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Unpacking the polarization of workplace skills
Ahmad Alabdulkareem1,2*, Morgan R. Frank3*, Lijun Sun4, Bedoor AlShebli5,
César Hidalgo3, Iyad Rahwan1,3†

Economic inequality is one of the biggest challenges facing society today. Inequality has been recently exacerbated by
growth in high- and low-wageoccupations at the expenseofmiddle-wageoccupations, leading to a “hollowing”of the
middle class. Yet, our understanding of how workplace skills drive this process is limited. Specifically, how do skill
requirements distinguish high- and low-wage occupations, and does this distinction constrain the mobility of indivi-
duals and urban labor markets? Using unsupervised clustering techniques from network science, we show that skills
exhibit a striking polarization into two clusters that highlight the specific social-cognitive skills and sensory-physical
skills of high- and low-wage occupations, respectively. The connections between skills explain various dynamics: how
workers transition between occupations, how cities acquire comparative advantage in new skills, and how individual
occupations change their skill requirements. We also show that the polarized skill topology constrains the career mo-
bility of individual workers, with low-skill workers “stuck” relying on the low-wage skill set. Together, these results
provide a new explanation for the persistence of occupational polarization and inform strategies to mitigate the neg-
ative effects of automation andoffshoringof employment. In addition to our analysis, weprovide anonline tool for the
public and policy makers to explore the skill network: skillscape.mit.edu.
ded

 on N

ovem
ber 19, 2018

http://advances.sciencem
ag.org/

 from
 

INTRODUCTION
Economic inequality is on the rise, making it one of the central chal-
lenges facing U.S. policy makers today (1). For example, absolute in-
come mobility—the fraction of children who earn more than their
parents—has fallen markedly in the United States, from 90% for chil-
dren born in 1940 to 50% for children born in 1980 (2). Some declared
that the diminishing opportunity for prosperity and success marks the
fading of the “American dream” (3, 4), an ideal that is intimately asso-
ciated with the U.S. national identity and ethos.

In contemporary political debate, one of the main culprits behind
economic inequality has been the lack of “good jobs.” Both nationally
and in a majority of U.S. metropolitan areas (5), economists have iden-
tified occupational polarization: an increasing proportion of high- and
low-wage employment, accompanied by a relative decrease in employ-
ment share in middle-wage occupations (6–8). The result is a “hollow-
ing” of the middle class. Mechanisms driving this trend include the
offshoring of work (9), something that has triggered recent shifts in in-
ternational trade policy. Another mechanism is the automation of rou-
tinework, something that has sparkedmajor concerns about the impact
of automation on the future of work (10–12).

However, while mechanisms like offshoring and automation ulti-
mately affect people’s jobs, they do not typically operate at the level of
occupations. Rather, they alter the demand for specific workplace skills,
tasks, knowledge, and abilities (hereafter referred to as “skills”). If indi-
vidual workers—or even entire cities—are unable to appropriately adapt
their own skills, then their ability to compete in the national and global
labor market may be diminished.

Despite the important role of skills in occupational polarization,
existing studies have explained the hollowing of the middle class in
terms of annual wages (13) and broad, subjectively defined occupational
categories, such as “cognitive” versus “physical” or “routine” versus “non-
routine” (6). For example, suppose we use wage as a proxy for skill—that
is, high-wage occupations are considered high-skilled occupations, etc.
Then, if we find that growth in employment in middle-wage occupa-
tions is slower than that in low- and high-wage occupations, we may
conclude that the demand for high and low skills is driving economic
inequality. But this coarse-grained distinction may miss important re-
lationships between skills that affect how workers adapt. This motivates
the first set of questions we wish to explore in this study:

Q1. Can we recover occupational polarization, at the finer-grained
level of underlying skills, using an objective (unsupervised) data-driven
clustering? How many distinct clusters, if any, does this skill structure
contain? And does the skill structure exhibit smooth or abrupt tran-
sition between skill clusters?

To answer these questions, we apply data-driven methods to map
skill complementarity as a network. We then use techniques from net-
work science to identify distinct clusters of skills. Since we use an un-
supervisedmethodology, we demonstrate the usefulness of the resulting
skill network by relating its structure to important real-world labor dy-
namics. Workers leverage skill complementarity between their existing
skills tomake career changes (14). Similarly, cities leverage complemen-
tarity between industries to optimize productivity and increase their
competitiveness in a global economy (15–18).We find that the structure
of skill complementarity explains many stylized observations about oc-
cupational polarization and the hollowing of the middle class.

Havingmapped the structure of skills and identified aggregate struc-
ture, the next obvious question to ask is, “Does the granular structure
matter?” Studies have identified the aggregate effects of skill comple-
mentarity on labor dynamics, such as the redefinition of skills compris-
ing each occupation (12). We unpack the role of skill complementarity
in labor dynamics by exploring the following additional questions:

Q2. Can the skill topology predict changes in the latent skills of dif-
ferent urban labor markets (cities)? That is, given the skills used effec-
tively in a given city at time t, can the network structure help us predict
which new skills will become competitive in that city at time t + 1?

Q3. Can the skill topology help us predict changes in the skill re-
quirements of a given job—that is, how the job’s requirements change
over time?
1 of 9
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Q4. Can the skill topology help us predict changes in the skills of
individual workers as they transition from one job to another?

Having shown that skill polarization exists and affects some key
dynamics, we ask:

Q5. Is the mobility of individual workers between skill sets (as they
change jobs) consistent with the polarized structure of skills?

Our analysis suggests that the answer is “yes.” We provide three
types of evidence: (i) Workers tend to transition between occupations
relying on the same skill set; (ii) workers are unable to switch away from
occupations relying equally on cognitive and physical labor; and (iii)
this constraining effect is reflected in the national employment statistics.

In the next section, we describe our methodology in detail. We then
present our analysis and discuss its implications and potential weak-
nesses before concluding the paper.
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MATERIALS AND METHODS
The O*NET program by the U.S. Department of Labor annually
produces the publicly available O*NET database detailing the impor-
tance of 161 workplace skills, knowledge, and abilities for the comple-
tion of each of the 672 occupations recognized under the Standard
Occupational Classification (SOC) System. The O*NET database is up-
dated regularly, allowing for annual snapshots of the relationships be-
tween occupations and skills through continual survey of workers from
each occupation. We used annual O*NET data from the years 2010
through 2015. We denoted the importance of skill s ∈ S to occupation
j ∈ J using onet(j, s) ∈ [0, 1], where onet(j, s) = 1 indicates that s is es-
sential to j, while onet(j, s) = 0 indicates that workers of occupation j
need not possess or perform s.

The Bureau of Labor Statistics (BLS) annually produces publicly
available data detailing the distribution of SOC occupations in each
U.S. metropolitan statistical area (MSA). MSAs represent an entire
urban system, including areas with large proportions of commuters
employed in the city proper.We interchangeably used the terms “MSA”
and “city.” Along with the numbers of workers of each occupation, the
BLS provides additional details about the annual salary of each occupa-
tion in each city.

The U.S. Census Bureau and the BLS produce a monthly Current
Population Survey (CPS) through a continuous survey process that
produces representative samples of the U.S. population. Providing
high-resolution labor statistics is one of the primary goals of CPS; in
particular, CPS records changes in occupations of survey participants
over the 1.5-year period for which that participant is an active contrib-
utor to the survey. For our purpose, we are interested only in partici-
pants who reported one occupation when they were first surveyed in
2014 and reported working a different occupation when they were
surveyed 1 year later in 2015. There are several methods for joining dif-
ferent time periods of the CPS data (19), so we used a strict merging
criteria, including participant ID, gender, sex, state of residency, and
age to verify the validity of our occupational transitions. The result
was a data set of 5400 occupational transitions for individual U.S. workers
from 2014 to 2015.
RESULTS
Mapping skill complementarity
Typically, occupations are the units of interest in labor dynamics. How-
ever, in other situations, occupations are broken down even further be-
cause the labor requirements that define an occupation are reflected in
Alabdulkareem et al., Sci. Adv. 2018;4 : eaao6030 18 July 2018
the skills possessed by workers of that occupation (see Fig. 1A). These
skill requirements represent key features that uniquely identify occupa-
tions, and so, we seek a data-driven methodology that maximizes the
information about each occupation while minimizing the potential bias
that can accompany investigations through ad hoc skill aggregations.
However, raw O*NET data do not control for ubiquitous skills, such
as “Identifying Objects” and “Communicating with Supervisors and
Peers” (see fig. S1). Therefore, we focus on skills that are overexpressed
in an occupation by calculating the revealed comparative advantage
(RCA) (20–22) of each skill in an occupation according to

rcaðj; sÞ ¼
onetð j; sÞ=∑

s′∈S
onetð j; s′Þ

∑
j′∈J

onetð j′; sÞ= ∑
j′∈J;s′∈S

onetð j′; s′Þ ð1Þ

RCA (also known as “location quotient”) has been used in a variety of
applications, including identifying the key industries in cities (23–25),
key exports of nations (20, 26), and key features in the labor distribu-
tions of industries (27). Similarly, occupations are distinguishable from
each other according to their “effective use” of skills; we denote effective
use of skills using e(j, s) = 1 if rca(j, s) > 1, and e(j, s) = 0 otherwise. Here,
RCA normalization compares the relative importance of a skill to an
occupation (that is, the numerator in Eq. 1) to the expected relative im-
portance of a skill on aggregate (that is, the denominator); rca( j, s) > 1 in-
dicates that occupation j relies on skill smore than expected on aggregate.
Skill complementarity (denoted q) (14, 17) is then the minimum of the
conditional probabilities of a pair of skills being effectively used by the
same occupation

qðs; s′Þ ¼
∑
j∈J
eð j; sÞ⋅eð j; s′Þ

max ∑
j∈J
eð j; sÞ;∑

j∈J
eð j; s′Þ

� � ð2Þ

The distribution of complementarity values is provided in Fig. 1B.
This methodology identifies skill pairs that co-occur across occupations
and represent key occupational features. Co-occurrence captures how a
pair of skills supports each other, either by boosting the productivity of a
worker who possesses both skills or by the ease of simultaneously ac-
quiring both skills. Our definition of complementarity is agnostic to the
exact source of the complementarity. We call the resulting network of
skill complementarity the “Skillscape” (see Fig. 1C and also section S1
for visualizations of this methodology and a visualization of the Skill-
scape as a skill-to-skill complementarity matrix).

Ideally, the aggregate structure in the skill network should corre-
spond to meaningful labor dynamics. For example, node communities
in the skill network represent clusters of complementary skills that de-
fine important types of labor. To this end, we identify skill types using
the Louvain community detection (28). This method greedily identifies
node communities by comparing the density of connections within a
community to the density of connections between communities. This
method requires no assumptions about the number of communities to
be found. This community detection method has been widely used in a
variety of fields, including neuroscience (29, 30), transportation research
(31), social science (32), business/management research (33), climatol-
ogy (34), and cybersecurity (35).
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Identifying skill polarization from the bottom-up
Existing studies have explained the hollowing of the middle class in
terms of annual wages (13) and broad, subjectively defined occupational
categories, such as cognitive versus physical or routine versus nonrou-
tine (6). For example, it has been shown that some decades are marked
by a relative increase in the share of employment in high- and low-wage
jobs at the expense of workers in middle-wage jobs. While these results
identify the outcome of labor polarization, they do not relate this polar-
ization to the underlying topology of skills. The limitations discussed
above have led researchers to call for new high-resolution models that
more accurately account for raw workplace tasks and skills (8).

On aggregate, our cluster analysis reveals that the skill network is
highly polarized into a sociocognitive cluster of skills and a sensory-
physical cluster (see Fig. 1C). This polarization is not an artifact of
the methods we used (see Fig. 1B) and is significantly different from
comparisons to a null model (see section S4). This divide between tra-
ditionally “technical” and “nontechnical” skills largely supports previ-
ous findings characterizing the U.S. occupational polarization. For
example, let SocioCog denote the set of sociocognitive skills according
to the community detection algorithm (see Fig. 2A). We measure the
cognitive skill fraction of job j according to

cognitivej ¼
∑

s∈SocioCog
onetð j; sÞ

∑
s∈S
onetð j; sÞ ð3Þ
Alabdulkareem et al., Sci. Adv. 2018;4 : eaao6030 18 July 2018
Jobs with higher cognitivej tend to yield higher annual wages (see
Fig. 2B; Pearson correlation r = 0.42, P < 10−26). This result demon-
strates the direct link between the skill polarization we have identified
and the occupational polarization, which is characterized by growing
employment share for high- and low-wage occupations (13).

Comparison with top-down categorization
Onemight wonder whether our approach to skill polarization captures
factors beyond those well known in the literature. Previous work has
leveraged ad hoc distinctions between occupations based on their reli-
ance on routine versus nonroutine skills to study occupational polariza-
tion (8, 36). Does our approach to skill polarization add further
predictive power?

In agreement with the existing work, our investigation of skills
should incorporate known worker-related variables, such as education.
Education level is a key factor in determining wages (13, 37) as educa-
tional institutions act as a social “sorting machine” (37) when students
begin their careers. The skill polarization we observe respects the edu-
cational requirements of occupations. If we correlate onet(j, s) and the
average degree requirement for each occupation, we find that skills in
the sociocognitive cluster indicate higher education requirements across
occupations. Conversely, occupationswithmore lenient degree require-
ments tend to rely on sensory-physical skills (see Fig. 2D).

Although the aggregate polarization of skills captures known
features that determine worker wages, it remains to show the added
predictive power gained from the granularity of our model. In particular,
A 
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Fig. 1. Constructing the Skillscape. (A) An occupation is identified through the skills of workers of that occupation. The bipartite network connecting occupations to
required skills is a result of an underlying tripartite network containing workers as a conduit between occupations and skills. Relationships between skills are determined from
their co-occuring importance across occupations. (B) Unlike previous applications of RCA (insets), the Skillscape contains a bimodal distribution of pairwise skill
complementarity. (C) The Skillscape thresholded according to a minimum skill similarity (that is, q > 0.6) visibly reveals two communities of complementary skills and respects
expertly derived O*NET categories (colors). Node sizes reflect the total skill similarity shared between that skill and all other skills.
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Fig. 2. The polarized Skillscape explains occupational wage polarization and economic well-being of urban workforces. (A) Community detection on the complete
Skillscape network (that is, no minimum q) reveals two communities of complementary skills: sociocognitive skills (blue) and sensory-physical skills (red). The displayed
network is filtered (q > 0.6) for visualization purposes. (B) Occupations relying on sociocognitive skills tend to make higher annual salaries. (C) Larger cities rely more
strongly on sociocognitive skills (inset), yielding higher median household income by comparison to smaller cities. In (B) and (C), example occupations (cities), along with their
annual wages (median household income), are projected onto the Skillscape using black nodes for effectively used skills. (D) The skill network colored by correlation between
onet(j, s) and the average educational degree requirement across occupations.
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do the existing ad hoc distinction between routine versus nonroutine
skills, and the level of education, completely explain the differences in
wages? Or does the polarized structure of the skill network we have
identified play an independent role? We investigate this question by
comparing different regression models in Fig. 3.

In model 1, we consider the relative importance of routine labor by
combining the O*NET data with the routine O*NET variables defined
in (38) [that is, ∑s∈R onet(j, s)/∑sDS onet(j, s), whereR are routine O*NET
variables,R2 = 0.12].Model 2 demonstrates the superior performance of
cognitivej (R

2 = 0.15). In addition, we consider the total skill content
required by each occupation [that is, ∑sDS onet(j, s)] in model 3 (R2 =
0.30). Models 4 to 6 demonstrate that total skill content and cognitive
skill fraction outperform models using the variable for routine labor
(model 6 has R2 = 0.46) and that total skill content is largely orthogonal
to reliance on cognitive skills. In model 5, we consider variables for
each occupation’s total employment whose highest educational at-
tainment was a high a school diploma, a bachelor’s degree, etc.
Modeling with these educational variables alone performs worse than
using cognitivej (R

2 = 0.12). Finally, model 8 demonstrates the im-
proved performance from including the variable for routine labor and
total skill content (R2 = 0.42), but maximum performance is achieved
when including cognitivej as well (model 9 has R2 = 0.49). We provide
out-of-sample testing to demonstrate the robustness of our models’
performance; we find that the inclusion of skill-related variables in
models 8 and 9 reduces the variance in model performance. In ad-
dition, the SE and statistical significance of coefficient estimates are re-
ported in the regression table.

In summary,we find that cognitive skill fraction (cognitivej) explains
the annual wages of occupations better thanmodels using routine labor
or educational variables alone. Additional regression analyses detailing
occupation wages and the median household income of cities are
provided in section S6.

Skills of urban workforces
We combine the O*NET database with employment distributions in
U.S. cities according to the BLS to approximate the importance of each
workplace skill to each urban workforce. Denoting the number of
workers in city c with occupation j using bls(c, j), we combine the
two data sets according to

CSðc; sÞ ¼ ∑
j∈J
blsðc; jÞ⋅ onetðj; sÞ ð4Þ

where CS(c, s) denotes city c’s reliance on workplace skill s (see sec-
tion S5). As with the raw O*NET data, certain jobs and certain skills
are ubiquitous across many cities.We again apply RCA on CS(c, s) to
calculate rca(c, s) (as in Eq. 1) and identify which skills are effectively
used in each city. Similar to occupations, rca(c, s) > 1 indicates the ef-
fective use of s in c. Additional explanatory visualizations are shown in
section S5.



SC I ENCE ADVANCES | R E S EARCH ART I C L E

 on N
ovem

ber 19, 2018
http://advances.sciencem

ag.org/
D

ow
nloaded from

 

future work might use older sources for skills data, such as the
Dictionary of Occupational Titles, in combination with our meth-
odology to examine the larger temporal dynamics of skill polariza-
tion and their consequences on labor.

While our methods provide more texture to changing labor de-
mands, they have some limitations. First, while the O*NET database
facilitates the improved resolution of our model, the taxonomy of
O*NET skillsmay not capture the real-time dynamics of skill categories.
For example, consider that a job listing for a software developer in the
1990s may only require “programming” skill, while modern listings
might require specific types of programming skill, including proficiency
in Hadoop, Java, or Python as examples. The O*NET database may
miss this change in skill specificity until the taxonomy of skill categories
is explicitly updated. External data sources, such as LinkedIn, provide
user-defined skills that may allow the future study of skill category
dynamics—although these data suffer from being non-representative.

Second, our analysis provides evidence that cities, occupations, and
individual workers leverage the complementarity between skills to nav-
igate changing labor demands and to facilitate career mobility. While
our methods provide a data-driven view of the structure underlying
these dynamics, they do not account for generalmarket equilibrium dy-
namics that accompany changing skill demands, and our results dem-
onstrate the need for refined theoretical work that incorporates the
granularity of specific workplace tasks and skills. For example, how
Alabdulkareem et al., Sci. Adv. 2018;4 : eaao6030 18 July 2018
would the advent of new technology that performs a specific workplace
skill change the skill network? And how does the relative cost of capital
equipment play into decisions to retrain workers or purchase software
or hardware? Answering these types of questions requires knowledge of
other mechanisms, such as demand elasticity or capital availability, in
addition to knowledge about the skill’s location in the skill network.
Nevertheless, we hope that our framework inspires further investigation
into how skill structure dynamics interact with economic equilibrium
dynamics studied in traditional models.
SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/4/7/eaao6030/DC1
Section S1. Exploring occupations and their constituent skills
Section S2. Skill complementarity propensities and clusters
Section S3. How educational requirements relate to skill requirements for occupations
Section S4. Validating skill polarization
Section S5. Projecting urban workforces onto the Skillscape
Section S6. Predicting economic well-being with sociocognitive skills
Section S7. Using Skillscape proximity to predict labor dynamics
Fig. S1. Transforming raw O*NET data with RCA.
Fig. S2. Distribution of aggregate skill importance by summing the raw O*NET values of each
occupation.
Fig. S3. Projecting occupational skill requirements onto the polarized skill network.labelsep.
Fig. S4. A comparison of the raw O*NET data (left column) and the resulting Skillscape matrix
(right column) for 2010, 2013, and 2015.
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Fig. 5. The polarized skill network constrains worker mobility. Binning by the cognitivej of the worker’s occupation in 2014 reveals the (A) expected cognitive
change and the (B) expected magnitude of cognitive change when workers change occupations. Random occupation selection is considered as a null model (gray). SE
bars are provided but are small. Actual occupational transitions are provided as examples in (A). (C) The national distribution of employment by cognitivej with the
distribution of individual occupations as an inset. (D) The average complementarity strength that skills possess in each skill category; this measure corresponds to
worker mobility because skill proximity is indicative of skill acquisition.
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Fig. S5. The Skillscape network respects skill categorization from the experts.
Fig. S6. Complementarity scores for every individual skill (node in the network).
Fig. S7. The skill requirements of an occupation indicate the education required.
Fig. S8. Testing the significance of Skillscape polarization.
Fig. S9. Identifying the skill sets of urban workforces.
Fig. S10. Example cities projected onto the Skillscape according to the effective use of skills.
Fig. S11. Distribution of expected annual wages across occupations.
Fig. S12. Out-of-sample testing of model performance from Table 3.
Fig. S13. Out-of-sample testing of model performance from Table 4.
Fig. S14. Out-of-sample testing of model performance from Table 5.
Fig. S15. Out-of-sample testing of model performance from Table 6.
Fig. S16. A cartoon example of Area Under the Receiver Operating Characteristic curve
(AUROC) calculation.
Fig. S17. Worker mobility and occupation redefinition are constrained by skill complementarity
and polarization.
Fig. S18. Predicting changes in cognitive skill fraction of individual workers binning transitions
by the magnitude of change.
Fig. S19. Predicting changes in cognitive skill fraction of individual workers binning transitions
by their starting cognitive skill fraction.
Fig. S20. Predicting changes to the cognitive skill fraction of occupations.
Fig. S21. Predicting the effectively used skills of cities over time.
Fig. S22. Workers exhibit greater career mobility when leveraging exclusively sociocognitive or
sensory-physical skills.
Fig. S23. Effects of randomly selecting cognitive skills as a null model alternative to Louvain
community detection.
Fig. S24. Distribution of national employment and individual occupations as an inset, after
binning by cognitivej.
Fig. S25. Distribution of national employment in 2015 and individual occupations as an inset,
after binning by cognitivej while varying the number of bins.
Fig. S26. Binning employment according to cognitive skill fraction reveals a trimodal
distribution across cities of all sizes.
Fig. S27. Skill proximity predicts skill acquisition for individual workers transitioning between
occupations, for the skill requirements of occupations, and for labor markets of cities.
Table S1. Skills comprising each skill community on the Skillscape.
Table S2. Descriptions of each occupation type indicator variable used in regression models.
Table S3. Linear regression using standardized cognitivej for each occupation and occupation
type indicator variables.
Table S4. Linear regression using cognitivej and employment in each occupation with a
bachelor’s degree (denoted B.D. Employment) and without a bachelor’s degree (denoted No
B.D. Employment).
Table S5. Linear regression using standardized cognitivec for each city and employment in that
city of each occupation type.
Table S6. Linear regression using cognitivec and education variables.
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