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Network constraints on worker mobility
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How do skills shape career mobility and access to cities’ labor markets? 
Here we model career pathways as an occupation network constructed 
from the similarity of occupations’ skill requirements within each US city. 
Using a nationally representative survey and three resume datasets, skill 
similarity predicts transition rates between occupations and predictions 
improve with increasingly granular skill data. Thus, a measure for skill 
specialization based on a workers’ position in their city’s occupation 
network may predict future career dynamics. Job changes that decrease 
workers’ network embeddedness also increased wages, and workers tend 
to decrease their embeddedness over their careers. Further, city pairs with 
dissimilar job embeddedness have greater census migration and increased 
flows of enplaned passengers according to the US Bureau of Transportation 
Statistics. This study directly connects workplace skills to workers’ career 
mobility and spatial mobility, thus offering insights into skill specialization, 
career mobility and urbanization.

As technology1, pandemics2,3 and climate change4 shape the future 
of work, how can workers maximize employment opportunities in 
their communities? In addition to workforce development, policy 
makers must also identify and mitigate the structures within the labor 
market that hinder workers’ mobility and relevance within their local 
economies5,6. To this end, recent studies have used skills to explain 
US job polarization as a divide between high-skill and low-skill  
workers7,8. However, these broad labor categories—or even refinements 
to cognitive and physical or routine and nonroutine labor9—are too 
broad to capture skill specialization10,11 and can obfuscate job seeker 
dynamics12–15. For example, civil engineers and medical doctors are 
both highly educated, well-paid, cognitive, nonroutine occupations, 
but the skills required by each occupation are largely nontransfer-
able, thus limiting individuals’ job transitions from one occupation 
to the other. The differences between occupations are most easily 
understood when we consider labor markets as a multilayer, complex 
system made of occupations modeled as abstract bundles of skills 
and abilities12,16–18.

Although urban labor markets are typically modeled according 
to their employment by occupation, cities may too be characterized 

according to their workers’ workplace skills19,20. For example, the eco-
nomic agglomeration of similar firms within the same city has long been 
linked to higher earnings and productivity21–24. Cities with workers who 
leverage many different skills tend to offer greater wealth and more 
diverse employment opportunities25,26. However, studying only the 
distribution of skills or occupations obscures economic insights. For 
example, skill specialization typically refers to workers or occupations 
leveraging a small set of rare skills, but a skill’s rarity varies across cit-
ies. Thus, relative skill specialization may also be informative. Relative 
skill specialization could be observed by modeling occupations’ skill 
similarity to other occupations in the same local labor market. Existing 
studies observe that cities with a densely connected workforce (that is, 
supporting many occupations requiring similar skills) tend to be more 
productive, innovative and resilient to economic shocks13,27,28, which 
challenges the presumably beneficial role of skill specialization and 
the division of labor in cities29.

Likewise, city pairs with many shared employment opportuni-
ties may have greater potential for worker mobility30–32. For example, 
workers may maximize wages by relocating to labor markets where 
their skill specialization is in demand but locally in short supply. 
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are comparably cognitive, their skillsim( j, j′)  is relatively low at 
skillsim ( air traffic controller, surgeon ) = 0.54  in 2018 (see Supple-
mentary Fig. 2 for the full similarity distribution).

Does skillsim( j, j′) correspond to job transitions? We investigate 
with four separate datasets. First, we consider job transition rates 
between occupation pairs according to the nationally representative 
US Community Population Survey (CPS) from 2012 through 2018 (see 
‘Tracking career mobility through the community population survey’ 
section in Methods for more details). Additionally, we consider datasets 
provided by Burning Glass Technologies (BGT), FutureFit AI (FF) and 
Revelio Labs (Revelio), each containing millions of resumes from indi-
vidual workers in the US (see Supplementary Sections 6–8 and ‘Resume 
data’ section in Methods). We present our analysis of CPS data in  
Table 1 using ordinary linear regression to model job transition rates 
between occupations pairs (see Supplementary Tables 19, 22 and 24 
for comparable analyses of the resume data). First, we consider a ran-
dom mixing model based on occupations’ national employment 
according to log10 (T(j, j′)) = log10(employmentj ⋅ employmentj′ )  
(model 1) using employment data from the US BLS’s Occupation 
Employment and Wage Statistics (OEWS). Next, we combine national 
employment with the occupations’ Jaccard similarity of skills, aggre-
gated into cognitive, physical, routine and nonroutine skill categories9 
(denoted CP(j, j′)) in model 2 (see ‘Aggregations of workplace skills’ 
section in Methods). This approach improves predictions of job transi-
tion rates, but the best performance is achieved by including 
skillsim( j, j′)  (models 3 and 4) applied to more granular O*NET  
skills. Interestingly, CP(j, j′) and skillsim( j, j′) each interact positively 
with employment log10 (T(j, j′)) , suggesting that skillsim( j, j′)   
may be more important to career mobility in more common 
occupations.

Does skillsim( j, j′) perform well because of only a few key O*NET 
skills? Figure 1c demonstrates the performance of model 3 as  
we vary the number of O*NET skills included in the calculation of 
skillsim( j, j′). For each number of included skills, we perform 50 inde-
pendent trials where O*NET skills are randomly selected to recalculate 
skillsim( j, j′) ; specifically for a random subset of skills S* ⊆ S, we 
calculate

skillsim∗( j, j′) =
∑s∈S∗ min(onetj,s,onetj′,s)
∑s∈S∗ max(onetj,s,onetj′,s)

(2)

and use skillsim* in place of skillsim in model 3. Note that this recalcu-
lation of skill similarity does not change the regression’s degrees of 
freedom for model 3 and so the predictive performance gains in Fig. 1c 
are not the result of overfitting the data (that is, including fixed effects, 
there are nine variables in regression model 3 used to predict a data set 
of over 12,000 observations). Predictive performance sharply increases 
with the inclusion of the first 40 O*NET skills and steadily increases 
with each additional skill thereafter. Although pairs of O*NET skills may 
contain redundant information about worker transition rates, these 
results highlight the predictive value of granular workplace skills and 
suggest that even better model performance may be obtained with 
increasingly refined skill data.

Urban occupation networks and workers’ embeddedness
Skill similarity plays a crucial role in career mobility37 (Fig. 1). There-
fore, we hypothesize that workers’ career advancement strongly 
depends on their skill set42, the occupations that are supported in 
their local labor market and the structure determined by the 
skillsim( j, j′)  among local occupations. We model this by construct-
ing a national occupation network with edge weights determined by 
occupation pairs’ skillsim( j, j′) (see Supplementary Section 1 for more 
details). We test our hypothesis with millions of individuals’ job tran-
sitions in three large-scale resume datasets from BGT, FF and Revelio. 
With each career move, a worker may relocate between cities and 

However, while employment opportunities and skill demands shape 
worker relocation33,34, they remain absent from traditional migration 
models35,36 except through measurements of an economy’s size. Since 
skills are critical to the job-matching process37 and workers’ pursuit of 
earnings14,15, workers may make career moves based on their relative 
position in various urban labor markets, thus shaping spatial mobil-
ity30,31,38. If so, then policymakers could use employment and skills 
data to identify synergistic or competitive labor markets as they seek 
to maintain or grow local employment.

In this Article, we consider the following research questions:

•	 (RQ1) Do broad skill categories explain modeling career mobility 
as well as detailed skill categories? We hypothesize that occupa-
tion similarity based on detailed skills data improves models of 
job transitions.

•	 (RQ2) Does a worker’s relative skill specialization and position 
in their city’s skill landscape impact their careers and wages? We 
hypothesize that local labor markets can be modeled as occupa-
tion networks and that workers’ position in these networks relates 
to their earnings and career mobility.

•	 (RQ3) Do cities’ occupation networks inform inter-city mobility  
as workers increase their skill specialization over their careers?  
We hypothesize that workers will relocate to new cities if cor-
responding career moves tend to increase their relative skill 
specialization.

We compare occupation pairs based on skill requirements 
reported by the US Bureau of Labor Statistics (BLS). Occupations with 
shared skill requirements exhibit greater flows of workers between 
them. Thus, we model each US city as an occupation network based on 
skill similarity. With three large-scale resume datasets, we investigate 
how individual workers move within and between these networks. 
Finally, we study US Census migration and airline traffic flows to com-
pare workers’ embeddedness across city pairs to inter-city spatial 
mobility.

Results
Skill similarity predicts job transition rates
We expect that workers will have greater transition rates between pairs 
of occupations that share skill requirements16,39,40. However, abstract 
descriptions can obfuscate key differences between occupations. As 
an illustrative example, we compare the skill requirements of surgeons 
and air traffic controllers in Fig. 1a. The word clouds highlight the most 
important skills to each occupation using font size. Text color indicates 
if the skill is social-cognitive or sensory-physical according to ref. 41. 
Although the specific skills are different, the occupations have  
the same cognitive skill fraction41 that is calculated according  
to (∑s∈cognitiveonetj,s) / (∑s∈Sonetj,s) . Here, onetj,s ∈ [0, 1] denotes the 

real-valued importance of skill s ∈ S to occupation j ∈ J according to 
the Occupational Information Network (O*NET) database from the US 
BLS (see ‘O*NET skills data’ section in Methods).

To resolve these differences, we quantify the Jaccard similarity of 
the skills required by occupations j and j′ according to

skillsim( j, j′) =
∑s∈Smin(onetj,s,onetj′,s)
∑s∈Smax(onetj,s,onetj′,s)

. (1)

Note that similarity scores are real-valued on the interval 
skillsim( j, j′) ∈ [0, 1]. Although occupations that require many differ-
ent skills are penalized by the denominator in equation (1), we per-
formed an additional analysis in Supplementary Materials Table S1 
(model 4), where we control for ubiquitous skills using revealed  
comparative advantage41. We highlight some of the mutually exclusive 
and shared skills for surgeons and air traffic controllers in Fig. 1b.  
In our example, although air traffic controllers and surgeons  
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may—or may not—change occupations (see Fig. 2a for an example 
resume and corresponding career moves). Both BGT and Revelio map 
raw job title strings onto the Standard Occupational Classification 
(SOC) occupations, and we employed an ‘off-the-shelf’ pre-trained 
language model to map FF job titles to SOC occupations using natu-
ral language processing (see ‘Mapping occupations from FF resumes’ 
section in Methods and Supplementary Section 7). Supplementary 
Materials Sections 6–8 provide basic statistics on the data coverage 
of US cities and the national labor market. Our analysis includes  
3.2 million job transitions in the FF data, 1.2 million job transitions in 
the BGT data and 8 million job transitions in the Revelio data between 
2012 and 2018.

To describe a worker’s position in their local labor market on the 
basis of their skills, we represent each US city’s local labor market as 
the subnetwork determined by the occupations with nonzero OEWS 
employment in that city (that is, metropolitan statistical area) and the 
connections between those locally supported occupations (see exam-
ples in Fig. 2b). We hypothesize that a worker of an occupation with 
high skillsim( j, j′) to many other locally supported occupations will 
have more career mobility without re-skilling. However, saturated 
demand for similar occupations may dampen the mobility implied by 
skillsim( j, j′) . Therefore, we introduce occupation embeddedness 
based on both the shared skill requirements among occupations and 
employment share among similar occupations; specifically, we 

measure occupation i’s employment-weighted embeddedness in city 
c according to

ec, j = ∑
j′∈Jobs

skillsim( j, j′) ⋅ share(c, j′), (3)

where share(c, j′)  is the employment share of occupation j′ in c (see 
Fig. 2b for a schematic). Note that ec,j is calculated for each occupation 
in each city in each year and we use ec,j = 0 if sharec,j = 0, according to 
OEWS data. ec,j captures the similarity of an occupation’s skill require-
ments to the rest of their local labor market, and so we use this measure 
to approximate j’s relative skill specialization in c. Standard occupation 
employment metrics, including city fixed effects, year fixed effects 
and local employment share, as well as an occupation’s page rank in 
their city’s occupation network do not explain ec,i (Supplementary 
Tables 5 and 6). Beforehand, it is not clear if ec,i measures the comple-
mentarity (for example, positive economic agglomeration43) or the 
competition (for example, workers with similar skills competing for 
finite employment opportunities) around an occupation in a city.

Do workers change their relative skill specialization over their 
careers? If so, then workers should, in general, decrease ec,j with each 
career transition. We investigate by measuring

Δlog10e = log10 (ec2 , j2) − log10 (ec1 , j1 ) , (4)
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Fig. 1 | Occupations’ skill similarity predicts job transition rates. a, Comparing 
the 2018 O*NET skill requirements of air traffic controllers (SOC: 53-2021) 
and surgeons (SOC: 29-1067) reveals a dissimilar set of specific skills despite 
identical levels of cognitive skill requirements on aggregate (right). Word clouds 
(center) highlight the relative importance of each skill using font size, while 
colors correspond to skill classification as cognitive or physical according to 
ref. 41. b, A schematic for the Jaccard similarity of the O*NET skill requirements 

for a pair of occupations. Examples of shared and mutually exclusive O*NET 
skills are provided for our example occupations. c, Recalculating skill similarity 
using random subsets of O*NET skills and retraining model 3 from Table 1 yields 
steady improvements in the model’s predictions of worker flows between job 
titles according to the variance explained across 50 independent trials for each 
number of included skills. Icons are from ref. 60.
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where (c1, j1) → (c2, j2) is a career transition observed in an individual 
worker’s resume such that c1 ≠ c2 and/or j1 ≠ j2. In general, Δlog10e was 
slightly positive in the BGT resumes (⟨Δlog10e⟩ = 0.0011) and slightly 
negative in the FF resumes (⟨Δlog10e⟩ = −0.0009), but workers tended 
to significantly decrease ec,i over their careers according to Spearman 
rank correlation (Fig. 2c). Both averages were significantly different 
from zero as a one-tailed t-test yielded P ≈ 0. The average Δlog10e differs 
from the decreasing trend over a career because the distribution of 
the number of career moves per resume is skewed. Note that a career 
transition may be to the same occupation in the same city; these tran-
sitions account for 14% of the transitions in the FF resume data and 22% 
in the BGT resume data.

Since workers decrease ec,i over their careers, how does Δlog10e 
relate to wages? We investigate using the estimated average annual 
wage associated with each occupation in each city in each year accord-
ing to OEWS data from the US BLS. Workers rapidly decrease their ec,i 
in the early parts of their career (Fig. 2c), and career transitions that 
decrease employment-weighted embeddedness (that is, Δlog10e < 0) 
correspond to increased wages (that is, Δlog10wage > 0; Fig. 2d). Thus, 
we hypothesize that the wage increase associated with decreased ec,i 
may be explained by trends in workers’ spatial mobility (for example, 
urbanization of high-skilled workers44). We investigate using BGT and 
FutureFit resume datasets in Table 2 while controlling for year fixed 
effects as well as fixed effects for workers’ source and destination city. 
Additionally, we include a dummy variable (J) indicating if a job transi-
tion was between two different occupations and a dummy variable (r) 
indicating if a job transition was a relocation between two different 

cities. These fixed effects control for many potential confounds includ-
ing city size of the source and destination city, location-based economic 
factors (for example, access to a port or natural resources), and each 
cities’ cost of living. As a baseline, we first ignore cities’ occupation 
networks and analyze the relationship between changes in occupations’ 
educational requirements and wage changes while controlling for 
occupation changes (J) or a relocations (r). Career moves to occupa-
tions with a larger share of local workers with a bachelor’s degree 
according to OEWS data corresponded to wage increases in both 
resume datasets (models 1 and 4).

Next, we introduce information about a worker’s position in their 
local labor market by considering their occupations’ centrality page 
rank (denoted Pc,i) in their city’s occupation network. An occupation 
with large Pc,i has high skillsim( j, j′) with many other occupations that 
themselves have high skillsim( j, j′) to other occupations. Including 
the change in page rank associated with each career move (denoted 
Δlog10P ) yields mixed results across resume data sets and does not 
substantially improve the predictions of wages (models 2 and 5). Occu-
pations’ page rank uses the topology of cities’ occupation networks 
but only minimally uses cities’ employment distributions. That is, 
occupations are included in a city’s network if they have nonzero 
employment according to OEWS data, but information is omitted about 
each occupation’s local employment share. As we noted above, workers 
may more easily transition between occupations with large 
skillsim( j, j′), but only if demand for these similar occupations is not 
already saturated. ec,i accounts for both the network topology in each 
city, as well as the employment share among similar occupations.  

Table 1 | Ordinary least squares regression analysis of job transition rates between pairs of occupations according to the US 
CPS from 2012 through 2018

Dependent variable: log10 job transitions

Variable Model 1 Model 2 Model 3 Model 4

log10 total employment (T( j, j′)) 0.392 (0.008) 0.403 (0.008) 0.416 (0.008) 0.424 (0.008)

P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3

(0.376, 0.408) (0.387, 0.419) (0.401, 0.432) (0.409, 0.439)

Cognitive/physical similarity (CP( j, j′)) 0.172 (0.008) −0.005 (0.012)

P ≤ 1 × 10−3 P = 0.669

(0.156, 0.188) (−0.028, 0.018)

skillsim( j, j′) 0.271 (0.008) 0.324 (0.012)

P ≤ 1 × 10−3 P ≤ 1 × 10−3

(0.255, 0.288) (0.300, 0.348)

skillsim( j, j′) × CP( j, j′) 0.104 (0.008)

P ≤ 1 × 10−3

(0.087, 0.120)

skillsim( j, j′) × T( j, j′) 0.064 (0.013)

P ≤ 1 × 10−3

(0.039, 0.089)

CP( j, j′) × T( j, j′) 0.040 (0.013)

P ≤ 1 × 10−2

(0.015, 0.065)

Year fixed effects Yes Yes Yes Yes

R2 0.155 0.183 0.219 0.237

Adjusted R2 0.154 0.182 0.219 0.237

Regression data includes 12,648 observations that vary by year and occupation pair. Model 1 represents a random mixing model based on the national total employment of each occupation 
(log10 (T(j, j

′))). Subsequent models augment the employment model based on the occupation pair’s similarity of skills using canonical skill aggregations (model 2) and the skill similarity 
using the complete O*NET taxonomy (models 3 and 4). All variables were centered and standardized before analysis. Regression coefficients are reported, followed by coefficient estimate 
standard error in parentheses, estimate P value and a 95% confidence interval. Similar analyses using resume data are presented in Supplementary Tables 8 and 11.
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Even after controlling for occupation changes, relocations, occupa-
tions’ educational requirements, occupations’ network centrality and 
several fixed effects, we find again that career moves that decreased 
embeddedness (that is, Δlog10e < 0) corresponded to increased wages 
(models 3 and 6). Our regressions in Table 2 include fixed effects for 
workers’ starting city, ending city and year of job transition, as well as 
dummy variables indicating when a job transition was a relocation (r) 
or an occupation change (J). As a robustness check, we provide similar 
analyses restricted to transitions that were an occupation change 
(Supplementary Table 7), a relocation (Supplementary Table 8), an 
occupation change without a relocation (Supplementary Table 9) or a 
relocation without an occupation change (Supplementary Table 10). 
In general, we find that job transitions that lowered ec,i were associated 
with increased wages (Supplementary Section 4).

Unlike BGT and FF resume data, Revelio resume data estimates 
the annual salary of each job in each workers’ resume (Supplementary 
Section 8). Using these salaries in a cross-sectional analysis, we find 
again that lower ec,j is associated with higher earnings (Supplementary  
Table 26). These findings are robust to the inclusion of page rank, the 
national share of workers with a bachelor’s degree in an occupation (B) 
as well as city, year and major SOC code (that is, two-digit SOC code) 
fixed effects. These variables control for regional and temporal varia-
tion in salaries and even for differences in average earnings across major 
occupations. Combined with Table 2, these results demonstrate both 
cross-sectional and longitudinal evidence that lower ec,i corresponds to  
higher wages.

Embeddedness and workers’ spatial mobility
Although decreasing ec,i corresponds to increased wages, our obser-
vational analysis does not identify the underlying causal mechanisms. 
However, we can consider potential mechanisms and look for their 
symptoms. On one hand, low ec,i identifies occupations with relative 
skill specialization, which suggests workers with those skills may 
enjoy increased negotiating power within their local labor market. 
On the other hand, employers may offer higher wages to lure work-
ers to their city to provide skills that are rare among local workers. 
In the latter case, offers of higher wages may incentivize a worker 
relocation. Although a random control trial (for example, randomiz-
ing ec,i or a city’s occupation network) is not possible, we can test 
this hypothesis using data on spatial mobility between cities. This 
section provides evidence to support embeddedness as a factor in  
inter-city mobility.

Traditional models for spatial mobility (for example, the gravity 
model) ignore labor characteristics35,36—except for labor market size. 
Alternatively, we hypothesize that workers with large ec,i in their current 
city, c, may relocate to another city, c′, where their occupation has a 
lower ec,i (that is, ec′,i < ec,i). If so, then larger average combined embed-
dedness according to

̂ec,c′ = ∑
j∈Jobsc∩Jobsc′

1/ (ec, jec′, j) (5)

should correspond to greater spatial mobility flows between c and c′. 
Note that lower ec,i increases ̂ec,c′.
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Fig. 2 | Workers decrease their employment-weighted embeddedness, ec,i, 
throughout their careers, and career moves that decrease ec,i correspond to 
higher wages according to resume data. a, An example career trajectory from 
the resume of one of the authors. A career move is a transition to the same or a 
different occupation and may correspond to a relocation between cities. 
 b, A city’s labor market represented as a subnetwork of the complete occupation 
network according to the local occupations with nonzero employment and the 
pairwise skill similarity among those occupations. Red and green text highlight 
a change in occupation. A worker changes between networks when they 
relocate between cities, and ec,i may change as a result. c, Workers decrease ec,i 

throughout their careers according to Spearman correlations ρ (P < 0.02 for both 
datasets). Data are presented as mean values with vertical lines representing 95% 
confidence intervals. The FF analysis includes 6.8 million resumes, while the BGT 
analysis includes 879,276 resumes. d, Using wage estimates from the US BLS data 
by occupation, city and year, individual workers increased wages when a career 
move decreased ec,i. e, Given a relocation associated with a career transitions, 
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20 observations. d and e use resume data from FF. See Supplementary Fig. 10 for 
a similar analysis using resumes from BGT.
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We test our hypothesis using inter-city migration according to 
the US Census Bureau and the number of enplaned passengers fly-
ing between city pairs according to the US Bureau of Transportation 
Statistics (‘Migration and enplaned passengers’ section in Methods). 
The combined embeddedness of a city pair measures the similarity of 
their labor markets beyond simple alternatives, such as similarity of 
size or similarity of employment by occupation. While typical mobil-
ity models, including the gravity model and radiation model, only 
account for size and distance, combined embeddedness represents 
similar economic factors encoded in cities’ labor markets. If combined 
embeddedness predicts inter-city mobility, then policymakers’ should 
include this information to invest strategically in their economy rather 
than only focusing on growth (that is, increasing size). Further, these 
two datasets containing comprehensive federal data offer a compelling 
alternative to the potentially biased resume datasets and, thus, enable 
another form of potential validation for the concept of embeddedness.

Does ̂ec,c′ predict spatial mobility? As a baseline, we first consider 
the gravity model35,45–47, which combines city size (that is, the combined 
total employment in c and c′ denoted Nc and Nc′) with spatial distance 
Dc,c′. With year fixed effects, the gravity model accounts for roughly 
one-third of mobility in both migration and flight data (Table 3, models 
1 and 4). Augmenting the gravity model with ̂ec,c′ improves predictions 
to 43% of migration variance explained and 37% of flight variance 
explained (models 2 and 5). However, the best predictive performance 
is observed when we include interaction terms between ̂ec,c′ and the 
variables from the gravity model (models 3 and 6). As a robustness 
check, we find that simpler measures based on the similarity of urban 
employment distributions over occupations do not perform as well 
nor do they diminish the significance of ̂ec,c′ (Supplementary Tables 11 
and 12). We provide a similar analysis of direct inter-city mobility and 
a robustness check using an alternative gravity model with city fixed 
effects in Supplementary Section 10.

Table 2 | Workers who decrease their employment-weighted embeddedness increase their wages—especially following a 
change in occupation

Dependent variable: wage change (((Δlog10wage)))
FF resumes BGT resumes

Variable Model 1 Model 2 Model 3 Model 1 Model 2 Model 3

Relocation dummy (r) 0.000 (0.000) −0.000 (0.000) −0.001 (0.000) 0.002 (0.001) 0.002 (0.001) 0.001 (0.001)

P = 0.940 P = 0.961 P ≤ 1 × 10−1 P ≤ 1 × 10−1 P ≤ 1 × 10−1 P = 0.243

(−0.001, 0.001) (−0.001, 0.001) (−0.002, −0.000) (0.000, 0.003) (0.000, 0.003) (−0.001, 0.002)

Occupation change 
dummy (J)

0.018 (0.000) 0.018 (0.000) 0.018 (0.000) −0.026 (0.001) −0.026 (0.001) −0.022 (0.000)

P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3

(0.018, 0.019) (0.017, 0.019) (0.018, 0.019) (−0.027, −0.025) (−0.027, −0.024) (−0.023, −0.022)

Bachelor’s degree 
change (ΔB)

0.629 (0.000) 0.622 (0.001) 0.563 (0.001) 0.691 (0.001) 0.692 (0.001) 0.560 (0.001)

P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3

(0.628, 0.630) (0.621, 0.623) (0.562, 0.564) (0.689, 0.693) (0.691, 0.694) (0.558, 0.562)

Page rank change 
(Δlog10P)

−0.100 (0.002) 0.974 (0.004) 0.425 (0.004) 1.875 (0.007)

P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3

(−0.104, −0.095) (0.966, 0.981) (0.418, 0.432) (1.861, 1.890)

Embeddedness 
change (Δlog10e)

−0.092 (0.003) −0.224 (0.006)

P ≤ 1 × 10−3 P ≤ 1 × 10−3

(−0.097, −0.087) (−0.235, −0.212)

Δlog10e × r 0.003 (0.001) 0.012 (0.001)

P ≤ 1 × 10−3 P ≤ 1 × 10−3

(0.002, 0.004) (0.010, 0.014)

Δlog10e × J −0.222 (0.002) −0.206 (0.006)

P ≤ 1 × 10−3 P ≤ 1 × 10−3

(−0.226, −0.217) (−0.217, −0.195)

Year FE Yes Yes Yes Yes Yes Yes

Source city FE Yes Yes Yes Yes Yes Yes

Destination city FE Yes Yes Yes Yes Yes Yes

R2 0.409 0.410 0.441 0.487 0.496 0.550

Adjusted R2 0.409 0.409 0.441 0.487 0.495 0.550

Career transitions between employment opportunities may or may not capture a change in occupation (that is, J) and may or may not accompany a relocation to a new city (that is, r) in the 
period of 2012 through 2018. Models 1–3 use 3.2 million career transitions in the FF resume data. Models 4–6 use 1.2 million career transitions in the BGT resume data. All variables were 
centered and standardized before analysis. Ordinary least squares regression coefficients are reported, followed by coefficient estimate standard error in parentheses, estimate P value and 
a 95% confidence interval. Standard errors are clustered by the major occupation (that is, two-digit SOC code) of the starting occupation. See Supplementary Sections 6 and 7 for additional 
information about resume data. FE, fixed effect.
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Larger ̂ec,c′ corresponds to greater inter-city mobility and interacts 
significantly with combined total employment (that is, log10(NcNc′ )). 
Examining this relationship more closely, we find that ̂ec,c′ moderates 
the relationship between combined city size and spatial mobility  
(Fig. 3). City pairs with larger ̂ec,c′ and larger combined employment 
exhibited greater spatial mobility. We perform a mediation analysis in 
Supplementary Section 11, which suggests that embeddedness may 
mediate 34.5% of the effect of city size on total migration and 27.9% of 
the effect of city size on total enplaned passengers. We observe the 
same results when using the radiation mobility model36 instead of the 
gravity model. These results are not an artifact of these data as these 
relationships disappear after data randomization (Supplementary 
Section 5). Our main results hold under additional analyses of directed 
mobility and controls for labor market tightness (that is, a city’s unem-
ployment divided by its job vacancies, according to the BLS Job Open-
ings and Labor Turnover Survey) in Supplementary Section 10.

Discussion
US job polarization is described as a division between low- and high-skill 
work48, but workers must match more-specific skill requirements when 
pursuing employment opportunities (that is, skill matching14,15,37,49). 
Accordingly, more-specific labor categories, such as cognitive/physical 
and routine/nonroutine9, improve insights into labor trends but still 
obfuscate distinctive occupation skill requirements and the role of 
skill specialization. More detailed calculations of skill similarity better 
predict worker transition rates between occupations (Fig. 1), and so, we 
encode skill similarity into the edge weights of occupation networks 
describing each US city’s labor market (Fig. 2b).

This data-driven approach connects workers’ skills and employ-
ment history to their position in their local labor market while 

identifying opportunities for career mobility. In particular, our analysis 
of resumes suggests that workers who increase their skill specializa-
tion relative to their local labor market earn higher wages (Fig. 2d and  
Table 2). Correspondingly, a cross-sectional analysis of annual sala-
ries for individual jobs within each worker’s resume shows that lower 
employment-weighted embeddedness corresponds to higher earn-
ings (Supplementary Table 26). Thus, modeling city’s as occupation 
networks reveals the specialized occupations relative to the local labor 
market and the earnings implications for skill specialization.

Highly embedded subsets of a city’s occupation network repre-
sent parts of the local labor market that may be more saturated since, 
despite having potentially different job titles, there are many workers 
leveraging similar skills. This is reflected in the negative relationship 
between embeddedness and wages (Fig. 2d and Table 2). Thus, future 
work might investigate how the would-be embeddedness of currently 
absent occupations relates to the emergence of new occupations in 
a given city. However, employment-weighted embeddedness is not  
easily separable into employer and worker dynamics during the job-
matching process. Still, these results may highlight a trade-off between 
the presence of specialized high-paying work (that is, occupations with 
low embeddedness) and creating an economically resilient labor mar-
ket where workers possess the skills required by many occupations13. 
The specificity of these insights related to embeddedness would be 
missed with traditional labor models that fail to consider occupations’ 
skill requirements.

Combining occupations’ skill requirements with employment 
connects microscopic labor requirements to the macroscopic 
trends shaping urban, regional and national economies in the 
United States. While often described at the national scale8,48, recent 
work19,44 highlights the spatiality of job polarization as divisions 

Table 3 | For both inter-city census migration and enplaned passengers according to the US Bureau of Transportation, the 
gravity mobility model (model 1 and 4) is improved when combined employment-weighted embeddedness is included 
(models 2 and 5) but the best performance is achieved when combined embeddedness moderates city size (models 3 and 5)

Dependent variable: log10 total migration log10 total enplaned passengers

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Total employment 
(log10 (TcTc′ ))

0.517 (0.002) 0.339 (0.002) 0.411 (0.002) 0.578 (0.005) 0.417 (0.007) 0.529 (0.006)

P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3

(0.514, 0.521) (0.335, 0.343) (0.407, 0.416) (0.568, 0.589) (0.403, 0.430) (0.516, 0.541)

Distance (log10Dc,c′) −0.385 (0.002) −0.394 (0.003) −0.394 (0.002) −0.069 (0.005) −0.101 (0.005) −0.101 (0.005)

P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 0−3 P ≤ 1 × 10−3 P ≤ 1 × 0−3

(−0.390, −0.381) (−0.399, −0.389) (−0.397, −0.390) (−0.079, −0.060) (−0.112, −0.090) (−0.112, −0.091)

Combined 
embeddedness ( ̂ec,c′)

0.348 (0.003) 0.223 (0.002) 0.307 (0.008) 0.205 (0.007)

P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3 P ≤ 1 × 10−3

(0.343, 0.353) (0.219, 0.228) (0.292, 0.321) (0.190, 0.220)

̂ec,c′ × log10Tc,c′ 0.186 (0.002) 0.235 (0.006)

P≤ 1 × 10−3 P ≤ 1 × 10−3

(0.183, 0.190) (0.223, 0.246)

̂ec,c′ × log10Dc,c′ −0.022 (0.002) 0.000 (0.004)

P ≤ 1 × 10−3 P = 0.930

(−0.026, −0.018) (−0.008, 0.009)

Year fixed effect Yes Yes Yes Yes Yes Yes

R2 0.358 0.425 0.449 0.326 0.370 0.417

Adjusted R2 0.358 0.425 0.449 0.325 0.370 0.416

The migration analysis is based on 172,000 observations, while the enplaned passenger analysis is based on 25,000 observations. Ordinary least squares regression coefficients are 
reported, followed by coefficient estimate standard error in parentheses, estimate P value and a 95% confidence interval. All variables were centered and standardized before analysis. See 
Supplementary Section 10 for an analysis of directed mobility with additional controls for labor market tightness and Supplementary Section 5.2 for analysis with a fixed effects gravity model.
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between large and small cities44,50,51. Since cities divide workers 
with different skills41 and employment opportunities influence 
urbanization30,31,38, bottlenecks to career mobility may hinder spa-
tial mobility as well. To this end, traditional models for inter-city 
mobility are improved when considering combined occupation 
embeddedness (Fig. 3 and Table 3). Comparing the labor market 
in one city to that in another—beyond simply comparing their size 
(that is, through the gravity or radiation models)—reveals addi-
tional information about intercity mobility. Our study is a step in 
this direction by demonstrating how workers’ positions in city’s 
occupation networks relate to mobility. Future work might use 
the concept of embeddedness and skill similarity to better under-
stand modern urbanization trends; for example, to better under-
stand why modern urbanization is increasingly dominated by only  
high-skill workers44.

We interpret our analysis of embeddedness, relocation and wages 
as revealing the role of skill specialization in labor dynamics when skill 
demands are in equilibrium. That is, O*NET’s occupation skill profiles 
do not change substantially between versions (that is, each occupation 
is updated every 5 years) and an occupation’s important skills in O*NET 
probably result from a balance between what workers can do and what 
employers need workers to do. Similarly, employment statistics from 
the BLS OEWS are not easily separated into the dynamics of employers 
and the dynamics of job seekers. Further, embeddedness may play a 
different role during out-of-equilibrium labor shocks. For example, 
a recent study13 found that cities’ with densely connected occupation 
networks experienced lower unemployment following the Great Reces-
sion. Future work may better describe the trade-off between embedded-
ness during normal economic periods compared to economic shocks. 
Another limitation is that O*NET does not include regional variation 
in occupations’ skill requirements. Although local employment share 
does not explain employment-weighted embeddedness (Supplemen-
tary Section 3), we cannot rule out that an occupation’s skill require-
ments may vary regionally. Further, occupation classifications may 
change over longer periods of time. Alternative data sources, including 
job postings, may offer new insights into regional skill variability within 
occupations and new understanding into how changing skill demands 
within an occupation lead to the birth of new occupations.

Methods
O*NET skills data
We quantify occupations’ skill requirements using the O*NET skills 
database. These occupation skill profiles include over 700 different 
job titles from the SOC system and details the importance of 120–230 
examples of workplace knowledge, abilities and skills (henceforth, 
‘skills’) in each year from 2012 to 2018. We use onetj,s ∈ [0, 1] to denote 

the real-valued importance of skill s ∈ S to occupation j ∈ J such that 
onetj,s = 1 identifies an essential skill and onetj,s = 0 indicates an irrel-
evant skill. Visualizations of the O*NET data for each year from 2012 
to 2018 are provided in Supplementary Section 1. O*NET skills data 
have been used to explore labor dynamics in US cities and to explain 
nationwide labor trends13,19,41,52,53.

Resume data
Resumes from BGT, FF and Revelio are probably not representative 
of the US economy on whole, but they do allow us to track individuals 
throughout their careers. Further, the three resume datasets differ in 
sampling but are not disjointed; therefore, we analyze each resume 
dataset separately in this study. Running our analysis on nationally 
representative CPS data and with resume data with a greater sample of 
high earning occupations (Supplementary Section 9) strengthens the 
robustness of our results if consistent across all data sets.

Migration and enplaned passengers
Our study used inter-city migration data from the US Census Bureau 
and the number of enplaned passengers flying between city pairs 
according to the US Bureau of Transportation Statistics. Our compre-
hensive data includes 262,754 directed migration flows and 44,749 
directed flows of enplaned passengers between pairs of US cities dur-
ing 2013 through 2018. These two data sources represent different 
types of spatial mobility: a migration is a permanent relocation, while 
flights include temporary relocations (for example, business travel). 
While employment opportunities are known to shape migration, they 
are a smaller factor in flight data. However, a large part of flight travel 
is work related. For example, 12% of enplaned passengers fly business 
class according to the US Department of Transportation. There were 
over 463 million business trips inside the USA in 2018. According to 
the Global Business Travel Association, 1.3 million business trips are 
taken in the United States every day. There is a small caveat that not all 
business class flight tickets are necessarily for business-related reasons 
and business-related trips need not be entirely dedicated to business, 
but social travel can also approximate the social connections that cre-
ate career opportunities54,55. Still, these statistics suggest that flight 
mobility between cities may too be linked to the similarities in local 
economies, albeit to a lesser extent than intercity migration. Although 
the bulk of inter-city flights, even business class flights, are not related 
to job seeking, they are related to economic activity more generally.

Tracking career mobility through the community population 
survey
The US Census Bureau and BLS produce monthly CPS data through a 
continuous survey process that produces representative samples of 
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Fig. 3 | Average combined embeddedness moderates the relationship 
between city size and intercity mobility. a,b, City pairs with greater combined 
embeddedness have greater migration of people (a) and more enplaned 
passengers (b) moving between them. Colors represent embeddedness 
quantiles, and points of the same color represent combined employment 

quantiles within the embeddedness quantile. Points are plotted according to 
the average combined employment and average total migration (a) or enplaned 
passengers (b) for city pairs. The 99% confidence intervals are provided but are 
small. See Supplementary Fig. 10 for underlying scatter plots.
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the US population. Providing high-resolution labor statistics is one 
of the primary goals of CPS, and, in particular, CPS records changes 
in occupations of survey participants over a 1.5 year period for which 
that participant is an active contributor to the survey. However, some 
studies have noted limits to CPS’s effectiveness at predicting aggre-
gate labor trends since, for example, it misses immigration56. For our 
purpose, we were interested only in participants who reported one 
occupation when they were first surveyed and reported working a 
different occupation when they were surveyed one year later. There 
are several methods for joining different time periods of the CPS 
data57, so we employed strict merging criteria including participant 
identification, gender, sex, state of residency and age to verify the 
validity of our occupation transitions. The result was a dataset of 
36,536 occupation transitions for individual US workers in between 
2012 and 2018.

Mapping occupations from FF resumes
We used a publicly available contextual embedding created using a 
DistilRoBERTa model58 pre-trained on paraphrasing data59 to map 
each FF job title to the SOC occupation used by the US Department of 
Labor with the largest cosine similarity in the contextual embedding. 
We used a word embedding model instead of simpler methods (for 
example, fuzzy string matching) because the model includes semantic 
information that string matching misses (for example, ‘civil engineer’ 
and ‘mechanical engineer’ both contain ‘engineer’ but are very different 
occupations in actuality) and because the model is trained on a diverse 
set of data (for example, all of English language Wikipedia), which we 
expect is semantically diverse enough to capture the diversity among 
US occupations.

Aggregations of workplace skills
While the present study argues for the value of granular work-
place skills for studying worker mobility, several existing stud-
ies instead utilize broad aggregations of skills (for example, 
cognitive versus physical skills) to study labor. These simplifications 
are necessary for tractable analytical work, but this has the poten-
tial to stymie empirical forecasting of worker flows between occu-
pations. Therefore, our analysis of worker flows (Fig. 1) compares a 
model using the granular O*NET taxonomy of skills to alternative 
baseline models using expertly derived aggregations of skills. We 
measure an occupations reliance on an aggregated skill category C  
according to

reliancej,C = ∑
s∈C

onetj,s. (6)

Definitions for routine or nonroutine and cognitive or physical O*NET 
variables are provided in Supplementary Section 2. Similar to our 
granular skills model discussed in the main text, we use Jaccard similar-
ity to measure the skill similarity between occupation pairs based on 
occupations’ reliance on the aggregated skill categories.

Reporting summary
Further information on research design is available in the Nature  
Portfolio Reporting Summary linked to this article.

Data availability
This study uses several publicly available datasets from federal govern-
ment sources. The O*NET database https://www.dol.gov/agencies/eta/
onet and Occupation Employment and Wage Statistics https://www.
bls.gov/oes/ are available for download from the US BLS website. The 
Current Population Survey and intercity migration data are available 
for download from the US Census Bureau website https://www.census.
gov/topics/population/migration/data/tables/cps.html. Domestic 
Enplaned Passengers data are available for download through the 

US Bureau of Transportation Statistics https://www.bts.gov/browse-
statistical-products-and-data/bts-publications. This study also uses 
three proprietary third-party resume datasets provided by Burning 
Glass Technologies Inc., FutureFit AI and Revelio Labs. We cannot 
make this proprietary data immediately available because of risks 
to individuals’ privacy. Access to these data is available through the 
third-party data vendors.

Code availability
Code used to produce figures and tables in this article is available at 
https://bit.ly/3BiZoOT.
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