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Abstract: We propose a new approach to study the structure of occupational labor markets that relies
on social network analysis techniques. Highly detailed transition matrices are constructed based on
changes in individual workers’ occupations over successive months of the Current Population Survey
rotating panels. The resulting short-term transition matrices provide snapshots of all occupational
movements in the U.S. labor market at different points in time and for different sociodemographic
groups. We find a significant increase in occupational mobility and in the diversity of occupational
destinations for working men over the past two decades. The occupational networks for black and
Hispanic men exhibit a high overall density of ties resulting from a high probability of movement
among a limited set of occupations. Upward status mobility also increased during the time period
studied, although there are large differences by race and ethnicity and educational attainment.
Finally, factional analysis is proposed as a novel way to explore labor market segmentation. Results
reveal a highly segmented occupational network in which movement is concentrated within a limited
number of occupations with markedly different levels of occupational status.
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OCCUPATIONS have long been central to sociological research on labor markets
and social stratification. The occupation in which individuals are employed is

generally considered an important predictor of their earnings and a good measure
of their social standing (Blau and Duncan 1967; Hauser and Warren 1997; Mouw
and Kalleberg 2010; Weeden and Grusky 2005). Research on gender and racial
inequality, for example, has found that the sorting of workers across occupations
accounts for a large share of the gender and racial wage gaps (Petersen and Morgan
1995; Tomaskovic-Devey 1993). Occupational differences in wages also help explain
the overall growth in inequality since the 1980s (Mouw and Kalleberg 2010). Not
only are occupations important predictors of economic outcomes; they are also
associated with differences in beliefs, attitudes, and lifestyles in ways that make
them appropriate units for class analysis (Weeden and Grusky 2005).

Given the importance of occupations for individuals’ life chances, it is not
surprising that sociologists have been deeply concerned with the extent to which
workers are able to move between occupations. Such movements are restricted by
numerous structural factors, leading to a segmentation of the labor market along
occupational lines (Althauser 1989; Kalleberg and Mouw 2018; Rosenfeld 1992).
Researchers have in fact argued that occupations constitute relatively separate
labor markets with their own supply and demand of workers (Doeringer and Piore
1971; Stolzenberg 1975). Employers seeking to hire an accountant, for example, are
unlikely to consider an applicant whose prior work has not been in accounting or
some related field. That is because occupations such as accounting often exclude
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workers without proper credentials. More generally, social closure practices, which
may also include licensing, voluntary certification, and unionization in addition to
credentialing, restrict the labor supply to particular occupations, thereby raising the
earnings of workers in those occupations (Grusky and Sørensen 1998; Weeden 2002).
Although previous studies have convincingly demonstrated that the labor market
is segmented along occupational lines, we know surprisingly little about how it
is segmented, that is, among which occupations workers are most likely to move.
New methodological techniques are required to further uncover the underlying
structure of the occupational labor market.

Research on inter- and intragenerational mobility has, of course, also been con-
cerned with the extent to which individuals are able to move between occupations,
specifically to those deemed to have higher social status. Individuals’ ability to
move to higher-status occupations over their own lifetimes and relative to their
parents is often considered a key indicator of equality of opportunities (Blau and
Duncan 1967; Breen and Jonsson 2005; Erikson and Goldthorpe 1992; Torche 2015a).
In this line of research, occupations are usually ranked along a single-dimensional
scale of social status or grouped into highly aggregated occupational categories
meant to approximate social classes (Torche 2015b). Assigning an index of social
status to occupations allows researchers to employ linear regression techniques to
analyze occupational mobility, whereas grouping occupations into broad categories
enables the use of categorical data analysis to examine occupational contingency
tables (Hauser 1978; Hout 1983). Both of these methodological strategies have
yielded important insights regarding the movement of workers to occupations of
different social standing but provide an incomplete picture of the overall structure
of the occupational labor market. Traditional modeling strategies also often impose
a specific structure to the pattern of movement across occupations (Sakamoto and
Wang 2019).

In this article we propose an alternative approach to study the structure of the
U.S. occupational labor market that relies on tools developed for the analysis of so-
cial networks. Information regarding the movement of workers across occupations
is obtained from the Current Population Survey (CPS), a nationally representative
survey with a rotating panel format. Changes in respondents’ occupation over
successive months allow us to construct highly detailed transition matrices that are
representative of all occupational movements. The resulting short-term transition
matrices provide snapshots of the structure of the U.S. labor market at successive
points in time. We also examine differences in the evolution of the occupational
structure for different sociodemographic groups by constructing separate matrices
for subgroups of the adult population.

This network analysis approach allows us to explore aspects of the U.S. occu-
pational labor market that are not evident with standard methods used to study
mobility. For example, measures of network density can be used to examine the
interconnectedness of occupations, that is, the amount and diversity of occupa-
tional movements experienced by workers in the entire labor market and within
subgroups of occupations. We are able to consider paths through the occupational
network involving multiple steps to determine which occupations can be reached by
workers over successive job changes. We can assess the level of occupational status
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mobility in the labor market at a point in time and for different sociodemographic
groups by measuring the level of connectivity and geodesic distance between low-
and high-status occupations. Finally, techniques developed to identify subgroups
within a social network can be used to analyze occupational segmentation. Such
techniques tell us whether job changes are concentrated among certain occupations
without imposing a specific structure to the pattern of occupational movements.

An additional advantage of the network analysis approach we propose is that
it can be implemented with readily available data from rotating panel surveys
such as the CPS. Our approach may also be applied to other national contexts as
many countries regularly conduct employment surveys with similar data structures
(e.g., INEGI 2005; Office for National Statistics 2019; Statistics Canada 2009). Prior
strategies for the study of intragenerational mobility often rely on longitudinal
data that follow specific cohorts over the course of their working lives, or surveys
containing retrospective information (e.g., Kronberg 2013; Sørensen 1975; Sørensen
and Grusky 1996; Stier and Grusky 1990). Such data sources are scarcer. Also,
because multiple waves of the CPS can be appended, the sample sizes obtained are
large enough to examine workers’ movements using highly detailed occupational
categories.

In the following sections we first motivate the research questions addressed by
the network analysis approach. We briefly review the literature on occupational
mobility and occupational labor market segmentation to derive some basic expec-
tations that guide the empirical analysis. We then define occupational networks
and describe how network analysis techniques can help us better understand the
structure of occupational labor markets.

Occupational Mobility

Occupations play a central role in sociological theories of stratification. An un-
derlying assumption of these theories is that there is something durable about
occupations that affect individuals’ life chances beyond the characteristics of the
individuals who work in them. As noted earlier, occupations confer status and are
important predictors of earnings (Weeden and Grusky 2005; Mouw and Kalleberg
2010). The ability to move between occupations is therefore often considered an
important measure of the opportunities available to workers. However, widespread
occupational movement may also reflect economic downturns (Jarvis and Song
2017).

Recent research has documented a consistent increase in occupational mobility
over time (Jarvis and Song 2017; Kambourov and Manovskii 2008; Longui and
Brynin 2010; Parrado, Caner, and Wolff 2007). Using data from the Panel Study of
Income Dynamics and two-digit occupational codes, Kambourov and Manovskii
(2008) find that the annual rate at which employed individuals change occupations
rose from 12 to 17 percent between 1968 and 1997. Because occupation-specific
human capital is highly rewarded and generally accrues with longer tenure in
an occupation, moving to new occupations may actually result in lower wages
(Kambourov and Manovskii 2008, 2009). Thus, rather than a measure of greater eco-
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nomic opportunities, higher occupational mobility may also reflect worse economic
outcomes (Hollister 2012).

Researchers also find that occupational mobility varies across sociodemographic
groups. As might be expected, older workers, who generally have longer tenure in
an occupation and therefore more to lose by moving, experience fewer occupational
transitions (Hollister 2012; Moscarini and Vella 2008; Parrado et al. 2007). More
educated workers have also been found to have lower occupational mobility (Kam-
bourov and Manovskii 2008; Moscarini and Vella 2008; Parrado et al. 2007). Less is
known about patterns across racial groups, although Parrado et al. (2007) report
no significant differences in occupational mobility between white and nonwhite
men during the 1980s and early 1990s. Finally, the rate at which workers experience
occupational changes also depends on macroeconomic factors. Kambourov and
Manovskii (2008) find that occupational mobility is mildly procyclical. By contrast,
DiPrete and Nonnemaker (1997) find that occupational mobility increases with
industrial contraction.

In the analysis below we will use network analysis techniques to estimate
occupational mobility over the past two decades for workers of different race
and ethnicity and level of education. The analysis updates trends in occupational
mobility through 2016. More importantly, as described below, network analysis
tools allow us to analyze new aspects of occupational mobility beyond the average
rate at which workers change occupations. For example, we are able to measure the
diversity in occupational movements occurring in the labor market using detailed
occupational categories. We can also examine movements involving multiple
occupational transitions.

Intragenerational Mobility

Sociologists have not only been interested in studying the movement of workers
across all occupations in the labor market but have been especially concerned
with the extent to which workers are able to move vertically within a hierarchy
of occupations. Individuals’ ability to move to higher-status occupations relative
to their parents or over their own lifetimes is considered a measure of equality in
opportunities (Blau and Duncan 1967; Erikson and Goldthorpe 1992; Torche 2015b).
Although researchers have more often focused on occupational mobility across
generations, there is an increasing interest in workers’ occupational advancement
over the course of their own lives (Jarvis and Song 2017; Kalleberg and Mouw 2018).

One traditional approach to the study of occupational status mobility involves
the analysis of two-way contingency tables using log-linear models (Hauser 1978;
Hout 1983). The rows and columns in such tables represent the occupational groups
of origin and destination, respectively. Although log-linear models have yielded
important insights into the patterns of inter- and intragenerational mobility, they
have some limitations (Sakamoto and Wang 2019). Log-linear models often impose
a specific structure to occupational movements that may not always be warranted.
Contingency tables used in log-linear models are also typically based on highly
aggregated occupational groups that are meant to capture broad social classes,
although some recent studies use more disaggregated occupational categories
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(Jarvis and Song 2017; Jonsson et al. 2009; Sørensen and Grusky 1996). In a recent
study, Jarvis and Song (2017) use log-linear models to examine intragenerational
occupational mobility at different levels of aggregation over the span of several
decades. Their study is one of the first to estimate changes in intragenerational
occupational mobility over time. Jarvis and Song (2017) find an overall increase
in occupational mobility at most levels of aggregation since the early 1990s. They
suggest that the increased mobility of workers over the span of their careers may be
counteracting the null or slightly negative trends in intergenerational mobility.

The methodological strategy for studying occupational status mobility intro-
duced below also relies on an analysis of contingency tables constructed at different
levels of aggregation, including highly detailed occupational categories. However,
instead of applying log-linear models to analyze mobility patterns, we employ tools
developed for the analysis of social networks. As described below, network analysis
tools provide greater flexibility in the study of occupational status mobility. Treating
short-term contingency tables for different years as social networks allows us to
test changes in occupational mobility over time for workers of different sociode-
mographic backgrounds without imposing a particular structure to the underlying
pattern of movements. We are also able to examine occupational status mobility
over longer chains of occupational transitions. Traditional methods for analyzing
occupational status mobility only consider changes in status resulting from single
transitions. As described below, network analysis tools can help us explore the
occupational status that workers may reach over multiple occupational transitions.

Whereas early work on intragenerational mobility relied on the application of
log-linear models to analyze contingency tables (Blau and Duncan 1967; Featherman
and Hauser 1978), more recent research has employed event history modeling
using individuals’ entire job histories (DiPrete and Nonnemaker 1997; Gerber 2002;
Parrado 2005; Shin 2007; Yu 2010; Zhou, Tuma, and Moen 1997). This research
has been made possible by the greater availability of panel surveys and one-time
surveys collecting retrospective job histories both in the United States and other
countries. Event history models provide many advantages over older methods
based on the analysis of contingency tables. Instead of relying only on individuals’
first and most recent occupations as early work on intragenerational mobility did,
event history models allow researchers to track individual workers’ job transitions
during a large span of their working lives. However, longitudinal data sets are
often limited to a few birth cohorts or have an insufficient number of cases to
conduct analysis that is representative of detailed occupational categories. Estimates
obtained from retrospective work histories may also be biased due to recall problems
(Manzoni, Luijkx, and Muffels 2011).

Labor Market Segmentation

Given the importance of occupational mobility for individuals’ economic conditions
and social standing, sociologists have naturally been interested in understanding
how occupational movement is restricted by structural features of the labor market
(Rosenfeld 1992; Kalleberg and Mouw 2018). One significant barrier to occupational
movement stems from the operation of internal labor markets (ILMs), broadly
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defined as clusters of jobs with a high degree of social closure in which workers are
to some extent shielded from external competition, and in which workers are af-
forded opportunities for promotion with the acquisition of greater skills (Althauser
1989; Althauser and Kalleberg 1981; Doeringer and Piore 1971; Rosenfeld 1992).
Although ILMs are more often thought to operate within firms, where they provide
career ladders for some workers, they are also found within occupations (Althauser
1989; Doeringer and Piore 1971; Kalleberg and Mouw 2018:286). Through licensing,
credentialing, and unionization, some occupations exhibit social closure thereby
raising the earnings for individuals employed in them (Grusky and Sørensen 1998;
Weeden 2002).

To the extent that they operate at the occupational level, ILMs will reduce the
movement of workers between occupations or at least confine such movements
to particular occupational clusters, leading to greater overall labor market seg-
mentation. Occupations vary in the extent to which they comprise occupational
internal labor markets (OILMs). For example, high-skilled professional occupations
may exhibit greater social closure because they are more likely to require specific
educational credentials and licenses (Weeden 2002:69–70). Although less studied,
access to OILMs may also vary by race and ethnicity as minority workers are often
left out of lucrative jobs with greater opportunities for career advancement (Baldi
and McBrier 1997; Pomer 1986; Rosenfeld 1980; Wilson and Roscigno 2010).

Occupational movement is not only reduced by practices of social closure but
also by a disincentive created by high returns to occupational tenure. As noted
earlier, workers accumulate occupation-specific skills after working in a particular
occupation for an extended period of time. These skills are highly rewarded but
are often not directly transferable to other occupations (Kambourov and Manovskii
2009; Kwon and Milgrom 2014; Sullivan 2010). The high returns to occupational
experience will reduce the incentive for individuals to change occupations or will
restrict such changes to a cluster of occupations to which their skills are somewhat
transferable. We may expect the rewards to occupational tenure to also vary by
skill level and with the level of educational attainment required (Kambourov and
Manovskii 2008). The higher returns to advanced skills in professional occupations
may inhibit the movement of workers out of such occupations. Finally, broader
economic changes affecting overall labor demand may alter the returns to occupa-
tional experience and therefore the extent of occupational mobility overall. In a
tighter labor market, employers may be more willing to hire workers from other
occupations and absorb the cost of training them to perform new tasks.

In sum, the extent of movement of workers across groups of occupations and
the consequent segmentation of the labor market are affected by numerous factors.
Insofar as they operate in an economy, OILMs will restrict occupational movement
by processes of social closure. Higher returns to occupational experience will also
create a disincentive for workers to move, leading to greater occupational segmen-
tation. Occupational movement is expected to vary with changes in economic
conditions over time and for workers of different race, ethnicity, and skill level.
Yet, despite the importance of occupational segmentation in sociological accounts
of labor market dynamics, we lack appropriate methods for exploring how labor
markets are segmented. In the analysis below we introduce a novel way to mea-

sociological science | www.sociologicalscience.com 192 May 2020 | Volume 7



Villarreal The U.S. Occupational Structure

sure labor market segmentation using techniques developed for the identification
of network factions. As explained in the methodological section below, factional
analysis allows us to detect clusters of occupations among which workers move
relatively freely but across which workers are not easily able to move, thus closely
resembling OILMs.

The Occupational Labor Market as a Social Network

Modeling the occupational labor market as a social network requires us to think
of occupations, rather than individuals, as the units of analysis. Each occupation
constitutes a node in a network, and the strength of the tie between nodes is
proportional to the number of workers who move between occupations over a
discrete period of time. In standard sociometric notation, the relation between
nodes may be expressed as a matrix X with n rows and n columns, where n is the
number of nodes or occupations. As explained below, for the analysis of social
mobility it is useful to define each element xij as the proportion of workers employed
in occupation i who move to occupation j during a single time interval. Defined in
this way, xij is an estimate of the probability that a worker in occupation i will make
that transition.

In social network terminology, the occupational network is a valued network
because the strength of a tie between nodes may take on a value along a scale (in
this case from 0 to 1), rather than a binary value based on whether a tie between
two nodes exists. However, for some of the analysis below it will be useful to
dichotomize the value of a tie between two occupations. For such an analysis, ties
between two occupations will sometimes be restricted to only those that meet a
certain probability threshold to minimize the influence that very rare occupational
transitions may have on estimates of network connectivity and social mobility. The
occupational network is also a directed network because the probability of moving
from occupation i to occupation j need not be the same as the probability of moving
from occupation j to occupation i.1 Finally, the occupational network is nonreflexive
in that it does not allow self-ties (xij = 0 if i = j).2

In the three subsections below we introduce multiple techniques for the analysis
of social networks and describe how they can be used to analyze the three aspects
of occupational labor markets discussed in the previous sections: occupational
mobility and connectivity, intragenerational status mobility, and occupational labor
market segmentation.

Network Cohesion: Measuring Occupational Mobility and
Connectivity

The concept of cohesion in network analysis captures the extent to which nodes
in a social network are interconnected (Borgatti, Everett, and Johnson 2013). In
networks in which each node is an individual and each link represents the strength
of a social tie between individuals, network cohesion may reflect the extent to which
information or influence may travel throughout the network (Moody and Coleman
2015). In an occupational network, however, greater cohesion implies greater
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movement between occupations. A more cohesive network is one in which workers
have greater occupational options as they are able to move to other occupations
either directly or over the course of multiple occupational transitions depending on
the specific measure of cohesion used. Several measures of network cohesion have
been developed and will be applied to the occupational network data below. Each
measure provides different information about the extent of occupational movement
across the labor market.

Density. The simplest measure of cohesion in a network is its density. In a binary
network, density is simply defined as the total number of direct ties in the network
as a proportion of all possible ties. Excluding self-ties, the total number of possible
ties in a directed network is n(n – 1), where n is the number of nodes. Thus, density
may be expressed as

density =
∑n

i=1 ∑n
j=1 xij

n(n− 1)
,

where xij in this case is a binary variable indicating whether a tie exists. The density
of an occupational network can be interpreted as the probability that a transition
between two randomly chosen occupations exists. A higher density indicates a
more fluid occupational structure.

It is important to note that the density of the dichotomized occupational network
provides different information than more customary measures of mobility, usually
defined as the probability that a worker will change occupations. The density
of binary networks captures the diversity in occupational transitions. Thus, an
occupational labor market could potentially exhibit a high degree of mobility and a
low network density when binary ties are used if all movements are concentrated
among a few occupations.

Density can also be estimated for valued networks using the same formula.
The density of a network with valued ties measures the average strength across
all possible ties. For the occupational network in which each tie xij represents the
probability that a worker in occupation i will move to occupation j, network density
will measure the average probability that an occupational transition will occur.
When applied to valued networks, density is in fact proportional to a standard
measure of mobility defined as the average probability that a worker will change
occupations.3 Thus, although they are computed in similar ways, the densities of
the valued and binary occupational networks have substantively different meanings.
Whereas the density of the binary network captures the diversity in occupational
transitions, which we hereafter refer to as occupational connectivity, the density of
the valued network captures the average probability of an occupational transition,
which we refer to as occupational mobility.

Connectedness. As defined above, network density can be computed based solely
on information regarding the occupations with which each particular occupation
is directly connected by the movement of workers over a single time period. Such
analysis ignores the full network in which an occupational node is embedded.
When studying an occupational network, it is important to consider the occupations
that workers can reach over multiple transitions because many workers will change
occupations more than once during their lifetimes (e.g., Fuller 2008; Shaw 1987).
Several measures of cohesion allow us to consider occupations that can be reached
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over multiple steps.4 First, network connectedness measures how many pairs of
nodes are tied by a network path of any length as a proportion of all pairs of nodes.
Mathematically, connectedness can be defined as

connectedness =
∑n

i=1 ∑n
j=1 rij

n(n− 1)
,

where rij is defined as 1 if nodes i and j are connected by a path of any length and
0 otherwise (Borgatti et al. 2013:154). Connectedness can take on values ranging
from 0, when the network is composed of isolates, to 1 when all nodes can be
reached from any node. Researchers sometimes prefer to present the complement
of connectedness (1 – connectedness), also called fragmentation, to capture the pro-
portion of pairs of nodes that cannot reach each other by a path of any length. In
an occupational network, connectedness will tell us how many occupations can be
eventually reached by workers starting in other occupations over multiple transi-
tions. Fragmentation captures the extent to which a labor market is disconnected.5

Average geodesic distance. Another measure of network cohesion is the aver-
age geodesic distance between all connected pairs of nodes in a network. In an
occupational network, the geodesic distance indicates the minimum amount of
occupational transitions that a worker must experience to reach another particular
occupation. The average of such minimum transitions is therefore a measure of how
long it would take for a worker to move between two randomly chosen occupations,
and hence how difficult or improbable such a journey would be. It is important
to note that under this definition, all occupations that cannot be reached from a
given occupation are excluded from the computation of the average distance. Thus,
an occupational network with many disconnected occupations may actually have
a low average distance if the remaining occupations are tightly connected. For
this reason, average distance should be assessed along with other measures of
connectivity, including connectedness.

Occupational Status Mobility

The measures of cohesion introduced in the previous section allow us to assess the
extent to which workers can move to other occupations within the labor market.
However, they do not provide information about whether workers are able to move
up or down the social hierarchy of occupations. To distinguish occupational mo-
bility along a scale of social status from the overall level of occupational mobility
discussed in the previous section, we will refer to the former specifically as occupa-
tional status mobility. As discussed earlier, a large body of sociological research has
been concerned with measuring the amount of occupational status mobility in the
United States. Network analysis tools provide a nonparametric way of assessing
occupational status mobility. By measuring the level of connectivity between low-
and high-status occupations using several alternative techniques we can compare
the amount of occupational movement along a status hierarchy at different points
in time.

Any analysis of occupational status mobility necessarily requires us to distin-
guish which occupations are higher in status than others. In the analysis below
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we rely on Duncan’s (1961) Socioeconomic Index (SEI) updated by Hauser and
Warren (1997). Duncan’s SEI is essentially a weighted average of the education and
earnings of workers in each occupation (see the Data and Measurements section
for details). In some of the analysis we will dichotomize occupations into those
with high and low status. As discussed in the Data and Measurements section, we
consider occupations in the top quartile of the SEI distribution to be of high status.

Between- and within-group density. A first approach for examining social mobility
within an occupational network is to measure the density of ties between low- and
high-status occupations. As defined earlier, the density of a valued network is the
average probability that an occupational transition will occur in an occupational
network. We may similarly calculate the density of ties from low- to high-status
occupations and compare that with the density of ties from low- to low-status
occupations. A higher density of ties from low- to high-status occupations indi-
cates more upward mobility.6 The extent to which ties are concentrated among
occupations of similar status also indicates the extent to which the labor market is
segmented by status.

The density of ties between low and high occupational status groups computed
using a valued occupational network will capture the total or gross mobility in the
labor market at a particular point in time.7 Researchers examining intergenerational
mobility, and to a lesser extent intragenerational mobility, have frequently chosen
to distinguish structural mobility, which results from changes in the relative size of
occupations of origin and destination over time, and relative mobility (or circulation
or exchange mobility), which is the amount of mobility that exists beyond that
attributed to changes in the size of occupations (Featherman and Hauser 1978;
Jarvis and Song 2017; Torche 2015b).8 We analyze total mobility instead of relative
mobility because we want to include the effect of structural changes (such as changes
in technology and demographic shifts) that may result in differences in the size of
occupations over time. However, the method proposed here could potentially be
adapted to separate structural and relative occupational status mobility.9

Occupational mobility over multiple steps. The analysis of the density of ties be-
tween low- and high-status occupations only takes into account the status that
individuals can achieve in a single occupational transition. Yet it may frequently
take individual workers more than one transition to reach a high-status occupation.
A more complete analysis of occupational status mobility should therefore consider
the status achieved by workers over longer paths, which requires the use of informa-
tion from the full network in which an occupation is embedded. We therefore also
estimate the percentage of workers in low-status occupations who are able to reach
a high-status occupation in successive number of steps (occupational transitions),
as well as the average number of steps required to achieve a high-status occupation
for individuals starting in a low-status occupation. A lower average number of
steps necessary to reach a high-status occupation indicates greater upward mobility
in the occupational network.10

Finally, an analysis of occupational status mobility that relies on a binary distinc-
tion between low- and high-status occupations may miss occupational transitions
involving upward social mobility that do not surpass the required threshold. We
therefore implement an alternative strategy that uses the entire range of occupa-
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tional status scores in which we calculate the maximum status workers can achieve
in successive number of steps. The average of this measure for all workers in
low-status occupations provides a succinct measure of mobility in the labor market
at a particular point in time that does not depend on the use of a threshold for
high-status occupations.

Network Factions: Occupational Labor Market Segmentation

The analysis of social mobility described above entails, among other things, as-
sessing the extent to which the labor market is segmented by occupational status.
In that analysis two occupational groups are specified, namely, those composed
of occupations with low and high status, respectively. The density of ties (and
therefore the amount of movement) within and between those two groups is then
measured. A comparison of the density of ties within and between groups serves
as a measure of segmentation along predefined lines. In the analysis below we will
also explore the extent of labor market segmentation more generally without impos-
ing a predefined metric for dividing the occupations into groups. The occupational
network will first be divided into groups that best capture structural segments of
the occupational labor market, and only afterwards do we assess whether these
segments correspond to occupations of different status. Rather than imposing a
division of occupations based on status, this exploratory analysis lets the data speak
for themselves, as it were.

Various procedures have been developed to partition a social network into
groups (for overviews and historical background, see Freeman [2011] and Wasser-
man and Faust [1994]:249–90). To study occupational segmentation, we specifically
employ a form of factional analysis that divides the network into groups in which
cohesion within groups is maximized and cohesion between groups is minimized
(Borgatti et al. 2013). The resulting groups, called factions, represent clusters of
occupations among which workers move relatively freely but from which workers
are not easily able to move. We have chosen this technique for partitioning the
occupational network because it corresponds closely with the definition of OILMs
noted earlier.

Mathematically, factional analysis partitions the occupational contingency table
into a block matrix that is as close as possible to having blocks of ones in the
diagonal and blocks of zeroes off the diagonal. The specific algorithm used searches
for a partition of nodes that minimizes the number of ties that need to be removed
or added in order to have perfect cohesion within factions and no cohesion between
factions.11 The algorithm will partition the network into any specified number
of factions. Because the intragroup density will be larger and intergroup density
lower when a larger number of factions are specified, we will explore results using
a different number of factions.

Data and Measurements

Data for this study are extracted from the monthly panels of the CPS available
through the Minnesota Population Center’s Integrated Public Use Microdata Series
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(IPUMS) (Flood et al. 2018). The CPS has a rotating panel structure in which
households are interviewed a total of eight times over 16 months. The first four
interviews are in consecutive months. The household is then out of the sample
for eight months and re-interviewed for an additional four consecutive months.
Panels are staggered such that approximately one-eighth of the sample is in their
first interview, one-eighth of the sample is in their second interview, and so on. We
use information about respondents’ occupation in consecutive waves to construct
the occupational transition matrices. To make all the time intervals between waves
equal to one month, we exclude transitions occurring between the fourth and fifth
wave of every panel, which are spaced 9 months apart.12

Each cell in the occupational transition matrix xij is calculated as the number
of workers moving from occupation i to occupation j between consecutive months
divided by the total number of workers in occupation i in the initial month. In this
way, xij is an estimate of the probability that a worker in occupation i will move
to occupation j in a given month. Longitudinal sampling weights provided by the
CPS are used in these calculations (Drew, Flood, and Warren 2014). In order to
increase the sample size, monthly occupational transitions from multiple years are
appended. Specifically, we create matrices capturing all monthly transitions for
five-year intervals: 1996 to 2000, 2006 to 2010, and 2012 to 2016 (hereafter referred
to by their midpoints as 1998, 2008, and 2014). By comparing the characteristics of
the occupational networks created with data from these three time periods, we are
able to evaluate the changes in the structure of the occupational labor market over
the past two decades. The specific years were also chosen to minimize changes in
the coding of occupations within time periods and over time.

We use the same occupational classification system for all three time periods in
order to allow comparisons of network characteristics over time. The occupational
categories used by the CPS were revised by the U.S. Census Bureau during the
past decades, specifically in the years 1992, 2003, and 2011. Fortunately, IPUMS
has recoded respondents’ occupations for all years in the study into the 1990 occu-
pational categories using a crosswalk developed by the Bureau of Labor Statistics
(Meyer and Osborne 2005). We use this consistent classification system with a few
modifications. Specifically, some 1990 occupational categories were empty in later
years because no occupations were recoded into those categories. In such cases,
we aggregated those occupational categories with the most similar ones based on
the ties they share with other occupations. For this purpose we first created an
occupational transition matrix for all the three time periods combined. We then
estimated the Euclidean distances between all occupational nodes and merged
occupations that were entirely missing in some years with those with the shortest
distances.13 The final classification system includes 311 occupational categories.
For some of the analysis we also group these detailed categories into 74 broader
occupational groups based on the Census’s system of classification.14 Because these
broader occupational groups are more likely to remain consistent over time they
also further reduce the risk that differences across time periods may be due to
changes in the classification of the same job.

Like all other analyses of occupational mobility, we rely on the coding of workers’
occupations by the survey we use. The classification of occupations in employment
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surveys including the CPS has been shown to be subject to measurement error
(Abraham and Spletzer 2009; Fisher and Houseworth 2013). Although we cannot
rule out the effect of measurement error entirely, the risk is reduced by replicating
our results using larger occupational groupings and by restricting network ties
to occupational movements with a high probability of occurrence (see below). In
addition, we benefit from the use of dependent interviewing by the CPS. Individual
respondents are first asked whether they changed jobs since the previous interview,
and their new occupation is only recorded if they changed jobs. Otherwise their
previous occupation is carried over (Fisher and Houseworth 2013). This helps
further ensure that changes in occupational codes are not simply the result of a
reclassification of the same job.

Our primary occupational network is restricted to men ages 25 to 55 who
are currently employed full time and are not serving in the military. We also
compute separate transition matrices for subcategories of male workers based on
their race, ethnicity and level of education: non-Hispanic white, non-Hispanic
black, Hispanic, college-educated, and non–college-educated men.15 By analyzing
separate transition matrices we are able to examine the occupational opportunities
available to these different demographic groups. For example, some occupations,
such as medical doctor, require a college degree and are therefore not available to
individuals with lower levels of education. Similarly, differences in occupational
opportunities for ethnoracial minorities may result in markedly different movement
patterns and their relative absence from certain occupations.

As explained in the methodological section, our analysis is based on valued
networks in which each cell in the transition matrix is the probability of a partic-
ular occupational transition, as well as on binary networks that capture whether
a transition between two occupational categories occurs. We also construct bi-
nary occupational networks in which ties are restricted to only those that meet a
minimum probability threshold in order to minimize the influence of very rare
occupational transitions. We specifically report findings from binary networks in
which occupational transitions are restricted to those with a monthly probability
greater than 0.001 and 0.005 (i.e., transitions experienced by more than one and
five workers per thousand employed in a particular occupation over the span of a
month, respectively).

As noted earlier, our transition matrices normalize the flow of workers between
two occupations by the number of workers in the sending occupation. Such nor-
malization makes the results easier to interpret because each cell in the transition
matrix, xij, becomes an estimate of the probability that a worker in occupation
i will move to occupation j. However, an analysis of such a matrix gives equal
weight to the probability of moving from occupations of different sizes. Thus, the
probability of moving from occupations with very few workers will be weighed as
much as the probability of moving from occupations that account for a large share
of the labor force. Estimates obtained using these transition matrices may not be
representative for the average worker in the United States. In some of our analysis
below we therefore weigh the probability of each transition by the total number of
workers in the sending occupation (see Heitzig et al. [2012] and Zemp et al. [2014]
for discussions of network analysis using nodal weights).

sociological science | www.sociologicalscience.com 199 May 2020 | Volume 7



Villarreal The U.S. Occupational Structure

Finally, for our analysis of occupational mobility we rely on a commonly used
measure of occupational standing mentioned earlier: the SEI first proposed by
Duncan (1961) and updated by Hauser and Warren (1997). The SEI is a weighted
average of the education and earnings of workers in each occupation. It is computed
by first regressing occupational prestige ratings on workers’ education and earnings
for a limited set of occupations and then using the results of these regressions to
estimate the rating for all occupational categories (Hauser and Warren 1997). The
index obtained from IPUMS is based on the 1990 occupational classification and
remains the same for each occupation across all time periods. In analyses using a
binary measure of occupational status we consider occupations in the top quartile
of the SEI distribution to be of high status.

Whenever possible, statistical significance tests of the differences in network
measures over time and across sociodemographic groups are conducted. Standard
techniques for hypothesis testing are not appropriate for use with network data
(Borgatti et al. 2013:125–48). Network ties originating or ending in particular
nodes cannot be assumed to be independent observations, thus violating a key
assumption of some tests. Also, because the nodes in the occupational network
constitute the universe of all occupations in the U.S. labor market, significance tests
used to draw inferences regarding dyadic relations from a population sample may
not be meaningful. Nonparametric permutation tests are instead used to generate
a distribution for the outcome of interest. To keep network properties the same
for each permutation, entire rows and their corresponding columns in the network
matrix are randomly rearranged using a method called the quadratic assignment
procedure (Snijders and Borgatti 1999).

Results

Panels A and B of Figure 1 show the occupational networks for working-age men in
1998 and 2014, respectively. The nodes are labeled with the corresponding code for
each occupation. The arrows in the network diagrams indicate the direction of each
occupational transition. To simplify the visualization, the panels are constructed
using the networks that restrict ties to those in which the monthly probability of an
occupational transition is greater than 0.005. Although patterns in the clustering of
occupations are difficult to visualize even when restricting the network to ties with
a relatively high probability of occurrence, we see a higher overall density of ties
in 2014 compared with 1998. As discussed earlier, the greater density of ties in a
binary network indicates a greater diversity in occupational mobility for workers
over time. A close inspection of both panels reveals that a particular occupation
with code 22 has a very large number of ties. This occupational code corresponds
to managers “not elsewhere classified” and includes workers in a broad range of
managerial positions. To gauge the influence that this single occupation may have
on our estimates of network connectivity and occupational mobility, we estimate
the density of the occupational networks with and without this occupation in the
analysis below.16
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(a) Occupational network in 1998. (b) Occupational network in 2014.

Figure 1: Occupational networks for all working men in 1998 and 2014 restricting ties to occupational transi-
tions with monthly probabilities greater than 0.005.

Occupational Mobility and Connectivity

Density. Table 1 presents estimates of the density of ties for the occupational net-
works for all male workers in the three time periods. The density is computed
for the valued network, in which a tie between two occupations is equal to the
probability that a worker in the first occupation will move to the second, and for
the binary network in which ties are dichotomized. As noted earlier, the density of
the valued network is a measure of occupational mobility, whereas the density of
a binary network measures the occupational connectivity or diversity in occupa-
tional transitions. Table 1 also presents the network density for binary networks
where ties are restricted to occupational transitions that exceed the two probability
thresholds defined earlier. Categories within Table 1 show the network density for
alternative specifications meant to establish the robustness of the observed trends in
occupational mobility and connectivity. First, as described in the previous section,
the network densities are computed for occupational networks in which each node
is weighted by the total number of workers employed in the corresponding occu-
pation. Second, to specifically assess the influence that the occupation consisting
of managers and administrators not elsewhere classified (code 22) may have on
the estimates of connectivity and mobility, network densities are also computed
excluding this occupation from all calculations. Finally, network densities are also
estimated using larger occupational groups to reduce the possibility that the ob-
served trends are the result of changes in the classification of the same job over
time.

The results uniformly indicate an increase in both occupational mobility and
connectivity during the observed time period. The tests of statistical significance
using the bootstrapping method described earlier confirm that the differences in
network density in 2008 and 2014 relative to the baseline year of 1998 are statistically
significant. For example, the densities for the full valued networks indicate that the
average probability that a transition between any two occupations will occur is 58.6
percent higher in 2014 than in 1998. The differences are likewise significant when
the binary occupational networks are used and when the network is restricted to
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Table 1:Network density for all men, 1998 to 2014.

1998 2008 2014

Unweighted
Valued network (×1,000) 0.145 0.186† 0.230†

Binary network, full 0.108 0.132† 0.141†

Binary network, p > 0.001 0.036 0.044† 0.052†

Binary network, p > 0.005 0.006 0.007 0.010†

Weighted
Valued network (×1,000) 0.125 0.159† 0.206†

Binary network, full 0.325 0.354 0.368
Binary network, p > 0.001 0.027 0.036† 0.046†

Binary network, p > 0.005 0.003 0.003 0.005†

Without occupation code 22
Valued network (×1,000) 0.134 0.175† 0.217†

Binary network, full 0.104 0.127† 0.137†

Binary network, p > 0.001 0.034 0.042† 0.050†

Binary network, p > 0.005 0.005 0.006 0.009†

Occupational groups
Valued network (×1,000) 0.564 0.696† 0.889†

Binary network, full 0.546 0.601† 0.614†

Binary network, p > 0.001 0.155 0.190† 0.223†

Binary network, p > 0.005 0.018 0.022 0.036†

Notes: Significance tests relative to 1998 (see text for a description of how statistical tests are conducted).
∗p < 0.05, †p < 0.01 (two-tailed tests).

ties reaching the two probability thresholds. Thus, the occupational networks in
later years are characterized by both a greater overall mobility of workers across
occupations and a greater diversity of occupational movements even when such
movements are restricted to those that are more common. Weighing occupational
nodes by the number of workers employed in each occupation results in lower
estimates of network density in all years when the valued networks are used,
and higher estimates when network ties are dichotomized. Yet even when nodal
weights are used, we continue to observe an increase in occupational mobility and
connectivity over time.

Panels A and B of Figure 2 show the network density for the full valued and
binary occupational networks for workers of different race and ethnicity and level
of education. The panels indicate an overall increase in occupational mobility and
connectivity between occupations over the past two decades for all sociodemo-
graphic groups. More interestingly, the results also indicate large differences in
network density for workers of different race and ethnicity and level of education.
The occupational network density is higher for black and Hispanic workers than for
white workers when the full valued network is used in Figure 2A (the differences
are statistically significant). This finding suggests that black and Hispanic workers
experience greater occupational mobility than white workers. However, when ties
between occupations are dichotomized, black and Hispanic workers have a lower
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(a) Densities of valued occupational networks. (b) Densities of binary occupational networks.

Figure 2: Densities of valued and full binary occupational networks for different sociodemographic groups,
1998 to 2014.

density of occupational ties (the differences are statistically significant). Thus, the
greater density of ties for black and Hispanic workers in the valued network is
explained by fewer occupational transitions with a very high probability of occur-
rence. Black and Hispanic workers appear to experience a high rate of movement
between a limited set of occupations.17

Connectedness and average geodesic distance. As discussed earlier, estimates of
network density do not take into account occupational transitions beyond those
immediately available to workers in a particular occupation. Network density
can be computed solely based on the direct ties that an occupation has with other
occupations and therefore provides limited information about occupational mobility
and connectivity in the labor market. By contrast, the indicators of network cohesion
presented in Table 2 use information from the entire network in which occupations
are embedded. They take into account the occupations that workers can reach over
multiple transitions. Because these measures do not require information about the
strength of ties between nodes, they are only computed using the binary networks.

As defined earlier, connectedness measures the proportion of all pairs of oc-
cupations that can be reached by a path of any length and is the complement of
network fragmentation. The differences in connectedness are not evident in the full
networks because they include all occupational transitions experienced by workers
even if they are extremely rare. However, when the networks are restricted to tran-
sitions that workers can more realistically expect to experience, that is, those with a
monthly probability of occurrence greater than 0.005, we observe larger differences
in connectedness. The connectedness of the networks limited to occupational tran-
sitions with a monthly probability of occurrence greater than 0.005 indicates that
3.8 percent of all possible paths between pairs of occupations were present in 2014,
whereas only 1.1 percent of all such paths existed in 1998. Overall, the occupational
labor market appears to have become significantly more connected, or conversely
less fragmented, over time.

Table 2 also presents the average geodesic distance for all three time periods.
As noted in the methodological section, the average geodesic distance tells us the
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Table 2:Network connectedness and average geodesic distance for all men, 1998 to 2014.

1998 2008 2014

Binary network, full
Connectedness 0.984 1.000† 0.994
Average distance 2.002 1.950† 1.931†

Binary network, p > 0.001
Connectedness 0.855 0.923† 0.946†

Average distance 3.494 3.270† 2.948†

Binary network, p > 0.005
Connectedness 0.011 0.016† 0.038†

Average distance 1.568 1.795† 2.404†

Note:∗p < 0.05, †p < 0.01 (two-tailed test); comparisons with 1998 in all cases.

average minimum number of occupational transitions required for workers in
one occupation to reach another for any pair of occupations that are connected.
The results reveal an interesting pattern: When ties between occupations are not
restricted or only restricted to those with a probability greater than 0.001, the
average distance decreased over time, indicating that workers need to traverse fewer
occupations to reach their destinations (the differences are statistically significant).
But when ties between occupations are restricted to more likely transitions with a
monthly probability greater than 0.005, the average geodesic distance significantly
increases over time. Thus, although workers must experience fewer transitions to
reach other occupations in 2014, many of these transitions are highly improbable.
Once the analysis is limited to more realistic occupational transitions with a higher
probability of occurrence, workers must traverse longer paths compared with
workers in earlier time periods. Because geodesic distance calculations exclude
nonexistent paths, we must interpret the average geodesic distance in combination
with other measures such as connectedness, which indicate that workers in 2014
also reach a greater number of occupations. The average geodesic distance tells us
that workers must traverse longer paths to reach those occupations.

Finally, panels A and B of Figure 3 show the connectedness of occupational
networks restricted to male workers of different race and ethnicity and level of
education. The top graph (Figure 3A) is based on estimates from the full binary
network for each sociodemographic group in each time period, whereas the bottom
graph (Figure 3B) is based on estimates from the networks restricted to occupa-
tional transitions with a monthly probability of occurrence greater than 0.005. An
interesting pattern emerges for men of different race and ethnicity: When the full
occupational networks are used, black and Hispanic men have lower connectedness
scores than white men every year, signaling lower occupational connectivity. But
the opposite is true when the corresponding networks are restricted to ties with
probabilities greater than 0.005. This finding is consistent with the pattern observed
for differences in density for the networks restricted by race and ethnicity noted
earlier. In that figure we observed that the greater density of ties for black and
Hispanic men in the full valued network was explained by fewer occupational
transitions with a high probability of occurrence.
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(a) Connectedness of full binary occupational networks. (b) Connectedness of binary occupational networks restricted to
monthly probabilities greater than 0.005.

Figure 3: Connectedness of full binary networks and networks restricted to ties with monthly probabilities
greater than 0.005 for different sociodemographic groups, 1998 to 2014.

Occupational Status Mobility

So far we have examined the overall level of cohesion for occupational networks
corresponding to several sociodemographic groups at different points in time. The
results indicate the extent to which workers are able to move to other occupations
within the labor market in general. All occupational transitions were treated equally
regardless of the status of the occupation of origin and destination. However, as
discussed in the theoretical section, network analysis tools can also help us assess
the extent to which workers are experiencing upward social mobility within the
occupational labor market.

Between- and within-group density. We begin our analysis of occupational status
mobility by calculating the density of ties within and between low- and high-
status occupations. As discussed in the Data and Measurements section, high-
status occupations are defined using the top quartile of Hauser and Warren’s
socioeconomic index. The measures of density shown in Table 3 are similar to
those for the entire occupational network discussed earlier except that nodes are
separated into two categories and the density of ties within and between each
category are calculated. The results are presented for the valued network as well as
for the binary networks restricted to ties with different probabilities of occurrence.
The analysis of occupational mobility is weighted by the number of workers in each
occupation to make it representative of the average worker.

A clear pattern is evident in the densities within and between occupational
status groups. First, the density of ties among nodes in the same category is always
higher than the density of ties across categories. This means that workers in low-
status occupations are more likely to move to other low-status occupations and
workers in high-status occupations are more likely move to other higher-status ones.
Second, the density of ties is much higher from high- to high-status occupations
than from high- to low-status occupations, indicating that workers in high-status
occupations tend to retain their high status following an occupational transition.
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Table 3: Density of ties between and within occupational status categories, 1998 to 2014.

1998 2008 2014

Full valued network
Low High Ratio Low High Ratio Low High Ratio

Low 0.142 0.102 0.72 0.183 0.127 0.70 0.235 0.173 0.74
High 0.069 0.240 3.47 0.091 0.283 3.10 0.111 0.387 3.50
Odds ratio 4.82 4.46 4.76

Full binary network
Low High Ratio Low High Ratio Low High Ratio

Low 0.332 0.226 0.68 0.362 0.284 0.78 0.367 0.304 0.83
High 0.331 0.472 1.43 0.337 0.500 1.48 0.355 0.538 1.52
Odds ratio 2.09 1.89 1.83

Binary network, p > 0.001
Low High Ratio Low High Ratio Low High Ratio

Low 0.032 0.022 0.70 0.043 0.027 0.64 0.055 0.037 0.67
High 0.014 0.046 3.36 0.020 0.059 2.93 0.024 0.081 3.35
Odds ratio 4.80 4.57 4.99

Binary network, p > 0.005
Low High Ratio Low High Ratio Low High Ratio

Low 0.002 0.003 1.29 0.003 0.004 1.18 0.006 0.006 1.06
High 0.000 0.011 23.73 0.001 0.011 22.07 0.001 0.017 29.21
Odds ratio 18.40 18.64 27.63

Note: Networks weighted by the total number of workers employed in each sending occupation.

This is highlighted by the ratio of the two measures presented in the last column of
every panel. By contrast, the density of ties from low- to high-status occupations is
generally lower than the density of ties from low- to low-status occupations. The
corresponding ratio of densities for workers in low-status occupations in the full
valued networks is an overall indicator of upward mobility in each time period. The
ratio appears to be relatively stable from 1998 to 2014. Thus, according to this initial
measure, the occupational status mobility of male workers has remained unchanged
over the intervening years. The trend in occupational connectivity based on the ratio
of densities for the binary networks is less clear: the ratio of densities for workers
in low-status occupations increased over time for the full binary networks but
decreased for the binary networks restricted to occupational transitions with a high
probability of occurrence. This suggests that although the diversity of occupational
movements from low- to high-status occupations increased overall, this greater
diversity is based on occupational transitions that are uncommon.

To compare the patterns of upward occupational mobility for workers in low-
status occupations of different sociodemographic backgrounds, we computed the
corresponding ratio of the density of ties from low- to high-status occupations to
the density of ties from low- to low-status occupations for male workers of different
race and ethnicity, and educational attainment. The ratios shown in Figure 4 are
computed using the full valued occupational networks.18 Clearly, workers with
a college degree experienced greater occupational mobility than those without a
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Figure 4: Ratio of density of ties between low-high and low-low occupational status occupations estimated
using full valued networks for different sociodemographic groups, 1998 to 2014 (weighted).

college degree. Individuals with a college degree are generally underplaced for their
education in low-status occupations. Moving to high-status occupations reflects
their movement to occupations more commensurate with their level of education.
The corresponding ratio of densities for workers of different race and ethnicity
indicates lower upward mobility for black men, and even more so for Hispanic men
relative to white men.

Occupational mobility over multiple steps. The densities presented in Table 3 and
the corresponding ratios in Figure 4 provide useful information regarding workers’
ability to reach high-status occupations in a single occupational transition. How-
ever, as discussed earlier, it may take workers more than one transition to reach
a high-status occupation. To examine this possibility we calculate the percentage
of workers in low-status occupations that can reach a high-status occupation in
increasing number of steps (occupational transitions). We use the network restricted
to transitions with monthly probabilities higher than 0.005 to eliminate transitions
that are very rare.19 The results presented in the left panel in Table 4 reveal that
workers in low-status occupations experienced a substantial increase in occupa-
tional status mobility over the past two decades. Whereas only 36.5 percent of
workers in low-status occupations are able to reach a high-status occupation over
multiple steps in 1998, 71.1 percent are able to do so in 2014. Workers in low-status
occupations are more likely to achieve a high-status occupation in 2014 than in 1998
for the same number of occupational transitions.

The right panel in Table 4 shows the average maximum occupational status
achieved by workers in low-status occupations in increasing number of steps.
Instead of dichotomizing occupations into low- and high-status ones, these calcu-
lations use the entire range of occupational status scores to compute the average
maximum status that workers in low-status occupations can achieve by number of
transitions. The results again indicate an increase in occupational status mobility
over time. Workers are able to reach occupations with an average status of 44.0 (out
of a maximum of 81) in 2014, compared with only 36.4 and 37.5 in 1998 and 2008,
respectively.

Panels A and B of Figure 5 show the percentage of workers in low-status oc-
cupations of different race and ethnicity and different levels of education who are
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Table 4: Percent achieving high occupational status and average maximum occupational status achieved in
successive number of steps by workers in low-status occupations.

Percent achieving Average maximum
high occupational status occupational status achieved

1998 2008 2014 1998 2008 2014

0 step 0.0 0.0 0.0 30.4 30.2 30.0
1 step 22.4 27.5 41.6 34.5 35.0 38.5
2 steps 35.4 42.3 56.5 36.2 37.2 41.4
3 steps 36.4 43.8 61.9 36.4 37.5 42.7
4 steps 36.5 43.9 67.7 36.4 37.5 43.6
5 steps 71.1 44.0
All steps 36.5 43.9 71.1 36.4 37.5 44.0

Notes: Networks restricted to ties with monthly probabilities greater than 0.005. Results weighted by the
total number of workers employed in each sending occupation.

able to reach a high-status occupation in increasing number of steps in 1998. White
workers are much more likely to reach high-status occupations and do so after fewer
occupational transitions than black and Hispanic workers. After three occupational
transitions, 35.5 percent of white workers who start off in a low-status occupation
are able to reach a high-status occupation, compared with 30.6 percent of black
workers and 31.2 percent of Hispanic workers. Similarly, more than 80 percent
of college-educated male workers who start in a low-status occupation reach a
high-status occupation within two occupational transitions, compared with less
than 30 percent of non–college-educated male workers. Importantly, for all these
categories of workers, the ability to reach a high-status occupation plateaus after
three occupational transitions. Occupational advancement is extremely limited
beyond three transitions. The analysis of occupational status mobility over multi-
ple transitions illustrates the value of a network analysis approach. Our findings
indicate that the differences in status mobility between workers of different race
and ethnicity are even larger when multiple transitions are considered.

Network Factions: Occupational Labor Market Segmentation

As discussed earlier, factional analysis can be used to partition the occupational
networks into groups that best capture structural segments of the labor market with-
out using a particular metric for grouping occupations such as their SEI. Factional
analysis allows us to identify clusters of occupations among which workers move
relatively freely but across which workers are not easily able to move. The specific
algorithm we use searches for a partition of nodes that minimizes the number of
ties that need to be removed or added in order to have perfect cohesion within
factions and no cohesion between factions (i.e., to create a perfect block matrix).20 To
simplify the factional analysis, we first aggregate detailed occupational categories
into the 74 broader occupational groups described in the Data and Measurements
section. The network is restricted to occupational transitions with a monthly proba-
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(a) By race and ethnicity. (b) By level of occupation.

Figure 5: Percent of workers in low-status occupations achieving high-status occupations by number of transi-
tions estimated using networks restricted to ties with monthly probabilities greater than 0.005 (weighted),
1998.

bility of occurrence greater than 0.001 to eliminate occupational transitions that are
rare.21

Figure 6 shows the full occupational transition matrix for men in 1998. Cells
shown in solid color represent existing ties between pairs of occupations. The three
network factions identified by the factional analysis are delimited by solid lines.
The density of ties is clearly much stronger among occupations belonging to the
same factions than between occupations belonging to different factions. As noted
earlier, the intragroup cohesion will be higher and intergroup cohesion lower as
the number of factions increases. We therefore divided the occupational network
into different number of factions. Table 5 shows the density of ties within and
between factions when the occupational network is divided into two, three, and
four factions each year. We observe a relatively segmented occupational labor
market. For example, when we divide the occupational network in 1998 into
two factions, we obtain a much higher density within the two factions (0.22 and
0.23) than between occupations belonging to different factions (0.08 and 0.09). As
expected, the density within groups generally increases as we divide the network
into a larger number of factions. Table 5 also reports two measures that can be used
to assess whether occupational segmentation has increased over time. The first
measure is the proportion of occupational ties that do not need to be changed to
have perfect segmentation, that is, a situation in which all occupational transitions
exist within factions but no transitions exist between factions. The second measure
is the number of ties within factions as a proportion of all existing ties. By these
measures, we see only a slight decrease in labor market segmentation from 1998 to
2014.

Table 6 reports the average occupational status for occupations belonging to
each faction in 1998. Even though occupational status was not used as a criterion for
separating network nodes into factions, we observe large differences in the average
status of occupations belonging to different factions. For example, when dividing
the occupational network into two factions, one faction includes all occupations
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Figure 6: Block model of occupational network with three factions, 1998.

Table 5: Density of ties between and within network factions.
1998 2008 2014

Two factions
1 2 1 2 1 2

1 0.22 0.08 0.32 0.08 0.33 0.12
2 0.09 0.23 0.14 0.22 0.14 0.31
Proportion correct 0.576 0.587 0.598
Proportion in diagonal 0.724 0.711 0.708

Three factions
1 2 3 1 2 3 1 2 3

1 0.33 0.12 0.01 0.36 0.18 0.01 0.49 0.03 0.13
2 0.13 0.35 0.05 0.18 0.39 0.06 0.25 0.12 0.15
3 0.09 0.13 0.11 0.09 0.18 0.16 0.22 0.04 0.40
Proportion correct 0.703 0.696 0.701
Proportion in diagonal 0.600 0.571 0.578

Four factions
1 2 3 4 1 2 3 4 1 2 3 4

1 0.42 0.03 0.14 0.01 0.50 0.04 0.01 0.15 0.53 0.05 0.22 0.01
2 0.25 0.12 0.16 0.02 0.32 0.12 0.02 0.13 0.30 0.14 0.21 0.03
3 0.15 0.03 0.42 0.06 0.12 0.01 0.25 0.19 0.25 0.04 0.51 0.07
4 0.10 0.03 0.14 0.16 0.27 0.01 0.07 0.40 0.10 0.01 0.31 0.28
Proportion correct 0.760 0.750 0.745
Proportion in diagonal 0.502 0.510 0.500

Note: Networks restricted to ties with monthly probabilities greater than 0.001 using grouped occupational categories.

with high status (those in the top quartile), whereas the other includes none. A
similar pattern is observed when dividing the network into three and four factions.
The results of the factional analysis therefore show not only that the occupational
labor market is highly segmented into clusters of occupations across which work-
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Table 6: Average occupational status for network factions, 1998.

Faction 1 Faction 2 Faction 3 Faction 4

Two factions
Average occupational status 26.83 45.73
Percent high status 0.00 45.95

Three factions
Average occupational status 24.74 39.64 46.96
Percent high status 0.00 30.77 42.86

Four factions
Average occupational status 23.96 32.53 42.27 48.87
Percent high status 0.00 0.00 42.86 50.00

Note: Networks restricted to ties with monthly probabilities greater than 0.001 using grouped occupational
categories.

ers cannot easily move but also that these clusters correspond to occupations of
markedly different status.

Conclusions

In this article we have proposed a new set of tools to examine the patterns of
movement in occupational labor markets. Our application of techniques originally
developed for the analysis of social networks provided new insights regarding
the occupational mobility and labor market segmentation of U.S. workers over the
past two decades. Our findings can be organized into three parts corresponding
to sections of our empirical analysis. First, our exploration of network cohesion
revealed a significant increase in occupational mobility and in the diversity of
occupational destinations for working men in each of our ethnoracial groups and
educational categories. We observed the increase in occupational mobility and
connectivity both when we examined single occupational shifts and when we
considered longer chains involving multiple transitions. A comparison of the
average geodesic distance, which measures the minimum number of occupational
transitions required to reach other occupations, revealed that workers needed to
experience fewer transitions to reach other occupational destinations in recent
years. However, these occupational transitions were relatively rare and often did
not exceed the 0.005 monthly probability threshold. We also found important
differences in occupational mobility for men of different race and ethnicity. The
occupational networks for black and Hispanic workers exhibited a lower level of
connectivity compared with white workers when all network ties were included
but substantially higher connectivity when ties were restricted to only those with
a high probability of occurrence. Our findings suggest that black and Hispanic
workers experience a high rate of movement between a limited set of occupations.

Second, our analysis of changes in occupational status showed an overall in-
crease in upward mobility for male workers over the three time periods analyzed.
This trend was not apparent in our analysis of the density of ties between high- and
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low-status occupations. But when the change in the status of workers who start off
in low-status occupations was examined over multiple transitions, we found that
they were much more likely to reach high-status occupations in 2014 than in 1998.
Whereas only 37 percent of low-status workers could reach a high-status occupa-
tion over multiple high-probability transitions in 1998, 71 percent could do so in
2014. The analysis also demonstrated significant differences in occupational status
mobility by race and ethnicity, and even more so by level of education. Black and
Hispanic men, and men without a college education were found to experience lower
probabilities of reaching a high-status occupation even after many occupational
transitions. Our analysis of occupational status mobility over multiple transitions
illustrates the value of a network analysis approach. Our findings indicate that the
differences in status mobility between workers of different race and ethnicity are
even larger when multiple transitions are considered.

Third, our factional analysis revealed a highly segmented occupational labor
market in which movement is concentrated within a limited number of occupational
groups. The results indicated that 75 percent of all high-probability occupational
transitions occur within four occupational factions, whereas the remaining 25 per-
cent involved occupational transitions across these factions. Our factional analysis
grouped occupations based solely on the underlying structure of ties rather than by
imposing a predefined metric for dividing occupations into groups such as their
occupational status. Nevertheless, we found large differences in the status of occu-
pations belonging to different factions. Two of the four factions in 1998 included no
occupations in the top quartile of occupational status. The high occupational labor
market segmentation also appears to be remarkably persistent over time. We found
no evidence of a significant change in the factionalization of occupational networks
over the span of the two decades studied.

The occupational factions we identified may be said to resemble OILMs. Like
OILMs, network factions are groups of occupations among which workers move
relatively freely, but across which they rarely move. Of course, we cannot establish
that the lack of movement across occupational factions is the result of practices of
social closure that limit workers’ ability to move. The lack of movement across
occupational factions may also be the result of incentives provided by differences
in pay and status. As other researchers have noted, OILMs are difficult to iden-
tify empirically (e.g., Althauser 1989). Our approach provides a concrete way to
measure and compare the extent of labor market segmentation over time. Further
research is required to investigate the reasons for this segmentation. A wide array
of network analysis techniques have been developed for grouping network nodes,
each one with distinctive properties (e.g., cliques, n-clans, k-plexes, k-cores, etc.)
(see Wasserman and Faust 1994:249–90). Modularity-based partitioning techniques
have also recently emerged as a popular approach for dividing networks (Newman
2006). Future research should also explore the utility of these alternative techniques
for measuring labor market segmentation.

An important advantage of the network analysis approach we are proposing is
that it can be implemented with readily available data from rotating panel surveys
such as the CPS. Data from the monthly panels allowed us to construct highly
detailed transition matrices that provide snapshots of the occupational labor market
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structure at different points in time. However, an underlying assumption of this
approach is that all individuals are exposed to the same structural limitations
and incentives. We have investigated differences in the occupational movements
of individuals belonging to different sociodemographic groups by constructing
separate transition matrices for each group. Further dividing workers into smaller
sociodemographic categories would require appending even more years of survey
data or using larger occupational groupings in order to have a sufficient number of
cases in each occupational category.

Appending several years of data to create occupational transition matrices as
we have done assumes that the pattern of transitions is relatively stable within a
given time period. Our analysis involving multiple occupational transitions further
assumes that individuals are exposed to the same transition matrix (and hence
the same set of limitations and incentives to occupational movement) over time.
Because some of the later occupational transitions may occur several years in the
future, this assumption may not always be warranted. Our results nevertheless
provide valuable information regarding the opportunities available to workers
based on conditions at a given point in time. Our analysis is not unique in making
projections based on current conditions. For example, demographic calculations of
period life expectancies assume individuals are exposed to the present mortality
rates in the future (Preston, Heuveline, and Guillot 2001:42–44). Similarly, the
computation of total period fertility rates assume women experience the current
age-specific fertility rates throughout their lifetimes (Preston, Heuveline, and Guillot
2001:93–99). Following the terminology used in demographic analysis, we may
refer to estimates of mobility over multiple steps obtained using a transition matrix
for a specific set of years as period mobility to distinguish it from the mobility of
specific cohorts.

Our analysis has relied on information regarding changes in workers’ occupa-
tions over relatively short time periods. Specifically, we examine job transitions
over successive months of the CPS. We are, of course, not the first ones to use
short-term job transition data to analyze occupational mobility in a labor market
(e.g., Kim 2013). Previous research examining patterns of intragenerational mobility
over short time periods has relied on log-linear methods to analyze contingency
tables. Although some of the analyses conducted in this article can be performed
by adapting log-linear methods, the network analysis approach we are proposing
provides some benefits. Log-linear models often impose a particular structure to the
pattern of occupational mobility based on assumptions about how workers move
in the labor market that may not always be warranted (Sakamoto and Wang 2019).
By contrast, network analysis techniques provide an intuitive, nonparametric way
of examining occupational mobility. Second, network analysis methods make it
easier to uncover new aspects of labor markets, such as the diversity in occupational
mobility, and to compare patterns of mobility across multiple transitions. Third, the
application of network analysis procedures for detecting substructures or groups
allows us to explore patterns of occupational labor market segmentation. Finally,
network analysis provides new ways of visualizing entire occupational networks
and creating summary measures to compare labor markets over time and place.
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As in all other studies examining occupational mobility, our analysis depends on
the consistency and accuracy with which occupations are coded. The classification
of occupations in employment surveys including the CPS has been shown to be
subject to measurement error (Abraham and Spletzer 2009; Fisher and Houseworth
2013; Kambourov and Manovskii 2008). Because our analysis relies on monthly
changes in occupational codes, it may be particularly sensitive to inconsistencies
in the coding of occupations over time. Changes in occupational codes from one
month to the next may be the result of changes in the classification of the same
job over time rather than an actual change in occupation. As noted earlier, the use
of dependent interviewing by the CPS partly reduces this risk. CPS respondents
are first asked whether they changed jobs since the previous interview, and their
new occupation is only recorded if they changed jobs. Otherwise the previous
occupation is carried over (Fisher and Houseworth 2013). Two additional features
of our analysis further reduce the possibility that our findings are the result of mis-
classification of individuals’ occupations. First, our analyses restrict occupational
transitions to those that meet a minimum probability threshold (i.e., transitions
experienced by more than one or five workers per thousand employed in a particu-
lar occupation). Errors in the classification of individuals’ occupation are unlikely
to result in flows of workers large enough to exceed these probability thresholds.
Second, our results were replicated using broader occupational categories in which
similar detailed occupations were grouped into larger ones. Errors consisting in the
misclassification of individuals’ occupations in similar ones or resulting from the
conversion of occupational codes over time are substantially reduced when using
these aggregate categories. Nevertheless, the risk of measurement error remains.

Notes

1 The matrix X is therefore not symmetric (xij 6= xji, in general, for every i 6= j).

2 Our analysis is therefore limited to workers who move between occupations. However,
the analytical approach we propose could potentially be extended to include workers
who stay in their occupations in consecutive time periods by allowing self-ties.

3 The average probability that a worker will change occupations is equal to the density of
a valued occupational network multiplied by n – 1. An alternative measure of cohesion,
known as the average out-degree, is in fact equal to the probability that a worker
will change occupations (density × [n – 1]). The average out-degree provides similar
information as network density and is therefore not presented here. However, because
out-degree can be computed at the nodal level rather than only for the network as a whole,
it allows us to examine the distribution of ties across the entire occupational network.
See the online supplement for a detailed examination of the out-degree distribution in
the occupational networks for different sociodemographic groups over time.

4 As discussed below, an analysis of occupational mobility over multiple steps assumes
that the occupational network is relatively stable over time. Following the terminology
used in demographic analysis, we may refer to estimates of mobility over multiple
steps obtained using a transition matrix for a specific set of years as period mobility to
distinguish it from the mobility of specific cohorts.

5 An alternative measure, called compactness, incorporates information about the path
length by weighing each path connecting a pair of nodes by the inverse of the number of
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required steps. Estimates of compactness show substantively similar patterns as those
for compactness presented below but are omitted to conserve space.

6 The average probability of moving from a low- to a high-status occupation will be
equal to the density of ties between the two occupational status groups multiplied by
the number of high-status occupations. Because the number of high-status occupations
is fixed for all years, the density is simply the average probability of upward mobility
rescaled and is comparable across all three time periods.

7 As noted below, the analysis is weighted by the size of the occupation of origin to make
the analysis representative of workers currently in the labor market.

8 For critiques of the distinction between structural and relative mobility, see Sakamoto
and Wang (2019) and Sobel (1983).

9 To analyze changes in structural and relative occupational status mobility over time
instead of total mobility, separate occupational networks may be computed by decom-
posing each tie in the valued network into the value expected based simply on the
marginal totals and the remaining value. The density of ties from low- to high-status
occupations using the remaining values as ties provides an estimate of mobility holding
marginals constant. One complication with this approach is that it will generate negative
values for some network ties when analyzing relative status mobility, but most network
analysis software can handle negative ties. Our objective is to illustrate the potential of a
network analysis approach to examine occupational status mobility. A decomposition
of occupational status mobility into it structural and relative components is beyond the
scope of this article.

10 The analysis we are proposing here does not estimate the actual probability of occupa-
tional changes involving multiple transitions. We only assess whether a path between the
occupation of origin and destination exists and how many separate transitions it entails.
Estimating the probability of occupational changes over multiple steps by repeatedly
multiplying the same transition matrix assumes that occupational mobility behaves like
a first-order Markov process. Early research demonstrated that social mobility does not
quite conform to a Markov process and that repeatedly multiplying a stationary transi-
tion matrix results in inaccurate estimates of long-term mobility (see Blumen, Kogan and
McCarthy [1955]; Hodge [1966]; McFarland [1970]; Singer and Spilerman [1973]).

11 The algorithm minimizes the Hamming distance. Another possible procedure for
optimization consists in maximizing the correlation between the actual network and a
block matrix with blocks of ones in the diagonal and blocks of zeroes off the diagonals.

12 Our research design requires us to match individual respondents across waves of the
CPS, which is a difficult task. Fortunately, the CPS files available through IPUMS provide
unique identification codes allowing researchers to easily match cases from month to
month. Drew et al. (2014) outline in great detail the process used by IPUMS to match
cases. They also provide summary statistics of the number of cases lost due to non-
matches and incorrect matches. They estimate an overall attrition rate of approximately 5
percent when matching individuals eligible to be interviewed in two consecutive months
of the CPS. Drew et al. (2014) report that “less than 1% of mechanically linked records
[across months of the CPS] are mismatched on age, sex, and/or race” (Pp. 131–32).
This attrition rate compares favorably to other sources used to follow individuals’ labor
market trajectories such as the Survey of Income and Program Participation (U.S. Census
Bureau 1998).

13 This approach for handling occupational codes that are missing in some years is prefer-
able to merging them with occupations that appear to be substantively similar insofar
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as it is expected to cause the least impact on the properties of the overall occupational
matrix.

14 For the grouping of occupational categories, see the documentation available in the
IPUMS website: https://usa.ipums.org/usa/volii/occ1990.shtml.

15 Female workers are excluded from the sample because they are likely to experience
different constraints in their occupational mobility. A breakdown of women by race and
ethnicity and level of education would result in an insufficient number of workers in
each occupation to make the detailed transition matrices stable for the specified years.

16 Mouw and Kalleberg (2010) note that this same occupational category is disproportion-
ately implicated in the rise of wage inequality.

17 See the online supplement for an exploration of the distribution of nodal out-degree for
the different occupational networks. Nodal out-degree provides additional information
regarding mobility and connectivity in the occupational labor market.

18 Results for the full binary occupational network and the binary occupational networks
in which ties are restricted to those with a monthly probability of occurrence greater than
0.001 and 0.005 are similar to those presented in Figure 4.

19 As noted in the results for connectedness presented earlier, using occupational networks
that include low probability transitions is not very informative because such networks
result in near saturation conditions in which most occupations are reachable from any
other occupation (connectedness values are close to 1.0). Differences in connectedness
become more evident when the networks are restricted to monthly probabilities greater
than 0.005.

20 The algorithm does not produce a single solution for a specified number of factions.
Different initial partitions were used to corroborate that the results presented were
robust.

21 Because multiple occupations are grouped together, restricting the monthly probability
of a transition between these more aggregated occupational categories is not the same
as restricting transitions between the more detailed occupational categories to the same
probability threshold. Results using networks restricted to occupational transitions with
a monthly probability of occurrence greater than 0.005 are substantively similar to those
presented here.
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