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Abstract

Aggregate U.S. labor market dynamics are well approximated by a dual labor market

supplemented with a third, predominantly, home-production segment. We uncover this

structure by estimating a Hidden Markov Model, a machine-learning method. The dif-

ferent market segments are identified through (in-)equality constraints on labor market

transition probabilities. This method yields time series of stocks and flows for the three

segments for 1980-2021. Workers in the primary sector, who make up around 55 percent

of the population, are almost always employed and rarely experience unemployment. The

secondary sector, which constitutes 14 percent of the population, absorbs most of the

short-run fluctuations, both at seasonal and business cycle frequencies. Workers in this

segment experience six times higher turnover rates than those in the primary tier and are

ten times more likely to be unemployed than their primary counterparts. The tertiary seg-

ment consists of workers who infrequently participate in the labor market but nevertheless

experience unemployment when they try to enter the labor force. Our individual-level

analysis shows that observable demographic characteristics only explain a small part of

the cross-individual variation in segment membership. The combination of the aggregate

and individual-level evidence we provide points to dualism in the U.S. labor market being

an equilibrium division of labor, under labor market imperfections, that minimizes ad-

justment costs in response to predictable seasonal as well as unpredictable business cycle

fluctuations.

JEL classification codes: J6, J20.
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1 Introduction

We show that U.S. labor market dynamics are well characterized by a Dual Labor Market

(DLM) supplemented with a tertiary home-production sector that consists of those who only

infrequently participate. We uncover this dual labor market structure for the U.S. by estimating

a Hidden Markov Model (HMM) with inequality restrictions using histories of all individuals

in the Current Population Survey (CPS) for 1980-2021. Our paper is the first one that adopts

this novel approach for the analysis of dualism in the U.S. labor market. This stark characteri-

zation sheds light on various puzzling features of the U.S. labor market and has distinct policy

implications.

The DLM Hypothesis was first posited by Doeringer and Piore (1970), who argued that

a useful characterization of the U.S. labor market is that of one segmented into a primary

and a secondary tier. Jobs in the primary tier generally have low turnover, pay high wages,

come with benefits, offer potential for job advancement, and provide job security. Jobs in the

secondary tier have high turnover, pay low wages, come with limited benefits, offer few career

opportunities, and provide little job security (Piore, 1970). After a flurry of papers about

dualism in the ’70s and ’80s,1 the DLM Hypothesis fell into disfavor among macroeconomists

during the Neoclassical Renaissance of the ’80s and ’90s. As early critics put it, theories of

the DLM are “. . . too varied, incomplete, and amorphous ”(Cain, 1975) to be captured in a

set of microfounded first principles that explain the reasons for the endogenous emergence of

discontinuous segments in the labor market (Wachter, 1974).

Recent analyses of dualism in the labor market in developed economies have mainly focused

on Europe (Costain et al., 2010; Bentolila et al., 2019) and ignored dualism in the U.S.. This

is because the institutional reasons for dualism in European labor markets, such as tiered

contracts (Bentolila et al., 2019), size-dependent policies (Guner et al., 2008), and unionization

(Berger et al., 1980) are much less applicable in the U.S.. However, as the theories by Bulow

and Summers (1986), Albrecht and Vroman (1992), and Saint-Paul (1997) point out, dualism

can emerge even in the absence of such institutional arrangements and structures. For example,

as a result of frictions, the existence of efficiency wages and, more generally, due to the nature

of demand fluctuations in different segments of the economy

While the regulatory and institutional differences between segments in European labor mar-

kets allow for a clear identification of which workers are in the primary and secondary tiers,

the absence of such differences in the U.S. makes this identification nontrivial.2 Moreover, the

1See, for example Reich et al. (1973), Harrison and Sum (1979), Berger et al. (1980), and Dickens and Lang
(1985).

2Some authors have used occupation as a proxy for the labor market segment workers are in (e.g. McNabb
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original DLM hypothesis focuses specifically on those participating in the labor market. Since

these insightful studies in the early 1970s, the U.S. labor market experienced several impor-

tant changes in demographics and labor supply behavior which amplified the importance of

the participation margin for labor market trends and fluctuations.3 Motivated by the rising

importance of the participation margin, we augment the DLM hypothesis with a tertiary home

production sector when bringing it to the data.

We apply an unsupervised machine learning method, that involves estimating an HMM,

to identify which respondents in the CPS are part of the primary, secondary, and tertiary

sectors over the period 1980-2021. Each of these segments themselves consist of four hidden

states: employed, short-term unemployed, long-term unemployed, and non-participants. Based

on more than 10 million individual labor market histories from 1980 to 2021, we identify these

twelve distinct labor market states and their dynamics within the three labor market segments.

We also estimate the probabilities of belonging to each of the three labor market segments for

each respondent in the CPS.

Our analysis builds on a small, but growing, literature that aims to identify a limited set of

worker types to capture the relevant aspects of macro heterogeneity in the U.S. labor market.

(Hall and Kudlyak, 2019; Gregory et al., 2021; Shibata, 2019). Our method differs from those

used in these papers in four important ways. First, our hidden states have a direct economic

interpretation that stems from the identifying restrictions we impose that are based on the

DLM Hypothesis.4 Second, in contrast to the models of Hall and Kudlyak (2019), Gregory

et al. (2021) and Shibata (2019), we estimate monthly time series of the stocks and flows for

each of the hidden states. Therefore, we can analyze seasonality, business cycle properties, and

long-run trends in the three labor market segments we identify. Third, for our identification

we use detailed labor force status data in the CPS to inform our hidden states.5 Fourth, the

method yields individual-level results that aggregate to the monthly labor market stocks and

flows published by the Bureau of Labor Statistics (BLS).

and Psacharopoulos, 1981).
3The complex interaction of trend and cyclical factors after the Great Recession required policymakers to

make “. . . difficult judgments about the magnitudes of the cyclical and structural influences affecting labor market
variables, including labor force participation” (Yellen, 2014). The sudden and drastic drop in participation at
the onset of the pandemic in 2020 has made these judgments even more important in the wake of the COVID-19
Recession. It has led policymakers to consider the unemployment rate corrected for changes in labor force
participation as a measure of labor market slack (Powell, 2021).

4A useful analogy is the structural VAR literature. The structural VAR approach helps recover the structural
estimate of parameters of interest by imposing restrictions to a reduced-form model that are informed by
economic theory.

5While detailed labor force status data have been exploited to assess aggregate labor market conditions,
we are the first to systematically introduce refined labor force states, such as part-time for economic reasons,
discouraged or marginally attached, into a unified statistical framework used to identify underlying heterogeneity
in the labor market.
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The aggregate results show that the U.S. labor market is well characterized by three distinct

tiers. Workers, in the primary segment, who make up around 55 percent of the population,

are almost always employed and they very rarely experience unemployment. They also seam-

lessly move from non-participation to employment unlike workers in the secondary and tertiary

sectors. Labor market frictions are basically irrelevant for these primary sector workers. The

secondary sector, which constitutes 14 percent of the population, exhibits high turnover and

high unemployment and absorbs most of the short-run fluctuations in the labor market, at

both seasonal and business cycle frequencies. Workers in this sector are six times more likely

to move between labor market states than those in the primary tier and are ten times more

likely to be unemployed than their primary counterparts. The tertiary sector includes workers

who are only loosely attached to the labor force and has a very low employment-to-population

ratio. These workers tend to experience unemployment when they enter the labor force from

non-participation but do not share the high job-loss rate of secondary workers. These large

differences between the three tiers of the labor market imply that average stocks and flow

rates, which are commonly used to quantitatively discipline macro-labor models, are not at all

reflective of individual labor market experiences and outcomes.

The stark contrast between the three segments means that each segment contributes to

different aspects of aggregate outcomes. The primary sector accounts for more than 80% of

employment and participation but its contribution to the unemployment rate is much smaller.

Only about a quarter of aggregate unemployment is due to the incidence of unemployment in

the primary market. What is probably the most striking finding is that the secondary market,

which makes up only 11.9% of total employment, accounts for 61% of unemployment in the

economy and almost two thirds of unemployment fluctuations over the business cycle. Our

findings also relate to the puzzling nature of the Beveridge curve in the U.S. (see for example,

Daly et al. (2012); Elsby et al. (2015a)). We find that shifts in the Beveridge curve are also

mostly accounted for by the secondary sector. The primary sector Beveridge curve exhibits

a tight and mostly stable relationship between unemployment and vacancies. Labor market

dynamism, for which we use a new measure of flows per capita, is also highly uneven, with the

secondary market accounting for half of the turnover in the economy. Moreover, two of the most

notable long-run labor market trends in the U.S., i.e. the trend decline in the unemployment rate

and the decline in labor market dynamism, are mostly accounted by changes in the secondary

sector.

We combine our estimates of individual-level posterior probabilities of being in each segment

for each of the 10 million individuals in the CPS from 1980-2021 with other variables in the

CPS that are not used in our estimation. This allows us to examine the potential reasons for
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dualism in the U.S. labor market. We find some evidence consistent with life-cycle effects as

well as discrimination. However, observable demographic characteristics only explain a small

part of the cross-individual variation in segment membership. Moreover, their significance has

been declining over time. Consistent with the efficiency wage theories of dualism, analyzed in

Bulow and Summers (1986), Albrecht and Vroman (1992), and Saint-Paul (1997), jobs in the

primary sector are for high-skilled service occupations for which output is hard to monitor,

are more stable, pay higher wages, and have higher returns to schooling and experience. The

combination of the aggregate and individual-level evidence we provide points to dualism in the

U.S. labor market being an equilibrium division of labor, under labor market imperfections,

that minimizes adjustment costs in response to predictable seasonal as well as unpredictable

business cycle fluctuations.

The rest of this paper is structured as follows. In Section 2 we discuss the details of our

methodology in the context of the literature and explain how the DLM provides a way to

consider many dimensions of micro and macro heterogeneity at the same time. In section 3,

we describe how we distinguish the primary, secondary, and tertiary markets in the context

of an HMM and how we resolve the practical challenge of estimating the model with many

parameters and observations subject to the identifying restrictions we impose. We present

our results in two parts. In Section 4 we show how the primary, secondary, and tertiary tiers

are very different from each other as well as from the aggregate labor market. We quantify

the importance of each of the three segments for the trends and cycles in commonly analyzed

aggregates in Section 5. We present robustness and model comparisons in Section 6. In Section

7 we analyze the individual-level evidence and discuss what it implies about the possible causes

of labor-market dualism in the U.S..

2 Importance and Identification of Macro Heterogeneity

The division of the population into the labor market states of employed, unemployed, and non-

participants is the common classification system used to analyze macroeconomic outcomes in the

labor market, including in the CPS. While these categories capture very important differences

in workers’ labor market experiences, they are too coarse to characterize many different aspects

of individual and aggregate labor market outcomes.

A growing recent literature has emphasized the importance of different subcategories of

persons within the three labor market states for individual and aggregate outcomes. These

include heterogeneity among the unemployed that accounts for the duration distribution of

unemployment (van den Berg and van Ours, 1996; Hornstein, 2012; Ahn and Hamilton, 2020a;
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Kroft et al., 2016; Mueller and Spinnewijn, 2023), heterogeneity in the type of jobs for the

employed to account for the tenure distribution (Hall, 1982; Hyatt and Spletzer, 2016) as

well as worker turnover (Pries, 2004; Pries and Rogerson, 2021), and heterogeneity among

different categories of non-participants and unemployed to account for fluctuations in matching

efficiency (Hall and Schulhofer-Wohl, 2018; Sedláček, 2016; Abraham et al., 2020). All these

studies have the common implication that a more accurate description of individual-level labor

market histories as well as macro-level labor market dynamics requires the identification and

measurement of broad subcategories of the three coarse labor market states. We refer to these

subcategories as “Macro Heterogeneity.”

Relatedly, commonly used Diamond-Mortensen-Pissarides search and matching framework

(e.g. Pissarides, 1985; Mortensen and Pissarides, 1994) imply that flows between employment

and unemployment are Markovian in that multi-period transition probabilities are compounded

one-period transition probabilities, where the latter are calibrated from the data. As Kudlyak

and Lange (2017) and Morchio (2020) point out, this is neither the case for employment-

unemployment flows in the data nor for flows across the participation margin. As a result,

such models do not fit individual multi-period transition probabilities between labor market

states. One approach to fit these individual histories is to represent them as a mixture of

different unobserved first-order Markov processes. Such a mixture approach is not only useful

to match individual-level evidence, Ferraro (2018) and Gregory et al. (2021) show that mixtures

of commonly-used models help us better understand the sources of persistence and asymmetries

in aggregate labor market dynamics.6

These insights provide the following research challenge for the identification of Macro Het-

erogeneity: Develop a method to find a parsimonious representation of individual and aggregate

labor market dynamics in terms of a mixture of a limited number of hidden first-order Markov

processes that each have a clear economic interpretation. This method, by definition, involves

classifying individuals at each point in time into untagged hidden labor market states. Because

it does not use prior information about who belongs to which group, it is a form of unsupervised

machine learning.

The method we use to tackle this challenge is a Hidden Markov Model (HMM), which

is a statistical tool that estimates latent states and their dynamics from data on categorical

sequences. We use this method because it has four important advantages over earlier studies of

6The crucial insight is that a higher-order Markov process can be characterized as a mixture of first-order
Markov processes. See Granger and Morris (1976) for an example of this for ARMA processes. This insight has
been applied by Ferraro (2018) and Gregory et al. (2021). Ferraro (2018) shows that the dynamics of a mixture
of Mortensen and Pissarides (1994) models can have very rich dynamics. Gregory et al. (2021) show the same
for a mixture of Menzio and Shi (2011) models.
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Macro Heterogeneity in the U.S. labor market (Hall and Kudlyak, 2019; Shibata, 2019; Gregory

et al., 2021).

The first is that it allows us to impose specific identifying restrictions, guided by the Dual

Labor Market Hypothesis posited in Doeringer and Piore (1970), across the hidden states we

identify. These restrictions are (in-)equality constraints on the persistence of and turbulence

between labor force states. They assure us that the hidden states are interpretable as the

primary, secondary, and tertiary sectors of the labor market.

The implementation of an HMM with inequality restrictions is appealing since it mimics

the use of similar restrictions for the identification of economically meaningful shocks in Struc-

tural Vector-Autoregression (SVAR) models.7 However, it has not yet been applied in labor

economics since its implementation is numerically challenging.

We estimate the HMM with Maximum Likelihood via the Expectation-Maximization (EM)

algorithm (Dempster et al., 1977). Our main methodological contribution is to show that

this can be done through a generalization of the Baum-Welch (BW) algorithm, introduced by

Baum et al. (1970) and Welch (2003), that is commonly used for the estimation of HMMs.

The difference is that in our method the M-step involves the numerical maximization of the

expectation of the complete-data likelihood function subject to the identifying (in-)equality

restrictions we impose. We show that this is feasible because it can be split up into a set of

well-behaved convex maximization problems for which efficient numerical methods are available.

The second is that our method allows us to estimate monthly time-varying stocks of and

transition probabilities between the hidden states. This yields a set of stocks and flows for

the hidden states that is conceptually identical to those published monthly by the BLS for the

labor force states of employment, unemployment, and non-participation and studied extensively

in many papers (e.g Marston, 1976; Blanchard and Diamond, 1990; Shimer, 2012; Barnichon

and Nekarda, 2012; Elsby et al., 2015b). This allows us to analyze the importance of the

segmentation of the labor market for seasonality, business cycle fluctuations, and long-run

trends.

The third advantage is that our HMM allows us to use an extensive set of twenty nine nu-

anced answers in the CPS about the types of and reasons for employment, unemployment, and

non-participation that respondents provide. These include part-time versus full-time employ-

ment, the reasons for unemployment, as well as the intent to and reason for not looking for a job

when not participating, among others. We use the variation in labor market outcomes between

different groups of individuals like those part-time employed for economic reasons versus full-

time employed, those temporarily unemployed versus ones having been laid off, or marginally

7For example, Stock and Watson (2001), Christiano et al. (2006), and Baumeister and Hamilton (2015).

Draft: May 5, 2023 Page 7



The Dual U.S. Labor Market Uncovered Ahn, Hobijn, and Şahin

attached non-participants versus those not wanting a job, to enhance our assessment of the

likelihood of which of the three labor market segments they are part of.

The final advantage is that, based on the reported labor market histories in the CPS, our

method provides estimates of the posterior probability that a respondent is part of each of

the three respective labor market segments. To make sure these individual-level estimates

aggregate to the three-state stocks and flows published by the BLS and analyzed in other

studies, we assume, just like in the published data, that missing observations are random

and that workers do not make any classification errors when they report whether they are

employed, unemployed, or not participating in the labor market.8 The individual-level posterior

probabilities are additional variables for all CPS respondents that can be used to assess both

the incidence of segment membership by demographic group as well as the impact of segment

membership on labor market outcomes, like industry and occupation of employment, earnings,

as well as hours worked and tenure.

3 A Dual Labor Market in an HMM

In this section we describe the structure of the HMM we estimate. We then discuss the restric-

tions we impose to distinguish the three market segments. We explain how we estimate the

model and how we obtain posterior probabilities of each CPS respondent’s segment membership.

Finally, we discuss the identification of the parameters in the model.

3.1 Structure of the Dual Labor Market HMM

The structure of the HMM we estimate is guided by both the aim to estimate the stocks and

flows in the segments of the DLM as well as by the specific structure of the CPS data we use for

that purpose.9 We focus on our benchmark specification, which is known as a Non-Homogenous

Hidden Markov Model (NHMM). While it has been applied in other fields,10 the application to

U.S. labor market data is new to our paper.

Our specification consists of three labor market tiers: A primary (P ), secondary (S), and

tertiary (T ). Each of these segments themselves consist of four hidden states: employed (EM),

short-term unemployed (UMS), long-term unemployed (UML), and non-participants (NM),

8There is an extensive literature on such classification errors (Abowd and Zellner, 1985; Blanchard and
Diamond, 1990; Feng and Hu, 2013; Elsby et al., 2015b; Ahn and Hamilton, 2020b) and a large degree of
disagreement about their importance.

9The specific version of the data we use are from Flood et al. (2020)
10For example, for the analysis of rainfall patterns (Hughes et al., 1999).
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Table 1: Hidden states in HMM

State Description

EP Primary employed
ES Secondary employed
ET Tertiary employed
UPS Primary short-term unemployed
UPL Primary long-term unemployed
USS Secondary short-term unemployed
USL Secondary long-term unemployed
UTS Tertiary short-term unemployed
UTL Tertiary long-term unemployed
NP Primary non-participant
NS Secondary non-participant
NT Tertiary non-participant

whereM ∈ {P, S, T} denotes the market segment. The resulting twelve hidden states are listed

in Table 1.

Our goal is to classify persons, who are categorized as either employed, unemployment,

or not-in-the-labor-force, into a set of refined hidden states based on their responses to the

CPS about their labor market status. In the context of the HMM, these responses are called

emissions, because they are observable signals that respondents “send” about the hidden state

they are in.

The HMM consists of two layers. The first is the stochastic process that drives the evolution

of the hidden state for each individual that aggregates to the flows and stocks in the labor

market. We denote the hidden labor market state of individual i by `i,t ∈ L, where L is the

set of twelve hidden labor market states. It follows a first-order Markov process in that the

transition probabilities satisfy

ql,l′,t = P (`i,t = l′ | `i,t−1 = l; t) = P (`i,t = l′ | `i,t−1 = l,∩∞k=2`i,t−k = lt−k; t) , (1)

where (l, l′) ∈ L × L. The argument t = 1, . . . , T reflects that they vary over time.11 These

transition probabilities are the flow rates between the different hidden states in our model.

These flow rates determine the evolution of the stocks of individuals in the each hidden state.

These stocks are the unconditional probabilities of an individual being in state l ∈ L in month

t. We denote them by

δl,t = P (`i,t = l; t) . (2)

11Earlier applications of HMMs in empirical studies of labor market data, such as Boeschoten et al. (2019)
and Shibata (2019), do not allow for time variation in transitions probabilities and do not consider (in-)equality
constraints as identifying assumptions.
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The advantage of the assumption that the hidden states follow a first-order Markov process

is that this makes the hidden states interpretable as states in a generalized theoretical model

of the labor market in which transitions between the states follow a first-order Markov process,

as in the seminal model by Mortensen and Pissarides (1994). At first glance, this assumption

might seem restrictive. However, because there are more hidden states than the three observed

categories of employment, unemployment, and non-participation, the observed categories are a

mixture of the underlying hidden states and mixtures of first-order Markov processes can have

a wide range of non-Markovian properties.

The second layer of the HMM is the stochastic process that determines the information the

emissions provide about the hidden state that an individual is in. We denote the emission of

individual i = 1, . . . , n in month t by xi,t ∈ X, where X is the set of possible emissions that we

discuss in more detail below. The relationship between the emissions and the hidden states is

known as the emission model.

The main assumption behind the emission model in an HMM is that the probability of a

particular emission only depends on the current hidden state. This conditional-independence

assumption yields the following expression for the emission probability

ωx,l,t = P (xi,t = x | `i,t = l; t) , where x ∈ X and l ∈ L. (3)

Here, the argument t captures that the emission probabilities in our model vary over time.

We include in the set of emissions, X, information about the labor force status, i.e. em-

ployed, unemployed, or non-participant, the type of employment, the reason for unemployment,

the duration of unemployment, whether or not non-participants completed a seasonal or tem-

porary job, and information about labor-force attachment. This results in 29 different possible

emissions, listed in Table 2.

The emissions distinguish between unemployed of different durations. This might seem

like a violation of the conditional-independence assumption because to report having been

unemployed for several months seems to imply that one was unemployed in the previous month.

This, however, is not the case. Unemployed respondents in the CPS report how long they

have been searching for a job rather than the duration of their unemployment spell. Many

respondents in the survey report to be employed or out of the labor force during the period for

which they later report to have been searching for a job (Elsby et al., 2011).

To summarize, we have a panel of incomplete observed 16-month long labor market histories

across individuals that sends an imperfect signal about in which of the 12 hidden labor market

states they are in at each point in time. We use the HMM described above to estimate the
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Table 2: Observed emissions in HMM

Emission Description

M Labor market state not reported in the CPS
EX Employed, no other detail
EPE Employed, part-time for economic reason
ENW Employed, absent for other reasons
UTL5 Unemployed on temporary layoff, duration < 5w
UTL14 Unemployed on temporary layoff, duration < 14w
UTL26 Unemployed on temporary layoff, duration < 26w
UTLLT Unemployed on temporary layoff, duration > 26w
UTJ5 Unemployed temporary job ended, duration < 5w
UTJ14 Unemployed temporary job ended, duration < 14w
UTJ26 Unemployed temporary job ended, duration < 26w
UTJLT Unemployed temporary job ended, duration > 26w
UJL5 Unemployed job loser, duration < 5w
UJL14 Unemployed job loser, duration < 14w
UJL26 Unemployed job loser, duration < 26w
UJLLT Unemployed job loser, duration > 26w
UX5 Unemployed n.e.c., duration < 5w
UX14 Unemployed n.e.c., duration < 14w
UX26 Unemployed n.e.c., duration < 26w
UXLT Unemployed n.e.c., duration > 26w
NTJDW Non-participant who ended temporary job and discouraged worker
NTJMA Non-participant who ended temporary job, not discouraged but marginally attached
NTJNA Non-participant who ended temporary job, recently searched but not available for work
NTJNS Non-participant who ended temporary job, no previous job search but want a job
NTJDNW Non-participant who ended temporary job, does not want a job
NDW Non-participant and discouraged worker
NMA Non-participant, not discouraged but marginally attached
NNA Non-participant, recently searched but not available for work
NNS Non-participant, no previous job search but want a job
NDNW Non-participant, does not want a job
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following time series: (i) the share of individuals in each of the states, δj,t, i.e. the equivalent

of the stocks, (ii) the transition probabilities between the latent states ql′,l,t, i.e. the flow rates,

and (iii) the emission probabilities, ωx,l,t. We denote the vector with all these parameters as

θ, the vector with the observed history of emissions for individual i as xi, and the vector with

the unobserved path of underlying hidden states as `i.

3.2 Distinguishing the Three Labor Market Segments

The economic usefulness of methods that identify latent states, like our hidden Markov states,

depends on their interpretability. The goal of our analysis is for the hidden states of our

model to correspond to the primary and secondary segments from the DLM theory and for the

third sector to capture those less attached to the labor force. In our benchmark model these

three segments are distinguished by inequality constraints and zero restrictions on the monthly

transition probabilities between employment, unemployment, and non-participation.

Inequality restrictions on transition probabilities

The first type of restrictions captures the differences in relative turnover rates between labor

market segments from the DLM Hypothesis.

The hypothesis is that the primary tier of the labor market is characterized by a higher

level of employment stability than the secondary and tertiary tiers. Employment stability is a

key attribute that distinguishes the primary market from the secondary market (Doeringer and

Piore, 1970; Piore, 1970; Berger et al., 1980; Dickens and Lang, 1985). According to Wachter

(1974), one of the hypotheses defining the dual labor market is that workers in the secondary

sector experience a pattern of job instability. Similarly, Bentolila et al. (2019) mention that the

main feature of dual labor market in Europe is the coexistence of open-ended and fixed-term

contracts. The former guarantee job security, while the latter make a job last only for a short

period of time. The inequality restriction we impose captures the gist of this aspect of the DLM

theory. To have our parameter estimates satisfy this property, we impose the restrictions that

qEP,EP,t ≥ qES,ES,t + 0.05 and qEP,EP,t ≥ qET,ET,t + 0.05, for all t. (4)

The main focus of the existing literature on dual labor markets are persons who are in

the labor force and are either employed or unemployed. But the data from the CPS that we

use cover the whole population, among which there is substantial heterogeneity in labor force

attachment and labor supply elasticities (Krusell et al., 2017; Mui and Schoefer, forthcoming).
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Figure 1: Description of the three labor market segments.
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In particular, there is a large group of people who are only very loosely attached to the labor

force. It is this group of people who are part of the tertiary market. We capture their loose

attachment to the labor market imposing additional inequality restrictions on the persistence

of non-participation in the tertiary market segment. These restrictions take the form

qNT,NT,t ≥ qNP,NP,t + 0.05 and qNT,NT,t ≥ qNS,NS,t + 0.05, for all t. (5)

In addition, our model specification includes more than one hidden type of unemployment in

each market. To assure that the interpretation of the hidden unemployment states we uncover

matches their labels, we assume that long-term unemployment is more persistent than short-

term unemployment. That is

qUML,UML,t ≥ qUMS,UMS,t + 0.05 where M ∈ {P, S, T} , for all t, (6)

and also impose that persons can only flow from short- to long-term unemployment and not

vice-versa, i.e.

qUML,UMS,t = 0 where M ∈ {P, S, T} , for all t. (7)

The four constraints above assure us that each of the hidden states we identify has a clear

economic interpretation in the context of the DLM with a tertiary home production sector.

Zero restrictions on transition probabilities

The second type of restrictions is guided by another assumption in the DLM Hypothesis.

Namely, that there is very limited mobility between labor market segments. Because of the

very short histories reported in the CPS we approximate this assumption by the restriction that

respondents do not switch market tiers during the 16-month period they are in the sample. This
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translates into a set of zero restrictions on the transition probabilities that capture that there

are no flows between the primary, secondary, and tertiary markets. Figure 1 summarizes the

market structure we estimate using our HMM.

3.3 Restrictions on Emission Probabilities

A second set of restrictions that we impose is related to the connection between the emissions

and underlying hidden states. The restrictions are guided by our goal to uncover the stocks and

flows in the segments of the DLM with a tertiary home production sector that are consistent

with aggregate stocks and flows published by the BLS.

No classification errors: Zero restrictions on emission probabilities

To assure our estimates align with published statistics, we assume that there are no classification

errors. That is, we impose that respondents correctly report their labor market status of

employment, unemployment, and non-participation. In that case, the probability that their

emission does not correspond to their hidden labor market status is zero. We impose these zero

restrictions on the emission probabilities for all months in our sample.

Random missing values

Consistent with the methodology the BLS constructs the published statistics, we impose that

missing values for the emissions, xi,t, are random. That is, the probability that a respondent

does not report any emissions does not depend on the hidden state they are in. This way of

treating the missing values means that no information is gleaned from whether an observation

is missing or not.12 This assumption is, by definition, true for the 8-month reporting gap in

the CPS during which respondents drop out of the sample and we assume it also holds for the

eight months they are in the sample.

3.4 Estimation

We estimate our model for all respondents, i = 1, . . . , n, in the CPS from 1980-2021. The

resulting sample size is n = 10, 178, 593 individual 4-8-4 labor market histories. The total

number of parameters is 84,168, which is 167 for each of the 504 months in the sample.13

12Alternatively, one can treat missing observations as being in a fourth observable state and include it in the
model through the emission probabilities. This is how Ahn and Hamilton (2020b) treat missing values in their
analysis of measurement error in the CPS without using an explicit HMM.

13These 167 parameters are: 33 transition probabilities, 123 emission probabilities, and 11 shares of the
population in the hidden states.
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Because the estimation involves a large number of observations, n, and parameters, dim (θ),

direct maximization of the likelihood function is not feasible. However, it can be accomplished

through the application of the BW algorithm (Baum et al., 1970; Welch, 2003), commonly used

in machine learning and estimation of HMMs. This is a specific case of the EM algorithm

(Dempster et al., 1977). The particular form of the algorithm we use exploits the panel data

structure (Maruotti, 2011) of the CPS and takes into account the identifying (in-)equality

restrictions on the parameters.

The likelihood function, L (θ), we maximize is the joint probability of observing the paths,

{xi}ni=1, for a given vector of model parameters

L (θ) =
n∏

i=1

P (xi;θ)wi =
n∏

i=1

 ∑
`i,ti+15∈L

P (xi ∩ `i,ti+15;θ)

wi

=
n∏

i=1

[∑
`∈L

αi,15 (`;θ)

]wi

(8)

Here wi is the sample weight for individual i.14

αi,k (`;θ) = P (xi,ti , . . . , xi,ti+k ∩ `i,ti+k = `) . (9)

It is the joint probability of the observed data from ti through ti + k and individual i being in

the latent state ` ∈ L at t = ti + k.

In principle, the computation of αi,k (`;θ) requires the summation over all possible paths

of the latent state between ti and ti + k, which quickly becomes infeasible. However, the BW

algorithm uses that αi,k (`;θ) can be calculated using a forward recursion. For the specific case

of the CPS data with missing values, this recursion is of the form

αi,0 (l) = δl,t
(
(1− ηi,ti) + ηi,tiωxi,ti

,l,ti

)
, and (10)

αi,k (l′) =
∑
l∈L

αi,k−1 (l) ql,l′,ti+k

(
(1− ηi,ti+k) + ηi,ti+kωxi,ti+k,l′,ti+k

)
(11)

where ηi,t is the indicator function for non-missing observations which ensures that missing

observations are integrated out of the fitted path, consistent with the assumption that they are

random.

14Because an individual appears in the likelihood for her/his whole 16 periods labor market history, no matter
whether observations are missing or not, wi is, in principle, the sampling weight of individuals conditional on
them reporting their labor market state for at least one out of eight interviews. However, such a weight is not
provided for the CPS data. Therefore, we approximate it by their average cross-sectional weight across all the 8
months in sample. That is, wi is the average number of persons the individual represents across the 8 rotations
in which they are interviewed.
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As with any application of the EM algorithm, it involves iteratively updating the parameters

to monotonically increase the likelihood function. Each iteration involves two steps. An E-step

and an M-step. These steps for the estimation of a panel-data HMM have been described

in Maruotti (2011) and Shibata (2019). For this reason, we leave the details for Appendix

A and focus on two specific aspects we use in the rest of our analysis: (i) how the E-step

provides estimates of the posterior probabilities that each of the respondents in the CPS is in a

particular segment of the labor market, and (ii) how we implement the identifying (in-)equality

restrictions on the parameters in the M-step.

The starting point for the EM algorithm is the complete-data log-likelihood function, which

is the log of the likelihood function for the case in which all data, i.e. {xi, `i}ni=1, are observed.

If we had data on the hidden state, we could construct the dummy variables

ui,t,l = 1 (`i,t = l) and vi,t,l,l′ = 1 (`i,t−1 = l ∩ `i,t = l′) . (12)

Given these indicator functions, the complete-data log-likelihood function equals

lnL =
n∑

i=1

wi

{∑
l∈L

ui,ti,l ln δl,ti +
15∑
k=1

∑
l′∈L

∑
l∈L

vi,ti+k,l,l′ ln qti+k,l,l′ (13)

+
15∑
k=0

ηi,ti+k

∑
l∈L

ui,ti+k,l lnωxi,ti+k,l,ti+k

}
.

Individual-level posterior probabilities from E-step

In the E-step, the expectation of the complete-data log-likelihood conditional on the observed

data x = {xi}ni=1 and parameter vector θ is calculated.

Taking the conditional expectation of (13) involves replacing ui,ti+k,l and vi,ti+k,l,l′ with

their conditional expectations, which we denote by ûi,ti+k,l and v̂i,ti+k,l,l′ respectively. They

are calculated using the Forward-Backward recursions, part of the BW algorithm, described in

Appendix A.

For our analysis it is important to realize that these conditional expectations are not only

useful for the implementation of the BW algorithm. They also allow us to do individual-level

analyses of our results. The reason is that ûi,ti+k,l can be interpreted as the posterior probability

that a person is in a particular hidden state at time ti + k, i.e.

ûi,ti+k,l = E [1 (`i,ti+k = l) | xi,θ] = P (`i,ti+k = l | xi,θ) for l ∈ L. (14)

Therefore, the BW algorithm does not only yield a set of parameter estimates but also provides
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posterior probabilities of the stocks for each of the individuals in the data for these estimates.

Note that the algorithm does not classify individuals in a particular hidden state at each point in

time. Instead, their classification is a probabilistic assessment based on the limited information

revealed by a person’s labor market history from the 4-8-4 survey structure of the CPS.

Our focus, in particular, is on the posterior probability that a respondent is part of one of

the three market segments. This probability is given by

Pi (M) =
∑

l∈{EM,UMS,UML,NM}

P (`i,t = l | xi,θ) , where M ∈ {P, S, T} . (15)

Because we impose the restriction that individuals cannot flow from one market segment to

another, this probability is constant over time.15

Our estimation procedure thus yields two additional variables for each respondent in the

CPS that reflect the posterior probabilities that she or he is part of the primary or secondary

segment of the labor market.16

Imposing identifying zero- and inequality restrictions in M-step

The use of zero- and inequality constraints on the transition and emission probabilities is at the

heart of our identification strategy to provide specific economic meaning to the hidden states we

uncover. In the M-step the expectation of the complete-data likelihood function is maximized

with respect to the parameters subject to these restrictions. In the absence of these restrictions,

the M-step yields a well-known closed-form solution that is easy to solve, even in the case of a

very large number of parameters (e.g. Maruotti, 2011). However, this is not the case under the

constraints that we impose. Zero restrictions on the transition and emission probabilities are

easily imposed in the maximization problem. The challenge is how to deal with the inequality

constraints, especially in light of the large number of parameters we estimate.

One approach of dealing with inequality constraints in the BW algorithm is to transform

the problem to one that has a closed-form solution (e.g. Levinson et al., 1983; Otterpohl, 2002).

This, however, is not feasible for the large number of parameters and restrictions in our model

specification. Instead, we use that the maximization problem in the M-step can be split up

into 3T sub-problems. Each of these involves the calculation of a Weighted Analytic Center

and can be easily solved using the numerical method introduced in Andersen et al. (2011).17

Even though our specification has a large number of parameters and constraints, we are able
15See Appendix A for a proof.
16The probability that the respondent is in the tertiary market is implied by the first two by the constraint

that the probabilities add up to one.
17We discuss the details of this approach in Appendix A.
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to impose the identifying restrictions in the M-step by reframing the maximization problem

as a set of much smaller, well behaved, maximization problems for particular subsets of the

parameters.

3.5 Identification and Reliability of Classification

While similar NHMM’s have been applied and estimated in other fields (Hughes et al., 1999),

sufficient conditions for identification have only been established for the homogeneous case with

time-invariant transition and emission probabilities.18

Intuitively, identification in our model can be thought of in the context of the method of

moments. In each month, we have 167 parameters; monthly transitions between these emissions

imply 812 transition probabilities, which can be interpreted as empirical moments.19 Thus, on

a period-by-period basis we have many more empirical moments than parameters. Applications

of NHMM’s of the type we analyze use bootstrapping methods to quantify the reliability of the

estimates as well as establish local identification of the parameters. We follow that practice in

the rest of our analysis when we present our results. Our bootstrap consists of 1000 draws from

the model at the estimated parameters.

What is central to our method is the classification of individuals into different labor-market

segments, which hinges on the information content of the emissions that we use, which is

formalized by Petrie (1969). The main insight from Petrie (1969) is that if those in different

hidden states are equally likely to report the same emissions, then the emissions would not help

to classify individuals in different hidden states. Formally, this requires that, in any month t,

the 29× 12 matrix with emission probabilities ωx,l,t’s has full column rank. This is indeed the

case for our parameter estimates.

In line with the results in Petrie (1969), what is crucial for the classification of individuals

is the fact that our estimates imply very different probabilities of people reporting emissions

depending on what market segment they are in. This can be seen from Table 3. It reports the

average emission probabilities, ω̄x,l, over our sample period. For example, on average, only 1

percent of those employed in the primary sector report to be part-time for economic reasons

(element (EPE,EP) in the table) while about a third of those employed in the secondary segment

18A simple generalization of the application of the sufficient conditions in Allman et al. (2009) applied by
Shibata (2019) implies that our model is identified in this homogeneous case. We discuss that case in Section 6.

19There are 33 transition probabilities in each month. While these matrices are 4 × 4, due to adding up
constraints and the assumption that there is no transition from long-term to short-term unemployment, the
number of parameters is 33. The emission probability matrix is a 12×29 matrix but since markets are perfectly
segmented and there is no measurement error, the total number of emission probabilities is 3×2+6×15+3×9 =
123. In addition we need to estimate the share of the population in each of the 12 hidden states which adds
another 11 parameters to estimate. This implies a total of 167 parameters for each month.
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report they are ((EPE,ES) in the table).

To illustrate the information that the algorithm distills from the differences between the

columns in Table 3, consider Table 4. It contains four examples of how the probabilities that

the model assigns to CPS respondents being part of the three market segments evolve depending

on their reported history of emissions. All examples are for respondents in the sample from

January 2005 through April 2006.

Example I is for someone who reports to be employed, not part-time for economic reasons

and not absent from work, for all eight months she or he is in the survey. In the first month in

the sample the model assigns an 89.2 percent probability this person is in the primary market

and 7.4 percent and 3.4 for the secondary and tertiary markets respectively. Because of a lack

of history in the first month, these are the unconditional probabilities of someone who reports

this emission being in each of the market segments. As the individual continues to report the

same type of employment for the subsequent months the likelihood that she or he is in the

primary market increases for two reasons. The first is that longer employment spells are more

likely in the primary market. The second is that those in the primary segment are more likely

to report they are not absent from work and do not work part-time for economic reasons. The

combination of these two effects yields a posterior probability, based on the whole reported

history, of 99.7 percent that the person is in the primary market.

Example II shows the information that the extended 29 emissions provide in addition to

the three basic labor-force statuses of employed, unemployed, and non-participation. Just like

in Example I, the respondent reports to be employed in all eight months that they are in the

sample. However, in the middle six months they report to be part-time employed for economic

reasons. Even though this respondent is always employed, the algorithm assigns them with

almost certainty to the secondary segment after their eight months in the sample. This is

because those who report to be part-time employed for economic reasons are likely to flow into

unemployment and non-participation and are therefore more likely to be in the secondary tier.

Example III shows that those persistently are nonparticipants who do not want a job are

classified in the tertiary sector. While the emissions in the second four months reduce uncer-

tainty about the respondent’s sector, the first four months still provide an accurate assessment.

Example IV shows a mixed employment, unemployment, and non-participation history that

results in more uncertainty about which segment the respondent belongs to. The advantage of

our method is that it does not force us to classify this person in a particular segment. Instead,

for both the aggregate and individual-level results we present in the next sections, we simply

weigh respondents by their posterior probabilities across the three segments. Thus, we use

the estimated individual-level posterior probabilities to construct aggregates for each of the
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market segments and analyze how they differ in terms of the levels of their unemployment and

participation. The respondent in Example IV would thus be counted as 0.112 in the primary

sector, 0.792 in the secondary, and 0.092 in the tertiary sector.

Example IV illustrates the importance of the second four months in the CPS’s sampling

structure. The algorithm gains additional information from the fact that the respondent is still

a non-participant at the 5th month in the sample, in January 2006, after having been out of the

sample for 8 months. This is especially important for those classified in the secondary sector,

because that sector involves instability and reliably inferring instability from the data requires

many observations.20 In Example IV, the 4-8-4 reported mixed labor market history in the

CPS leaves some uncertainty about which sector the respondent is in.

In our results, Example IV is the exception to the rule. Like Examples I-III, most respon-

dents are reliably classified in one of the three segments in the sense that the mode of the

posterior probabilities across the three market segments is well above 90%. To formally analyze

how reliably the model classifies individuals, we introduce an additional summary statistic.

This statistic is based on the distance between the estimated posterior distribution across labor

market segments for each individual and the uniform distribution. To see why this distance

captures the reliability of the classification of an individual, it is useful to write the estimated

posterior distribution across the three markets as the triple

{Pi (P ) , Pi (S) , Pi (T )} . (16)

If the data provide no information on which of the segments an individual is in then this tuple is

the uniform distribution {1/3, 1/3, 1/3}. If, on the other hand, the data perfectly pin down the tier

then this triple is either {1, 0, 0}, {0, 1, 0}, or {0, 0, 1}, depending on whether the individual is in

the primary, secondary, or tertiary market respectively. To provide a measure pf the degree of

information the model provides about the segment membership of individual i in the sample, we

calculate the rescaled distance of the posterior distributions from the non-informative, uniform,

case. This measure is given by

Di =

√
9√
6

√ ∑
M∈{P,S,T}

(Pi (M)− 1/3)2 ∈ [0, 1] . (17)

It is zero if the model does not provide any information about the segment membership of

individual i and one if it is fully informative. Figure 2 shows the distribution of Di across all

20Consistent with Example IV, estimates of the model based on only four observations result in a lower share
of workers in the secondary sector.
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Table 3: Average emission probabilities

State EP ES ET UPS UPL USS USL UTS UTL NP NS NT
Emission

EX 98.71 68.13 93.40 - - - - - - - - -
(0.00) (0.03) (0.03)

EPE 1.01 29.42 2.17 - - - - - - - - -
(0.00) (0.03) (0.02)

ENW 0.29 2.45 4.43 - - - - - - - - -
(0.00) (0.01) (0.02)

UTL5 - - - 29.43 0.62 8.00 0.16 3.98 0.27 - - -
(0.12) (0.02) (0.05) (0.01) (0.08) (0.02)

UTL14 - - - 4.57 13.34 4.12 0.38 0.73 0.97 - - -
(0.05) (0.07) (0.03) (0.01) (0.03) (0.04)

UTL26 - - - 0.37 6.58 1.03 0.60 0.36 0.36 - - -
(0.02) (0.05) (0.02) (0.01) (0.02) (0.02)

UTLLT - - - 0.43 3.84 0.76 1.72 0.45 0.25 - - -
(0.02) (0.04) (0.01) (0.02) (0.03) (0.02)

UTJ5 - - - 9.29 0.33 5.35 0.16 0.89 0.11 - - -
(0.07) (0.02) (0.04) (0.01) (0.04) (0.01)

UTJ14 - - - 0.66 3.22 2.69 1.85 0.29 0.26 - - -
(0.02) (0.04) (0.03) (0.02) (0.02) (0.02)

UTJ26 - - - 0.16 1.38 0.57 1.73 0.13 0.10 - - -
(0.01) (0.03) (0.01) (0.02) (0.01) (0.01)

UTJLT - - - 0.39 0.29 0.21 5.04 0.51 0.09 - - -
(0.02) (0.01) (0.01) (0.04) (0.03) (0.02)

UJL5 - - - 31.99 2.90 9.55 1.21 1.55 0.18 - - -
(0.12) (0.04) (0.05) (0.02) (0.05) (0.01)

UJL14 - - - 1.51 33.35 6.82 4.03 0.81 0.44 - - -
(0.03) (0.10) (0.04) (0.03) (0.03) (0.02)

UJL26 - - - 0.19 19.66 1.31 6.03 0.45 0.24 - - -
(0.01) (0.09) (0.02) (0.04) (0.02) (0.02)

UJLLT - - - 0.93 11.64 0.45 28.57 1.73 0.26 - - -
(0.03) (0.07) (0.01) (0.07) (0.04) (0.02)

UX5 - - - 16.27 0.51 34.06 1.48 71.33 6.90 - - -
(0.10) (0.01) (0.07) (0.02) (0.15) (0.08)

UX14 - - - 2.12 1.68 18.58 9.66 7.72 54.26 - - -
(0.04) (0.03) (0.06) (0.05) (0.09) (0.17)

UX26 - - - 0.50 0.47 3.79 7.36 0.73 23.90 - - -
(0.02) (0.02) (0.03) (0.04) (0.03) (0.15)

UXLT - - - 1.18 0.19 2.70 30.02 8.34 11.39 - - -
(0.03) (0.01) (0.02) (0.07) (0.11) (0.08)

NTJDW - - - - - - - - - 0.03 0.07 0.00
(0.00) (0.00) (0.00)

NTJMA - - - - - - - - - 0.04 0.05 0.00
(0.00) (0.00) (0.00)

NTJNA - - - - - - - - - 0.01 0.01 0.00
(0.00) (0.00) (0.00)

NTJNS - - - - - - - - - 0.30 0.61 0.03
(0.01) (0.01) (0.00)

NTJDNW - - - - - - - - - 1.13 0.86 0.15
(0.02) (0.01) (0.00)

NDW - - - - - - - - - 0.88 3.57 0.07
(0.01) (0.02) (0.00)

NMA - - - - - - - - - 1.41 6.94 0.12
(0.02) (0.02) (0.00)

NNA - - - - - - - - - 0.39 1.93 0.06
(0.01) (0.01) (0.00)

NNS - - - - - - - - - 9.96 19.04 1.29
(0.04) (0.04) (0.00)

NDNW - - - - - - - - - 85.86 66.92 98.29
(0.05) (0.04) (0.00)

Notes: - Average probability of observed emission conditional on being in state over sample. No-classification-
error restrictions are indicated by ’-’. Bootstrapped standard errors in parentheses.
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Table 4: Inference of market segments based on emissions

Emission P(P) P(S) P(T)
Date

Example I

2005-01 Employed-not PTER+no other absence 89.2 7.4 3.4
2005-02 Employed-not PTER+no other absence 92.6 4.9 2.5
2005-03 Employed-not PTER+no other absence 94.8 3.3 1.9
2005-04 Employed-not PTER+no other absence 96.4 2.2 1.4
2006-01 Employed-not PTER+no other absence 98.9 0.9 0.2
2006-02 Employed-not PTER+no other absence 99.3 0.6 0.1
2006-03 Employed-not PTER+no other absence 99.5 0.4 0.1
2006-04 Employed-not PTER+no other absence 99.7 0.3 0.1

Example II

2005-01 Employed-not PTER+no other absence 89.2 7.4 3.4
2005-02 Employed-PTER 31.5 66.3 2.2
2005-03 Employed-PTER 1.7 98.2 0.1
2005-04 Employed-PTER 0.1 99.9 0.0
2006-01 Employed-PTER 0.0 100.0 0.0
2006-02 Employed-PTER 0.0 100.0 0.0
2006-03 Employed-PTER 0.0 100.0 0.0
2006-04 Employed-not PTER+no other absence 0.0 100.0 0.0

Example III

2005-01 Nonparticipants who do not want a job 4.4 7.2 88.4
2005-02 Nonparticipants who do not want a job 2.3 3.2 94.5
2005-03 Nonparticipants who do not want a job 1.1 1.5 97.4
2005-04 Nonparticipants who do not want a job 0.5 0.7 98.8
2006-01 Nonparticipants who do not want a job 0.0 0.1 99.8
2006-02 Nonparticipants who do not want a job 0.0 0.1 99.9
2006-03 Nonparticipants who do not want a job 0.0 0.0 100.0
2006-04 Nonparticipants who do not want a job 0.0 0.0 100.0

Example IV

2005-01 Employed-not PTER+no other absence 89.2 7.4 3.4
2005-02 U-Temporary job ended-less than 5 weeks 60.3 39.6 0.0
2005-03 Nonparticipants who do not want a job 45.1 54.8 0.0
2005-04 Nonparticipants who do not want a job 45.9 54.0 0.1
2006-01 Nonparticipants who do not want a job 10.4 88.7 0.8
2006-02 Nonparticipants who do not want a job 11.2 86.9 2.0
2006-03 Nonparticipants who do not want a job 12.0 83.5 4.5
2006-04 Nonparticipants who do not want a job 11.2 79.6 9.2

Source: Current Population Survey and authors’ calculations.
Notes: Imputed probabilities of being in primary, secondary, or tertiary market segment for hypothetical emis-
sions history.
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Figure 2: Distribution of Di across CPS respondents

Source: CPS and authors’ calculations.

CPS respondents for our baseline model. It shows that Di ≥ 0.99 for more than 40 percent of

them and Di > 0.95 for more than half of the respondents. Thus, the model is able to reliably

classify the bulk of the individuals in different segments which is also evident in the distribution

of the three posterior probabilities is shown in Figure B.1.

The benefit of using 29 emissions, rather than 3, in terms of the reliability with which CPS

respondents are classified is reflected in the sample average of Di, i.e. D̄. It is 0.914 for our

benchmark model with 29 emissions and 0.895 for the same specification using only 3 of them.

This difference is highly statistically significant with a p-value of 0.00.21

4 Characteristics of each of the market segments

The most important finding from our analysis is that the U.S. labor market can be thought of as

being comprised of three distinct segments, each of which is very different from the aggregate.

The stark differences between the market tiers manifest themselves in the average outcomes over

time, amount of turnover, as well as business cycle and seasonal fluctuations. In this section

we highlight the main differences between the market segments along these dimensions. We

quantify turnover using a new measure, i.e. the average number of flows between employment,

21Additionally, we report the shares of the population in each segment over time, δl,t’s in Figure B.2. None of
the inequality constraints end up binding in our estimation as can be seen in Table 6 which reports the average
of estimated transition probabilities, ql,l′,t and time-series of transitions probabilities between latent states,that
are reported in Appendix B.
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Table 5: Labor market aggregates by segment

Primary Secondary Tertiary Total

Share of population 54.46 13.75 31.79 100.00
(1.11) (1.08) (0.87) (0.00)

Unemployment rate 2.07 26.45 19.92 6.62
(0.47) (3.22) (5.41) (0.01)

Labor-force participation rate 97.16 72.92 8.84 65.77
(0.62) (3.27) (1.54) (0.01)

Employment-to-population ratio 95.15 53.55 7.05 61.42
(0.80) (3.92) (1.40) (0.01)

Flows per capita 0.50 3.20 0.62 0.91
(0.07) (0.31) (0.10) (0.00)

Source: Current Population Survey and authors’ calculations.
Notes: Average of reported statistics over sample period for each market segment and total civilian non-
institutionalized population 16-years and over. Flows per capita are annual flows between E, U, and N per
person. Bootstrapped standard errors in parentheses.

unemployment, and non-participation per person.

Primary sector

The primary sector consists of 54.5% of the population as can be seen from the top line of Table

5, which provides averages for the main labor market aggregates for each segment as well as for

the labor market as a whole.22 This share does not vary much over our sample period. This

can be seen from Figure 3, which plots the time series of the estimated shares of the population

in each segment.

Table 5 also shows that the primary sector is characterized by a low unemployment rate,

high labor force participation rate (LFPR), and, consequently, a high employment-to-population

ratio (EPOP). Moreover, at 0.5 flows per person per year, turnover in the primary sector is half

that in the overall labor market. The blue bars in Figure 4 show the composition of these flows.

They help put the low unemployment rate and high EPOP in the primary sector in context.

Labor market frictions are basically irrelevant for primary sector workers. These workers

are almost always employed and very rarely experience unemployment. When they become

unemployed, it is generally for a very short period, because their job-finding rates are much

higher than those of others. This can be seen by comparing the 1-month flow rates from US

and UL to E in Table 6 for primary sector with that in the overall labor market. They more or

less seamlessly move from non-participation to employment and vice versa. In many ways one

can think of the labor market experiences of these primary-sector workers as being captured
22The estimated time series on which Table 5 is based are plotted in Appendix Figures B.3 and B.4.
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Figure 3: Share of population in each labor market segment.
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well by those in standard Real Business Cycle (RBC) models (Cooley and Prescott, 1995).

Moreover, the unemployment rate in the primary segment fluctuates much less over the

business cycle than in the labor market as a whole. This can be seen from the standard

deviation, σ (x) of the HP-filtered unemployment rate in Table 7. The standard deviation of

cyclical component of the primary-sector unemployment rate is about half of that in the total

labor market. That said, the business cycle correlation, ρ (xt, Yt), shows that the unemployment

rate in the primary sector is highly countercyclical.

The cyclical fluctuations in the primary-sector LFPR are also different. The magnitude of

the cyclical fluctuations in primary-sector participation is smaller than that of the secondary

sector’s LFPR and the primary-sector LFPR is procyclical rather than countercyclical as is the

case for the secondary and tertiary sectors.

Just like over the business cycle, the seasonal fluctuations in the primary segment of the

labor market are subdued compared to the total as can be seen from the standard deviation of

the seasonal components, σseas (x) of the primary-sector labor market aggregates in Table 7.

Secondary sector

The secondary sector is almost the polar opposite of the primary, except for the fact that it

also has a high LFPR. The unemployment rate in the secondary sector is more than ten times

higher than in the primary sector and almost four times that of the labor market as a whole.

Most notably, workers in the sector seem to be in a constant state of flux, as reflected by their

flows per capita being six times higher than that of those in the primary sector. As Figure 4

shows, flow rates in the secondary sector are elevated for all six types of flows.
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Table 6: 1-month transition probabilities in different market segments

segment Primary Secondary Tertiary Total
from to

E E 97.92 84.89 71.65 95.41
(0.00) (0.02) (0.05) (0.00)

US 0.73 6.80 1.83 1.49
(0.00) (0.02) (0.02) (0.00)

UL 0.03 0.79 0.13 0.13
(0.00) (0.01) (0.00) (0.00)

N 1.32 7.52 26.39 2.97
(0.00) (0.02) (0.05) (0.00)

US E 51.35 31.73 18.18 34.19
(0.14) (0.07) (0.15) (0.06)

US 8.39 31.14 8.26 24.12
(0.07) (0.07) (0.08) (0.05)

UL 33.19 8.13 27.51 15.39
(0.12) (0.05) (0.16) (0.05)

N 7.06 28.99 46.05 26.30
(0.08) (0.07) (0.18) (0.05)

UL E 22.44 13.55 15.36 16.19
(0.10) (0.06) (0.14) (0.05)

US 0.00 0.00 0.00 0.00
(0.00) (0.00) (0.00) (0.00)

UL 70.13 63.21 63.99 65.38
(0.11) (0.08) (0.16) (0.06)

N 7.43 23.24 20.65 18.43
(0.07) (0.07) (0.15) (0.05)

N E 44.87 14.11 1.78 5.02
(0.08) (0.04) (0.00) (0.01)

US 2.04 13.29 0.65 2.04
(0.02) (0.03) (0.00) (0.00)

UL 1.94 6.88 0.12 0.95
(0.02) (0.02) (0.00) (0.00)

N 51.14 65.71 97.45 91.99
(0.08) (0.05) (0.00) (0.01)

Source: Current Population Survey and authors’ calculations.
Notes: Average 1-month transition probabilities between hidden states by segment and total. Bootstrapped
standard errors in parentheses.
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Figure 4: Average annual flows per capita by origin and destination.

Source: CPS and authors’ calculations.
Notes: Averages taken over 1980-2021.

Table 7: Business cycle and seasonality statistics by labor market segment

Primary Secondary Tertiary Total
measure statistic

Unemployment rate σ (x) 0.52 2.58 2.48 0.95
ρ (xt, xt−1) 0.71 0.78 0.81 0.79
ρ (xt, Yt) -0.74 -0.62 -0.49 -0.73
σseas (x) 0.21 1.27 1.00 0.35

Labor-force participation rate σ (x) 0.20 1.10 0.34 0.28
ρ (xt, xt−1) 0.61 0.81 0.67 0.77
ρ (xt, Yt) 0.24 -0.28 -0.14 0.15
σseas (x) 0.09 0.95 0.56 0.47

Employment-to-population ratio σ (x) 0.62 1.99 0.37 0.75
ρ (xt, xt−1) 0.67 0.73 0.72 0.78
ρ (xt, Yt) 0.68 0.47 0.21 0.65
σseas (x) 0.24 1.22 0.42 0.53

Flows per capita σ (x) 0.06 0.13 0.02 0.05
ρ (xt, xt−1) 0.51 0.54 0.36 0.55
ρ (xt, Yt) -0.59 -0.17 -0.11 -0.59
σseas (x) 0.04 0.17 0.07 0.07

Source: Current Population Survey and authors’ calculations.
Business-cycle variables - σ (x): standard deviation of HP-filtered cyclical gap from quarterly seasonally adjusted
data. ρ (xt, xt−1): first-order autocorrelation of HP-cyclical gap of variable. ρ (xt, Yt): correlation of HP-
cyclical gap of variable with that of GDP. HP-filter applied with smoothing parameter of 1600. σseas (x):
standard deviation of seasonal component. Seasonal component is difference between not-seasonally adjusted
and seasonally adjusted montly time series.
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Contrary to workers in the primary sector, labor market frictions are very relevant for

workers in the secondary sector. Their labor market experience is characterized by intermittent

periods of employment. They frequently move between labor market states and experience

unemployment and non-participation spells very often. Because of the importance of labor

market frictions for the outcomes of workers in the secondary sector, Diamond-Mortensen-

Pissarides style search models are most applicable to this segment of the labor market.

Compared to their primary-sector counterparts, persons in the secondary market bear much

more of the risk associated with business cycle fluctuations in the labor market. This can be seen

by comparing the first and second columns of Table 7. The magnitude of cyclical fluctuations,

σ (x), in unemployment is five times higher in the secondary than in the primary segment. A

notable difference is that, contrary to participation in the primary segment, the secondary-

sector LFPR is countercyclical. That is, labor force participation in the secondary market

tends to increase during economic downturns unlike the primary-sector LFPR. Differential

cyclical behavior of participation in the primary and secondary sectors is informative about the

difficulty of simultaneously accounting for the observed cyclical behavior of participation and

unemployment rates (Veracierto (2008)). Our findings imply that the mild procyclicality of the

aggregate LFPR is an outcome of procyclical and countercyclical forces which affect individuals

differently; consistent with Krusell et al. (2017) who emphasize the role of heterogeneity in

modeling the joint cyclical behavior of unemployment and participation.

The difference between the secondary and primary segments in the magnitude of seasonal

fluctuations is even larger than over the business cycle as we can show in Table 7. Depending

on the labor-market statistic, seasonal fluctuations, σseas (x), in the secondary sector are five to

ten times larger than those in the primary market. Seasonal fluctuations in the labor market

are therefore disproportionately absorbed by those in the secondary segment.

Tertiary sector

Conventional discussions of the DLM focus on labor-market participants and ignore those who

are only very loosely, or not attached, to the labor force. Our analysis, instead, covers the whole

population, not only the labor force, to capture the increased importance of the participation

margin for labor market trends and fluctuations. Consistent with this interpretation, Table 5

shows that only 9 percent of the persons in this tertiary sector participate in the labor market.

Those in the tertiary segment that do participate have a relatively high unemployment rate of

20 percent.

Figure 4, Table 3, and Table 6 reveal that the nature of unemployment in the tertiary sector

is very different from that in the secondary sector. Unemployment in the tertiary sector is
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Table 8: Contribution to aggregates by segment

Primary Secondary Tertiary Total

Share of population 54.46 13.75 31.79 100.00
Unemployment rate 1.66 4.09 0.88 6.62
Labor-force participation rate 52.91 10.04 2.81 65.77
Employment-to-population ratio 51.83 7.36 2.24 61.42
Flows per capita 0.27 0.44 0.20 0.91

Source: Current Population Survey and authors’ calculations.
Notes: Average percentage-point contribution by market segment to labor market aggregates over sample period.
Flows per capita are annual flows between E,U, and N per person.

mostly because (re-)entrants into the labor force look for a job for a while before finding one.

In the secondary sector job-loss is a much more important reason for unemployment. In terms

of its sensitivity to business-cycle and seasonal fluctuations, the tertiary sector falls in between

the primary and secondary sectors.

5 The Labor Market Through the Lens of the DLM

Thinking about the labor market as being made up of three distinct segments provides a very

useful perspective of what drives labor market fluctuations as well as long run trends. As is

implicitly implied in the previous section, particular segments play an outsized role in different

aspects of the labor market. In this section we focus on three of the most prominent aspects:

Unemployment, participation, and turnover. We show how the secondary sector drives both

the long run trends as well as business cycle and seasonal fluctuations in the unemployment

rate and turnover. The long-run trend in the labor supply is mostly due to changes in the

composition of the population in terms of segment shares.

Unemployment

Even though the secondary market only consists of 14% of the population, the high unemploy-

ment rate in this segment means that more than 60% of unemployment in the labor market

occurs among those in the secondary sector. This can be seen from Table 8 which reports the

contributions of each of the market segments to the average aggregates listed in the column

labeled “Total.” The second row in the table shows that the secondary sector accounts for 4.1

percentage points of the 6.6 percent average unemployment rate in our sample. Thus, those in

the secondary market are four times overrepresented among the unemployed.

This is an important observation for the following reason. A common practice is to use

Draft: May 5, 2023 Page 29



The Dual U.S. Labor Market Uncovered Ahn, Hobijn, and Şahin

average transition rates between employment, unemployment (and non-participation) for quan-

titative macroeconomic analyses of the labor market, including for the calculation of the cost

of unemployment (e.g. Krusell et al., 2010). Such calculations tend to find that the costs of

unemployment are low. This is because average flow rates imply that the average person is

not likely to become unemployed and, if they do, they tend to be so for only a short period,

because average unemployment outflow rates are high. However, looking through the lens of

the DLM we see that these are not the relevant metrics to consider since the unemployment

cost of business cycles is disproportionately borne by those in the secondary sector. Compared

to the average, they are much more likely to become unemployed and to remain so once they

are. A proper quantification of this cost should take this inequality into account and distinguish

between the costs for workers in the three labor market tiers.

The differences between the market segments are not only important for the average level

of unemployment. The secondary sector also accounts for about half of the fluctuations in the

aggregate unemployment rate as can be seen from Table 9. The rows labeled with “σ2 (∆xt)

” and “σ2 (∆12xt)” show the contributions of changes in the composition of the population (Share

Total) and fluctuations in the labor market aggregates in each segment (Shift) to the monthly

and 12-month changes in the aggregates respectively. The second row shows that the secondary

market contributes 0.073 to the 0.154 variance of monthly changes in the unemployment rate.

The importance of the secondary sector for unemployment fluctuations reflects that this is

the labor market that is most affected by search frictions. It is also the segment that contributes

most to fluctuations in these frictions, as captured by shifts in the Beveridge curve. Figure 5

plots the Beveridge curves, using the aggregate vacancy rate measure from Barnichon (2010),

for the three labor market segments as well as for the labor market as a whole. As has been

widely documented, the aggregate Beveridge curve, plotted in panel (d) of the figure, exhibits

a negative slope and has shifted several times over our sample period. Our results, plotted in

panels (a) through (c) of Figure 5, indicate that the shifts in the aggregate Beveridge curve are

mainly due to changes in match efficiency in the secondary sector. Therefore, explanations for

changes in aggregate match efficiency, for example those that emphasize the importance of job-

to-job transitions (Eeckhout and Lindenlaub (2019); Cheremukhin and Restrepo-Echavarria

(2022); Moscarini and Postel-Vinay (2022)) are only plausible to the extent they are most

applicable to workers in the secondary tier.

The secondary segment does not only account for the bulk of short-run fluctuations in the

unemployment rate, it also accounts for more than half of the trend decline in the unemployment

rate in the US. This decline is well documented (e.g. Shimer, 1999). The origin of this decline

is the stark moderation in the incidence of unemployment which declined by more than 50%
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Table 9: Shift-share analysis of changes in labor market aggregates

Sum Share Shift
Total Total Primary Secondary Tertiary

Unemployment rate ∆̄xt -0.0929 0.0023 -0.0240 -0.0577 -0.0135
σ2 (∆xt) 0.1546 0.0123 0.0516 0.0746 0.0161
σ2 (∆12xt) 1.1299 0.1734 0.3628 0.4652 0.1285

Labor-force participation rate ∆̄xt 0.0001 0.0373 -0.0061 -0.0219 -0.0092
σ2 (∆xt) 0.1602 0.0329 0.0133 0.0574 0.0565
σ2 (∆12xt) 0.1636 0.1102 0.0093 0.0207 0.0234

- 1980 - 2000 ∆̄xt 0.1627 0.2262 -0.0029 -0.0518 -0.0088
σ2 (∆xt) 0.2148 0.0439 0.0164 0.0813 0.0731
σ2 (∆12xt) 0.1179 0.0617 0.0016 0.0271 0.0275

- 2001 - 2021 ∆̄xt -0.1807 -0.1779 -0.0097 0.0156 -0.0087
σ2 (∆xt) 0.1006 0.0204 0.0100 0.0316 0.0387
σ2 (∆12xt) 0.1582 0.0862 0.0200 0.0287 0.0233

Employment-to-population ratio ∆̄xt 0.0594 0.0335 0.0093 0.0219 -0.0053
σ2 (∆xt) 0.1802 0.0340 0.0380 0.0689 0.0393
σ2 (∆12xt) 0.6837 0.2736 0.1655 0.1773 0.0672

Flows per capita ∆̄xt -0.0060 -0.0004 -0.0005 -0.0037 -0.0014
σ2 (∆xt) 0.0081 0.0001 0.0025 0.0032 0.0022
σ2 (∆12xt) 0.0022 0.0002 0.0008 0.0007 0.0005

Source: Current Population Survey and authors’ calculations.
Notes: Contributions to average changes and the variance of 1-month and 12-month changes. See Appendix A
for a derivation of the shift-share decomposition and calculation of contributions to the variance.

from 1980s to 2020s as evident from the job-loss and job destruction rates presented in Davis

et al. (2010) and Crump et al. (2019). Table 9 reports that the unemployment declined on

average by 0.093 percentage points per year in the 1981-2021 period. Of this decline, 60%

(0.0577 percentage points annually) is due to a decrease in the unemployment rate in the

secondary market. Changes in two flow rates are large drivers of this. First of all, a reduction

in the secondary-market employment-to-unemployment transition rate from about 10% to 5%.

Secondly, the inflow rate into short-term unemployment from non-participation went down from

around 20% to 10%.23 The primary sector, which encompasses almost 85% of employment,

accounted for only 25% of the trend decline in unemployment.

To summarize, the 14% of the population that is part of the secondary tier of the labor

market accounts for half or more of the level of, fluctuations in, and trend of aggregate un-

employment. This observation is important for the discussion of policies that aim to stabilize

labor-market fluctuations in the short-run. The focus of most of these policies is to maintain

unemployment at or around Friedman’s (Friedman, 1968) natural rate of unemployment. Our

results imply that it is crucial to pay particularly close attention to those in the secondary

tier of the labor who drive most of the movements in the unemployment rate. In light of our

23See Figures B.7 and B.10 for the relevant time series.
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results, the unemployment insurance system can be thought of as a transfer from those in the

primary and tertiary segments to workers in the secondary segment for absorbing a large part

of aggregate economic risk over the seasons and business cycle.

Participation and Employment

While the bulk of the unemployed are in the secondary tier of the labor market, this segment

accounts for only 15% of participation and 12% of employment as can be seen in Table 8. Most

of the non-participants are in the tertiary sector with only 4.3% of participation accounted for

by tertiary sector. Labor market production is concentrated in the primary sector with 80% of

labor market participants and 84% of employed being part of the primary sector.

The LFPR trended up until the late 1990s and has been trending down since. We examine

the drivers of the upward and downward trend separately by dividing our sample into two

time periods: 1980-2000 and 2001-2021. For changes in trend participation, changes in the

shares of persons in each of the market segments have been very important. The participation

rate increased until the turn of the century as the share of the population in the primary

sector increased and that in the tertiary sector declined reflecting the rise in female labor force

participation as we discuss in detail in Section 7. Since 2000 this trend reversed because the

aging of the population resulted in a larger share of individuals in the tertiary sector, with low

labor force attachment.

Turnover, dynamics, and turbulence

Underlying the levels of and fluctuations in the unemployment and participation rates in the

three market segments are the flows between unemployment, employment, and participation

that drive the dynamics of the U.S. labor market. To compare the three market segments, we

capture turnover in the labor market using the number of flows per capita. The last line in

Table 8 shows that the U.S. labor market largely owes its dynamism to the secondary segment.

Figure 6 shows that this segment makes up the majority of EU, UE, UN, and NU flows.

Since the 1990’s the U.S. has seen a notable decline in labor market dynamism, first doc-

umented by Davis et al. (2007). The decline in dynamism is evident in many different labor

market statistics such as job creation, job-to-job transitions and declining business formation as

well as in flows per capita. Table 9 shows that there was a 0.006 decline in flows per capita per

year which implies a decline in flows per capita from about 1.0 in 1980 to 0.8 in 2021. Similar

to the trend in the unemployment rate, around 60% of the decline is accounted for by changes

in the secondary sector. While there is also some decline in the tertiary sector, it is notable

Draft: May 5, 2023 Page 33



The Dual U.S. Labor Market Uncovered Ahn, Hobijn, and Şahin

E
U

E
N U
E

U
N

N
E

N
U

Type of flow

0.00

0.05

0.10

0.15

0.20

An
nu

al
 fl

ow
s 

pe
r 

pe
rs

on

Primary
Secondary
Tertiary

Figure 6: Composition of aggregate flows per person by type of flow and market.

Source: CPS and authors’ calculations.
Notes: Averages taken over 1980-2021.

that flows per capita in the primary sector remained largely unchanged at 0.5 over the last 40

years.

6 Robustness and Alternative Model Specifications

The results we presented in the previous three sections are for our benchmark specification

which is an HMM with: (i) three labor market segments, (ii) each with four hidden states

(employed, two types of unemployed, and non-participant), (iii) time varying transition prob-

abilities between and emission probabilities from these hidden states, and (iv) no mobility

between the three market segments. Here we explain why this benchmark is our preferred

specification and discuss the extent to which our qualitative results are robust to changes in

these four main assumptions.

6.1 Model comparison and selection

Our choice of three labor market segments is guided by the DLM with a third sector for

those only marginally attached to the labor force. This choice stands in stark contrast with

the baseline case of a unified labor market with the three observed states of employment,

unemployment, and non-participation for which transitions between these states follow a first-
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Table 10: Comparison of model specifications

segments states pars logL AIC BIC

Dual Labor Market (DLM, benchmark) 3 12 84168 -3.41 69.54 70.73
First-Order Markov (FOM) 1 3 17136 -3.80 77.46 77.71
DLM, no tertiary sector 2 8 55944 -3.46 70.59 71.38
DLM, two types of U in secondary 3 10 63000 -3.43 69.94 70.83
DLM, no time-varying parameters 3 12 5823 -3.44 70.04 70.12

Source: Current Population Survey and authors’ calculations.
Notes: Total number of observations is 10,178,593 CPS respondents from 1980-2021. Column definitions:
segments: Number of labor market segments. states: Number of hidden states. pars: Number of parameters
LogL: Mean log-likelihood across all individuals in sample. AIC : Akaike Information Criterion divided by
1000000. BIC : Bayesian Information Criterion divided by 1000000.

order Markov process. In the context of HMMs, this case is known as the First-Order Markov

(FOM) model.24 Our likelihood-based estimation method allows for direct model comparisons

using the Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC). These

information criteria indicate that our specification is preferred over the FOM.

This can be seen by comparing the first two rows of Table 10. The table lists the two

information criteria as well as the number of labor market segments, hidden states, parameters,

the resulting log-likelihood value for the benchmark model and four notable comparison speci-

fications. Models with lower values for the AIC and BIC are preferred over those with higher

ones. The rejection of the FOM compared to our benchmark is consistent with the evidence in

Kudlyak and Lange (2017) who point out that observed individual-level transitions between E,

U , and N are not first-order Markovian. A property that the benchmark model can capture

but the FOM baseline, by assumption, cannot.

One might consider it ironic that this paper about the dual labor market actually contains

a model with three market segments. Of course, this is to capture persistent non-participation,

which was ignored in earlier analysis of the DLM but is important when considering the whole

working-age population. The third line of Table 10 shows that the inclusion of third market

segment is preferred over a “pure” DLM model that does not have a tertiary home production

sector. This 2-segment specification lumps the primary and tertiary sectors together because

both of them have low turnover rates.

The fourth row of the table illustrates why we include multiple types of unemployed persons

in the specification. It shows that the model with only two types of unemployed persons in the

secondary tier is rejected compared to our benchmark model. The improved fit for multiple

24For example, in the textbook Diamond-Mortensen-Pissarides model transitions between employment and
unemployment follow a first-order Markov process. See Shibata (2019) for a further discussion of the usefulness
of the FOM model as a baseline.
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types of unemployed persons is consistent with a large number of studies that emphasize that

they are necessary to match the unemployment duration distribution and the existence of long-

term unemployment.25 Other permutations of the model without multiple types of unemployed

in different segments, not reported in the table, all yield higher information criteria than our

benchmark specification.

The last row of the table reports the statistics from the benchmark model with constant

transition and emission probabilities (constant-probability model). As we shut down time vari-

ation in the probabilities the number of parameters reduces substantially compared to our

benchmark. The AIC prefers the non-homogeneous benchmark model over the homogeneous

model with constant parameters, while the BIC prefers the homogeneous model over the bench-

mark model. This is because the BIC penalizes an increase in the number of parameters more

than the AIC does. So, based on the information criteria, it is hard to distinguish between the

benchmark model and the one with constant transition and emission probabilities.

6.2 Benefit of time-variation in the parameters

Even though the model selection criteria are inconclusive, we prefer the non-homogeneous

benchmark with time-varying parameters over the model with constant parameters because

it fits short-run and business cycle fluctuations in transition probabilities much better. As

an example, consider the actual the unemployment-to-employment transition rates and those

estimated using the benchmark and homogeneous models plotted in Figure 7. It clearly shows

that, even though the model with constant transition and emission probabilities gets the average

right, it does not capture the magnitude of both the seasonal as well as the cyclical fluctuations

in the UE probability well. Capturing these movements in the EU rate correctly is important

because they drive a large part of business cycle variation in the unemployment rate (Elsby

et al., 2015b).

The results are similar for other transition probabilities. The model with time-invariant

transition and emission probabilities yields very similar average stocks and flow rates as our

benchmark specification. However, it does not fit the movements in flow rates well. While

it generates some business cycle fluctuations through variations in the shares of the popula-

tion in each segment over time, i.e. through variation in the δl,t’s, it underestimates business

cycle fluctuations for all aggregates, especially for the unemployment rate as we report in Ap-

pendix Table B.1. This comparison emphasizes the importance of allowing for time variation

in transition and emission probabilities for business cycle analysis.

25For example, Hornstein (2012), Kroft et al. (2016), and Ahn and Hamilton (2020a).
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In principle, the fit of the homogeneous model can be improved by adding more hidden

states and generating more changes in the fitted transition probabilities through shifts between

those states. But that would violate our research objective of identifying Macro Heterogeneity

using a parsimonious representation of individual and aggregate labor market dynamics in

terms of a mixture of a limited number of hidden first-order Markov processes. Moreover, the

more hidden states are added the harder it is to impose economically meaningful identifying

restrictions that give each of them a distinct economic interpretation.

7 Reasons for labor market segmentation

At the core of discussions of the DLM is the implicit normative assessment that being part

of the secondary tier of the labor market is undesirable. This perceived undesirability comes

from the implication of DLM that jobs in the primary tier generally pay high wages, come

with benefits, offer potential for job advancement, and provide job security. While jobs in

the secondary tier have high turnover, pay low wages, come with limited benefits, offer few

career opportunities, and provide little job security. We show that the market segments we

identified indeed have these properties. We construct our evidence by matching the estimated

individual-level posterior probabilities of market-segment membership with data from the CPS

on demographic characteristics, industry and occupation of employment, as well as tenure and

earnings.26

To better understand the context for this value judgment, it is important to analyze the

potential sources of the segmentation of the labor market that we identified. Our ability to

link estimated labor market segment membership with all observables in the CPS also allows

us to explore reasons for why the dual labor market structure we observe emerged and has

persevered. This is important, because early research on the DLM hypothesis was criticized for

not coming to an agreement on these reasons.

Many causes of the segmentation have been emphasized by studies on the DLM. They

can be broadly categorized into five themes: (i) Life-cycle career choices, (ii) discrimination,

(iii) insider-outsider structure due to labor-market institutions and unionization, (iv) efficiency

wage theory, and (v) labor demand fluctuations. These five mechanisms are closely intertwined.

For example, the insider-outsider structure of certain parts of the U.S. labor market emerged

along racial and gender lines.27 Saint-Paul (1997) provides a link between efficiency wages,

26One can consider this as a verification of overidentifying restrictions.
27See Hill (1996) for discussion of discrimination by labor unions. Ashenfelter (1972) provides evidence of

racial and gender discrimination by labor unions in the ’60’s and ’70’s. His evidence indicates that discrimination
by unions was less than that in the labor market overall.
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labor adjustment costs, and turnover in the wake of labor-demand fluctuations. We provide

a set of facts that shine a light on the relative importance of each of the five main causes for

labor-market segmentation considered in the literature.

Life-cycle career choices

Several papers emphasize how individuals learning about their own ability can result in some

workers having a sequence of many short employment spells, while others find their comparative

advantage and a good match early on in their careers and end up having much longer tenure

(Morchio, 2020; Pries, 2004; Pries and Rogerson, 2021). At the core of each of these studies are

different permutations of Jovanovic (1979).

Our results show a very distinct life-cycle pattern of labor-market segment membership.

Figure 8 shows the share of the population of a certain age that is part of each market segment

for six cohorts of the U.S. population covered by the CPS. All six cohorts show the same

broad life-cycle patterns: Those younger than 25 are underrepresented in the primary sector

and disproportionately work in the secondary sector. In their early twenties there is a gradual

transition to the primary sector for most of them. This pattern suggests that, consistent

with theories of life-cycle career choices, a large part of employment in the secondary sector

is associated with early-career jobs. Table 11 provides some perspective on the importance of

young persons for the secondary segment of the market. Those age 16 to 24 make up about a

fifth of our sample and account for one third of those in the secondary tier.

However, panel (b) of Figure 8 also shows that the share of the prime-age population in the

secondary tier of the labor market is of the same magnitude as that of the overall population.

About one in every eight prime-age persons in the U.S. are part of the secondary segment of

the labor market. This share has slowly increased across cohorts over time. Table 11 shows

that, even though they are underrepresented in the secondary market, prime-age persons still

make up the bulk of it.

Naturally, job choice is only one part of early-career decisions. The choice of education is

the other part. Young people are likely to have jobs in the secondary segment while they work

on their education that provides them access to jobs in the primary sector later on in their

career. Table 11 shows that this mechanism is supported in the data. Those with a college

education are overrepresented in the primary sector, while those with a high school education

make up a disproportionate part of the secondary sector. However, one in every five people

in the secondary sector has a college education. So, even though education seems to matter,

the bifurcation by education into the primary and secondary tiers is not as stark as one might

expect.
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Table 11: Composition of market segment by demographic group

Segment Primary Secondary Tertiary Total
Topic Group

Sex Male 54.8 49.8 37.7 48.5
Female 45.2 50.2 62.3 51.5

Race White 82.7 75.3 81.6 81.3
Black 11.2 18.1 12.4 12.5
Other 6.1 6.7 6.0 6.1

Ethnicity Not hispanic 87.8 83.0 88.9 87.5
Hispanic 12.2 17.0 11.1 12.5

Age 16-24 16.8 33.7 21.0 20.5
25-54 68.8 53.1 29.2 53.6
55 and over 14.4 13.1 49.8 25.9

Education High school or less 42.0 56.8 63.0 50.6
Some college 25.1 23.3 19.1 23.0
College degree or higher 32.8 19.8 17.9 26.5

Citizenship Born in U.S. 85.4 82.8 86.2 85.3
Naturalized citizen 6.2 5.3 6.1 6.0
Not a citizen 8.4 11.9 7.7 8.7

Unionization No union coverage 85.6 88.3 87.0 86.0
Covered by union but not a member 1.7 1.4 1.6 1.6
Member of labor union 12.8 10.3 11.4 12.4

Source: Current Population Survey and authors’ calculations.
Notes: Some college denotes some college or associates degree. Born in U.S. also includes those born abroad
to American parents and those born in outlying U.S. areas.
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Discrimination

Early work on the DLM Hypothesis focused on discrimination as the reason for segmenta-

tion. According to this view, the cause of duality is employer’s discrimination against women,

young adults, racial minorities, and immigrants (Doeringer and Piore, 1970; Berger et al., 1980;

Dickens and Lang, 1985). Consistent with this view, we find racial and ethnic minorities and

non-naturalized immigrants are overrepresented in the secondary tier of the labor market com-

pared to the primary tier as well as to the overall population, as summarized in Table 11. While

the gender composition of the secondary sector is even, there are notable gender differences in

the primary and tertiary tiers. Women make up more than 60 percent of the tertiary sector

and but only 45% of the primary sector. These differences largely reflect the lower labor force

attachment of women compared to men.

While the evidence in the Table 11 is consistent with discrimination being a source of

segmentation, membership of one or more of the aforementioned groups only explains a small

fraction of the cross-sectional variation in segment membership. Table 12 provides the results

from regressions of the individual-level posterior probabilities of segment membership on a set

of demographic characteristics. Specifically, we estimate

Pi (M) = φt,M + x′iβM + εi,M , for M ∈ {P, S, T} . (18)

Here, Pi(M) is the estimated posterior probability that individual i is part of segment M , as

defined in (15). Segment-specific time dummies, φt,M , are included to capture time trends in

segment membership. The coefficients βM measure the marginal likelihood that a person is

part of segment M for the dependent variables in x that cover gender, education, race, and

ethnicity. The estimated coefficients, β̂M for the three segments are reported in Table 12.

The estimated coefficients are in line with the results from Table 11. Women, young adults,

and racial and ethnic minorities are all less likely to be in the primary sector than their counter-

parts. The R2s for the three regressions, however, show that these demographic characteristics

explain only a small part of the segmentation of the labor market. For all three regressions

the R2s are smaller than 0.25. The one for the tertiary sector is highest, mainly because of

the life-cycle patterns we discussed above being captured by the age variables. Most notably,

the R-squared for the secondary-tier regression is only 0.049. Even though we find evidence

consistent with discrimination, it only accounts for a small portion of the segmentation of the

labor market.

Moreover, the importance of demographic characteristics for segment membership has de-

clined over time. Figure 9 shows time series for the equivalent of the coefficients for gender,
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race, and ethnicity from Table 12 for 10-year rolling samples.28 The coefficients for women,

Blacks, and Hispanics for the primary segment all increased over time. This shows that the

wedge between white men and those of other gender, race, and/or ethnicity, with similar other

characteristics, in primary-sector membership declined over time.

As can be seen from panel (a) in the figure, for women this convergence was entirely due to

their shift from the tertiary to the primary segment over time. This reflects an increase in female

labor force attachment and is consistent with Goldin and Mitchell (2017). However, women

remain less likely to belong to the primary sector even though secondary sector probabilities do

not vary by gender. This finding showcases the importance of the tertiary sector in capturing

some important labor market developments.

Panels (b) and (c) show the effect of race and ethnicity on segment membership. Workers

who identify as Black were 10% less likely to be in the primary segment in 1990 controlling

for gender, age, and education which has declined to 5% by 2020. For Hispanic workers the

convergence was even more stark. Despite this convergence, the shares of each segment remained

stable in the last forty years, again suggesting that factors other than discrimination likely have

affected the segment membership.

Insider-outsider structure of labor market

Early discussions of duality in the U.S. labor market have highlighted different eras of economic

distress during which the forces that result in a DLM emerged. For example, Reich et al.

(1973) focus on the late Nineteenth Century while Berger et al. (1980) claim dualism emerged

in response to the legislation and labor movements in the wake of the Great Depression during

the 1930’s. One view is that unionization resulted in insiders and outsiders in the labor market.

Insiders getting access to stable high paid careers with benefits, while outsiders do not.29

Table 13 shows that those in the primary sector do have more stable and higher paid

jobs using information on usual median weekly earnings and hours from the CPS and tenure

information from its Job Tenure Supplement. The top two measures in the table pertain to

job stability. Those in the secondary sector switch from job to job twice as frequently as their

counterparts in the primary sector. They also have much shorter tenure than those in the

primary sector.30 Those in the primary sector are mostly full-time employed, i.e. 35 hours a

28Figures B.11, B.12 and B.13 in the Appendix show the time series for the evolution of all estimated
coefficients in Table 12.

29The importance of unions and labor market institutions has been at the heart of the analysis of dualism
in European labor markets, e.g. Bentolila et al. (2019).

30One interesting result is the right tail of the tenure distribution for those in the tertiary sector. This
suggests that there is a substantial number of respondents in the CPS that are out the labor force for different
reasons and then return to their former employer.
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Table 12: Regression of segment probabilities on demographic characteristics

Primary Secondary Tertiary

Female -0.1205 -0.0051 0.1256
(-471.03) (-30.423) (528.31)

16-24 -0.1151 0.0617 0.0534
(-267.90) (217.18) (133.70)

55 and over -0.3660 -0.0654 0.4314
(-1170.1) (-316.36) (1483.6)

Less than high school -0.2278 0.0543 0.1735
(-532.20) (191.97) (435.92)

High school diploma -0.1233 0.0378 0.0855
(-300.40) (139.27) (224.07)

Some college -0.0703 0.0274 0.0429
(-171.71) (101.05) (112.83)

Black -0.0706 0.0615 0.0090
(-180.16) (237.60) (24.799)

Other -0.0591 0.0175 0.0416
(-109.86) (49.124) (83.233)

Hispanic -0.0297 0.0391 -0.0094
(-73.941) (147.18) (-25.146)

R-squared 0.1912 0.0489 0.2335

Source: Current Population Survey and authors’ calculations.
Notes: Number of observations is 10135696. Time fixed effects are included in all regressions. t-statistics
reported in parentheses. Dummies are normalized to represent a prime-age college-educated white non-hispanic
male as the baseline.
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week or higher, while more than half the employed respondents in the secondary and tertiary

sectors report working less than 35 hours a week.

This lower number of hours is reflected in usual weekly earnings. The fourth measure in

Table 13 reports the distribution of relative usual weekly earnings measured as the percent

deviation of an individuals’ usual weekly earnings from the median usual weekly earnings in

the year. Half of those employed in the secondary segment make 45 percent less than median

earnings. This number is similar for those working that are part of the tertiary sector. The

difference in weekly earnings is not all due to the fact that those in the secondary and tertiary

sectors tend to work less hours. The last measure in Table 13 shows that median hourly earnings

in the primary sector are about 30 percent higher than those in the other two tiers.

These differences between the types of jobs in the primary and secondary sectors in terms

of stability and earnings are consistent with the DLM hypothesis. They could reflect that the

primary sector is made up of insiders while the secondary sector consists of outsiders. However,

we find only limited importance of unionization for the dualism of the U.S. labor market. This

can be seen from the part of Table 11 related to “unionization”. In our sample, 12.8 percent of

those in the primary tier report to be members of a union, while only a slightly lower percentage

in the secondary tier, i.e. 10.3, does so. Moreover, our results cover 1980-2021 and indicate

that the dualism of the U.S. labor market was just as pronounced in the 1980’s as in the 2010’s.

However, union coverage of the U.S. payroll employed halved during that period. This suggests

that unions and labor movements more generally, though they might possibly play a role, are

not the most important factor driving dualism in the U.S. labor market.

Efficiency wages

Insider-outsider effects are only one possible explanation for the differences between jobs in

the primary and secondary sectors reported in Table 13. Several studies have emphasized that

segmentation of the labor market can be the equilibrium outcome in the presence of market

imperfections rather than institutionalized in terms of legislation of unionization. In particular,

dualism can emerge when workers’ effort on jobs in the primary sector is hard to monitor and

on those in the secondary sector it is not. This results in an efficiency wage structure in the

former and a competitive wage structure in the latter (Bulow and Summers, 1986; Albrecht and

Vroman, 1992; Saint-Paul, 1997). The equilibrium outcome is higher job stability and wages in

the primary sector than in the secondary one.

Our results provide two pieces of support for this efficiency wage theory of dualism. First

of all, occupations with higher shares of workers in the primary sector tend to be high-skilled

service occupations where effort is hard to monitor and efficiency-wage considerations are likely
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Table 13: Turnover, tenure, hours worked, and earnings

Primary Secondary Tertiary Total
measure statistic

J2J rate mean 2.1 4.5 3.3 2.4

Tenure 10th percentile 0.5 0.2 0.2 0.4
25th percentile 1.9 0.5 0.5 1.5
median 5.0 1.8 2.0 4.0
75th percentile 11.0 5.0 7.0 10.0
90th percentile 20.0 12.0 20.0 20.0

Weekly hours 10th percentile 30 16 10 24
25th percentile 40 25 20 40
median 40 37 40 40
75th percentile 42 40 40 40
90th percentile 50 44 45 50

Weekly earnings 10th percentile -57.3 -79.2 -86.1 -65.7
25th percentile -31.3 -66.0 -73.2 -39.3
median 8.3 -44.6 -43.8 0.0
75th percentile 66.7 -10.0 1.0 59.2
90th percentile 138.4 47.1 66.6 130.3

Hourly earnings 10th percentile -47.5 -56.3 -57.1 -50.0
25th percentile -29.5 -48.2 -48.5 -34.1
median 5.9 -32.2 -29.4 0.0
75th percentile 69.6 8.5 21.2 63.5
90th percentile 191.5 139.2 177.8 188.4

Source: Current Population Survey and authors’ calculations.
Notes: Tenure Percent of employed that change employers the next month for those who responded to this
question (starting in 1994). Weekly hours Usual weekly hours worked on all jobs. Weekly and Hourly earnings
percent deviation from annual median weekly and hourly earnings.
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to play a role in compensation. This can be seen from Panel (a) of Figure 10. The evidence for

industries, shown in Panel (b) of the same figure, is not as clear-cut.31

The second piece of evidence, in line with that provided by Dickens and Lang (1985), is

that there are significant differences in wage dynamics across the labor market segments. Jobs

in the primary sector pay both a higher return to schooling as well as to experience. We show

this by running a generalized Mincer (1974) regression in which we include segment-specific

coefficients. The Mincer regressions are of the form:

wi,t = φt +
∑

M∈{P,S,T}

Pi (M)x′i,tβM + εi,M , for M ∈ {P, S, T} . (19)

Here, wi,t is log hourly earnings of individual i in month t. The time fixed effect, φt, for a time

trend in wage growth and prices. The vector of regressors, xi,t, includes education, experience,

and experience squared.32 The coefficients βM can be interpreted as the Mincer coefficients

associated with segment M . Their estimates are what is reported in Table 14.

The table shows that the return to a year of schooling is about 1.3 percentage points higher

in the primary sector than in the secondary and tertiary ones. This is true for both men and

women. Returns to experience are also higher in the primary sector, by about 1.1 percentage

points for a year. of experience. These results imply that lifetime earnings are also likely to be

lower for workers in the secondary sector; a finding that resonates with the findings of Karahan

et al. (2023). Using earnings data from U.S. Social Security Administration, Karahan et al.

(2023) group workers by their lifetime earnings and examine the role of different factors. They

find that low lifetime earning workers switch jobs more often and face substantially high job loss

risk while high lifetime earnings workers enjoy a high level of returns to experience with little

career interruptions. Borovičková and Macaluso (2023) document similar patterns in career

dynamics in the Austrian labor market.

Demand fluctuations

Another potential reason for duality is that it allows workers and firms to organize in a way that

insulates jobs that involve match-specific capital from being dissolved in response to negative

economic shocks. Piore calls this the endogenous “response to flux and uncertainty” (See Berger

et al., 1980, Chapter 2). Saint-Paul (1997) illustrates the same intuition in the first figure of

his book in the context of labor-adjustment costs due to efficiency wages.
31Efficiency-wage theory is most often analyzed by looking at inter-industry wage differentials (e.g Krueger

and Summers, 1988) rather than at the occupational level.
32Here, experience is “potential”experience that is calculated as the age of the individual at time t minus

their years of education.
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Table 14: Mincer regressions separated by market segment

Total Male Female

Dep. Variable hourly wage (log) hourly wage (log) hourly wage (log)

Years of schooling - Primary 0.0640 0.0582 0.0822
(681.66) (458.96) (622.61)

Years of schooling - Secondary 0.0504 0.0443 0.0685
(384.98) (243.90) (384.48)

Years of schooling - Tertiary 0.0521 0.0442 0.0725
(266.80) (153.81) (287.71)

Experience - Primary 0.0349 0.0407 0.0277
(612.07) (508.85) (364.14)

Experience - Secondary 0.0216 0.0290 0.0181
(152.77) (141.96) (98.481)

Experience - Tertiary 0.0209 0.0322 0.0210
(78.123) (71.390) (65.725)

Experience2 - Primary -0.0006 -0.0007 -0.0004
(-476.85) (-391.20) (-277.11)

Experience2 - Secondary -0.0003 -0.0004 -0.0002
(-96.285) (-91.412) (-57.794)

Experience2 - Tertiary -0.0003 -0.0005 -0.0003
(-47.955) (-49.593) (-44.021)

No. Observations 4051029 1971912 2079117
R-squared 0.2488 0.2828 0.2658
Effects Time Time Time

Source: Current Population Survey and authors’ calculations.
Notes: Year fixed effects are included in all regressions. t-statistics reported in parentheses. Experience is
defined as age minus years of schooling minus six.
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Most discussions of this channel emphasize this mechanism in the context of business cycle

fluctuations. However, the non-seasonally-adjusted nature of the individual-level CPS data we

use reveals that something similar is true at seasonal frequencies. This points to dualism in the

U.S. labor market persisting to organize the division of labor in the face of labor market imper-

fections in a way that minimizes adjustment costs in response to predictable seasonal as well

as unpredictable business cycle fluctuations. Our results likely underestimate the importance

of this channel because the CPS data we use is collected at the monthly frequency. It does not

include the high-frequency turnover in the labor market.33

What remains an open question is what determines why particular workers end up in differ-

ent labor market segments. The model in Albrecht and Vroman (1992) emphasizes heterogene-

ity in the value of non-employment as a major determinant of this. To make progress on this

question and test this hypothesis, better measures of this value at the individual level would

be required.

8 Conclusion

The dynamics of the stocks and flows in the U.S. labor market are well captured by a DLM with

a tertiary sector made up of those who participate infrequently. This interpretation provides

a parsimonious framework within which many aspects that have puzzled labor- and macroe-

conomists can be interpreted. The three market segments can be disentangled using an un-

supervised machine learning method that involves the estimation of an HMM with identifying

inequality constraints on the transition probabilities. These restrictions are what ensures that

the hidden states we uncover can be interpreted as making up the primary, secondary, and

tertiary labor-market tiers. What emerges is a tale of three totally different sub-markets.

Labor market frictions are basically irrelevant for primary sector workers who make up

around 55 percent of the population. These workers are almost always employed and they

very rarely experience unemployment. They also seamlessly move from non-participation to

employment unlike workers in the secondary and tertiary sectors. The secondary sector, which

constitutes 14 percent of the population, exhibits high turnover and high unemployment and

absorbs most of the short-run fluctuations in the labor market, at both seasonal and business

cycle frequencies. Workers in this sector are six times more likely to move between labor

market states than those in the primary tier and are 10 more likely to be unemployed than

their primary counterparts. The tertiary sector mostly includes workers who are only loosely

33For example, the Starbucks barista who only works peak-demand shifts during workdays from 7.30am
through 10.30am and spends the rest of the day studying for her law degree.
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attached to the labor market and has a very low employment-to-population ratio. These workers

mostly experience unemployment when they enter the labor force from non-participation but

do not share the high job-loss rate of secondary workers.

The qualitative properties for the auxiliary models we estimated over the four-month samples

of the CPS are very similar to the ones we discussed for our benchmark model. We thus consider

our results robust to the assumption of no-mobility between markets that we impose. However,

we recognize that estimation of a DLM-HMM using data with longer labor market histories

than in the CPS would potentially allow for a better quantification of cross-sector mobility. We

view this as a promising research agenda applicable to different data sources, potentially from

countries other than the U.S..

Because the total labor market is the sum of these three very different parts, average out-

comes, which are often used for to quantitatively discipline macroeconomic models of the labor

market, are not reflective of the labor market experiences of anyone in the population. This

observation helps put into perspective the difficulties mainstream quantitative models face in

capturing key aspects of labor market dynamics such as the unemployment volatility puzzle

(Hall, 2005; Shimer, 2005), the slow recovery puzzle (Cole and Rogerson, 1999) and the diffi-

culty of simultaneously accounting for the observed behavior of participation and unemployment

(Veracierto, 2008). Our analysis suggests that better quantitative analyses should take into ac-

count the Macro Heterogeneity in labor market outcomes we uncovered in this paper.

The combination of the aggregate and individual-level evidence we provide points to du-

alism in the U.S. labor market being an equilibrium division of labor, under labor market

imperfections, that minimizes adjustment costs in response to predictable seasonal as well as

unpredictable business cycle fluctuations. These observations resonate with the dualism ob-

served in the European Labor Markets (Bentolila et al., 2019). Interestingly, the shares of

employees with fixed-term contracts in France, Netherlands and Portugal are close to our esti-

mates of the share of employment in the secondary segment supporting the view that differences

in production technologies, demand fluctuations and adjustments costs could be the drivers of

dualism. It remains an open question why seemingly similar workers end up in different seg-

ments of the labor market. We believe that differences in the value workers put on leisure or the

cost of labor market participation together with differences in effort requirements of different

careers —a hypothesis put forth by Albrecht and Vroman (1992)— is a promising explanation.
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Figure 7: Monthly actual and estimated job-finding rates (EU probability).

Source: CPS and authors’ calculations.
Notes: Model with constant transition and emission probabilities allows for a change in the emission probabilities
in 1994 to take into account the 1994 CPS redesign.
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Figure 8: Segment share by cohort as a function of age

Source: CPS and authors’ calculations.
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Figure 9: Evolution of regression coefficients for posterior probabilities (sex, race and ethnicity).

Source: CPS and authors’ calculations.
Notes: Regression coefficients for annual 10-year rolling samples for same specification as in Table 12.
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Figure 10: Segment distribution by industry and occupation

Source: CPS and authors’ calculations.
Notes: Industries are based 2-digit NAICS codes and occupations on 2-digit 2010 SOC codes.
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A Mathematical and computational details

E-step: Conditional expectation of the complete-data log-likelihood

The conditional expectation of the complete-data log likelihood function can be derived by

considering the expectations of ui,t,l and vi,t,l,l′ . For the first one, we obtain

ûi,t,l = E [ui,t,l | xi;θ] = P (`i,t = l | xi;θ) (20)

=
P (`i,t = l ∩ xi;θ)

P (xi;θ)
=

P (`i,t = l ∩ xi;θ)∑
l′∈L P (`i,t = l′ ∩ xi;θ)

.

Similarly

v̂i,t,l,l′ = E [vi,t,l,l′ | xi;θ] = P (`i,t−1 = l ∩ `i,t = l′ | xi;θ) (21)

=
P (`i,t−1 = l ∩ `i,t = l′ ∩ xi;θ)

P (xi;θ)

=
P (`i,t−1 = l ∩ `i,t = l′ ∩ xi;θ)∑

h′∈L
∑

h∈L P (`i,t−1 = h ∩ `i,t = h′ ∩ xi;θ)
.

Here, we can express

P (`i,ti+k = l ∩ xi;θ) = P (xi,ti , .., xi,ti+k ∩ `i,ti+k = l) (22)

×P (xi,ti+k+1, .., xi,ti+15 | `i,ti+k = l)

= αi,k (l) βi,k (l) ,

where αi,k (l) is as defined in the main text and

βi,k (l) = P (xi,ti+k+1, .., xi,ti+15 | `i,ti+k = l) . (23)

Moreover

P (`i,ti+k−1 = l ∩ `i,ti+k = l′ ∩ xi;θ) = P (xi,ti , .., xi,ti+k−1 ∩ `i,ti+k−1 = l) (24)

×qti+k,l,l′ωxi,ti+k,l′,t+k

×P (xi,ti+k+1, .., xi,ti+15 | `i,ti+k = l′)

= αi,k−1 (l) qti+k,l,l′ωxi,ti+k,l′,t+kβi,k (l′)
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This yields that

ûi,ti+k,l =
αi,k (l) βi,k (l)∑

l′∈L αi,k (l′) βi,k (l′)
(25)

and

v̂i,ti+k,l,l′ =
αi,k−1 (l) qti+k,l,l′ωxi,ti+k,l′,t+kβi,k (l′)∑

h′∈L
∑

h∈L αi,k−1 (l) qti+k,h,h′ωxi,ti+k,h′,t+kβi,k (l′)
. (26)

Just like αi,k (l), βi,k (l) can be calculated using a recursion.

βi,15 (l) = 1, and (27)

βi,k (l) = P (xi,ti+k+1, .., xi,ti+15 | `i,ti+k = l) (28)

=
∑
l′

qti+k+1,l,l′βi,k+1 (l′) (29)

×
[
(1− ηi,ti+k+1) + ηi,ti+k+1ωxi,ti+k+1,l′,ti+k+1

]
, for k = 0, . . . , 14 (30)

is the backward recursion that is part of the Forward-Backward method (BW).

Property of posterior probabilities

Let {P ,S, T } be the sets of hidden labor market states that are part of the primary and

secondary tiers respectively. If there is no mobility between these tiers then it must be the case

that forM∈ {P ,S, T }:

P (xi ∩ `i,t ∈M) =
∑
l∈T

P (xi ∩ `i,t = l) (31)

=
∑
l∈M

∑
l′∈M

P (`i,t = l | `i,t−1 = l′)P (xi ∩ `i,t−1 = l′) (32)

=
∑
l′∈M

∑
l∈M

P (`i,t = l | `i,t−1 = l′)P (xi ∩ `i,t−1 = l′) (33)

=
∑
l′∈M

P (xi ∩ `i,t−1 = l′) (34)

= P (xi ∩ `i,t−1 ∈M) (35)

Thus, the posterior probability that a person is in a particular segment of the labor market is

constant over time when there is no mobility across the labor market tiers.
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M-step: Updated parameter estimates

In the M-step, the parameters, δl,ti , qti+k,l,l′ , and ωxi,ti+k,l,ti+k, are chosen to maximize

lnL =
n∑

i=1

wi

{∑
l∈L

ûi,ti,l ln δl,ti +
15∑
k=1

∑
l′∈L

∑
l∈L

v̂i,ti+k,l,l′ ln qti+k,l,l′ (36)

+
15∑
k=0

ηi,ti+k

∑
l∈L

ûi,ti+k,l lnωxi,ti+k,l,ti+k

}
.

subject to the adding-up constraints

∑
l

δl,t = 1, for t = 1, . . . , T (37)

′∑
l

qt,l,l′ = 1, for t = 1, . . . , T and l ∈ L, and (38)∑
x∈X

ωxi,ti+k,l,ti+k = 1, for t = 1, . . . , T and l ∈ L (39)

as well as the additional (in-)equality restrictions we described in Subsection 3.2.

Without the additional identifying (in-)equality constraints, the above maximization prob-

lem has a closed-form solution derived in Baum et al. (1970); Welch (2003). The implementa-

tion of the BW with parameter constraints has been studied extensively (most notably Levinson

et al., 1983; Otterpohl, 2002). Under some types of constraints the M-step yields closed-form

solutions. But that is not the case for our application. Instead, we rely on numerical methods

to maximize the expected complete-data likelihood.

We exploit that the identifying restrictions we impose have two important properties. The

first is that they are all contemporaneous in that they impose restrictions on parameters at

the same point in time. The second is that they are separated between transition probabilities,

qt,l,l′ , and emission probabilities, ωx,l,t.

This property simplifies the M-step to 3T convex maximization problems. To see how this

works, define the set N (t) as the individuals i who are respondents in period t. Then we can

write

lnL =
t=1∑
T

∑
i∈N(t)

wi

{∑
l∈L

ûi,t,l ln δl,t +
∑
l∈L

∑
l′∈L

v̂i,t,l,l′ ln qt,l,l′ +
∑
l∈L

ûi,t,l lnωxi,,l,t

}
.

Then, for each month t the M-step involves three maximization problems. The first is to
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maximize ∑
l∈L

ûi,t,l ln δl,t, (40)

with respect to the unconditional probabilities (stocks), {δl,t}l∈L, subject to the adding-up

constraint (37). This is a well-defined convex problem that solves for the Weighted Analytic

Center that can be solved using the algorithm from Andersen et al. (2011).

The other two problems also involve solving for the Weighted Analytic Center but subject

to more constraints. The transition probabilities in month t, {ql,l′,t}(l,l′)∈L×L, in the M-step

maximize ∑
l∈L

∑
l′∈L

v̂i,t,l,l′ ln qt,l,l′ , (41)

subject to (38) and the identifying inequality constraints introduced in Subsection 3.2. This,

again can be solved using the algorithm from Andersen et al. (2011). The same is true for the

emission probabilities, {ωx,l,t}(x,l)∈X×L, which maximize

∑
l∈L

ûi,t,l lnωxi,,l,t, (42)

subject to (39).

Details of calculations for Table 9

Table 9 provides a decomposition of the average change, ∆x̄t, the variance of the month-to-

month changes, σ2 (xt), and the variance of 12-month changes, σ2 (∆12xt), in four aggregate

variables: (i) the unemployment rate, (ii) LFPR, (iii) EPOP, and (iv) flows per capita.

Each of these four aggregates can be written as a share-weighted, with shares sM,t, sum of

the segment-specific aggregates, xM,t. For the unemployment rate the shares are the shares of

the labor force and for the other three aggregates they are the segment-share of the population.

Thus, all the aggregates in Table 9 can be written as

xt =
∑

M∈{P,S,T}

sM,txM,t. (43)

This allows us to use shift-share analysis to write the change in xt as

∆xt =

 ∑
M∈{P,S,T}

x̄M,t∆sM,t

+
∑

M∈{P,S,T}

[s̄M,t∆xM,t] , (44)
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where

x̄M,t =
1

2
(xM,t + xM,t−1) , and s̄M,t =

1

2
(sM,t + sM,t−1) (45)

The first term of (44) is the contribution of the changes in the composition due to changes in

the shares of the market segments. This is the part that corresponds to the second column of

Table 9. The last three columns correspond to each segment’s term in the second part of (44).

It captures the impact of the shift in the sector-specific aggregate on the overall aggregate. The

first column of the table corresponds to the left-hand side of (44). The lines in Table 9 for ∆̄xt

report the sample averages of the terms in (44) across all months in the sample.

For the decomposition of the variance we use that the additive decomposition of ∆xt in (44)

implies that

Var (∆xt) = Cov

∆xt,

 ∑
M∈{P,S,T}

x̄M,t∆sM,t

+
∑

M∈{P,S,T}

Cov (∆xt, [s̄M,t∆xM,t]) (46)

Thus, the variance can also be split into the contributions of the changes in the shares as well

as the shifts in segment-specific measures. This is what is reported in the lines for σ2 (∆xt)

in the table. The lines in the table for σ2 (∆12xt) are calculated in a similar way, except the

difference is now taken between variables at times t and t− 12.

B Additional empirical results

Table B.1: Volatility by labor market segment, σ (x), for the benchmark model and the re-
stricted model with time-invariant transition and emissions probabilities

Primary Secondary Tertiary
Benchmark No time Benchmark No time Benchmark No time

measure model variation model variation model variation

Unemployment rate 0.52 0.47 2.58 1.39 2.48 1.09
Labor-force participation rate 0.20 0.11 1.10 0.75 0.34 0.22
Employment-to-population ratio 0.62 0.50 1.99 1.00 0.37 0.24
Flows per capita 0.06 0.03 0.13 0.05 0.02 0.01

Source: Current Population Survey and authors’ calculations.
σ (x) is the standard deviation of HP-filtered cyclical gap from quarterly seasonally adjusted data for our bench-
mark and without time variation in transition and emissions probabilities. HP-filter applied with smoothing
parameter of 1600.
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Figure B.1: Distribution of posterior probabilities by market segment (1980-2021)
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Figure B.2: Estimated shares of population in hidden states.

Source: CPS and authors’ calculations.
Notes: “unlinked” is period where household identifiers in CPS are scrambled and 4-8-4 respondent histories
are incomplete and “redesign”is the 1994 for which respondent histories are incomplete and the questions used
to construct the emissions are changed.
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Figure B.3: Labor market statistics by tier.

Source: CPS and authors’ calculations.
Notes: “unlinked” is period where household identifiers in CPS are scrambled and 4-8-4 respondent histories
are incomplete and “redesign”is the 1994 for which respondent histories are incomplete and the questions used
to construct the emissions are changed.
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Figure B.4: Shares of population and flows per person by labor market segment.

Source: CPS and authors’ calculations.
Notes: “unlinked” is period where household identifiers in CPS are scrambled and 4-8-4 respondent histories
are incomplete and “redesign”is the 1994 for which respondent histories are incomplete and the questions used
to construct the emissions are changed.
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(a) Sex: Female

1990 1995 2000 2005 2010 2015 2020

0.15

0.10

0.05

0.00

0.05

C
oe

ff
ic

ie
nt

primary
secondary
tertiary

(b) Age: 16-24 years old

1990 1995 2000 2005 2010 2015 2020

0.4

0.2

0.0

0.2

0.4

C
oe

ff
ic

ie
nt

primary
secondary
tertiary

(c) Age: 55 and over

Figure B.11: Evolution of regression coefficients for posterior probabilities (sex and age).

Source: CPS and authors’ calculations.
Notes: Regression coefficients for annual 10-year rolling samples for same specification as in Table 12.
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(a) Education: Less than high school
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(b) Education: High-school graduate
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(c) Education: Some college

Figure B.12: Evolution of regression coefficients for posterior probabilities (education).

Source: CPS and authors’ calculations.
Notes: Regression coefficients for annual 10-year rolling samples for same specification as in Table 12.
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(a) Race: Black
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(b) Race: Other (neither black nor white)

1990 1995 2000 2005 2010 2015 2020

0.06

0.04

0.02

0.00

0.02

0.04

C
oe

ff
ic

ie
nt

primary
secondary
tertiary

(c) Ethnicity: Hispanic

Figure B.13: Evolution of regression coefficients for posterior probabilities (race and ethnicity).

Source: CPS and authors’ calculations.
Notes: Regression coefficients for annual 10-year rolling samples for same specification as in Table 12.
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