bachelor’s degrees experience a positive ASMF for transitions with high skill distances
because they are transitioning into occupations exclusive to worker with degrees (e.g.
lawyers, doctors).

Fig. S6.1. Distribution of occupations by the percent of workers with a bachelor’s degree
or higher, weighted by the number of workers in the occupation
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Fig. S6.2. Absolute skill mobility friction by degree attainment and mobility type for
transitions into and out of occupations composed of at least 10% or more of both STARs
and workers with bachelor’s degrees

Fig. S6.3. Absolute skill mobility friction by degree attainment and mobility type for
transitions into and out of occupations composed of at least 20% or more of both STARs
and workers with bachelor’s degrees
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S7 Skill Distance

S7.1 O*NET Skill Importance v. Skill Levels

In addition to the importance ratings that we use in this analysis, the O*NET provides
level ratings for the 35 skills on a scale from 0 to 7 based on the degree to which a particu-
lar descriptor is required or needed to perform an occupation. Although it is theoretically
possible for a skill to be given a high importance rating and a low level rating or vice
versa, this does not occur in the data. The correlation coefficient between importance rat-
ings and level ratings is 0.97. Further, the skill distances based on importance ratings and
level ratings also have a correlation coefficient of 0.96. Fig. S7.1 shows the relationship be-
tween the importance and level ratings as well as the relationship between the Euclidean
skill distances based on each skill rating.

Fig. S7.1. Relationship between O*NET Skill Importance and Level Ratings

Our results are robust to the use of either skill importance or skill level ratings. Fig. S7.2
shows the absolute skill mobility friction by degree attainment and mobility type using
skill distances based on the skill level ratings. Fig. S7.3 compares the relative skill mobility
friction estimates using the skill importance ratings and level ratings. Our conclusions are
consistent regardless of this choice.
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Fig. S7.2. Absolute skill mobility friction by degree attainment and mobility type using
O*NET skill level ratings

Fig. S7.3. Relative skill mobility friction by degree attainment and mobility type using
skill importance and level ratings
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S7.2 Alternative Measures of Skill Distance

Manhattan distance, or L1 distance, has been used as an alternative to Euclidean distance,
or L2 distance (Macaluso 2019). As the number of dimensions increases, Euclidean dis-
tance can fail to discriminate between the furthest and nearest neighbor. For especially
high-dimensional data, often in data mining and machine learning applications, the Man-
hattan skill distance can outperform Euclidean distance (Aggarwal, Hinneburg, and Keim
2001). Manhattan skill distance can be calculated as follows:

d(Occupationi, Occupationj)Manhattan =
35

∑
k=1

∣∣∣Skillk,Occ.i − Skillk,Occ.j

∣∣∣ (6)

An alternative way to measure the similarity of two objects with multiple attributes is to
use cosine similarity. Unlike Euclidean or Manhattan distances, cosine similarity mea-
sures the degree to which two vectors point in the same direction and is insensitive to
absolute differences in the magnitude of the two vectors. Cosine similarity can be calcu-
lated as follows:

s(Occupationi, Occupationj)cosine =
∑35

k=1 Skillk,Occ.i · Skillk,Occ.j√
∑35

k=1 (Skillk,Occ.i)
2
√

∑35
k=1 (Skillk,Occ.j)

2
(7)

For a measure that is directionally consistent with the distance-based measures, cosine
distance is often used as a complement of the cosine similarity such that larger values
represent vectors that are more dissimilar. Cosine distance can be calculated as follows:

d(Occupationi, Occupationj)cosine = 1− s(Occupationi, Occupationj)cosine (8)

Although cosine similarity has been adopted in the past (DeMaria, Fee, and Wardrip
2020), we argue that an absolute measure of distance (i.e. Euclidean, Manhattan) is prefer-
able to a relative measure of distance such as the cosine distance to understand the sim-
ilarity of two skill portfolios. Consider a toy example with two workers who are rated
from 1 to 5 for five dimensions of skill. Worker A has a rating of 2 for all five skills and
worker B has a rating of 3 for all five skills. Both workers are applying for a job J in which
employers prefer a rating of 4 for all five skills. Because the skill vectors of both workers
are proportional to the skill vector of job J, worker A and worker B have a cosine skill
distance of 0 from job J and would be equally likely to transition to job J. In comparison,
the Euclidean and Manhattan distances both categorize worker A as being further than
worker B from job J. When thinking about the likelihood that a worker’s current skills
allow them to move to a new occupation, we think this is a desirable property.
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For most geographic applications, distance functions must meet a symmetry condition
such that d(A, B) = d(B, A). The Euclidean, Manhattan, and cosine distance functions
each meet this condition. However, it is not obvious that a skill distance function should
preserve this property. Consider another toy example with two occupations rated from
1 to 5 for five dimensions of skill. Occupation i has a rating of 2 for all five skills and
occupation j has a rating of 4 for all five skills. A symmetric distance function would
consider a transition from i to j to be the same distance as a transition from j to i. However,
we might think that is easier for a worker in occupation j to transition to occupation
i than the reverse. As a result, we may want to consider an asymmetric skill distance
function that accounts for whether a worker is over- or under-skilled on any given skill
dimension. To accomplish this, we consider an asymmetric Euclidean distance measure
from occupation i to occupation j which is calculated as follows:

d(Occupationi, Occupationj)asymmetric =

√√√√ 35

∑
k=1

[
∆Skillk,(i,j)

]2
(9)

where,

∆Skillk,(i,j) ≡=
{

Skillk,i − Skillk,j, if Skillk,i − Skillk,j ≤ 0
0.5 · (Skillk,i − Skillk,j), if Skillk,i − Skillk,j > 0

. (10)

As written, this distance function gives less weight to the skill dimensions in which a
worker has a higher level of skill than a destination occupation requires.

Alternatively, we could consider an asymmetric distance function that gives no weight to
the skill dimensions in which a worker has a higher level of skill than a destination occu-
pation requires. The theory behind this type of distance function is that workers should
not be considered farther away from a job when they are overqualified on a given skill
dimension. However, this type of measure overlooks the fact that, even when workers
are overqualified on some skill dimensions, workers are more likely to transition to occu-
pations that require the skills they have. Returning to the toy example, we think a worker
in occupation j is more likely to move to occupation i than she is to move to an occupation
with a rating of 1 for all five skill items.

Despite the differences in how each measure captures the similarity of multi-item vectors,
all four skill distances are highly correlated with one another, as Fig. S7.4 shows.

Further, our analysis of the relationship between transition flow rates and skill distance is
robust to the choice of distance measure. Fig. S7.5 is a replication of Fig. 4 in the paper and
shows the absolute skill mobility friction by degree attainment and mobility type. In lieu
of the Euclidean skill distance, Fig. S7.5A-B use the Manhattan skill distance, Fig. S7.5C-D
use the cosine skill distance, and Fig. S7.5E-F use the asymmetric skill distance. Regard-
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Fig. S7.4. Correlation between Euclidean, Manhattan, cosine, and asymmetric skill
distances

less of how we measure skill distance, the same pattern emerges: STARs experience more
friction when moving to higher wage occupations and less friction when moving to lower
wage occupations. Workers with bachelor’s degrees experience the reverse, especially for
transitions that have a high skill distance.

We also estimate the RSMF by transition type using all four measures of skill distance. Fig.
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S7.6 presents these results. The results using the Manhattan skill distance and asymmetric
skill distance are highly consistent with the original results in the paper. Adopting the
cosine skill distance reduces the magnitude of the RSMF for downwardly and upwardly
mobile transitions, however, the estimates are directionally consistent and statistically
significant.
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Fig. S7.5. Absolute skill mobility friction by degree attainment and mobility type using
alternative measures of skill distance.
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Fig. S7.6. Relative skill mobility friction by degree attainment and mobility type using
alternative measures of skill distances

S7.3 Choosing the Skill Distance Threshold

Fig. 4 in the paper clearly shows that there is not a linear relationship between the log
transformed skill distance and flow rate for workers with bachelor’s degrees who are
transitioning to higher wages. While this relationship is linear and negative for most
other groups and types of transitions, this relationship has a positive slope for transitions
with a large enough skill distance. In order to capture the difference in absolute skill mo-
bility friction for STARs and workers with bachelor’s degrees for transitions with higher
skill distances, we categorize the transitions in our data as near transitions if the log skill
distance was less than 1.15 and as far transitions if the log skill distance was greater than
1.15. We then estimate the RSMF separately for near and far transitions using the regres-
sions in Table S3.1.

Fig. S7.7 shows the RSMF by transition type (upwardly or downwardly mobility) and
skill distance (near or far) using a variety of skill distance cutpoints. Fig. S7.7A shows
that our main finding is robust to our choice of threshold to distinguish between near and
far transitions. Regardless of our choice, high skill distance transitions to higher wage
jobs have a uniquely large and positive RSMF. We ultimately choose 1.15 as the cutpoint
to use in our analysis because it minimizes the sum of the standard errors for the estimates
of the RSMF for near and far transitions as can be seen in Fig. S7.7B.
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Fig. S7.7. Relative skill mobility friction by transition type and skill distance cutpoint to
define near and far transitions.
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