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Abstract: Skills are considered a key determinant of workers’ labor market opportunities, especially
in times of rapid technological change. However, existing research rarely conceptualizes and mea-
sures skills in their own right, instead relying on occupations as a proxy. How does this limit our
understanding of the labor market structure and of wage inequality? In this article, we leverage a
unique dataset of millions of online job postings in the United Kingdom to measure the skill profiles
of jobs and analyze their similarity within and between occupational categories. Our data-driven
approach reveals substantial discrepancies between occupational classifications and the actual
skill content of jobs. We further demonstrate that job-level variation in skill content constitutes
an independent source of wage inequality—one that is obscured by analyses at the occupational
level. These findings challenge the conventional view of occupations as coherent bundles of skills,
offering new avenues for analyzing labor market stratification.
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IN the context of rapid technological change, the notion of skill has gained renewed
prominence in public and policy debates. A widely accepted view holds that

workers’ vulnerability to job displacement and labor market precarity is shaped
primarily by the nature of their skills and the tasks they are able to carry out
on the job (Autor, Levy, and Murnane 2003; Acemoglu and Autor 2011). For
example, workers who cannot meet the growing demand for analytical, complex,
and non-routine tasks are expected to face diminishing career opportunities and
wage penalties (e.g., Autor and Handel 2013; Hanushek et al. 2017; Haslberger 2021).
This understanding has motivated the expansion of skill-oriented policies aimed at
better equipping present and future workers with the skills deemed necessary in an
evolving labor market (OECD 2019, 2024).

Paradoxically, despite their alleged growing importance, the ways in which
sociologists and economists conceptualize and measure skills have remained rela-
tively crude (Liu and Grusky 2013). Conceptually, skills or tasks1 are often reduced
to a small set of independent dimensions (e.g., Deming 2017; Buchmann, Buchs,
and Gnehm 2020; Haslberger 2021), overlooking the possibility that technological
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change affects not only the prevalence of particular skills but also the ways workers
must combine them. Such a narrow view of workers’ skills stands in tension with a
growing body of research showing that employers increasingly require workers to
have broad, diverse, and complementary skill sets (Anderson 2017; Stephany and
Teutloff 2024; Liu et al. 2025). Yet, it is still unclear to what extent more comprehen-
sive conceptualizations of skills would enhance our understanding of labor market
inequality.

The conceptual crudeness of “skill” is mirrored methodologically. In most stud-
ies, skills are measured using occupational classifications, which are designed to
group jobs that perform similar types of work (see, e.g., International Labour Office
2012). Economists typically operationalize skill or task dimensions at the occupa-
tional level based on expert coding, such as the O*NET expert-based database (e.g.,
Goos, Manning, and Salomons 2014; Deming 2017; Autor and Thompson 2025).
Although less prevalent, stratification sociologists tend to use a similar strategy
(e.g., Liu and Grusky 2013; Lin and Hung 2022; Mouw, Kalleberg, and Schultz
2024). Other studies, implicitly or explicitly, rely on occupations as an empirical
proxy for skills rather than measuring them directly. For example, stratification
scholars explain part of the wage inequality across occupations by differences in
occupational skill requirements (e.g., Mouw and Kalleberg 2010; Williams 2013;
Janietz and Bol 2020). Similarly, research on career mobility emphasizes that the
ability of workers to change occupations over the course of their careers depends
heavily on the (lack of) transferability of their skills across occupations (e.g., Sacchi,
Kriesi, and Buchmann 2016; Kalleberg and Mouw 2018). Overall, when it comes to
operationalization, skills are thus predominantly measured through or inferred from
occupational categories, rather than observed directly.

We argue that while skills have become increasingly important in public and
policy debates, in our scholarship, we may lack the conceptual and methodological
tools to capture their full effects. Currently, the influence of skills is conflated
with that of occupations, reflecting the implicit assumption that occupations can
be treated as bundles of skills—that is, that workers within the same occupation
share a characteristic set of skills that explains their labor market outcomes. In
this article, we develop a direct and comprehensive measure of skills to examine
this assumption, pursuing two main goals. First, we analyze whether a more
detailed and realistic operationalization of skills adds descriptive value beyond
what occupations capture, by mapping job skills across the occupational spectrum.
Second, we assess whether this operationalization has explanatory value: to what
extent do the skills required on the job predict wages independently of occupation?

We are not the first to challenge the idea that occupations can be treated as bun-
dles of skills. First, there has long been evidence that workers transfer a substantial
part of their skills portfolios when changing occupations (Poletaev and Robinson
2008; Gathmann and Schönberg 2010; Cheng and Park 2020), suggesting overlaps
in the skills required across different occupations. Second, the content of jobs has
been shown to vary widely within occupations (Yamaguchi 2012), even when using
detailed occupational categories (Autor and Handel 2013; Cassidy 2017; Freeman,
Ganguli, and Handel 2020; Martin-Caughey 2021).
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What remains unclear is the extent to which these discrepancies between occupa-
tions and skills matter for our understanding of labor market inequality. Does skill
heterogeneity within occupations hide unexplored forms of stratification, or does it
mainly capture irrelevant, idiosyncratic differences between jobs? Although not a
new question (e.g., Jackson 2007; Autor and Handel 2013), recent research using
job-level data and computational methods shed new light on within-occupation
heterogeneity (Marinescu and Wolthoff 2020; Martin-Caughey 2021). In particular,
Martin-Caughey (2021) shows that heterogeneity in job content is associated with
wage inequality patterns that are obscured at the occupation level. This raises the
question of whether additional patterns emerge when the skill content of a job is
explicitly modeled.

If the skill content of jobs shapes workers’ labor market outcomes beyond what
is captured by occupational categories, this would have implications not only for
how we measure skills but also for how we conceptualize the role of occupations.
Indeed, occupations are a central unit for understanding social inequality more
broadly (Blau and Duncan 1967; Parkin 1971; Weber 1979). They have been shown
to underlie various forms of inequality, such as social closure (Weeden 2002), un-
equal positions in status hierarchies (Treiman 1977; Ganzeboom, De Graaf, and
Treiman 1992), class divisions (Goldthorpe 2002), or differences in work precarity
(Kalleberg 2009). For many sociologists, occupations are therefore much more than
mere bundles of skills—even if it remains difficult to specify precisely what this
“more” entails (Williams 2013; Haupt and Ebner 2020; Leicht 2020). By measuring
skills and occupations independently, this article makes it possible to assess the
extent to which the explanatory power of occupations can be attributed to their
underlying skill composition or other mechanisms posited by sociologists. Until
recently, a direct and granular operationalization was difficult to achieve because of
scarce detailed job-level skill data and the lack of methods capable of capturing the
multidimensionality of skills in a parsimonious way.

In particular, previous studies measuring the task or skill content of jobs have
faced at least three challenges, which we address in this article. First, existing
data provide limited leverage to analyze variation in skill content within and
between occupations. Expert-informed sources, such as the O*NET, assumes within-
occupation homogeneity of skills, while employee surveys typically provide only
very generic skill information. To overcome these limitations, we rely on real
job postings, where employers define the skill requirements and wages for the
jobs they are hiring for. Besides providing rich job-level information, analyzing
the relationship between skills and wages from the employer’s perspective is
conceptually meaningful: as Jackson (2007:370) and Bills, Di Stasio, and Gërxhani
(2017:292) argue, the demand side may be a more fundamental determinant of
inequality than the supply side, as employers ultimately decide which workers’
skills are rewarded in the labor market.

Second, rather than using preconceived categories of skills that may not reflect
the rapidly evolving skill structure of the labor market, our approach, based on
natural language processing, allows us to derive data-driven, job-level measures
of skills while maintaining interpretability. Third, previous research on skills has
tended to focus on narrow sets of skills and to analyze them in isolation, in contrast
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to the idea that skills are “coherently bundled into jobs” (Fernández-Macías and
Bisello 2020:6). We develop the notion of skill profiles to reflect the combination of
skills required on the job, and draw on granular data from millions of job postings
to identify them.

More specifically, we draw on a unique dataset of online job postings collected
in 2019 by Lightcast, a labor market analytics company (formerly known as Burning
Glass Technologies). The data cover the near universe of job ads published online
that year and contain highly detailed information about the set of skill requirements
listed by employers. The context for our study is the United Kingdom, a country
where occupational wage inequality is large (Bol and Weeden 2015) and has in-
creased in recent decades (Williams 2013). The United Kingdom has a relatively
deregulated labor market (Hall and Soskice 2001b) and a generalist educational
system, which is only loosely linked to the labor market. As a result, many jobs do
not require specific educational degrees or qualifications (Bol and Weeden 2015),
and employers often need to list skills explicitly rather than relying on assumed
qualifications (e.g., boiler repair for plumbers).2 The United Kingdom thus provides
an especially suitable context for examining how occupational wage differences
relate to skill similarity using job postings data.

Using 6.9 million job postings and a topic modeling approach, we generate skill
profiles for a representative sample of 600,000 jobs in the United Kingdom. We
find that jobs require much more diverse skill profiles than is usually assumed,
highlighting the need to account for both the multidimensionality of skills and their
interdependence at the job level. Moreover, we find that most of the skill similarity
across jobs occurs between rather than within occupational boundaries, challenging
the common conceptual and empirical conflation between occupations and skills.
We also show that skill content measured at the job-level matters: our comprehen-
sive measure of skill profiles is an important predictor of the wage offered in job
postings, complementing rather than supplanting the effect of occupations. These
findings open new avenues for understanding the nature of occupations and the
distinct role that skills play in shaping labor market inequality, which we discuss in
the final section.

Background

What is an occupation?

Occupations have long been central to sociological research on inequality. Since
the discipline’s inception (Durkheim 1893; Weber 1979), scholars have studied the
types of work that people perform and their implications for social stratification.
This interest coincided with those of governments, which began systematically
measuring and categorizing jobs at the end of the nineteenth century (Leicht 2020).

Occupations are typically defined as sets of jobs requiring similar skills (Hauser
and Warren 1997:180), where skills refer to the ability to carry out the tasks and
duties of a given job. The most widely used occupational classification, the In-
ternational Standard Classification of Occupations (ISCO), is based on both the
type of work performed by workers and the skill level of the job, which reflects
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the complexity and range of the tasks involved (International Labour Office 2012).
National occupational classifications often follow this line of reasoning (see, e.g.,
Office for National Statistics 2010:2).

Occupations are thus explicitly defined as bundles of skills used on the job.
This approach dominates in economics, where occupations serve as proxies for
job task content (e.g., Autor et al. 2003) or for task-specific human capital (e.g.,
Gathmann and Schönberg 2010). In sociology, by contrast, occupations are often
conceptualized more broadly—as status groupings, social classes, or institutional
units—depending on the theoretical tradition (Haupt and Ebner 2020). Across these
traditions, occupations play a central role in structuring wage inequality (Mouw
and Kalleberg 2010; Williams 2013; Janietz and Bol 2020) and intragenerational
mobility (Lin and Hung 2022).

However, the precise mechanisms linking occupations and inequality are often
left implicit, with occupations functioning as “a placeholder for complex social
processes” (Haupt and Ebner 2020:21). This ambiguity reflects a broader lack of
conceptual clarity about what an occupation actually entails. With a few rare
exceptions (Sakamoto and Wang 2020; Kim, Kim, and Ban 2020; Martin-Caughey
2021), scholars have taken the definition and measures of occupational categories for
granted, without trying to “pin down what exactly occupations proxy” (Williams
2013:853).

This ambiguity is often resolved implicitly by treating occupations as expres-
sions of a natural or objective ordering of skills. However, as Braverman (1998)
notes, “classifications of workers (...) are neither ‘natural’ nor self-evident” (p. 296).
Historically, assessments of job skill levels were derived from normative conceptions
rather than empirical investigation (Braverman 1998:297). As early as the 1950s,
Caplow (1954) showed that occupational rankings often reflect cultural norms, such
as the superiority of white-collar over manual work, rather than actual skill require-
ments (p. 45). This implicit hierarchy between occupations remains influential
today, with professional occupations generally seen as requiring the most skill and
elementary occupations the least.

Given these conceptual ambiguities and the increasing availability of rich job-
level skill data, it is timely to open the black box of occupations and measure the
skill content of jobs directly (Martin-Caughey 2021). Doing so allows researchers to
assess whether occupations primarily reflect skill bundles or broader institutional
and status mechanisms. However, this requires conceptualizing and measuring
skills separately from occupations, capturing their multidimensional and interde-
pendent nature, to explore the extent to which they may play a distinct role in
generating inequality.

From skills to skill profiles

Despite growing attention to changes in the skills and task composition of jobs, the
nature of skills themselves remains largely opaque. There is little discussion—and
even less consensus—about which skills matter most for workers’ labor market out-
comes. Since the seminal work of Autor et al. (2003), research has overwhelmingly
relied on crude dichotomies, such as routine/non-routine or abstract/manual tasks
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(for recent examples in sociology, see Rohrbach-Schmidt 2019; Schulz, Solga, and
Pollak 2023). A smaller body of literature has employed more detailed skill classifi-
cations (e.g., Liu and Grusky 2013; Cheng and Park 2020) or examined additional
job characteristics, such as task complexity (Caines, Hoffmann, and Kambourov
2017) or social skills (Deming 2017). Yet these approaches share an underlying
assumption: that the skill composition of jobs can be captured by one or a few inde-
pendent dimensions, abstracted from the way skills are combined and embedded
within jobs.

Although Liu and Grusky (2013) already noted this, recent studies have per-
sisted in treating specific skill types as independent factors, ignoring that their
meaning and relevance depend on the other skills required for the job. For example,
problem-solving denotes different competencies for a welder than for a manager.
Jobs typically combine tasks of different natures (e.g., cognitive, interpersonal,
physical, creative) that can only be performed competently if workers develop and
use the right mix of skills. This creates interactions and interdependencies among
skills that factor into workers’ productivity and wages. As Anderson (2017) shows,
wage differentials are better explained by skill combinations than by isolated skills,
as some skills are synergistic and enhance the effectiveness of others (Anderson
2017). For example, programming languages or generalist legal skills can be com-
bined with a wide range of high-value skills, giving workers who master them a
comparative wage advantage (Stephany and Teutloff 2024).

Building on this insight, we introduce the concept of skill profiles, defined as the
combination of skills required to perform a given job. This concept captures both the
interdependence and complementarity of skills, as well as their contextual meaning,
recognizing that the same skill may be used and valued differently depending on
its configuration with others (e.g., Hurrell, Scholarios, and Thompson 2013). A
skill-profile perspective requires considering the full spectrum of skills that workers
develop and use, from the very general or transversal skills that are relevant in
many work contexts (e.g., communication and organizational skills) to the highly
specialized knowledge and technical know-how.

A skill-profile approach reveals important dynamics in the relationship between
skills and inequality that remain invisible when skills are analyzed in isolation.
Changes in labor market demand do not simply raise or lower the value of indi-
vidual skills; they also reshape the complementarities among workers’ skill sets
(Stephany and Teutloff 2024). For example, Deming (2017) finds that the puzzling
stagnation in the demand for high-skilled labor since 2000 masks a growing comple-
mentarity between cognitive and social skills: the return to math skills has increased
mainly for workers with high levels of interpersonal skills. A skill-profile approach
is increasingly relevant given evidence that new forms of work organization require
workers to develop skills that were traditionally associated with different occupa-
tions (Hénaut, Lena, and Accominotti 2023; Liu et al. 2025). Consistently, workers
who combine skills from different domains are found to enjoy the strongest labor
market advantage (Anderson 2017; Stephany and Teutloff 2024).
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Occupations, skills, and inequality in the labor market

The value of introducing a new skill measure lies not in its complexity per se, but in
whether it captures patterns that occupation-level measures may miss. To assess the
contribution of our skill-profile approach, we return to the long-standing question
of wage inequality and evaluate whether job-level skill profiles provide explanatory
leverage beyond standard occupational categories.

Occupations are a well-known determinant of wage disparities between workers.
Across highly different countries, studies have shown that a large share of the total
wage inequality is found between occupations (Weeden et al. 2007; Mouw and
Kalleberg 2010; Williams 2013; Bol and Weeden 2015). These studies estimate that
roughly 40–50 percent of all variance in wages is between occupations, and that
this share has increased over time (see Williams (2013) for the United Kingdom,
Mouw and Kalleberg (2010) and Weeden et al. (2007) for the United States). While
the empirical relationship is clear, the mechanisms underlying this association are
less well-specified, mirroring the conceptual ambiguity noted above.

For some scholars, occupations are primarily relevant to wages because they
capture skill differences between workers—especially skill differentials not reflected
in standard measures of education (e.g., Juhn, Murphy, and Pierce 1993; Böhm, Von
Gaudecker, and Schran 2024). For others, occupations are much more than bundles
of skills (e.g., Weeden 2002; Kalleberg, Mouw, and Schultz 2025). They can be
defined as institutional units that erect and defend barriers to entry into labor market
positions (Bol and Weeden 2015; Damelang, Haupt, and Abraham 2018; Haupt
2023). These institutional barriers, such as occupational licenses or educational
credentials, generate economic rents for occupational incumbents, producing wages
in excess of what would prevail in a fully competitive market (Weeden 2002). From
these perspectives, occupations affect wages not just because they differ in skill
content, but also because they vary in the strength of the institutions that regulate
them.

With a direct measure of the skill profiles of jobs, we can make a first step in
assessing the relevance of these alternative views of occupations. If occupations are
indeed primarily bundles of skills, our job-level measure of skill content should
be largely redundant: it should not improve the explanation of wage variance
beyond what occupations already capture. This expectation aligns with Weeden
and Grusky (2005), who argue that job-level work conditions add little explanatory
power once occupations are taken into account (pp. 191–192). More generally, such
a finding would reinforce the emphasis on between-occupation wage inequality
in the literature (Mouw and Kalleberg 2010; Williams 2013; Liu and Grusky 2013),
as well as the common practice of aggregating task or skill information to the
occupational level (e.g., Cheng and Park 2020; Haslberger 2021; Lin and Hung
2022). Conversely, if the effect of occupations on wages is not reducible to skills,
this would lend support to research traditions that conceptualize occupations more
broadly.

With respect to skills, the extent to which heterogeneity in skill profiles within oc-
cupations drives income inequality beyond occupations remains largely unknown,
due to the lack of prior research using detailed job-level information. Existing
studies rely on coarse measures of job task content and find only a modest increase
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in the overall explanatory power of their models when job-level task characteristics
are included (Autor and Handel 2013; Cassidy 2017; Rohrbach-Schmidt 2019).3

Using a more comprehensive and fine-grained measure of skills required at work,
we can better assess whether prior studies have underestimated the explanatory
value of job-level characteristics due to measurement limitations.

Data

Lightcast job posting data

We use a unique source of online job ads collected in the United Kingdom by
Lightcast, a job market analytics company formerly known as Burning Glass Tech-
nologies.4 Lightcast spiders more than 51,000 job-related websites daily to identify
online job postings. After deduplicating the identified job postings, it extracts,
parses, and codes their data into a machine-readable format to create labor market
analytics (see Carnevale, Jayasundera, and Repnikov 2014:3–5 for details). The
Lightcast data offer important advantages for our research. First, because of its
broad coverage, the dataset is claimed to encompass the near universe of jobs
posted online, avoiding reliance on a single job platform (Cammeraat and Squiccia-
rini 2021:11). Second, Lightcast data extracts or derives fine-grained information
from job postings, including the job title, salary offer, and the occupational code
according to the UK Standard Occupational Classification (SOC). Most important
for our study, Lightcast extracts the skill requirements from the open text of each
job posting, using a dynamic taxonomy of over 32,000 distinct skill keywords.5

Skill requirements are standardized6 but unique, offering granular information
about the skill profile of jobs. This data is ideal for exploring the underlying skill
structure in the labor market without depending on pre-existing skill classifications.
Furthermore, unlike DOT or O*NET, Lightcast data allows us to analyze skills at
the job level and thus compare the skill profiles of jobs within occupational groups.

Lightcast data has been increasingly used in labor market research, albeit mostly
by economists (e.g., Deming and Kahn 2018; Hershbein and Kahn 2018; Modestino,
Shoag, and Ballance 2020). The use of job postings in general has been limited in
sociology (for exceptions, see Salvisberg and Sacchi 2014; Buchmann et al. 2020),
with most studies opting for expert-coded or worker self-report data (e.g., Liu
and Grusky 2013; Fernández-Macías and Hurley 2016; Martin-Caughey 2021). Job
postings offer a different facet of the labor market, as part of the “official front
stage of the recruitment process” (Hamann and Beljean 2021:50). Employers write
them to attract the right candidates for the position, mobilizing explicit categories
that they perceive as most relevant. Such categories are not only based on the
specific requirements of the job but are also shaped by broader organizational
factors, norms, and institutions (Sostero and Fernández-Macías 2021:9–12). This
can lead to a number of biases, such as when employers use job postings to market
their company brand (Backhaus 2004). One potential concern for our study is that
the skills listed in job postings may not accurately reflect the skill composition of
occupations. However, analyses comparing the skill requirements in online job
posting data with the tasks documented by workers in surveys find that job postings
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do offer a relatively accurate picture of what people report doing on the job (Sostero
and Fernández-Macías 2021; Daly, Groes, and Jensen 2025).

The advantages of Lightcast data come with a few limitations. Lightcast data
only includes online job postings, which can provide an inaccurate representation
of labor demand. According to Carnevale et al. (2014:11), between 60 and 70 per-
cent of job openings were posted online in 2013. Although this share has likely
increased over time, recent research shows that Lightcast data is still skewed toward
certain occupations (Cammeraat and Squicciarini 2021), since in some industries
(e.g., construction), the hiring process is primarily offline. Elementary and skilled
trades occupations are under-represented in online job postings, to the advantage of
professional occupations (Cammeraat and Squicciarini 2021). This lack of represen-
tativeness is acknowledged in previous literature (e.g., Hershbein and Kahn 2018;
Modestino et al. 2020), and few studies address this issue in practice (for exceptions,
see Blair and Deming 2020; Cammeraat and Squicciarini 2021). In our study, we
tackle this issue by using a stratified random sample, as we describe in more detail
below.

Another source of bias stems from the way Lightcast extracts and codes the
information contained in job postings. Some characteristics may not be correctly
identified or classified by Lightcast’s parsers and custom machine-learning algo-
rithms (see Carnevale et al. 2014:16). Of particular concern for our study is the
occupational coding of job postings, which could be incorrectly imputed. Quality
tests showed that the accuracy level for the most granular occupation classification
(six-digit) was relatively low (73 percent) in the US Lightcast data in 2013 (Carnevale
et al. 2014:16). However, as Lightcast’s algorithms are continuously trained on
new data, their accuracy has likely improved over the past decade. Furthermore,
occupational misclassifications are not specific to Lightcast data: the mismatch rates
between two independent coders can be as high as 50 percent for the four-digit
occupational level in traditional surveys (Kim et al. 2020).

Sample description

We use the 2019 Lightcast data, which includes more than 6.9 million job post-
ings. For a portion of these, Lightcast did not identify any skill requirements
(N = 599, 541, 8.6 percent). This can be because the job title or job description
conveys sufficient information or because they include skill requirements that are
not recognized by Lightcast’s algorithms. While the latter case can be problematic,
the large skill taxonomy used by Lightcast captures the most essential information
about the skill content of jobs. This is supported by supplementary analysis of a
sample of original job posting texts, which shows that those without identified skill
requirements are typically for jobs that do not require specific qualifications.7 Fi-
nally, we excluded job postings for which Lightcast could not infer the occupational
code (N = 5, 220, 0.1 percent), yielding a final sample of 6.3 million job postings.

Because the methods used in this article are computationally intensive, we
draw a random sample of 600,000 job postings (or 10 percent) to perform our
analysis. This sample size ensures optimal statistical properties and preserves the
diversity of skill requirements in the sample: the random sample includes 9,065
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Table 1: Variables used in the Lightcast UK dataset, January-December 2019.

Variable Characteristics Coverage (% of job ads)

Job title Clean job title, N = 1, 9 million distinct job titles 100
Occupation UK SOC Classification (1–4 digits) 99
Skill requirements Lightcast taxonomy of skills,

N = 11, 583 distinct skill requirements 91
Wage Minimum and maximum hourly wage 62

of the 11,583 (78.2 percent) distinct skill categories present in the job postings in
2019.8 We use stratified sampling to make the sample of job postings representative
of the occupational structure of the UK labor market, using employment figures
from the 2019 UK Annual Population Survey (APS).9 While previous studies have
performed comparisons at the one-digit level only (Sostero and Fernández-Macías
2021; Cammeraat and Squicciarini 2021), we stratify the Lightcast data at the two-
digit level to correct for imbalances within some one-digit groups.10 Figures S1 and
S2 in the online supplement indeed show that the over- or under-representation
of some major (one-digit) groups in job postings is not uniformly distributed at
the sub-major (two-digit) level. An overview of the variables used in our study is
shown in Table 1.

To analyze the skill content of occupations, we use the skill requirements ex-
tracted by Lightcast from each job posting. The list of identified skills is generally
quite short, with job postings in the sample having an average of five skill require-
ments. However, the distribution is skewed to the right (Figure S3): while 75
percent have 7 or fewer skill requirements, a few job postings (1.6 percent) have
more than 20. The distribution of the number of skill requirements is not uniform
across occupations. Occupational groups such as plant and machine operators and
elementary occupations tend to feature fewer skill requirements than the others
(Q2 = 2), especially compared to managers, directors, and senior officials (Q2 = 6,
see Figure S4). The limited information on skill content in the job posting data—
and in some occupational groups in particular—can affect the learning of topics.
In the next section, we explain how we address this problem by leveraging the
co-occurrence patterns of skills at the aggregate level.

To analyze skill content within and between occupations, we use the different
levels of the UK SOC: major groups (one-digit, N = 9), sub-major groups (two-digit,
N = 25), minor groups (three-digit, N = 90), and unit groups (four-digit, N = 369).
In the last part of the analysis, we restrict the sample to job postings that propose
a wage (62.2 percent), which results in a restricted sample of about 373,500 job
postings. Descriptive statistics do not reveal significant differences between the
restricted and full samples in terms of occupational or industrial composition (see
comparison in Tables S1 and S2). However, job postings that include a wage tend
to offer more stable jobs than those that do not, with more permanent positions
(+17,7pp) and more full-time contracts (+12.7pp). This means that the results of our
wage predictions should not be generalized beyond the available sample—a point
we will return to in our discussion.
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Lightcast data include both the minimum and maximum hourly wages, but
the distributions of these two variables are fairly similar (see Figures S5 and S6).
About a third of job postings (37.4 percent) have the same value for minimum and
maximum hourly wages, suggesting that recruiters listed a single wage rather than a
range. We use the logarithm of the minimum hourly wage in our main analysis and
include the results for the maximum wage in the online supplement. As expected,
given the similarity of the two variables, the results are very comparable.

Analytical strategy

Identifying skill profiles

The notion of skill profiles builds on prior work mapping occupations in a mul-
tidimensional skill space (Yamaguchi 2012; Liu and Grusky 2013), identifying
occupational skill portfolios (Poletaev and Robinson 2008; Geel and Backes-Gellner
2011), and detecting data-driven skill communities (Anderson 2017; Alabdulkareem
et al. 2018; Djumalieva and Sleeman 2018; Stephany and Teutloff 2024). We extend
this work in three ways. First, unlike studies that focus mainly on transversal
skills (e.g., Poletaev and Robinson 2008; Yamaguchi 2012), we include the full
set of job requirements, combining generic and job-specific skills, since jobs with
similar general skills can differ substantially in specialized knowledge. Second,
we depart from top-down approaches that predefine skill dimensions; assuming
a small set of dimensions risks misrepresenting the skill structure and obscuring
how skills co-occur and evolve amid rapid changes in demand. Finally, unlike prior
network-based studies that treat skill differences as a partition problem (Anderson
2017; Alabdulkareem et al. 2018; Djumalieva and Sleeman 2018; Stephany and
Teutloff 2024), we allow skills—particularly soft or basic ones used across diverse
jobs (Burning Glass Technologies 2015)—to belong to multiple latent categories, as
implemented with our Latent Dirichlet Allocation (LDA) approach outlined below.

The LDA approach

Text mining has been increasingly used in sociology in the last decade (Macanovic
2022), showing the great potential of computational text analysis (e.g., Kozlowski,
Taddy, and Evans 2019). In particular, topic models can be used to identify hidden
thematic structures in a set of documents—latent “topics”—hat are both inter-
pretable and sociologically meaningful (DiMaggio, Nag, and Blei 2013; Nelson
2021). Our empirical strategy relies on a widely used Bayesian statistical model,
LDA, which is based on two underlying principles (Blei, Ng, and Jordan 2003).
First, LDA assumes that in a given text corpus, documents “share the same set
of topics, but each document exhibits those topics in different proportion” (Blei
2012:79). Documents are more likely to contain certain topics than others, and they
also vary in the extent to which they mix different topics. Second, each topic is
defined by a distribution over the corpus vocabulary. Words with high probability
on the same topic tend to co-occur frequently in the documents—that is, more
often than expected by chance. Following this specification, LDA estimation yields
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Table 2: Definition (a) and illustration (b) of the document-topic matrix.

(a) Document-topic matrix, definition

t1 t2 . . . tK
d1 pd1,t1 . . . . pd1,tK
d2 . . .
. . . .
. . . .
. . . .

dD pdD ,t1 . . . . pdD ,tK

(b) Document-topic matrix, illustration

“Software Engineering” “Management” “Graphic Design”

Web developer 0.7 0.1 0.2
Software manager 0.5 0.4 0.1
Graphic designer 0.1 0.1 0.8

Note: We note d1, ...dD the D documents, t1, ...tK the K topics, and pdi ,ti
the probability that document di

contains topic ti. The distribution of each document over the topics adds up to one, i.e., ∑K
k=1 pdm ,tk

= 1 for
all topic dm in d1, ...dD. The example is based on a fictional case with job postings for three job titles (Web
developer, Software manager, Graphic designer) and three topics (“Software engineering”, “Management”,
“Graphic Design”).

the following two key outputs: the document-topic matrix, which provides the
distributions of documents over the set of topics, and the topic-term matrix, which
provides the distributions of topics over the set of words (see Tables 2-3).

By treating job postings as documents and skill requirements as words, we use
LDA to accomplish two key objectives: (a) identify a data-driven categorization of
skills by detecting latent skill topics (henceforth referred to as skill categories) and
(b) operationalize the notion of skill profile.

First, LDA reduces the complexity of job skills data inductively, based on the
relations between skills within job postings. This data-driven dimension reduction
avoids the need to a priori decide which skills are the most relevant. In particular,
we are able to include both general and job-specific skills, rather than solely con-
centrating on the former (see, e.g., Poletaev and Robinson 2008; Yamaguchi 2012).
Additionally, LDA identifies latent skill categories based on the relations between
skills in job postings and their shared context. This approach goes beyond the
mere categorization of skills that are similar in standard skill taxonomies, as it also
clusters skills that are complementary, enabling the study of different combinations
of skills (e.g., see the topic “Graphic Design” in Table 3b). Moreover, through the
topic-term matrix, LDA provides a flexible classification where skills belong to all
categories with different probabilities. This departs from the unrealistic assumption
that each skill fits into a single category, which is made in virtually all existing skill
classifications (e.g., Tippins and Hilton 2010; Le Vrang et al. 2014; Djumalieva and
Sleeman 2018). Instead, it highlights whether and how the same skill can be used
differently in different job contexts.
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Table 3: Definition (a) and illustration (b) of the topic-term matrix.

(a) Topic-term matrix, definition

w1 w2 . . . wN
t1 pt1,w1 . . . . pt1,wW
t2 . . .
. . . .
. . . .
. . . .

tK ptK ,w1 . . . . ptK ,wW

(b) Topic-term matrix, illustration

Budgeting Creativity Java Adobe InDesign

“Management” 0.9 0.1 0.0 0.0
“Graphic Design” 0.0 0.4 0.0 0.6
“Software Engineering” 0.0 0.0 0.8 0.2

Note: We note t1, ...tK the K topics, w1, ...wN the N words from the corpus vocabulary and pti ,wi the prob-
ability that topic ti contains word wi. The distribution of each topic over the words adds up to one, i.e.,
∑N

n=1 ptk ,wn = 1 for all topic tk in t1, ...tK. The example is based on a fictional case with three topics (“Software
engineering”, “Management”, “Graphic design”) and a vocabulary of four skill words (Budgeting, Creativity,
Java, AdobeInDesign).

Second, LDA enables us to represent the job postings in a skill space that is both
low-dimensional and meaningful. The document-topic matrix describes each job
posting by its probabilities of containing the latent skill categories. This reduces
the dimension of the skill space from 9,065—the number of distinct skills in the
data—to k, the number of topics (see illustration Figure 1). In addition to being
parsimonious, this representation of job postings provides a rich description of the
type of skills desired by employers. It not only indicates what categories of skill are
most prevalent in a given job posting but also the extent to which it mixes multiple
skill categories. For instance, certain job postings may mainly contain one skill
category (e.g., the Graphic designer in Table 2b), while others may require a hybrid
set of skills that span several skill categories (e.g., the Software manager). Such a
representation of job postings is consistent with the conceptualization of job skills
outlined above; it acknowledges that the execution of jobs depends on a specific
combination of skills that cannot be unbundled (Lazear 2009; Autor and Handel
2013). We therefore measure the skill profiles of job postings by their probability
distributions across the latent skill categories.

The strengths of the LDA model also come with a limitation: it infers topics
from word co-occurrence patterns at the document level, which can be sparse in
short documents like those in the Lightcast data. To circumvent this issue, we use a
variant designed for short texts (Yan et al. 2013), the biterm topic model (BTM). For
technical details and a comparison with standard LDA, see Section 2.1 in the online
supplement.
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Software manager

Web developer

Graphic Designer
0

0.2

0.4

0.6

0.8

1

1 0.8 0.6 0.4 0.2 0
1

0.8

0.6

0.4

0.2

0
Software engineering

Management Graphic Design

Figure 1: Latent skill space, illustration.
Note: We represent the latent skill space defined by the three topics “Software Engineering”, “Management”,
“Graphic Design” defined in Table 3b. This takes the shape of a triangle, each corner of which corresponds to
a topic. Job postings can be positioned in this space (blue circles) depending on their distribution over the
topics, as defined in Table 2b. The scale on each side indicates the probability of containing each topic, from
0 to 1. For example, the job posting for a Graphic designer is in the bottom right corner because it contains
almost exclusively the topic “Graphic Design”, with a probability of 0.8.

Model parameters

Several factors influence the learning of topics, the most prominent being the
number of topics K, which needs to be specified in advance. As DiMaggio et al.
(2013:582) note, choosing K is a matter of finding the right lens for interpretation: it
is neither inherently good nor bad but depends on the desired level of granularity.
Quantitative measures like perplexity can guide this choice, but optimizing them
does not guarantee semantically meaningful topics (Chang et al. 2009). Evaluating
coherence using reference corpora such as Wikipedia (Röder, Both, and Hinneburg
2015) is not feasible here due to the lack of a suitable benchmark for assessing the
interpretability of skill categories.11 We therefore prioritized the model’s ability to
identify semantically significant and distinct topics, assessed via manual inspection of
the topic-word matrix and statistical checks. Section 2.1.3 in the online supplement
details the selection of our 19-topic solution and other model parameters.

Comparing occupations

The BTM characterizes each job posting by its skill profile, that is, its probability
distribution over 19 latent skill categories. To assess whether occupations are co-
herent skill bundles, we aggregate these job-level profiles at the occupation level.
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Aggregation must account for the non-Euclidean nature of the 19-dimensional
probability space, which makes standard measures like the mean inappropriate
(Greenacre 2021). It must also preserve significant variation in skill profiles within
occupations, since our goal is to study potential heterogeneity within occupational
categories.

We compare the skill profiles of occupations in two steps. First, we construct
empirical distributions over the job postings at the occupational level using kernel
density estimation. For each occupation, we construct an empirical distribution that
gives the probability of occurrence of each skill profile in the job postings of this
occupation. These empirical distributions enable us to retain a maximum amount
of information on the diversity of skill combinations within each occupational cat-
egory, without making specific assumptions about the shape of those distributions.
Second, we compare these occupational-specific empirical distributions using the
maximum mean discrepancy (MMD) distance, which can be technically defined
as a kernel-based metric on the space of probability distributions (Schrab et al.
2023:3).12 The MMD distance is very common in machine learning because of its
interesting features: it is flexible, robust, and implementable in high dimensions
(Gretton et al. 2012). Intuitively, the MMD distance is inversely proportional to the
amount of shared volume between two distributions.13 The more two occupational
categories contain job postings with similar skill profiles, the smaller the MMD
distance between them.

Our approach is illustrated in Figure 2 with a latent skill space of three topics.
We distinguish between two occupations, A and B, each defined by 10 job postings
with contrasting skill profiles. While the job postings in occupation A are all focused
on the left-hand topic (b), the distribution of job postings in occupation B is less
concentrated: most job postings contain the upper topic, but a small fraction is more
focused on the right-hand topic (b). The empirical distributions shown in the lower
panels capture these different patterns, with a unimodal distribution centered in
the left-hand topic for A (c) and a bimodal distribution spread over the other two
topics for B (d). In this example, the MMD distance between the two occupations is
expected to be very large because there is only marginal overlap in the empirical dis-
tributions of A and B. We construct such empirical distributions for each occupation
on our 19-dimensional skill space and calculate the MMD distance between each
pair of occupations to assess the extent to which they have distinct skill profiles.

This approach does not provide direct information on whether the skill profiles
are homogeneous within occupational categories (cohesion) but rather indicates
the extent to which the skill profiles are distinguishable between them (separation).
However, we compute and compare the MMD distance between occupations at dif-
ferent levels of the occupational classification to approximate the cohesion of occu-
pational categories. The intuitive idea is that if occupational categories are good clus-
ters of skills, the skill profiles in a given sub-occupational category (e.g., sub-major
group 21) should be closer to sub-occupational categories in the same occupational
category (the major group 2, i.e., 22, 23, 24) than to other sub-occupational categories
(e.g., 31, 32). This mimics the logic behind standard measures of cluster consistency,
such as the silhouette width (Rousseeuw 1987), without making specific assump-
tions about the shapes of the empirical distributions of the occupational categories.14
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(a) Job postings of A in the skill space (b) Job postings of B in the skill space

(c) 3D empirical distribution of A (d) 3D empirical distribution of B

Figure 2: Illustrations of the empirical distributions of two occupations A and B, defined on a latent skill space
with three topics.
Note: Flat triangles in (a) and (b) represent the latent skill space, with each corner corresponding to a topic
(see Figure 1). There are 10 job postings per occupation, whose positions in the skill space are represented by
black dots. Using kernel density estimation, we construct 3-dimensional empirical distributions in (c) and
(d) that give the probability of occurrence of each combination of topics (or skill profile) in the job postings
of each occupation. The color gradient is only there to facilitate the interpretation of the 3D distributions.

Predicting the wage offered in job postings

Our topic modeling approach allows us to capture within-occupation variation
at a granular level, but we must ensure that observed differences in skill profiles
“capture substantive differences, rather than noise, in job content” (Autor and
Handel 2013:81), since some variation may reflect idiosyncratic differences between
jobs that are not economically or sociologically meaningful.

To validate our empirical approach, we assess the effect of the skill profiles of
jobs on the wage offered in the job posting. In a standard OLS regression model,
we predict the logged minimum hourly wage15 offered in the job postings by their
probabilities (or loads) on the K − 1 = 18 topics. This leads to the model:

log(w) = α +
18

∑
k=1

βk pk + ϵ, ϵ ∼ N (0, σ2) (1)
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where log(w) is the logged hourly wage offered in the job posting and pk is the
probability of the job posting to contain the latent skill category k. We use the
coefficient of determination R-squared (R2) to assess the explanatory power of the
skill profiles given by p1, ....p18. As a benchmark, we also estimate the model with
the occupational categories, which are often identified as a major source of wage
inequality across workers (e.g., Mouw and Kalleberg 2010; Williams 2013):

log(w) = α +
nsoc−1

∑
s=1

γs1{soc=s} + ϵ, ϵ ∼ N (0, σ2) (2)

where soc is the Standard Occupational Classification coding of the job postings.
We estimate model (2) with each of the four levels of the occupational classification,
from 1 (nsoc = 9) to 4 digits (nsoc = 369), resulting in four regressions. In a final
step, we use the skill profiles and occupational coding of jobs as simultaneous
predictors to analyze the extent to which they provide redundant or complementary
information in predicting the offered wage:

log(w) = α +
18

∑
k=1

βk pk +
nsoc−1

∑
s=1

γs1{soc=s} + ϵ, ϵ ∼ N (0, σ2) (3)

As in Model (2), we estimate a separate regression for each level of the occupational
classification, resulting in four regressions. If, as is often assumed, the share of wage
variation explained by occupational categories is mainly due to skill differences
between occupational groups, the coefficients of determination of the regressions
from model (3) should improve only marginally over those from model (2). Con-
versely, a significant increase in the R2 coefficients would provide evidence that
the explanatory value of occupations is mainly driven by characteristics other than
skill content. We therefore take advantage of our detailed and direct measure of
skill content to determine whether occupations predict wages either because or
independently of the different skills that jobs require.

Results

Describing job ads with latent skill categories

A data-driven classification of skills

Table 4 displays the 19 latent skill categories (or topics) identified by the LDA
biterm model, listing the 15 highest-ranked skill requirements (or terms) for each
category.16 To facilitate the interpretation, the ranking is based on the relevance
of terms for each topic, which corrects the probability of terms for topics by their
prevalence in the whole corpus (see Sievert and Shirley 2014:66). This limits the
overrepresentation of the most common skill requirements in the job ads, such as
“communication skills” (present in 24.0 percent of the sampled job postings) and
“organizational skills” (11.2 percent). The latent skill categories have been labeled
by ChatGPT using the top-100 highest term probabilities for each topic.17
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We observe a few categories of mainly generic skills, such as the categories
“Project Management” and “Communication and Interpersonal Abilities.” They
include both interpersonal (e.g., people management) and intrapersonal (e.g.,
problem-solving) skills, as well as basic ICT tools (e.g., Microsoft Word, Excel)
and basic activities (e.g., planning, writing, typing). The other latent categories
focus on job-specific skill requirements, including specialized knowledge (e.g., sup-
ply chain knowledge, category 10), specific techniques (e.g., MIG and TIG welding,
15), and know-how (e.g., blood pressure measurement, 12). Specific software and
ICT tools often act as discriminating skill requirements, even in non-ICT-focused
categories (e.g., AutoCAD in 14 or the Adobe Suite in 18).

Importantly, the latent categories that emphasize specialized and technical
skills are also characterized by specific generic skills. Indeed, we can observe
that some intrapersonal skills are prominent in some categories but not in others,
such as “creativity” for the categories related to marketing and graphic design
(categories 7 and 18). This is consistent with the idea that specialized and generic
skills are closely intertwined at the job level (Fernández-Macías and Bisello 2020).
Other generic skills are much less distinctive, such as “communication skills” and
“collaboration/teamwork,” which rank high in most latent skill categories. While
employers may include such requirements in their job descriptions for strategic
purposes (Backhaus 2004), the ubiquity of these terms may also reflect the growing
importance of so-called “social skills” in the labor market (Deming 2017).

Table 4 suggests that the latent skill categories vary greatly in the type of skill
requirements they contain, yet the table only includes the most discriminating
terms for defining the topics. To get a more comprehensive overview, we analyze
the composition of latent skill categories by looking at their full distribution over
the skills. For the sake of illustration, we use simple dummies from Lightcast that
identify two types of skills: software skills and baseline skills. The latter are defined
as skills that employers seek across various occupations and that are not typically
taught in training programs, such as “organizational skills” or “meeting deadlines”
(Burning Glass Technologies 2015:7). We refer to skills that do not fit within either
of these categories as “job-specific”.

Figure 3 sums the probabilities of skill requirements for each latent skill cate-
gory based on their categorization into the three skill types. Even with this crude
measure, we can observe important variations in the composition of the latent
skill categories. In particular, categories that appear similar at first glance, such
as “Web development and Software engineering” and “Technical Support and
Troubleshooting,” differ substantially in their proportions of software skills, with
0.59 and 0.31, respectively. Another example is the skill category “Healthcare and
Patient Care,” which is significantly less likely to contain a baseline skill (0.16)
than the other health-related category “Caregiving and Support Services” (0.30).
This means that the same health-specific skill (e.g., “dementia knowledge”) will be
more likely to be featured with other expert knowledge in the category “Healthcare
and Patient Care” than in the category “Caregiving and Support Services,” which
contains more non-health-specific general skills. This highlights the heterogeneity
of latent skill categories, which are characterized not only by different most likely
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Cumulative probability of skill types within the skill category

Web Development and Software Engineering
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Graphic Design and Creative Media
Technical Support and Troubleshooting
Office administration and management

Engineering and Technical Expertise
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Digital Marketing and Content Strategy
Logistics and Supply Chain Management

Communication and Interpersonal Abilities
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Manufacturing and Engineering
Scientific Research and Laboratory Work
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Figure 3: Cumulative probability of three skill types within each latent skill category, based on Lightcast
coding of skill requirements.
Note: Lightcast data includes dummy variables for identifying software and baseline skill requirements. For
a definition of the latter, see Burning Glass Technologies (2015:7).

skill requirements as illustrated in Table 4 but also by how and to what extent they
articulate different types of skills.

Jobs as skill profiles

The LDA biterm model provides meaningful latent categories that capture both the
similarity and complementarity of skills at the job level. We can then position job
postings within this latent skill space. In other words, we can analyze whether and
how job postings tend to draw on different latent skill categories. Figure S13 gives
the distribution of the highest probability for topics within the sample. The median
for the highest probability is 0.54, which means that half of the sampled job postings
have a majority skill category that is more likely to be featured than all the others
combined. The probability for the most likely category even exceeds 0.8 for about
20 percent of the job postings, suggesting that they are highly specialized. At the
other end of the spectrum, a few job postings (about 5 percent) have a maximum
probability below 0.2, which implies that their distribution across topics is roughly
uniform. Overall, these findings point to substantial heterogeneity in the skill
profiles of jobs. While half of the job postings focus predominantly on a single latent
skill category, the other half mix several categories in varying proportions.

To further illustrate the differences between specialized and mixed skill profiles,
we provide examples in Tables 5 and 6 from two job postings advertising a job
within the unit group 8133 (“Routine inspectors and testers”). The job postings
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Table 5: Example of a specialized skill profile for a Legionella Risk Assessor, with the skill requirements
extracted from the original job posting (a), and the corresponding skill profile (b). p gives the probability that
the job posting contains a given latent skill category; categories with a probability below 0.00 are grouped
together in the last row.

(a) Extracted skill requirements

Water Treatment
Cooling Towers
Working With Patient And/Or Condition: Legionella
Equipment / Instrument Sterilization
Organizational Skills
Water Sampling

(b) Corresponding skill profile

Latent skill category p

Facility Maintenance 0.89
Healthcare and Patient Care 0.03
Office administration and Management 0.02
Customer Service and Retail Operations 0.02
Sales and Business Development 0.02
Project Management 0.01
Engineering and Technical Expertise 0.01
Other skill categories 0.00

Table 6: Example of a generalist skill profile for a Legionella Risk Assessor, with the skill requirements
extracted from the original job posting (a), and the corresponding skill profile (b). p gives the probability that
the job posting contains a given latent skill category; categories with a probability below 0.00 are grouped
together in the last row.

(a) Extracted skill requirements

HSG (Health & Safety Guidance)
Microsoft Word
Site Surveys
Microsoft Excel
Quality Assurance and Control
Working With Patient And/Or Condition Legionella

(b) Corresponding skill profile

Latent skill category p

Facility Maintenance 0.39
Office administration and Management 0.25
Project Management 0.19
Engineering and Technical Expertise 0.09
Sales and Business Development 0.02
Communication and Interpersonal Abilities 0.02
Logistics and Supply Chain Management 0.01
Manufacturing and Engineering 0.01
Caregiving and Support Services 0.01
Other skill categories 0.00
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advertise the same job (“Legionella Risk Assessor”) and have the same number
of skill requirements (n=6), yet their content differs significantly: while the first
job posting focuses primarily on technical knowledge and know-how (e.g,. water
sampling, equipment sterilization, Table 5), the second includes office tools and
emphasizes regulatory aspects, such as the Health & Safety Guidance (Table 6).
This suggests that the first position requires on-site work, while the second involves
more office work and coordination. These differences are reflected in the latent
skill profiles of the job postings. The first job posting gets a very high load on
the topic “Facility Maintenance” (p = 0.9), while the probability of the second job
posting is distributed over three main topics: “Facility Maintenance” (p = 0.4),
“Office Administration and Management” (p = 0.2), and “Project Management”
(p = 0.2). This illustration shows that our measure of skill profile captures granular
differences in the skill content of job postings, reflecting whether and how they
articulate different categories of skills.

Figure S15 shows the marginal probability distributions per topic, which allows
us to analyze in more detail how skill categories are distributed within the job
postings. As expected, the distributions of the generic skill categories (1, 2, 3 in
Table 4) have most of their mass between 0 and 0.4, which indicates that they mainly
complement other categories and rarely characterize a job posting on their own. This
is especially true for the category “Communication and Interpersonal Abilities,”
which has no mass above 0.8. Other distributions (e.g., for 9, 11, 12) follow a U-
curve: these skill categories tend to play either a negligible or a predominant role in
the definition of job postings. As one might expect, these are the ones that include
the most job-specific skills, such as the category “Healthcare and Patient Care” (see
Figure 3). In contrast, some topic distributions are fairly flat, which implies that skill
categories can either define a job by themselves or complement other skills. This is,
for example, the case for “Financial Operations,” which can be either the primary or
secondary activity of a job, such as for a corporate accountant or business manager,
respectively. Finally, some topic distributions have most of their mass around 0,
suggesting that the skill category may only play a role in a small fraction of ads
(e.g., “Scientific Research and Laboratory Work”).

These findings underscore the relevance of our conceptualization of jobs as
skill profiles. First, they highlight the heterogeneous nature of skill requirements:
job postings typically bundle different types of skills (e.g., knowledge, know-how,
professional attitudes) and vary in their combinations of different skill domains
(e.g., office administration, logistics, manufacturing). This heterogeneity is largely
hidden when mostly generic skills are considered, as is often done in the literature,
at the expense of job-specific skills (e.g., Liu and Grusky 2013; Cheng and Park
2020; Lin and Hung 2022). Second, the topic distributions indicate that the same
skill category can play different roles depending on the type of job: while some
skills are the primary feature of some job postings, they appear only secondarily in
others. This supports the idea that jobs differ in the extent to which they require
different and/or complementary skills (Anderson 2017; Stephany and Teutloff
2024). With the BTM, we can map the skill content of jobs without obscuring
these heterogeneous patterns, which may appear not only between but also within
occupations.
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Figure 4: Empirical heat map for the MMD distance between major groups.
Note: each cell represents the Maximum mean discrepancy pairwise distance between major groups, with a
kernel bandwidth of λ = 1.49.

Skill profiles within and between occupations

Next, we analyze whether occupations are distinct and homogeneous skill bundles
based on the representation of their respective job postings in our 19-dimensional
latent skill space. We calculate the MMD pairwise distance for all pairs of occupa-
tional categories, starting with the most aggregated level of the SOC classification,
the nine major groups.

Figure 4 shows the distance between each major group with a heat map, where
the bluer the smaller and the redder the greater the MMD distance. We can see
from the predominant light blue pattern that the skill distributions of the major
groups are overall at a similar distance from each other. Major group 6, “Caring,
Leisure and Other Service,” shows a distinctive pattern and tends to be further
away from all other major groups, notably 4 (“Administrative and Secretarial”)
and 7 (“Sales and Customer Service”). The patterns as found in Figure 4 do not
align with the implicit hierarchy of occupational categories, which would imply
that the categories furthest apart in the SOC classification, such as the managers
and directors (1) and elementary occupations (9), are also the furthest apart in terms
of skill profiles. However, we lack a tangible benchmark to assess the significance
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Figure 5: Simulated and empirical heat maps for the MMD distance between sub-major groups.
Note: The x- and y-axes are labeled from the coding in the SOC occupational classification. The simulated heat
map (a) represents the theoretical expectation that sub-major occupations in the same major group should
be closer to each other than to sub-major occupations in other major groups. It is based on a simulation
with normal Gaussian distributions and is for illustrative purposes only. In the empirical heat map (b), each
cell indicates the maximum mean discrepancy pairwise distance between sub-major groups based on their
representation in the latent skill space. We use a kernel bandwidth of λ = 1.49.

of these (dis)similarities. Furthermore, Figure 4 does not give information about
the variation of skill profiles within major groups.

To explore the internal consistency of major groups, we delve deeper into the
classification, examining the MMD distance between the 25 sub-major groups.
Figure 5(a) provides a simulated heat map to ease the interpretation. It represents
the theoretical expectation of major groups as coherent clusters of skills, with sub-
major occupations in the same major group being closer to each other than to
occupations in other major groups. The simulated heat map and the empirical
heat map (Figure 5(b) show very distinct patterns. Most sub-major occupations
are at fairly similar distances from each other, regardless of whether they are
part of the same major group. Similar to what we observed in Figure 4, there
are a few sub-major groups that stand out and are far away from most of the
other sub-major groups. This is particularly the case for occupations 22 (“Health
Professionals”), 23 (“Teaching and Educational Professionals”), and 53 (“Skilled
Construction and Building Trades”). Conversely, we observe that some sub-major
groups are remarkably close to each other even though they are far apart in the SOC
classification, such as the Health and Teaching professionals (22, 23) with 61 “Caring
Personal service occupations.” This is coherent from a skill perspective, as workers
in sub-major group 61 are notably described as assisting health professionals and
teachers in the care of patients and children.

These results challenge the conventional view of occupational major groups as
bundles of skills. Figure 4 shows no evidence that the skill profiles of one-digit
occupations are well separated, while Figure 5 highlights a low degree of cohesion
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within these categories when looking at the skill profiles of the two-digit occupations
they contain. However, it could be argued that due to the high level of aggregation
of the major groups, their skill profiles are necessarily highly heterogeneous. In fact,
most researchers rely on the two- or three-digit level when analyzing the effect of
occupations on labor market outcomes (e.g., Mouw and Kalleberg 2010; Avent-Holt
et al. 2020; Haslberger 2022). We therefore replicate the analysis at a more detailed
level and examine the relevance of the sub-major and minor groups for inferring
the skill content of jobs.

To assess the heterogeneity in skill profiles within sub-major groups, we examine
the MMD distance between the 90 minor groups in Figure 6. As previously, we
simulate a heat map (a) to give a visual representation of good cluster quality
for major and sub-major groups: minor groups should be very close to minor
groups in the same sub-major group, relatively close to other minor groups in
the same major group, and further away from minor groups in a different major
group. The empirical heat map (b) shows starkly different patterns. While there is
evidence of some clusters of minor groups, they do not intersect with the sub-major
groups. The most salient example is provided by the minor groups 221 (“Health
Professionals”) to 231 (“Teaching and Education professionals”), which are not only
close to each other but also have similar pairwise distances with all other minor
groups. This suggests that these minor groups do share a distinctive skill profile,
despite being placed in different sub-major groups (22 and 23). Another example
is sub-major group 53, where two out of the three minor groups show clustering
patterns. These are occupations 531 (“Construction and Building Trades”) and 532
(“Building Finishing Trades”), which both include different types of construction
workers, such as roofers, carpenters, and plasterers. In contrast, occupation 533
groups workers with a supervisory and control role (“Construction and Building
Trades Supervisors”), leading to a distinct skill profile.

Other minor groups tend to be far away from most other groups, such as 244
(“Welfare Professionals”), 521 (“Metal Forming, Welding and Related Trades”),
and 612 (“Childcare and Related Personal Services”). However, beyond these
few examples, Figure 6(b) shows that most minor groups are at relatively similar
distances from each other. This does not mean that their skill content is comparable,
but rather that the extent to which the skill content varies between minor groups
remains relatively stable across the occupational structure. In other words, most
three-digit occupations are as (dis)similar to each other when they are in the same
one- or two-digit occupational category as when they are in different occupational
categories. This indicates that the skill structure of the labor market is largely
misaligned with the occupational structure as measured by the major or sub-major
SOC groups.

Importantly, the same observation holds when we examine the MMD distance
between the 369 unit groups to assess the cluster quality of minor groups (see
Figure S18): we observe similar clusters to those identified in Figure 5, but they do
not coincide with the boundaries of the minor group classification. This indicates
that even at the three-digit level, occupational categories are not a good proxy for
the skill content of jobs. While some previous research has argued that there are
homogeneity-inducing mechanisms at the detailed occupational level (Weeden and
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Grusky 2005:149), our results suggest that these mechanisms are not related to the
type and combination of skills that workers need to perform on the job. On the
contrary, the homogeneity in skill content across jobs appears to be related to other
dynamics that have yet to be explored.

All these results point to the same key finding: occupations are neither distinct
nor coherent bundles of skills. This is true for both the major groups, which repre-
sent a big-class map of the labor market (Erikson and Goldthorpe 1992), and the
detailed minor groups, which come close to the microclass approach championed by
Weeden and Grusky (2005). Jobs in the same occupational category tend to require
dissimilar skill profiles, which may reflect jobs of varying levels of complexity and
authority. This is particularly true when occupational categories include jobs with
different levels of seniority, some of which consist of managing or supervising the
work of others (see, e.g., sub-major groups 53, 62, 71). Conversely, jobs that are far
apart in the occupational hierarchy may still consist of similar bundles of tasks, such
as the elementary cleaning occupations (minor group 923) and the housekeeping
and related services (minor group 623). Our bottom-up approach further shows that
occupations are not reliable categories for conveying information about the skill con-
tent of jobs. Our latent skill space—which is agnostic to pre-existing occupational
classifications—leads to a different picture of the skill structure of the labor market
than is usually assumed. While it is beyond the scope of this article to analyze the
actual skill structure of the labor market (see Anderson 2017; Alabdulkareem et al.
2018), our results support previous findings that workers navigate a dense network
of skills across jobs, with substantial overlap in their skill profiles (Poletaev and
Robinson 2008; DeMaria, Fee, and Wardrip 2020).

Predicting wage with occupations and skill profiles

Our measure of skill profiles captures granular differences in the skill requirements
of job postings. This allows us to measure virtually all observable variation in skill
content within occupational categories. But is this variation relevant or important?
While jobs may require highly specific bundles of skills, to what extent does this
translate into unequal socioeconomic outcomes for workers? As a final step, we test
the relevance of our novel measure and assess the explanatory power of skill profiles
on the wage offered in the job postings. If our measure mainly captures idiosyncratic
variations between job postings, skill profiles should explain a negligible fraction
of the variation in wages across jobs. Table 7 compares the results of the OLS
regressions of the logged minimum hourly wage using the equations (1)-(3).

Model (1) includes the skill profile of job postings, that is, their probabilities on
the K-1=18 latent skill categories. This can be contrasted with Model (2), which is
four regressions including the occupational coding of the job posting for each level
of the SOC classification, from the major (one-digit) to the unit (four-digit) groups.
We find that our measure of skill content accounts for slightly less than a third of
the variance in wages across job postings (R2 = 0.30). This level of explanatory
power is similar to that of major (R2 = 0.28) and sub-major groups (R2 = 0.32) but
is less precise than the most detailed levels of the SOC classification. Specifically,
the 369 unit groups explain about 40 percent of the variance in the minimum hourly
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Table 7: Adjusted coefficient of determination R-squared (R2) and degrees of freedom (D f ) for predicting the
logged minimum hourly wage in job postings, comparing models (1)-(3) defined in the Analytical Strategy
section.

Model (1) Models (2) Models (3)
Skill profiles SOC coding (1) and (2) combined

R2 D f R2 D f R2 D f

0.301 18

SOC level
Major groups 0.289 8 0.403 26
Sub-major groups 0.320 24 0.414 42
Minor groups 0.356 89 0.432 107
Unit groups 0.396 368 0.460 386

Notes: Degrees of freedom represent the number of effective parameters in the models.

wage. This indicates that improving the explanatory quality of Model (1) comes at
the cost of a sharp increase in the number of parameters, expending large degrees of
freedom. Overall, these findings show that skill profiles capture relevant differences
between job postings and compete well with traditional measures. At the same
time, they provide much more direct information about the skills people need to
perform on the job.

Our estimates in Model (2) also confirm the strong explanatory power of occu-
pations. They align with studies in other contexts, such as the work of Mouw and
Kalleberg (2010), who found that the 469 US Census occupational codes accounted
for 43 percent of the wage gap between workers in 2008. However, the extensive
literature on the explanatory power of occupations has tended to leave aside the
question of why occupations are important in the first place (Williams 2013:852). Our
detailed measure of skill content gives us a unique opportunity to better understand
what occupations actually proxy. In particular, it allows us to assess whether part
or most of the effect of occupations on wage inequality is attributable to differences
in skill content between occupational groups, as is often assumed (e.g., Goos, Man-
ning, and Salomons 2009; Liu and Grusky 2013). If occupations mainly proxy the
type of skills and tasks that are required in jobs, skill profiles should mostly add
redundant information to occupations in predicting wages.

Model (3) includes the skill profiles of the job postings as well as their occupa-
tional coding for each level of the SOC classification. The skill profiles increase the
R2 from 0.29 to 0.40 when the major groups are used as predictors, representing
a 40-percent increase in the explanatory power of the model. At a higher level of
granularity in the SOC classification, the skill profiles still increase the R2 of the
minor and unit groups by 25 and 16 percent, respectively. Likelihood ratio tests
confirm that the addition of skill profiles significantly improves the goodness of
fit for all levels (Table S6). Regarding the regression coefficients, they decrease
moderately when compared to Models (1) and (2) but remain in the same order of
magnitude (see the full models in Tables S4 and S5).
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These findings are robust to the inclusion of a number of job characteristics
(type of contract, job hours, industrial code, and geographical county) that may
jointly shape skill requirements and the offered wage (see Table S15 and Section
4.2.1), and we obtain nearly identical estimations with an out-of-sample R2 through
cross-validation (see Table S16 and Section 4.2.2). We also assessed the sensitivity
of our findings to alternative numbers of topics k, ranging from k = 5 to k = 100.
Overall, the patterns observed for k = 19 remain consistent for k ≥ 10 (see Figures
S19 and S20 and Section 4.2.3). The results further show that, with less emphasis on
interpretability and scalability, a more granular topic solution (e.g., k = 50) would
further improve the predictive power of the model across all occupational levels.

Altogether, our wage analysis suggests that both occupations and skill profiles
are important for understanding wage inequality between job postings. Contrary
to what we would expect if occupations were good proxies for the skills and tasks
performed at work, our results show that a direct measure of the skill content
of jobs significantly improves the prediction of wages compared to including the
occupational code alone. Strikingly, combining the skill profiles with the 9 major
groups has as much explanatory power as the four-digit unit groups alone, with a
much smaller number of parameters (D f = 26 vs. 468). This means that our latent
skill space captures relevant differences in the skill content of job postings that
translate into different socioeconomic outcomes for workers. It is also consistent
with the theoretical expectation that wage differentials between workers at least
partially arise from the different skills required by their jobs (Haupt and Ebner
2020), although the moderate overall predictive quality of our models (R2 = 0.46 at
most) suggests that other important predictors of wages remain unobserved.

Furthermore, occupations and skill profiles appear to be complementary pre-
dictors of wages, each providing a substantial share of distinct information. This
confirms earlier studies showing, with less precise measures, that job tasks at the
individual level are informative about wages even within detailed occupational
groups (Autor and Handel 2013; Cassidy 2017; Rohrbach-Schmidt 2019). Our re-
sults show that while occupations were designed to group sets of jobs with highly
similar tasks and duties (International Labour Office 2012:11), these categories do
not correlate well with the very tangible skills that jobs require. As we will elaborate
in the discussion, this raises the important question of what occupations capture, if
not differences in skills and tasks across jobs.

Limitations

The Lightcast job posting data used in this article provide valuable insights into
the skill content of jobs. However, it is important to note that these data were not
initially developed for research purposes and have several limitations. First, the
data indicate whether a particular skill is required for a job, but do not provide
information on the level of skill intensity or ability required. This implies that
we consider skills in a binary way, ignoring the fact that jobs with similar skill
requirements may necessitate varying levels of proficiency. We measure skills at
such a granular level that we do not expect this to introduce substantial bias, but we
cannot rule out the possibility that we are underestimating both the heterogeneity
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in skill content within occupational categories and the explanatory power of skill
profiles.

Second, our data capture only the demand side of the labor market. We measure
the skill content of jobs as it is described by employers, which may not correspond
to what jobs may require in practice and may be even further removed from what
workers actually do on the job. More generally, we have largely taken skills for
granted, as if they were objectively and unambiguously defined in relation to the
task content of jobs. Yet, this neglects the role of institutions in shaping how em-
ployers perceive and use skills to construct a given job, and how workers respond to
them in return. Our exploratory approach has shed light on the great heterogeneity
of skills within occupational categories but falls short in contextualizing how the
skill profiles of jobs are created and socially validated. We see this as a very fruitful
avenue for further research, as we might expect the skill content of jobs to vary
greatly depending on the institutional context in which they are embedded. For
example, the presence of unions, occupational licensing, or gender norms may all
affect the definition of skills and their strategic use in the labor market (Bol and
Weeden 2015; Martin-Caughey 2021).

Third, the wage offered in job postings may differ from the wage paid to incum-
bents. Our wage equations should therefore be interpreted with caution, as the
mechanisms generating wage inequality between jobs may differ from those gener-
ating inequality between workers. For a given wage offered, workers have different
bargaining power depending on the scarcity and suitability of their skill profiles,
among other organizational factors (see, e.g., Sakamoto and Wang 2017). Replicat-
ing this study with employee surveys would therefore be worthwhile, provided that
they include detailed task data. Moreover, our wage equations are only estimated
for a subset of job postings that propose a wage. As discussed in the Data section,
these job postings tend to advertise more permanent, full-time contracts, which
could affect the relationship between skills, occupations, and wages. While we have
no strong intuition about how this might bias the result, more comprehensive data
on wages could put our findings on a firmer footing.

Beyond these limitations inherent in job posting data, our findings rely on the
assumption that the skills listed in job postings accurately reflect the actual skill
profiles of jobs. On the one hand, employers use job postings as a screening device
and are therefore expected to include the most relevant skill requirements for the
job (Jackson 2007). On the other hand, they may omit skill requirements that they
feel are obvious or implied by the job title or qualification requirements. We expect
this potential omission bias to be less prevalent in the United Kingdom, where the
general education system is weakly tied to the labor market (Bol and Weeden 2015).
For example, less than 20 percent of employers indicate a preferred qualification
requirement in the Lightcast data. However, for the so-called regulated professions,
employers may omit the skill qualifications that are legally required to undertake
such professional activities. While it is challenging to measure the extent of this
potential bias in a systematic way, descriptive analysis of a sample of regulated
professions suggests that it is unlikely to substantially alter our findings (see Section
4 in the online supplement). Yet, further investigation of omission bias in job
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postings is important for understanding the caveats with which such data should
be used for research purposes.

Finally, it is important to note that our skill-profile measure was not intended
for direct reuse by other researchers. The purpose of this study was to highlight
the potential of a data-driven and granular measure of job skills compared to
conventional proxies. However, some of its strengths limit its broader applicability.
Namely, while our 19-dimensional skill space yields a conceptually sound and
interpretable mapping of job skills, it is inherently shaped by the particular pool of
job postings analyzed. As such, it is by no means a definitive or universal partition
of the skills landscape. In addition, for the purposes of our study, the skill profiles
are defined at the job level. This complicates the export of our measures to other
databases and their comparison with more traditional measures of skill or task
content. Practically, the high dimensionality of our measure may also require more
degrees of freedom than many studies can accommodate. Such limitations are
common to other bottom-up approaches to skills (e.g., Anderson 2017; Stephany
and Teutloff 2024). Thus, the next step in extending our exploratory approach is
to develop more accessible and scalable skill-profile measures for social science
research.

Discussion and conclusion

Key substantive findings

Our central finding is that occupations are not bundles of skills: even detailed
occupational categories do not consist of homogeneous or clearly distinct skill
profiles. Crude conceptualizations and measures of skills miss a key aspect of their
structure: most jobs require combinations of specialized knowledge and general
skills, and only half of the jobs in our sample rely primarily on a single latent
skill category. This heterogeneity is systematically obscured when skill content is
reduced to the presence or absence of a small number of predetermined skill types
(Liu and Grusky 2013).

While previous studies have emphasized the importance of skill combinations
(Poletaev and Robinson 2008; Geel and Backes-Gellner 2011), a key contribution of
this article is an empirical measure fully aligned with its theoretical formulation,
thereby strengthening the link between theory and empirical evidence (Lundberg,
Johnson, and Stewart 2021). Topic modeling is central to this approach, as it avoids
predefined categories and captures the contextual dependence and complementari-
ties of skills at the job level. Although we present it here as a proof of concept using
job postings, the approach lays the groundwork for constructing lower-dimensional
and less computationally intensive measures. In the meantime, researchers should
exploit all available skill information rather than relying solely on occupational
classifications. For example, surveys such as the British Employer Skills Survey
or the German BIBB/BAuA Employment Survey include detailed skill and task
dimensions that could be used to construct occupation-independent skill measures.

Our detailed measure of skill profiles also carries explanatory value: it accounts
for substantial wage variation across jobs, complementing rather than substituting
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for the effect of occupational categories. Controlling for skill profiles and one-
digit occupational codes predicts wages at least as well as four-digit codes alone.
Yet, occupations remain significant predictors of wages even when job-level skill
content is comprehensively accounted for. These findings complicate prevailing
interpretations of why occupations matter in the labor market and point to a research
agenda that clearly distinguishes and theorizes the distinct roles of skills and
occupations.

Implications and agenda for future research

Measuring skill content beyond occupations

Our findings question how occupational classifications are measured and how
researchers use them (Sakamoto and Wang 2020; Martin-Caughey 2021). While
occupations are explicitly defined to classify the type of work that people do, in
practice, this classification relies on a highly truncated representation of the skill
content of jobs. For example, we noted the coexistence of jobs with different levels
of seniority within the same occupational category, leading to significant differences
in skill content. This is consistent with Cassidy (2017:406), who observed that the
“hierarchical level has a major impact on [the] reported task usages [of workers].”
Occupational classifications tend to ignore the organizational setting in which skills
are used (Jencks, Perman, and Rainwater 1988:1328; Tomaskovic-Devey and Avent-
Holt 2019), neglecting that skills—and their returns—are highly context-dependent
(Wilmers 2020; Stephany and Teutloff 2024).

Furthermore, occupations are defined by both the type of work performed by
workers and their skill level, but the latter cannot be proxied by skill alone. As
Hodge (1981:397) puts it, “Knowing the type of work [people] do and nothing
more does not suffice to rank them.” In practice, statistical organizations typically
proxy skill levels with the amount of formal and informal education required to
perform the jobs (Office for National Statistics 2010; International Labour Office
2012). This has important implications for scholars who use occupations as a proxy
for skills: occupational classifications often separate jobs with similar skill content,
reflecting not only horizontal differences in tasks but also an underlying educational
hierarchy.

Thus, occupations are far from neutral analytical categories, despite their
widespread use. They remain prominent in the study of income inequalities
and inter- and intragenerational mobility (Kalleberg and Mouw 2018; Leicht 2020;
Barone, Hertel, and Smallenbroek 2022) and are also widely used in economics,
particularly in studies of technological change (Freeman et al. 2020). Our results
show that occupations cannot simply serve as proxies for skills. Even when con-
trolling for four-digit occupational codes, adding job-level skill profiles increases
the explanatory power of our wage model by 16 percent. This added value is
consistent with recent research moving beyond occupations to demonstrate that
workers’ productivity and comparative advantage depend on the complementarity
of their skills (Anderson 2017; Stephany and Teutloff 2024) and the exclusivity of
their skill profile (Wilmers 2020).
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Beyond wages, our findings are also relevant for research on digitalization and
robotization. This literature would benefit from a more holistic understanding of
skills, as crude task-based measures may exaggerate the adverse effects of automa-
tion on occupations. As Dengler and Matthes (2018) show, even when some tasks
are readily automated, most jobs combine tasks that cannot be performed by ma-
chines. Future research could build on our conceptual and methodological approach
to skill profiles to better capture the hybrid nature of jobs’ task compositions.

This is particularly important in light of the recent surge in AI, which occurred
after the data for this study were collected. As generative AI increasingly performs
tasks once considered non-automatable, a more nuanced understanding of which
skill combinations are vulnerable becomes essential—for example, by distinguish-
ing more precisely between different types of interpersonal and intrapersonal skills.
Finally, although a temporal analysis was beyond the scope of this study, examining
how skill profiles evolve over time would shed light on how recent labor market
changes are reshaping the skill structure of jobs, beyond simply identifying which
individual skills are rising or declining.

New perspectives for the study of labor market mobility

Our study opens new perspectives for the literature on labor market mobility. Our
bottom-up approach allows us to visualize what a purely skill-based labor market
would look like—without boundaries imposed by educational requirements and
other institutional barriers. An important mechanism in understanding (a lack
of) mobility between jobs is found in the (in)transferability of workers’ skills (e.g.,
Poletaev and Robinson 2008; Gathmann and Schönberg 2010; Hanushek et al. 2017).
Our mapping of skills on occupations suggests that there is, in fact, substantial
overlap in the skill content of occupations. We found that many occupations require
similar skills, even though they are far apart in occupational hierarchies. This
finding needs to be corroborated with other types of data, such as detailed job
task surveys, to rule out possible omission bias in job postings. Nevertheless,
it is consistent with the earlier observation of large intra- and intergenerational
mobility flows between microclasses, which highlights the permeability of some
occupational boundaries even at the detailed occupational level (Lin and Hung
2022:1585, York, Song, and Xie 2025:1013).

In particular, our findings support the idea that upward mobility for workers
in low-wage occupations would require only limited reskilling (See also DeMaria
et al. (2020)). While this might sound striking, this finding is consistent with the
permeability between occupations that workers themselves perceive (Hénaut et al.
2023). Especially at the bottom of the occupational structure, workers are found to
“stretch status,” that is, to identify with occupations of different status that involve
similar tasks (Hénaut et al. 2023).

This suggests that there is much more potential for career mobility than we
usually think. However, these skill-based transitions may be hindered in practice
(DeMaria et al. 2020). Workers who have the right skill profile for a job may not
have the certified credentials to access it (Lancee and Bol 2017). This draws attention
to the potential barriers and institutional mechanisms that limit the occupational
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mobility of workers regardless of, or beyond, the matching of their skill profiles
(Weeden and Grusky 2005; Bol et al. 2019).

More research is needed to assess how formal qualifications affect the transfer-
ability of skills and occupational mobility (Lancee and Bol 2017; Nedelkoska and
Neffke 2019). Existing measures of skill mismatches often focus on general skills,
neglecting job-specific knowledge (e.g., Guvenen et al. 2020; Lise and Postel-Vinay
2020). Our skills-based approach allows finer-grained identification of potential
labor market transitions and horizontal skill transferability. Future work could,
for example, compare occupational mapping based on skill proximity with actual
mobility flows of workers between occupations (Cheng and Park 2020; Lin and
Hung 2022).

Toward a sociological approach to skills and occupations

Our finding that skills and occupations play distinct roles invites scholars to re-
consider their respective contributions to labor market inequality. We confirm the
relevance of the skills used at work, also known as “task-based human capital”
(Gathmann and Schönberg 2010; Schulz et al. 2023). Previous research has often
linked differences in workers’ career paths to the different skills they possess (see
Hanushek et al. 2017), and primarily to the ones that they acquire through formal
training (DiPrete et al. 2017). Our research suggests that another part of the story
takes place in the workplace, where workers’ skills take shape in a given hierar-
chical labor process (Avent-Holt et al. 2020). While a few studies have sought to
conceptualize the allocation of work tasks into jobs and their labor market returns
(Wilmers 2020), a sociological model that disentangles the effects of school-based
and task-based human capital remains to be developed (Haupt and Ebner 2020;
Schulz et al. 2023).

Our study demonstrates that online job postings are a valuable and under-
appreciated source for mapping skill structures. Unlike most employee surveys,
they capture a broad range of skills beyond general categories, and they represent
a wider segment of the labor market than typical online labor market datasets
(Anderson 2017; Stephany and Teutloff 2024). Combining our comprehensive mea-
sure of job skill content with employee data at the job-title level could further
illuminate the relationship between the skills workers possess and the skills they
actually use on the job.

While our findings highlight the role of skills in labor market inequality, they also
show that occupations matter even when job skill composition is comprehensively
accounted for. Occupations influence inequality not merely through the tasks and
skills they encompass, which then raises the question posed by Martin-Caughey
(2021): “What’s in an occupation?”

Our findings support theories that view occupations not as bundles of skills,
but as entities embedded in institutions and societies’ cultures (Haupt and Ebner
2020:24–47). As Weeden and Grusky (2005:153) argue, homogeneity may arise not
per se because workers share the same working conditions, but because “employ-
ers (and, to some extent, workers) fashion jobs that correspond with ideal-typical
occupational templates.” From this perspective, occupational boundaries are pro-
duced by institutional mechanisms and cultural perceptions that assign greater
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value to some jobs over others. While we do not directly test these mechanisms,
our study reinforces the idea that skills alone cannot explain wage differences and
points to job postings as a rich source for studying occupational barriers, given the
additional information they contain beyond skills, such as education and licensing
requirements.

In sum, rather than opposing skill- and occupation-based perspectives, future
research should explore their interaction, particularly how real or perceived dif-
ferences in skills can be used to legitimize socio-economic inequalities between
occupational groups (Braverman 1998).

Investigating the role of institutional factors

The skill formation system in the United Kingdom is characterized by a relatively
open market economy, combined with an educational system that offers very little
vocational and occupation-specific training (Hall and Soskice 2001a; Bol and Van
De Werfhorst 2013). The generalist educational system of the United Kingdom is
not strongly tied to the labor market, and in contrast to many continental European
countries (Germany, the Netherlands), many jobs do not have specific educational
requirements (Bol and Weeden 2015).

Compared to other countries, the weak linkage between specific educational cre-
dentials and specific occupations may exacerbate the within-occupation variation in
the skill requirements. While it is likely that our results will be different in countries
with stronger linkage between education and the labor market, we argue that our
findings should be relatively similar in the United States, which—similar to the
United Kingdom—lacks a strong vocational educational system and is characterized
by diffuse pathways to employment (DiPrete et al. 2017). An interesting avenue for
future research is to explicitly study these contextual factors: to what extent does
the content of occupations depend on the institutional setup of a country’s skill
formation system?

In conclusion, this study opens up promising avenues for further research. It
has shed a different light on occupational classifications, exploring new and “more
complex ways in which two occupations can be ‘close to’ or ‘distant from’ one
another” (Cheng and Park 2020:620). We have shown that when it comes to skills,
occupational categories tend to harbor a great deal of heterogeneity. Should we
then consider occupational analysis as an old VW Beetle from the 1960s and trade it
in for a new model (Leicht 2020)? Before we make a hasty decision, let’s first open
the hood.

Notes

1 In this article, the term “skills” refers to the skills that are required to perform a given job,
rather than the skills that workers possess (but may not use). This differs from a common
distinction in the literature, which defines skills as characteristics of workers and tasks
as characteristics of jobs (see Haupt and Ebner 2020). Our definition of skills should
thus be understood as “skills used on the job,” which then largely overlaps with the
notion of job tasks. It is relevant in the context of our analytical approach, which seeks to
analyze skills and their returns from the demand side: we focus on the sets of skills that
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employers require for a given job and how they would reward them, regardless of the
skills of the workers who will occupy that job.

2 Accordingly, in our data, the vast majority of employers (>80 percent) do not specify a
preferred qualification requirement. As a robustness check, we analyzed the extent to
which skills implied by job titles or qualifications are omitted in Section 4.1 of the online
supplement.

3 At best, including job-level task characteristics alongside the same characteristics mea-
sured at the occupational level increases the R2 from 0.27 to 0.34 in Autor and Handel
(2013:85).

4 Lightcast is a merger of Emsi and Burning Glass Technologies. For more information,
visit https://lightcast.io/about/data [accessed on 02/03/2026].

5 This taxonomy is updated every 2 weeks and is freely available via an Applica-
tion Programming Interface (API): https://lightcast.io/open-skills/access [accessed
on 02/03/2026].

6 Lightcast uses unique but standardized skill requirements in order to group synonyms.
For example, “communication skills” and “ability to communicate” are coded in the
same skill requirement.

7 The most represented job titles among the job postings for which Lightcast did not
identify any skill requirements are, in descending order of importance: Laborer, Care
Assistant, Support Worker, Warehouse Operative, and Cleaner. A visual inspection of
the raw text of these job postings suggests that job descriptions are typically very short
or unspecific. When they do include some detail, job postings either emphasize what
workers are expected to do (e.g., “sort through bins full of metal cables”), or personality
traits they should have (e.g., “you’ll need to be caring, compassionate and empathetic”),
leaving aside identifiable skill requirements.

8 The skill requirements excluded from the random sample tend to be so specific or
technical that they only appear in a minority of job postings. Seventy-five percent of
them appeared in fewer than eight job postings, and none appeared in more than a
hundred job postings in 2019.

9 Using employment figures to correct the non-representativeness of job posting data has
its limitations, as the two data sources measure different quantities: while job posting
data measure the flows of vacancies, employment data inform about their stock at a given
time. This is particularly problematic when job posting data are used as a proxy for
the demand side. However, the purpose of our study is not to identify aggregate skill
dynamics. Moreover, as Cammeraat and Squicciarini (2021:17) show, using employment
data is the most appropriate option in the absence of commensurable data between job
postings and openings.

10 We used ONS employment figures from the APS, which are available via Nomis on
https://www.nomisweb.co.uk/datasets/aps168 [accessed on 02/03/2026]. Data were
selected for the United Kingdom for the period January 2019 to December 2019.

11 We did not use external databases such as the O*NET because our goal is precisely to
avoid a top-down approach to skill classification.

12 We presented the construction of the empirical distributions and the calculation of the
distance between them as two separate steps but in practice, the MMD distance performs
both steps simultaneously.

13 For a technical discussion of the MMD distance and parameter, see Section 2.2 in the
online supplement.
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14 We also analyzed the silhouette width of occupational categories to assess whether they
are consistent clusters in terms of their skill composition. Yet, it is important to note that
the silhouette width is biased toward convex or spherical clusters (Rousseeuw 1987:55),
making it a conservative measure for assessing the cluster quality of occupations. In
other words, occupations may have a poor silhouette width not because they are poor
skill clusters, but because they are non-spherical skill clusters.

15 The analysis using the logged maximum hourly wage yields very similar results and is
available in the online supplement, Tables S7 and S8.

16 An interactive visualization of the LDA BTM is available on https://surfdrive.surf.nl/
files/index.php/s/T0uNAWrbuJkkIyl [accessed on 02/03/2026]. The skill requirements
listed in Table 4 can be retrieved with λ = 0.7. See Sievert and Shirley (2014) for an
introduction to the interface.

17 We gave ChatGPT the following instructions: “I would like you to find good names for
the following latent topics, based on the top-100 word probabilities. The names should
be precise but not too long (no more than 5 words).”
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