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ABSTRACT

This thesis proposes a hidden state Markov model (HMM) that incorporates workers’ un-

observed labor market attachment into the analysis of labor market dynamics. Unlike pre-

vious literature, which typically assumes that a worker’s observed labor force status follows

a first-order Markov process, the proposed HMM allows workers with the same labor force

status to have different history-dependent transition probabilities. I show that the estimated

HMM generates labor market transition probabilities that match those observed in the data,

while the first-order Markov model (FOM) and its many-state extensions cannot. Even

compared with the extended FOM, the HMM improves the fit of the empirical transition

probabilities by a factor of 30. I apply the HMM to (1) calculate the long-run consequences

of separation from stable employment, (2) study evolutions of employment stability across

different demographic groups over the past several decades, (3) compare the dynamics of

labor market flows during the Great Recession to those during the 1981 recession, and (4)

highlight the importance of looking beyond distributions of current labor force status.
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CHAPTER 1

INTRODUCTION

The Great Recession of 2007 featured an unprecedented increase in long-term unemploy-

ment and a sluggish labor market recovery. This has sparked a renewed interest in persistent

labor market transitions and the long-term consequences of losing a job. Long-term unem-

ployed workers have a significantly lower chance of holding a full-time job one year later

than do their short-term counterparts.1 An unemployment spell begets future unemploy-

ment, and returning to employment does not fully reset the clock for unemployed workers.

This is inconsistent with most theoretical and empirical papers on workers’ transitions,

which assume that workers are homogeneous and their observed labor force status transi-

tion follows a first-order Markov process.2

In a first-order Markov model (FOM), a worker’s transition dynamics depend only on

her current labor force status. It does not admit the possibility of both heterogeneous and

duration-dependent transition probabilities, because it imposes the same transition proba-

bilities on all workers with the same labor force status, regardless of their differences in

unobservable characteristics and labor force histories. As a result, the FOM with homoge-

neous workers fails to generate the persistent labor market dynamics observed in the data.

It also underestimates the long-run reduction in probability of employment associated with

separating from stable employment.

In this paper, I propose a Hidden Markov model (HMM) to capture observed persistent

labor market dynamics by introducing dynamic unobserved labor market attachment to

1. See, for instance, Hall (1995). Krueger, Cramer, and Cho (2014), for example, finds that the chance
that the long-term unemployed will be employed one to two years later is 20 to 40 percent lower than that of
the short-term unemployed.

2. See, for instance, Abowd and Zellner (1985), Poterba and Summers (1986), Blanchard and Diamond
(1990), Mortensen and Pissarides (1994), Shimer (2005), and Shimer (2008).
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incorporate both heterogeneity and duration dependence for workers in all three labor force

statuses: employment, unemployment, and nonparticipation. The introduction of dynamic

unobserved labor market attachment is motivated by two empirical observations. First,

workers even within the same labor force status are heterogeneous in their future labor

market outcome.3 This feature is already present in some models. For example, Blanchard

and Diamond (1990) consider two types of workers. “Primary” workers are more likely

than “secondary” workers to be employed, and less likely to leave the labor force upon

losing a job. Loosely speaking, primary workers are more attached to the labor market than

are secondary workers.

Second, workers’ transitions are known to be history dependent. Most prominently, the

probability of finding a job declines with the duration of unemployment because of human

capital depreciation, employer discrimination in the hiring process, and lower search effort

due to discouragement.4 I introduce labor market attachment to capture the unobserved

states that affect workers’ future labor market transition dynamics. I also allow workers’

attachment to change over time.

The model in this paper nests and improves upon the standard homogenous-worker

FOM in several dimensions. First, the HMM significantly improves on the FOM in fitting

the empirical transition probabilities among employment, unemployment and nonpartici-

pation over a 15-month horizon. Even after extending the FOM to 29 different employment

3. See, for instance, Jones and Riddell (1999), and Barnichon and Figura (2013).

4. See, for instance, Parsons (1972) for human capital, Kroft, Lange, Notowidigdo (2013) for employer
discrimination in the hiring process of the long-term unemployed, and Krueger and Mueller (2011) for dis-
couragement
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states, the HMM has a mean absolute deviation of transition probabilities which is 30 times

smaller.5

Second, the HMM allows for heterogeneous transition probabilities among workers of

the same current labor force status, an essential improvement on the FOM because the data

suggest that workers’ past labor force history significantly predicts her transition probabil-

ity. In the FOM with homogeneous workers, a worker’s future transition dynamics depend

only on her current labor force status. As a result, the future labor market transitions for

recently employed workers look the same regardless of their prior unemployment dura-

tions, which is inconsistent with the data. In contrast, a long-term unemployed worker in

the HMM is more likely than her short-term counterpart to experience recurring unemploy-

ment before establishing stable employment. In the HMM, two workers of the same current

labor force status could differ in their future transition probabilities due to differences in

their current labor market attachment states (heterogeneity), and a given worker’s transition

probability changes over time due to changes in the labor market attachment state (duration

dependence).

To estimate a Hidden Markov Model, I use the full panel of the Current Population

Survey (CPS). This paper is one of the first to make full use of the CPS panel data, thus

providing insight for future research.6 Both theoretical and empirical papers with the first-

order Markov assumption have used the CPS extensively, but previous authors with the

CPS data on hand have generally either chosen to use only two consecutive months of data

5. The extended FOM, as shown in Section 3.3, incorporates detailed labor force statuses including reason
for unemployment.

6. Other papers that use more than 2 consecutive months of employment data include Nekarda (2009),
Krueger, Cramer, and Cho (2014), Elsby, Hobijn, and Sahin (2015), Kudlyak and Lange (2014), and Hall and
Schulhofer-Wohl (2015).
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or the unemployment duration data alone.7 The CPS, however, tracks workers’ labor force

history for eight months over a 16-month period. I use this full panel to estimate workers’

unobserved labor market attachment, which captures heterogeneity and history dependence

among workers across all three labor force statuses.

Additionally, my model treats history dependence more systematically than previous

papers do. Most previous models only allow the probability of transitioning out of unem-

ployment to depend on duration of unemployment and unobserved heterogeneity between

workers. In my model, these considerations apply to labor market transitions between all

three labor force statuses.8 Accounting for history dependence for all three labor force

statuses is important for a fuller understanding of labor market dynamics for two reasons.

First, the data suggest that history-dependent transition probabilities are present not just

for those classified as unemployed, but also employed and nonparticipating individuals.9

Second, the nonparticipation margin also plays a key role in aggregate labor market dynam-

ics. Approximately two-thirds of the workers who enter employment come directly from

non-participation. In addition, approximately one-third of unemployment rate fluctuation

is attributed to fluctuations on the participation margin (Elsby, Hobijn, and Sahin, 2015).

To better understand the unobserved labor market attachment states, I relate unobserved

states to observable characteristics such as earnings, reason for unemployment, and detailed

labor force types (e.g. full- and, part-time workers, and marginally attached nonpartici-

7. See for instance, Abowd and Zellner (1985), Poterba and Summers (1986), Fujita and Ramey (2009),
Shimer (2012) for two consecutive months of the data, and Horsntein (2012), Ahn and Hamilton (2015), and
Ahn (2014) for unemployment duration data.

8. For instance, Horsntein (2012), Ahn (2014), and Ahn and Hamilton (2015) account for unobserved
heterogeneity among the unemployed alone using the duration data in the CPS.

9. See, for instance, Parsons (1972), Farber (1994), Jovanovic (1979) for history dependence (job tenure)
of the employed workers, and Kudlyak and Lange, (2014) for history dependence among the nonparticipants.
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pants). I find that the persistent employment attachment state is associated with higher

wages and full-time jobs, and that the most persistent unemployment attachment state is

associated with those who involuntarily lost their job (job losers). However, the detailed

labor market statuses are not sufficient to fully capture either the labor market transitions

over a 15-month period or the unobserved heterogeneity across workers. This is because

heterogeneity exists even among workers who have the same detailed labor force status.

The HMM used in this paper can statistically assign individuals within the same labor

force status to labor market attachment states based on their labor force status history.

In doing so, this paper also unifies previous studies of categorizing workers within the

labor force status into different types. For instance, Barnichon and Figura (2013) classify

nonparticipants into marginal nonparticipants and other nonparticipants.10 They find that

marginal nonparticipants mostly enter the labor force through unemployment, while the

other nonparticipants mostly move directly to employment. Kudlyak and Lange (2014)

also find that current nonparticipants with recent employment have a much higher chance

of finding job than those in nonparticipation for the three prior consecutive months. My

model uses labor market attachment to precisely capture these behavioral patterns among

workers with different labor force history.

To illustrate how the HMM can provide additional insight for future analysis of labor

market dynamics, I apply the model to address four important issues in the area of labor

market dynamics. First, I study whether the HMM can generate more realistic long-run

consequences of unemployment than the FOM, which is known to underestimate it.11 The

HMM can indeed generate the long and persistent reduction in employment probabilities

10. Marginal nonparticipants are those who desire to work, have looked for work within the last 12 months,
but are not currently looking for work.

11. See, for instance, Davis and von Wachter (2011)
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over the next 20 years when separating from stable employment, using only data spanning

16 months.

This extrapolative power of the HMM frees the researcher from reliance on a long

panel. Existing estimates of the long-run costs of unemployment in the U.S. use Social

Security data that include 20 or more years of earnings and employment information (e.g.

Davis and von Wachter, 2011, Song and von Wachter, 2014). Rather than using up to 20

years of Social Security earnings records, as these previous studies do, I rely on short CPS

panels that span only 16 months to estimate the long-run consequences of separating from

stable employment. Because the CPS contains education information for individuals in

addition to the age and sex information included in the Social Security data, the HMM can

provide the first estimates of the long-term consequence of losing stable employment for

more detailed demographic groups.

Second, I study how employment stability for different demographic groups changed

over recent decades. My model can look beyond changes in the employment rate and study

employment stability.12 I find that while the average employment rate among men has

declined since the 1970s, their employment stability has not.13 Therefore, the observed

decline in the employment rate masks sustained employment stability enjoyed by men in

recent years. I also find that while women’s employment stability improved until the mid-

1990s, only more educated women experienced this improvement.

Third, I compare the distribution of unobserved labor market attachment states between

the 1981 recession and the Great Recession of 2007-09. Both recessions featured high un-

12. Hall (1982) Parsons (1972), Farber (1994) study the employment stability in terms of job tenure with
a particular employer. Employment stability in this paper is more general than these previous studies. It
includes job-to-job transition and measures the likelihood of continuous employment. The HMM can pro-
vide further insights for changes in employment stability for men and women, measured as the percent of
employed workers in the most stable employment attachment state or the stable employment rate.

13. Note that employment stability here is employment stability of employed men.
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employment rates, but the recovery of the labor market was much more sluggish after the

Great Recession. I find that this difference is attributable to larger inflows of workers in the

most-persistent unemployment state, less-stable employment state, and the nonparticipan-

tion state associated with unemployment.

Lastly, I highlight the importance of looking beyond distributions of current observed

labor force status, such as the unemployment rate and employment-population ratio. I

consider a counterfactual exercise in which two economies share the same distribution

of observed labor force status and differ only in unobserved states. A “good” economy

is filled with workers with more association with unemployment and a “bad” economy

is filled with workers with more association with unemployment. The future labor market

dynamics look significantly different despite the fact that the two economies share the same

initial distributions of observed labor force statuses. The bad economy experiences a high

and persistent unemployment rate, while the good economy experiences a decline in the

unemployment.

The rest of this thesis is organized as follows. Chapter 2 reviews related literature. In

Chapter 3, I first describe the CPS and empirical transitions data over a one-year horizon.

I then show that both the FOM with homogenous worker and the extended FOM fail to

fit the empirical transition probabilities. In Chapter 4, I introduce a hidden Markov model

(HMM), the method of estimating it, and identification results. Chapter 5 presents the re-

sults. I first present the HMM’s success in fitting the observed transition probabilities over

a 15-month period. I also show how the HMM captures duration dependence and unob-

served heterogeneity. In Chapter 5.3, to interpret the economic meanings of the unobserved

states, I relate these unobserved states to observable characteristics. Chapter 6 presents four

applications of the HMM described previously. Chapter 7 concludes.
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CHAPTER 2

RELATED LITERATURE

There are several strands of literature that are related to the present research, including prior

studies of history dependence in transition probabilities using more than two consecutive

months of CPS matched data. Krueger, Cramer, and Cho (2014), for instance, use CPS

panels spanning 16 months to study workers’ labor market transitions over one year or

more during the Great Recession. They find that long-term unemployed workers have

around a 27 percent lower chance of being employed 15 months later than their short-term

counterparts. Kudlyak and Lange (2014) study how labor force history affects the job-

finding probability for non-participants, and find that workers who had a recent history of

employment have a much higher chance of finding a job than someone who has been out of

the labor force for the preceding three months. The model proposed in this paper captures

the history dependence studied in those previous studies and summarizes workers’ history

dependence using labor market attachment states.

Several other papers also estimate unobserved heterogeneity using the Current Popu-

lation Survey. Hornstein (2012), for instance, develops a dynamic accounting model of

unemployment that allows for workers with high and low job-finding rates. His model al-

lows ordered dynamic heterogeneity in which a high-exit type workers can become low-exit

according to a Poisson process, but his model is unidentified. Ahn and Hamilton (2015) and

Ahn (2014) overcome identification problems and develop a dynamic accounting model for

changes in aggregate unemployment by using unemployment duration data. Their model

can decompose the variance of unanticipated unemployment changes over any horizon to

different shocks in the model. All three papers, however, only allow heterogeneity among

8



the unemployed workers because they only use unemployment duration data.1 On the other

hand, I use the full CPS labor force history panel to estimate heterogeneity in transitions

between all three labor force statuses.

This paper is also related to prior literature that uses a latent variable approach to cor-

rect for classification errors in which survey respondents misreport their true labor force

status.2 The HMM in this paper nests a variant of classification error models from the lit-

erature, where the number of unobserved states is equal to the number of observed labor

force statuses (e.g Biemer and Bushery, 2000). The classification error papers treat un-

observed states as true labor force status and estimate measurement errors for labor force

history using three months of labor force history data. The present paper, however, allows

for more than three unobserved states by using more than three months of data and inter-

prets unobserved states as labor market attachments. The observation matrix in this model,

therefore, still accounts for measurement errors in the CPS.

1. Some other recent papers study unobserved heterogeneity other labor force statuses besides unemploy-
ment. Browning and Carro (2014) study fixed unobserved heterogeneity with type-specific first-order Markov
process for observed labor force statuses for employed and unemployed workers. Unlike the present model,
their model, however, does not allow for duration dependence as the workers are not allowed to transition
between unobserved types. Alvarez, Brovickova, and Shimer (2015) develop an optimal stopping time model
for employed and non-employed workers.

2. see, for instance, Feng and Hu (2013)
9



CHAPTER 3

DATA

The Current Population Survey (CPS), a national representative survey for the U.S., con-

tains information regarding workers’ labor force statuses, industries, and demographics

(e.g. sex, age, race, geographical locations, and education) and is used to calculate na-

tional labor market statistics such as the unemployment rate. Since January 1976, the CPS

has conducted monthly interviews of approximately 60,000 households and 100,000 to

150,000 individuals based on physical address. Households are interviewed for four con-

secutive months, and then rotated out for the next eight months before being interviewed

again four more months. This structure allows researchers to track workers’ labor force

status for a maximum of eight months during a 16-month period.

Due to its survey design, each CPS monthly file contains eight rotation groups where

a rotation group is defined by the number of months its members have been in the survey.

In month t, only individuals belonging to rotation group 1 (those who just entered the

survey) are eligible to be matched for the eight months over spanning the length of the

next 15 months.1 This limits the eligible group to approximately one-eighth of the total

observations in each monthly file.

As in Shimer (2012), I follow the algorithm in Madrian and Lefgren (2000) to match

CPS monthly files across months. Let t be the number of months elapsed since the first en-

try into the survey. Thus, for an individual with a complete eight-month employment status

history, I observe her labor force status in t 2 T ⌘ {0,1,2,3,12,13,14,15}. I match ob-

servations between month t = 0 and all the other months based on individuals’ household

identifier, household replacement number (which identifies whether the initial household

has been replaced), personal identifier, sex, age, and race. Age is allowed to differ by incre-

1. Counting the first month in the survey as month 0.
10



ment of one between consecutive months. However, some individuals cannot be matched

for various reasons including simple attrition and coding errors.

On average, each monthly file contains around 18,000 individuals belonging to rotation

group 1 in month t. More than 80 percent of these individuals can be matched within the

next four months, and around 65 percent of them can be matched for months 12 to 15.

These numbers are slightly higher after a 1994 redesign and are comparable to the numbers

reported in Drew, Flood, and Warren (2013). In Appendix, I show how different criteria

affect the matching rates of observations between months. Lastly, I restrict the sample

to the individuals between 16 and 64 years old in the initial survey month for whom I

observe a complete eight-month labor force status history. This leaves me with 2,420,463

observations for the entire period and 6,320 average monthly observations.

Two main problems could arise due to failure to match individuals between months.

First, the matched individuals do not necessarily represent the population. For instance,

cross-sectional statistics implied by the matched individuals do not necessarily line up with

the aggregate cross-sectional statistics because we can only match a subsample of the in-

dividuals in the survey. If the matching attrition is completely random and independent of

any demographic characteristics, we can simply scale up the weights by the ratio of the

total sample number in the original survey to the number in the matched sample. However,

attrition is often not random. To ensure that demographic representations in the matched

sample mirror those in the original survey, I reassign the sample weights of the matched

individuals by multiplying them by the inverse of matching probability conditional on the

individual’s demographic characteristics and labor force status. Specifically, I run a logit

model and calculate the predicted probability of matching conditional on gender, age, race,

education, and labor force status. I then multiply the original weights by the inverse of the

corresponding predicted probabilities.
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Another problem that arises from matching files across months is that there exists a ro-

tation group bias–that is, differences in labor force statistics across rotation groups. Bailar

(1975) first discusses rotation group bias in the CPS. A recent paper by Krueger, Mas, and

Niu (2014) find that the unemployment rate among earlier rotation groups is higher than

among later rotation groups. This rotation group bias is mitigated by limiting the first rota-

tion group to those who responded in all eight months, as is done in this study. I also verify

that the unemployment rates represented by my data match the official unemployment rate

published by the Bureau of Labor Statistics.

The Current Population Survey (CPS) is also subject to classification errors. Classifica-

tion errors occur when a worker misreports her true labor force status. Abowd and Zellner

(1985) and Porterba and Summers (1986) are the two early seminal papers that addressed

classification errors in the CPS. They propose that the CPS reinterview surveys be used to

correct for classification errors. Their method, however, is also subject to certain criticisms

(Feng and Hu, 2014). For instance, the reinterview survey itself is subject to classification

errors. Furthermore, their classification error corrections are estimated based on the 1980s-

era reinterview survey, and the same classification error correction may not be applicable

to more recent data.

Some recent papers propose that classification errors should be corrected using employ-

ment status history data. For instance, Feng and Hu (2014) apply a latent-variable approach

to estimate classification errors using three months of employment status history from the

CPS. Elsby, Hobijn, and Sahin (2015) propose a mechanical way to correct for the classi-

fication errors. They propose that employment status history data that is recorded as out of

the labor force (O), unemployment (U), and out-of-the-labor-force (O) should rerecorded

as OOO, and that workers are recorded as unemployed (U), out of the labor force (O),

unemployed (U) should be rerecorded as UUU. They show that the adjusted two-month

transition flows closely resemble the adjusted transition probabilities based on the Abowd
12



and Zellner correction. However, Kudlyak and Lange (2014) argue against this adjustment

procedure. When they study labor force status histories for the four month period, the job-

finding probabilities among workers out of the labor force significantly differ depending

on their recent labor force histories. Their finding suggests that the reported labor force

statuses indicate some underlying difference across workers. Because the aim of this pa-

per is to estimate such underlying differences, which I call labor market attachment, I do

not adjust the CPS using any of the procedures proposed in the previous literature. Fur-

thermore, the observation matrix in my model captures classification errors studied by the

error correction models.

3.1 Data on Worker Transitions

Table 3.1 shows the historical monthly average of workers’ transitions over one, three and

12 months intervals between January 1976 and July 2014. For instance, out of 6,320 people

in the monthly sample, on average, 4,434 people are employed during the first month they

are interviewed.2 Among initially employed workers, 4,248 (96 percent) are still employed

one month later. After a year, 4,030 (91 percent) of them are employed. Two hundred sixty-

seven people (54 percent) out of 312 initially unemployed workers are still unemployed one

month later. After a year, among those 312 initially unemployed, 153 people (24 percent)

are unemployed. Among 1,574 nonparticipants in the first month, 98 (6.2 percent) move

to employment and 1,413 people (90 percent) remain out of the labor force. After a year,

1,234 (78 percent) of them are out of the labor force.

A canonical model in the search and matching literature assumes that the workers are

ex-ante identical and their observed labor force statuses follow a first-order Markov pro-

2. The sample is limited to the workers between 16 and 64 years old for whom I observe complete eight
months of employment history.
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Table 3.1: Labor Market Transitions (Historical Monthly Average)

Labor Force Status Percent of Workers in t month
t = 0 (6,320) t month later 1 Month Later 3 Months 12 Months

Employment 4,248 (95.8%) 4,159 (93.8%) 4,030 (90.9%)
Employment Unemployment 57 (1.3%) 93 (2.1%) 124 (2.8%)

(4,434) Out of the Labor Force 129 (2.9%) 182 (4.1%) 280 (6.3%)
Employment 71 (22.9%) 112 (35.9%) 153 (49.3%)

Unemployment Unemployment 167 (53.5%) 119 (38.2%) 75 (24.0%)
(312) Out of the Labor Force 73 (23.5%) 80 (25.9%) 83 (26.7%)

Employment 98 (6.2%) 162 (10.3%) 271 (17.2%)
Out of the Labor Force Unemployment 63 (4.0%) 69 (4.4%) 69 (4.4%)

(1,574) Out of the Labor Force 1,413 (89.8%) 1,343 (85.3%) 1,234 (78.4%)

cess.3 Given this assumption, the probability of transitioning between labor force status

from one month to the next is calculated as the fraction of workers in the same current la-

bor force status who will be in each of the three labor force statuses in the next month. For

instance, between 1976 and 2014, if a worker is unemployed in one month, there is a 23

percent chance that she will be employed in the following month, a 23 percent chance that

she moves out of the labor force, and a 54 percent chance that she remains unemployed.

Let lyt ,yt+1 be the probability of transitioning from labor force status yt to yt+1 between

months t and t + 1 where yt 2 {employed (E), unemployed (U), out-of-labor-force (O)}.

The first-order Markov model (FOM) implies that if a worker is in labor force status yt this

month, the chance that she is in labor force status yt+2 two months later is given by

lyt ,yt+2 = Â
yt+1

lyt ,yt+1lyt+1,yt+2 (3.1)

3. See, for instance, Mortensen and Pissarides (1994), Abowd and Zellner (1985), Poterba and Summers
(1986), Blanchard and Diamond (1990).
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Define C to be the 3 x 3 transition matrix with (i,j) element being li j with i, j 2

{E,U,O}. Then, the implied probability that a worker currently in labor force state yt 2

{E,U,O} will be in labor force status yt+t 2 {E,U,O} in month t + t , lyt ,yt+t , can be

expressed in matrix form as

2

66664

lEt ,Et+t lEt ,Ut+t lEt ,Ot+t

lUt ,Et+t lUt ,Ut+t lUt ,Ot+t

lOt ,Et+t lOt ,Ut+t lOt ,Ot+t

3

77775
=Ct (3.2)

For instance, the probability that an unemployed worker is unemployed two months

later is given by lUt ,Ut+2 = Âyt+1 lUt ,yt+1lyt+1,Ut+2 or 30 percent. After a year, an unem-

ployed worker would have a less than 5 percent chance of being unemployed. However, in

the data, 24 percent of the workers who were unemployed in the first month were unem-

ployed a year later. Figure 3.1 plots the probabilities that a worker whose labor force state

is yt in month t is in labor force status yt+t in month t+t . We observe that the probabilities

derived from the FOM miss the empirical probabilities significantly over a longer horizon.

3.2 Why Does the FOM Fail?

Why do the FOM transition dynamics of homogeneous workers fail to match labor market

transitions over 15 months in the data? One main reason is that the first-order Markov

process assigns the same transition probabilities to workers of the same current labor force

despite their differences in employment history as well as both observable (e.g. sex, edu-

cation, age) and unobservable (e.g. human capital) characteristics.
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Figure 3.1. Transition Probabilities: Data vs FOM
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Figure 3.1. (Continued) Transition Probabilities: Data vs FOM
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Figure 3.1 plots the probability of transitioning from labor force status y0 to labor force status yt between
month 0 and month t over the next 15 months where y 2 {Employed,Unemployed,Out of the Labor Force}.
Black solid lines show the data from the CPS, and the red dashed lines show the transition probabilities
implied by the first-order Markov model with homogenous workers.
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Figure 3.2. Job Finding Probability by Duration and Reasons of Unemployment
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Job Finding Probability by Reasons of Unemployment

First, workers’ labor market transitions are history dependent for workers in all three

labor force statuses. Most prominently, the job-finding probability declines with unemploy-

ment duration (see Figure 3.2). Analogously, the job-separation probability for employed

workers declines with tenure. Moreover, Kudlyak and Lange, (2014) have recently doc-

umented history dependence among nonparticipants. They find that a nonparticipant who

has been employed within the last two months has a job-finding probability as high as 25-

30 percent, while a worker who has been out of the labor force for the last three consecutive

months has only a 2 percent chance of finding a job. This difference in job-finding prob-

abilities cannot be accounted for by workers’ heterogeneous reasons for being out of the

labor force (e.g. discouraged, retired, disabled, or in school).

Second, the employment dynamics of workers of the same current labor force status

could vary due to heterogeneity in both observable (e.g. sex, race, age, education) and un-

observable (e.g. human capital) characteristics.4 These characteristics can be either fixed

4. For instance, men are more likely to stay employed than women, and younger workers are more likely
to lose their job but more likely to find a job than their older counterparts. In addition to workers’ demo-
graphic characteristics, more detailed categories of labor force status can be observed in the CPS. Among the
employed workers, for instance, full-time workers have a higher probability of staying employed next period
than part-time workers.
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or variable over time. For instance, job-finding probabilities among the unemployed differ

depending on the individual’s reason for separating from employment (see Figure 3.2). Un-

employed workers who are “laid off”—temporarily out of work but able to be recalled by

their former employer—have a more than 45 percent chance of finding a job, while those

who are “job losers”—lost their jobs involuntarily—have a less than 20 percent chance of

finding a job in the next month. Moreover, a declining empirical hazard rate of unemploy-

ment may be observed for two reasons. First, workers with relatively high exit rates may

leave the unemployment state, so workers with relatively low exit rates would comprise an

increasing share of the unemployment pool over time (heterogeneity). Second, the exit rate

for a given worker may decline over the spell of unemployment due to factors such as hu-

man capital depreciation, employer statistical discrimination, and discouragement (genuine

duration dependence).

3.3 FOM with Observable Heterogeneity

The previous section explained why the first-order Markov transition with homogeneous

workers cannot generate empirical labor market transition dynamics over the 15-month

horizon. One natural question is whether incorporating observable heterogeneity and dura-

tion dependence of unemployment into the first-order transition matrix could improve the

fit of the empirical transition probabilities.

The Current Population Survey (CPS) includes detailed data on workers’ employment

statuses, duration and reasons for unemployment. I extend the FOM to allow workers of the

same current labor force status to differ based on these characteristics and study whether the

extended FOM can fit empirical transition probabilities over 15 months. Employed workers

can be further divided into full-time workers, part-time workers for economic reasons,

and part-time workers for non-economic reasons. Unemployed workers are divided by
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both reasons for unemployment—(1) layoff, (2) job loser, (3) temporary job ended, (4) job

leaver, (5) re-entrant, and (6) new-entrant—and duration—(1) less than 5 weeks, (2) 5-14

weeks, (3) 15-26 weeks, and (4) 27 or more weeks (Figure 3.2). This results in 6 x 4 = 24

types of unemployed workers. Finally, workers in out of labor force status are classified

into the marginally attached—who looked for work within the last year but have not looked

for work within the last four weeks—and other nonparticipants. This results in a total of 29

types of workers. Many of the entries in this extended first-order Markov transition matrix

are zero by construction, and the effective number of parameters reduces to 212.5

Figure 3.3 plots the implied transition probabilities over the next 15 months for workers

of different initial labor force status. While the extended FOM better captures the empirical

labor market dynamics, it is still far from fitting the data. On average, the extended 29-

state FOM transition probabilities miss their empirical counterparts by 9 percentage points.

Therefore, even an extended 29-state first-order Markov transition matrix incorporating

observable characteristics and unemployment duration still fails to generate the persistent

labor market dynamics observed in the data.

Many previous papers have found different behavioral patterns among workers in the

same current labor force status based on their response to detailed classification surveys

(Jones and Riddell, 1999, Barnichon and Figura, 2013). Yet, these papers still fail to capture

underlying differences in workers’ degree of labor market attachment that would explain

their empirically observed labor market transitions over the next 15 months. In the next

5. With 29 types of labor force status, the total number of entries in the first-order Markov transition
matrix turn out to be 29 x 29 =841. However, many of the entries in the first-order transition matrix are
zero by construction. For instance, all the employed workers who become unemployed can only transition
to less than 5 weeks of unemployment in the next month but not to unemployment with longer duration.
Furthermore, workers who have been laid off cannot transition to job leavers or new entrant. Workers in the
out of the labor force cannot also transition to unemployed workers with duration longer than 5 weeks, but
there seem to be some workers who are in out of the labor force who transition back to unemployment as
re-entrants in weeks longer than 5. Lastly, each row needs to sum to 1. After subtracting these entries, the
number of parameters reduce to 212 parameters.
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Figure 3.3. 29 State FOM Transition Dynamics
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Figure 3.3. (Continued) Transition Probabilities: Data vs FOM
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Figure 3.3 plots the probabilities of transitioning from labor force status y0 to labor force status yt between
month 0 and month t over the next 15 months where y is either employment, unemployment, or out of the labor
force. Black solid lines, “Data”, show the data from the CPS, red solid lines, “FOM”, show the first-order
Markov model with homogenous workers and red dashed line, “FOMext”, show the transition probabilities
implied by the first-order Markov model.

chapter, I propose an alternative model that estimates the underlying unobserved hetero-

geneity across workers and admits the possibility that workers of the same current labor

market status have different future labor market prospects. To this end, I introduce work-

ers’ labor market attachment into the model.
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CHAPTER 4

HIDDEN MARKOV MODEL

4.1 Model

In this chapter, I develop a statistical model of individual labor market transition, which

incorporates workers’ unobserved labor market attachment states. Time is discrete. The

economy consists of L workers indexed by l, a set Y of observable labor market status,

and a set S of S unobserved labor market attachment states indexed by s 2 {1, . . . ,S}. The

random variable Xt is defined to be a worker’s unobserved labor market attachment state in

time t.

Figure 4.1 illustrates the timing of the model. At t = 0, a worker is assigned to labor

market attachment state s with probability ps = Pr(X0 = s). In each period t, a worker tran-

sitions from labor market attachment state s to s0 with probability qss0 = Pr(Xt = s0|Xt�1 =

s). If a worker is in attachment state s in period t, the probability that a worker will be in

labor force status y in that period is ysy = Pr(Yt = y|Xt = s).

Since there are S possible labor market attachment states and their transition follows a

first-order Markov process, the transition across labor market attachment states is described

by a S ⇥ S transition matrix Q where qss0 = Pr(Xt+1 = s0|Xt = s) for s 2 S. Given M

possible observable labor force statuses, the observation matrix is a S⇥M matrix Y: where

ysy = Pr(Yt = y|Xt = s) for s 2 S and y 2 Y. Lastly, the initial distribution of unobserved

labor market attachment states is given by a 1⇥S vector P:

For this paper, worker’s observed labor force status y is either employed (E), unem-

ployed (U), or out of the labor force (O), thus M = 3.1 The number of unobserved labor

market attachment states is S = 9. The number of unobserved states is determined by the

1. Note that the model can be estimated with more detailed labor force statuses, such as full-time workers.
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Figure 4.1. Timing of the Model

combinations of statistical criteria, stability of the parameters, and economic interpreta-

tions. First, the Akaike Information Criterion (AIC) and Bayesian Information Criterion

(BIC) suggest that the number of unobserved labor market attachment states should be 10.

However, I choose 9 unobserved states because Monte Carlo Simulations of the model

show that parameters are not stable in the case of 10 unobserved states. Estimates of the

model with 9 states, however, are stable and show economically meaningful unobserved

labor market attachment states.

There are several points that are noteworthy. First, a HMM nests the FOM with ho-

mogeneous workers. If the number of unobserved labor force attachment states is equal to

the number of labor force statuses (i.e. S = M) and the observation matrix is an identity

matrix (i.e. Y = IM), then the HMM is identical to the FOM with homogeneous workers.

In this special case, the labor market attachment states are exactly same as the observed la-

bor force statuses, and the transition matrix for unobserved states is equal to the transition

matrix for the observed statuses (i.e. Q =C).

Second, to obtain the baseline estimation, I assume that the parameters of the model—

the initial distribution, P; transition dynamics for the labor market attachment states, Q;
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and the observation matrix, Y—are the same for all workers in the data. This allows me to

estimate the model parameters with a dataset that has a relatively short time period and a

large cross section, such as the Current Population Survey.

4.2 Estimation

To estimate a hidden-state Markov model (HMM), I employ the Maximum Likelihood

Estimation (MLE) with the Expectation-Maximization (EM) algorithm. Using the HMM

model parameters, I can express the probability of observing a specific sequence labor

market statuses for an individual worker. I can then construct the likelihood by express-

ing the probability of simultaneously observing labor market histories for all workers in

the economy. I apply the EM algorithm to this likelihood function to estimate the model

parameters. While the baseline model imposes common parameters across individuals, I

could also estimate the model separately for different demographic groups by relaxing this

assumption.

The model parameters consists of three objects L = {P,Q,Y}: P is a 1⇥ S vector of

initial distribution of unobserved labor market attachment states, Q is a S⇥ S transition

matrix, and Y is a 3⇥S observation matrix. The data consists of employment histories for

L individuals in the economy: {yl
t}

l2{1,...,L}
t2T where yl

t is individual l’s labor force status in

month t , the months elapsed since l’s first entry into the CPS. Given the model parameters

L = {P,Q,Y}, the likelihood function of observing individual l’s employment history, yl ,

is expressed in a matrix form as

L l(L|yl) = PŶ·yl
0

"
3

’
t=1

QŶ·yl
t

#
Q8
"

T
’

t=12
QŶ·yl

t

#
1
0
S (4.1)

25



where Ŷ·y is a diagonal matrix of a column vector of Y corresponding to labor force

status y 2 {E,U,O} and 10
S is a S⇥ 1 vector of ones. The likelihood function of simul-

taneously observing labor force history for all individuals {yl}L
l=1 in the economy is then

expressed as:

L (L|{yl}L
l=1) =

L
’
l=1

L l(L|yl) =
L
’
l=1

PŶ·yl
0

"
3

’
t=1

QŶ·yl
t

#
Q8
"

T
’

t=12
QŶ·yl

t

#
1
0
S (4.2)

I maximize the likelihood function in equation (4.2) to estimate the parameters. The

details of this estimation procedure is in the Appendix.

4.3 Identification

This section presents identification results for the HMM. Identification of the parameters is

necessary because my goal is not only to better fit the empirical transition probabilities in

Figure 3.1 but also to interpret the resulting labor market attachment states in an economi-

cally meaningful way. Allman, Matias, and Rhodes (2009) prove the identification results

for a hidden Markov Model using Kruskal’s algebraic results (1976, 1977). Theorem 6 in

their paper shows the maximum number of unobserved states that can be identified given

the number of time periods and the number of observable labor force statuses:

Theorem 6 of Allman, Matias, and Rhodes (2009)

The parameters of an HMM with S hidden states and M observable states are generi-

cally identifiable from the marginal distribution of T = 2k+ 1 consecutive variables pro-

vided k satisfies 0

B@
k+M�1

M�1

1

CA� S
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Table 4.1: Maximum Number of Labor Market Attachment States S

Three Observed Labor Force Statuses (M=3)
Time Periods: T 3 5 7 9 11 13 15

Possible Employment History 27 243 2,187 19,683 177,147 1,594,323 14,348,907
Max Unobserved States: S 3 6 10 15 21 28 36

# of Parameters 14 47 119 254 482 839 1367

Their identification results show that with three observable labor forces, (M = 3) and

seven months of observation (T = 7), we could identify up to 10 unobserved states (S= 10).

Based on the economically meaningful results and stability of the parameters, I choose the

number of hidden states to be 9.

The identification is not trivial.2 For example, simultaneous permutations of the model

parameter matrices, Q,Y, and P do not change the underlying model structure (known

as label swapping). For instance, swapping the labor market attachment states s and s0

and applying corresponding permutation for Q,Y, and P would not change the transition

probabilities implied by the model. As a result, a hidden Markov model can be identified

up to label swapping. Refer to Allman, Mathias, and Rhodes (2009) for further details.

Table 4.1 shows the maximum number of identifiable unobserved labor market attach-

ment states and their corresponding numbers of parameters and data points (i.e. possible

employment histories) for different time periods T , using three observed labor force sta-

tuses. A longer time period, T , allows more unobserved states but increases the possible

employment histories to be targeted. Therefore, it is not guaranteed that the HMM can fit

the data.

2. It cannot be obtained by a simple accounting of number of unknowns and number of model parameters
to be estimated.
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CHAPTER 5

RESULTS

This chapter presents the HMM results. First, I evaluate how well the HMM fits the data

by calculating mean absolute deviations of transition probabilities over 15 months. I also

argue that this success in fitting the data is not simply achieved through the increase in

model parameters. Second, I present the HMM estimates and describe the unobserved la-

bor market attachment states. Third, I discuss how labor market attachment states admit

the possibility that two workers with the identical observed labor force status have different

transition probabilities (unobserved heterogeneity). Fourth, I describe how a worker’s un-

observed state evolves as she remains in the same labor force status. I show that the HMM

admits the possibility that the same worker could transition from a less persistent labor

market attachment state to a more persistent one, even as her labor market status remains

the same (genuine duration dependence).

5.1 Persistent Labor Market Dynamics

This subsection presents HMM’s fit of empirical transition probabilities over a 15-month

period. Figure 5.1 plots empirical and HMM estimates of transition probabilities for seven

months over the 15-month period.1 The HMM fits the data, including transitions that the

FOM failed to predict, fairly well. For instance, the FOM does not accurately predict one-

year transitions from unemployment to unemployment, nor from out of the labor force

to employment (Figure 5.1 and Table A.4 in the Appendix). In the data, 24 percent of

unemployed workers are unemployed a year later, while only 16 percent of nonparticipants

are employed a year later. However, the FOM predicts the corresponding probabilities to

1. Pr(Yt = y0|Yo = y) where y,0 y 2 {E,U,O} and t = {0,1,2,3,12,13,14,15}
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be less than 5 percent and approximately 50 percent, respectively. The HMM predicts the

corresponding probabilities to be 20 percent and 17 percent, which are much closer to the

data. The HMM’s estimates of the other one-year transition probabilities are also much

closer to the data than those of the FOM.

To formally evaluate the HMM’s performance, I calculate the mean absolute devia-

tions of transition probabilities for seven months over the 15-month period. The mean

absolute deviation shows the average percentage point difference between the transition

probabilities predicted by the model and their empirical counterparts. With three labor

force statuses, there are nine possible transition probabilities for seven months, t 2 T ⌘

{0,1,2,3,12,13,14,15}, totaling 9⇥ 7 = 63 data points (Figure 5.1). The mean absolute

deviation of the model from the empirical counterparts is expressed as:

MADHMM = Â
y02Y

Â
y2Y

Â
t2T

| Pr(Yt = y0|Y0 = y)HMM �Pr(Yt = y0|Y0 = y)Data | (5.1)

where Pr(Yt = y0 | Y0 = y) is the probability that a worker whose initial observed labor

force status was y transitions into labor force status y0 in month t 2 T. The mean absolute

deviation of the HMM estimates is 0.3 percentage points, whereas that of the extended 29-

state FOM is 8.9 percentage points. Therefore, the HMM reduces deviation by a factor of

30.

Note that while the baseline FOM with homogeneous workers uses only the first two

months of the data, the HMM uses more data. Thus, unlike those of the HMM, the mean

absolute deviations of the baseline FOM mostly consist of out-of-sample mean deviations.

I also consider different specifications of the FOM that utilizes all eight months of transi-

tions, but these versions still fail to reduce mean absolute deviations.
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Figure 5.1. Transitions over 15 months
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Figure 5.1 plots the transition probabilities implied by the data (black dotted line), the FOM (red dashed line),
and the HMM (blue solid line).
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Figure 5.1. (Continued) Transitions over 15 months
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For example, I estimate the maximum likelihood of the FOM over all eight months of

the transitions (FOMmle in Table 5.1). I also calculate the FOM using the 8–month aver-

age of transition probabilities or transitions that vary month by month. Yet, none of these

modifications to the FOM generate the persistent labor market dynamics observed in the

data. In the Appendix, I also consider alternative models that allow for unobserved hetero-

geneity, specifically the finite mixture model and the fixed unobserved heterogeneity FOM

as in Browning and Carro (2014).2 The mean absolute deviations of these models with

2. Furthermore, I also show that ignoring history dependence and unobserved heterogeneity for employ-
ment and out of the labor force status will result in mean absolute deviations of 7.0 percentage points.
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Table 5.1: Mean Absolute Errors (in Percentage Points)

Hidden Markov Model First-Order Markov Model
MAD # of Parameters Model MAD # of Parameters

HMM3 2.92 14 FOMbase 10.08 6
HMM4 2.10 23 FOMmle 9.53 6
HMM5 1.45 34 FOMext 8.86 212
HMM6 1.37 47
HMM7 0.89 62
HMM8 0.54 79
HMM9 0.29 98
HMM10 0.26 119

Table 5.1 shows mean absolute deviations between the data and the transition probabilities predicted by
models with different specifications. For example, HMM3 shows the HMM with the number of hidden states
equal to 3. FOMbase is the baseline FOM with three labor force statuses using the first two months of the
data. FOMmle is the maximum likelihood estimation of the FOM using all eight months of the data (7
transitions). FOMext is the FOM with 29 employment types studied in Section 3.

unobserved heterogeneity are still higher than the HMM with similar parameter sizes. Fur-

thermore, these models do not admit the possibility that workers could be changing types

(unobserved states) over time.

Moreover, the HMM’s better performance is not solely attributable to its greater num-

ber of model parameters. Table 5.1 compares the mean absolute deviations of different

FOM and HMM specifications and their corresponding number of parameters.3 While the

extended 29-state FOM with 212 parameters still misses the empirical transition proba-

bilities by 8.9 percentage points on average, the HMM with only three unobserved states

and 14 parameters reduces the mean absolute deviation of transition probabilities to 2.9

3. This mean absolute deviation is not weighted. The mean absolute deviation weighted by the fraction of
population in each employment status (E,U, or O) is in Table A.2 in the Appendix. The HMM’s mean absolute
deviation further decreases when we use weights, because the HMM is better at capturing employment status,
which comprises a large share.
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percentage points.4 The HMM with 9 unobserved labor market attachment states reduces

the mean absolute deviation of transition probabilities down to 0.3 percentage points. This

result shows that the HMM’s accurate results are attributable to its flexibility in allowing a

worker’s labor market attachment states to govern the distribution of her current labor force

status.5

The HMM assumes that a worker’s observed labor force status depends only on her

unobserved labor market attachment states but not on her labor force status in the previous

month. This assumption is not as restrictive as it may seem. Table A.3 in the Appendix

shows one-month transition probabilities calculated using both the HMM and FOM, which

are, by construction, equal to the empirical probabilities. The HMM estimates of one-

month transitions are different from those based on the FOM by only less than 0.3 percent-

age points on average. In the FOM, the worker’s current labor force status depends only

on her labor force status in the previous month. In the HMM, however, the worker’s labor

force status in the previous month predicts the distribution of worker’s current labor force

status only through her unobserved labor market attachment state. Thus, the conditional

independence assumption for the observed labor force status is not restrictive.

Moreover, while the HMM in this paper uses only information on the three labor force

statuses, we could in principle incorporate more observed states into the model. In the

Appendix, I show how incorporating additional detailed information on employment, (full-

time employment (F), part-time employment (P), unemployment (U), and nonparticipation

4. Even if we use all eight month of average transitions, the mean absolute deviation actually gets worse.
The mean absolute deviation of the extended FOM using the 8 month average becomes 10.36 percentage
points.

5. When the number of unobserved states are three, the HMM is equivalent to the FOM with homogeneous
workers if the observation matrix is an identity matrix Y = I3. The only differences between the HMM with
three unobserved states and the FOM with homogenous workers comes from the fact that workers in the same
labor market attachment states could have different observed labor force status, that is Y 6= I3.
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(O)) could improve the fit for the transition probabilities between three labor force sta-

tuses (E,U,O). Table A.5 in the Appendix shows that using four observed states (F,P,U,O)

would reduce the mean absolute deviations for transitions between three labor force statuses

(E,U,O) by a factor of 1.5-2.8. The gain becomes smaller when I allow more unobserved

states.

5.2 HMM Estimates

Table 5.2 summarizes HMM estimates of nine labor market attachment states. Column 1

shows observation matrix Y where ysy =Pr(Y = y|X = s). Column 2 shows the probability

distribution of observed labor force status after 6 months conditional on the unobserved

labor market attachment states in month 0. In the Appendix, I present the transition matrix

for labor market attachment states, the standard errors of the estimates based on a bootstrap

method, and the Monte Carlo Simulation results and show that the estimated parameters

are reasonable (Table A.6, A.8, and A.9).

The observation matrix Y in Column 1 in Table 5.2 shows the distribution of current

labor force status conditional on unobserved labor market attachment states: yiy = Pr(Y =

y|X = i). Workers with some attachment states are more likely to be employed. Likewise,

in other attachment states, workers are most likely to be unemployed or out of the labor

force in the current month. I call this first dimension of attachment “prone” and label

unobserved states associated with, say, employment “employment-prone (E-prone) states”.

Likewise, I label unobserved states associated with unemployment and out of the labor

force, unemployment-prone (U-prone) and out-of-the-labor-force-prone states (O-prone),

respectively.

Second, the labor market attachment states also differ in terms of their predicted future

outcomes. This accords with unobserved heterogeneity among workers of the same current
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Table 5.2: Labor Market Attachment States

Column 1 Column 2
Distribution of

Dist of LFS Observed Labor Force Status
Labor Current Month 6 Months Later

Market Y Pr(Yt+6|Xt)

Attachment E U O Yt+6 = E Yt+6 =U Yt+6 = O
E1 99.7 0.0 0.3 98.8 0.1 1.1
E2 98.0 1.3 0.7 82.7 13.1 4.3
E3 98.4 1.6 0.0 53.8 4.4 41.9
U1 5.4 84.9 9.7 69.8 21.3 8.9
U2 3.9 87.9 8.2 16.4 62.2 21.4
U3 8.9 86.8 4.3 18.0 18.8 63.3
O1 0.0 2.5 97.5 44.7 5.1 50.3
O2 0.0 0.0 100.0 14.3 20.9 64.8
O3 0.4 0.1 99.5 2.6 0.9 96.5

labor force status. Column 2 in Table 5.2 shows the distribution of observed labor force

status six months later conditional on workers’ attachment states in month 0: Pr(Yt+6|Xt).

For example, workers in some employment-prone (E-prone) state are more likely to be

employed, while others are less attached to employment and are more likely to become

unemployed or leave the labor force.

Thus, I further divide workers within the same prone states. I assign 1 if a worker is

more likely to become employed in the future, 2 if a worker in that state is more likely

to become unemployed, and 3 if a worker is more likely to move out of the labor force.

For example, the E1 state is the most persistent employment state because not only is a

worker in E1 likely to be employed in this period (employment-prone), she has the highest

chance of being employed in the future (99 percent) among the workers in all E-prone states

(E1,E2, and E3). Likewise, a worker who was initially in E2, the second-most persistent

employment state, still has an 83–percent chance of being employed six months later but

also has a 13 percent chance of becoming unemployed. The E2 state is associated with
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the highest probability of future unemployment among the E-prone states. Lastly, a worker

who was initially in state E3 will have the highest (42 percent) chance of moving out of the

labor force among the workers in the E-prone states.

Similarly, six-month outcomes also differ among workers who are initially in unem-

ployment prone-states. If a worker’s current unobserved state is U1, she has the highest

chance (70 percent) of being employed six months later among all workers initially in U-

prone states. A worker initially in the U2 state has the highest chance of being unemployed

six months later. Therefore, U2 is the most persistent unemployment attachment state. A

worker who is initially in U3 has a higher (63 percent) chance of leaving the labor force.

A similar pattern is observed for the workers in the out of the labor force attachment

states. Nonparticipants in the O1 state are more likely to become employed six months later

(45 percent) than those in the other two O-prone states. While a worker in the O2 state is

more attached to the labor force (21 percent chance of being unemployed six months later)

than an O3 worker, the O3 state is most persistent out of the labor force status (96 percent).

The chance that a worker in the O3 state is employed six months later is a mere 2.6

percent. This is consistent with the findings by Kudlyak and Lange (2014) who show large

differences in in job-finding probabilities among non-participants depending on their labor

force histories. Nonparticipants who have been out of the labor force for the three consecu-

tive months are more likely to be in the most persistent O-prone state and are very unlikely

to move back to employment. On the other hand, nonparticipants who have been employed

for at least one month out of the last three have unobserved O states that indicate higher at-

tachment to employment or unemployment (O1 or O2). Therefore, the previously observed

heterogeneity among workers in the same current labor force status is well captured by the

labor market attachment states in this paper.
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Table 5.3: Monthly Job Finding/Separation Probability by Labor Market Attachment

Job Finding Probability
(in %)

HMM
U1 35.6
U3 9.6
U2 3.8

FOM U 23.0

Job Separation Probability
of E-prone States (in %)

HMM
E2 6.4
E3 2.0
E1 .01

FOM E 1.3

5.2.1 Unobserved Heterogeneity

How do workers in the same current labor force status behave differently in the future

within an HMM framework? Unlike the FOM, which assigns the same transition proba-

bility to all workers with the same current labor force status, the HMM’s unobserved labor

market attachment states allow heterogeneity in transition probabilities across the workers

in the same current labor force status. In the FOM, the monthly job-finding probabil-

ity for any unemployed worker is 23 percent. On the other hand, in the HMM, different

unemployed and employed workers have vastly different job-finding probabilities. An un-

employed worker in the U1 state is much more likely to be employed in the next month

than his counterparts in the U3 or U2 states. While an unemployed worker in the U3 state

has a 9.6 percent chance of finding a job in the next month, an unemployed worker in the

most unemployment persistent state, U2, has merely a 3.8 percent chance of becoming

employed. Similarly, while the job separation probability in the FOM is 1.3 percent for

all employed workers, job separation probabilities among employed workers in the HMM

differ depending on their unobserved states. If an employed worker is in E2, E3, or E1, the

probability that she will lose her jobs is 6.4, 2.0, or .01 percent, respectively.
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Figure 5.2. Hazard Rate, Data, FOM, and HMM
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5.2.2 Duration Dependence

How does an HMM incorporate history dependence–the changes in transition probability

of a given worker over the duration of the current labor force status? An HMM captures du-

ration dependence through dynamic unobserved labor market attachment states. A worker

who has been unemployed (employed) in the past is more likely to be in a more persis-

tent unemployment-(employment-)prone state than a worker who recently became unem-

ployed (employed). This allows a worker who has remained in the current state longer

to have a lower exit probability. Figure 5.2 plots both the unemployment-to-employment

exit probability and the employment-to-unemployment exit probability against the dura-

tion in the current state. Figure 5.2 shows the HMM estimates, observed data, and FOM

estimates. The data show that the unemployment-to-employment exit probability, i.e. job-

finding probability, declines in the duration of unemployment. However, the FOM with

homogenous workers implies that the unemployment-to-employment transition probability

is constant and independent of unemployment duration: Pr(Yt = E|Yt�1 = U) = Pr(Yt =

E|Yt�1 = U, . . . ,Yt�t = U) = lUU . The HMM fits fairly well the observed decline in

unemployment (unemployment) exit probability over duration.
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To calculate duration dependence, I use the Bayes rule to obtain the probability of each

labor market attachment state given the sequence of employment history and the initial

distribution P of attachment states. If a worker is unemployed, the probability that the

worker is in the unobserved state s is expressed as:

Pr(Xt = s|Yt =U) =
psy jU

ÂS
i=1 psyiU

⌘ qU1
j (5.2)

More generally, if a worker is unemployed for t months, then the probability of being

in state s is can be expressed as:

Pr(Xt = s|Yt =U, . . . ,Yt�t =U) =

 
1

PŶ·U
�
QŶ·U

�t�1 1S

!

| {z }
1⇥1

⇣
PŶ·U

�
QŶ·U

�t�1
⌘

| {z }
1⇥S

qUt
s

(5.3)

A similar expression can be obtained for any sequence of employment history y =

(yt ,yt�1, . . . ,yt�t). Note, however, that the assumption that the underlying labor market

attachment state follows the first-order Markov process would imply that the initial con-

ditional unobserved state probability pYt
s eventually converges to the steady state. As a

result, the empirical hazard rate becomes flat after that point. However, the data also seem

to suggest that there is a limiting exit probability as well. As long as we have enough time

periods to estimate a HMM allowing for many states, this is not a strong restriction.

5.2.3 Distribution of E/U/O Durations by Unobserved States

What is the composition of labor market attachment states among workers who have expe-

rienced a continuous spell of employment, unemployment, or out of the labor force status?

Figure 5.3 plots the distribution of E/U/O duration among workers with each labor market
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attachment state. Panel A shows the percent of employed workers who remain employed

and the distribution of labor market attachment states. For example, 90 percent of work-

ers employed in month 0 remain employed for five consecutive months. As the duration

of these workers’ employment increases, they shift from less–persistent employment state

(E2, E3) to the most–persistent employment state (E1).6

Similarly, Panel B shows the distribution of unemployment duration by labor market

attachment state. Around 20 percent of unemployed workers in month 0 remain unem-

ployed after five months, and initially unemployed workers’ attachment states change over

time. While the short-term unemployed workers have a mix of different persistent levels

(U1, U2, and U3), as unemployment duration increases, workers who remain unemployed

comprise increasingly those in the most persistent unemployment state. The unemployed

workers who initially have a higher chance of moving to employment (U1) or out of the

labor force (U2) either exit unemployment or transition to a more persistent unemployment

state.

Panel C shows the distribution of out of the labor force duration by labor market at-

tachment. Workers who are most persistently out of the labor force (O3) comprise approx-

imately 70 percent of workers out of the labor force during the first month. In month 6,

80 percent of them remain out of the labor force. Among these workers, the fraction in

the most persistent O-prone state workers (O3) increases to approximately 90 percent. The

distribution of duration in each labor force status thus show that the workers whose sta-

tus does not change comprise an increasing share of workers in the most persistent state

associated with that labor force.

6. Note that unlike in models with fixed unobserved heterogeneity, here a worker’s unobserved state
changes over time. Thus, the employed workers in the most persistent employment state in each month com-
prise not only those who have already been in the most persistent state in the previous month but also those
who switched from less persistent employment state in the previous month to a more persistent employment
state this month.
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Figure 5.3. Distribution of E/U/O Duration by Workers of Each Labor Market Attachment
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Figure 6.1 plots the distribution of duration in employment, unemployment, and out of the labor force by
workers of each labor market attachment–the percent of remaining employed/unemployed/out of the labor
force for t consecutive months and the compositions of the labor market attachment in month t. Panel A
shows the distribution of duration by the employed of each labor market attachment. Panel B and Panel C
show the same statistics for the unemployment and out of the labor force, respectively.
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5.3 What are the Labor Market Attachment States?

What, then, do the estimated labor force attachment states capture? To understand the eco-

nomic meanings of the unobserved labor market attachment states, this section relates the

unobserved labor market attachment states to the observable data in the CPS. Specifically,

I relate the unobserved labor force attachment states to an individual’s earnings, detailed

labor force type, reason for unemployment, and demographic characteristics. This analy-

sis provides three major findings. First, the unobserved labor market attachment states are

associated with observables. Second, the mapping between the unobservable labor market

attachment states and observables is not one to one. There exists unobserved heterogeneity

even among workers with the same observable characteristics. Third, the attachment states

capture the persistent labor market dynamics and thus provide accurate predictions of a

worker’s future labor market outcome.

Table 5.4 presents average monthly earnings of workers in different employment-prone

states after controlling for their education, experience, race, sex, and industry.7 The average

employed worker in the most persistent labor market attachment state (E1) earns $3,994

per month, higher than workers in the E2 ($3,118) and E3 ($2,129) states. Thus, employed

workers in the persistent employment-prone state enjoys not only higher job security but

also higher earnings.

Table 5.4 shows the share of detailed observed types across labor market attachment

states. In the Appendix, I also present the share of detailed observed types within labor

market attachment states. Full-time workers are most closely associated with the most

stable employment labor market attachment state (E1). While, on average, 79 percent of

employed workers in E-prone states are in the E1 state, 82 percent of full-time workers are

7. I run a mincer regression controlling for worker’s education, experience, race, sex and industries and
rescale the residual wages to match up with the average earnings.
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Table 5.4: Key Characteristics of Labor Market Attachment States (Across)

Labor Market Attachment
E1 E2 E3

Average Monthly Earnings (2005 US$) 3,994 3,118 2,129

Employment Types E1 E2 E3
Full Time 82.2 13.2 4.6
Part-Time for Economic Reasons 63.0 26.4 10.6
Part-Time for Non Economic Reasons 66.0 16.8 17.3
Share in E-prone (in Percent) 78.9 14.3 6.8

Unemployment by Reasons U1 U2 U3
Temporary Layoff 73.3 18.4 8.3
Job Loser 49.5 39.6 10.9
Re-Entrant / New-Entrant 31.5 26.1 33.9
Share in U-prone (in Percent) 48.8 31.7 19.5

Out of the Labor Force O1 O2 O3
Marginally Attached 29.1 39.7 31.2
Others 17.9 8.9 73.2
Share in O-Prone (in Percent) 18.4 9.4 72.2

Industry E1 E2 E3
Construction 73.8 19.8 6.3
Government 84.9 10.9 6.9
Share in E-prone (in Percent) 78.9 14.5 6.9

Demographic Groups E1 U2 O3
Men 61.0 1.8 10.1
College + 68.9 0.8 9.1
Married 59.6 1.0 16.3
Share in Population (in Percent) 54.1 1.5 16.6
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in E1 state. Part-time workers for economic reasons (involuntary part-time workers) tend to

be in the E2 state and are thus more likely to move to unemployment, rather than leave the

labor force, if they lose their job.8 While 14 percent of all E-prone workers are in the E2

state, 26 percent of part-time workers for economic reasons belong to the E2 state. Lastly,

part-time workers for non-economic reasons tend to be in the E3 state and are therefore

more likely to move out of the labor force in the event of losing a job.9 Seventeen percent

of part-time workers for non-economic reasons are in the E3 state, versus 7 percent of all

E-prone workers.

Unemployed workers with different reasons for separation also tend to have different

labor market attachment states. Temporarily laid-off workers are more likely to be in the

U1 state and thus more likely to move to employment in the future. This is consistent with

the fact that unemployed workers on temporary layoff are much more likely to find a job

(Figure 3.2). Job losers, on the other hand, are more likely to be associated with the most-

persistent unemployment state (U2). Approximately 40 percent of job losers are in the U2

state, as opposed to 32 percent of all unemployed workers. Among unemployed workers

in the U2 state, 44 percent are job losers (Table A.10 in the Appendix).

The two distinct groups of non-participants in the Bureau of Labor Statistics (BLS)

dataset, marginally attached and other non-participants, also show distinct patterns across

labor market attachment states. Marginally attached workers are those who are available

to work and, have searched for a job within the last 12 months, but not in the last 4 weeks.

Barnichon and Figura (2013) show that marginally attached workers are more attached to

the labor market than others. That is, they are more likely to enter the labor force. For

8. Involuntary part-time workers who wish to work full time but working full time due to slack economic
conditions etc.

9. Part-time workers for non-economic reasons desire to work part-time instead of full time, roughly
translated as voluntary part-time workers.
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marginally attached non-participants, the average monthly probability of transitioning into

the labor force between 1994 and 2010 was 62 percent. The same probability was only

5 percent for other non-participants. However, conditional on entering the labor force,

marginally attached workers are more likely to enter through unemployment, while the

other non-participants are more likely to move directly to employment.

The O-prone states capture this behavioral pattern. As shown above, workers in the O1

(O2) state are more likely to move to employment (unemployment) while workers in the

O3 state are more likely to remain out of the labor force. Marginally attached workers are

more likely to be in the O1 state (29 percent) or the O2 state (40 percent), while other non-

participants are more likely to be in the most persistent O state (O3) (73 percent). If they

are not in the most O-persistent state, marginally attached workers are more likely to be in

O2 (39.7/(29.1+39.7)=58 percent), where the most common transition is to unemployment

than other non-participants (8.9/(17.9+8.9)=33 percent). This pattern is consistent with the

findings by Barnichon and Figura (2013).

Lastly, different industries and demographic groups also show some differences in labor

market attachment states. For example, the construction industry has the largest share of

workers in the least stable employment state (20 percent in E2), and government workers

are more likely to be in the most stable employment state (85 percent in E1). Men are

more likely than women to be in a more stable employment relationship (61 percent in E1),

more likely to be in the most persistent unemployment state (1.8 percent in U2), and more

likely to be attached to the labor force (10.1 percent in O3). College–educated workers are

more likely to enjoy stable employment (69 percent in E1), less likely to suffer persistent

unemployment (0.8 percent in U2), and less likely to stay out of the labor force for a long

time (9.1 percent in O3). Married workers are also likely to be in stable employment (59.6

percent in E1) and less likely to suffer persistent unemployment (59.6 percent in U2).
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This section has shown that my model’s labor market attachment states are associated

with observable characteristics and the patterns of association are in line with the find-

ings of previous studies. However, there still exists unobserved heterogeneity among the

workers with the same observed labor force status and other characteristics. This finding

also suggests that this model’s labor market attachment states provide more accurate mea-

sures than the FOM for understanding the conditions of individual workers, as well as the

aggregate labor market.
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CHAPTER 6

APPLICATIONS

In this chapter, to illustrate how the HMM can improve insight into labor market dynamics,

I apply the HMM to study four important questions regarding the labor market. The first

application considers HMM’s improvement on the FOM in estimating the long-term con-

sequences of separating from employment. The FOM is known to underestimate the loss in

earnings and the reduction in future employment probabilities associated with separating

from employment (e.g. Davis and von Wachter, 2011). I find that the HMM generates the

reduction close to the level estimated using the U.S. Social Security data (Song and von

Wachter, 2014).

In the second application, I study the evolution of employment stability for workers of

different demographic groups over recent decades. The HMM can look beyond changes

in the employment rate and study employment stability. I find that, while the average em-

ployment rate for men has declined, employment stability has not. While the average em-

ployment stability of women increased over time until the mid-1990s, only highly educated

women experienced this improvement.

In the third application, I study the evolution of labor market attachment during the

Great Recession of 2007-09 and the 1981 recession. While both recessions featured high

unemployment rates, the labor market recovered much more slowly after the Great Reces-

sion. I find that a more sluggish recovery during the Great Recession is attributable to larger

and more persistent inflows of unemployed workers in the more-persistent unemployment

state (U2), employed workers in less stable employment states (E2), and nonparticipants

more attached to unemployment (O2).

In the final application, I use a hypothetical situation to highlight the importance of

unobserved heterogeneity. I consider two economies, “good” and “bad” economies with an
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identical distribution of current labor force status but with different distributions of labor

market attachment. I show that the future labor market dynamics depend significantly on

the distribution of underlying labor market attachments. While a “good” economy experi-

ences a decline in unemployment, a “bad” economy experiences persistently high unem-

ployment.

6.1 Separation from Stable Employment

Separation from stable employment results in a large and persistent reduction in employ-

ment probabilities relative to a control group who did not experience separation.1 This

reduction is more severe if separation happens during a recession than during a boom. Yet,

the standard search model is known to underestimate the consequences from separating

from employment (Davis and von Wachter, 2011). Song and Wachter (2014) use U.S. So-

cial Security data to estimate the reductions in employment probabilities due a mass-layoff

for men younger than 50 between 1980 and 2005. They find that the reduction in employ-

ment over the next 20 years is 1.33 years during an economic expansion and 1.48 years

during a recession.

Figure 6.1 plots reductions in employment probabilities experienced by workers who

separated from stable employment relative to those who did not. I call this employment

risk. First, while the FOM transition implies a short-lived reduction in employment after

separation, the HMM implies a persistent reduction. Even after 20 years, workers who sep-

arated after three years of continuous employment still have a 5 percent lower employment

probability than the control group who did not separate.

1. See for instance, Jacobson, Lalonde, and Sullivan (1993), von Wachters, Song, and Manchester (2011)
and Davis and von Wachter (2011).
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Figure 6.1. Employment Risk of Losing a Stable Employment
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Second, it has been previously observed that the effect of separation from stable em-

ployment is larger if the separation occurs during a recession rather than a boom (Song and

Wachter, 2014). This pattern is also observed in the HMM estimations. The employment

risk relative to a control group is consistently greater for workers who become unemployed

during a recession. Over the next 20 years, the cumulative loss in years of employment

relative to a control group who did not experience a separation is 1.35 years in a recession

and .97 years in a boom, which is close to the data. The FOM, on the other hand, implies

that the cumulative loss in years in employment is only .23 years during recessions and

0.22 years during booms.

To make this exercise comparable to Song and von Wachter (2014) and Davis and von

Wachter (2011), I first restrict the sample to male workers between 25 and 50 years old

between 1980 to 2008 and re-estimate the HMM separately for the expansionary and re-

cessionary periods. Davis and von Wachter (2011) restrict their sample to male workers 50

years and younger who experienced at least three consecutive years of employment prior to
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the job displacement. Thus, I limit my sample to male workers 25 years and older because

these workers may have worked for at least three years before becoming unemployed. I

define recession based on NBER recession periods and boom as a nonrecessionary period

where the unemployment rate is below 6 percent. The three years of continuous employ-

ment provides information about the probability distribution of worker’s labor force attach-

ment states at the time of transition into unemployment. I use separate HMM estimates for

periods of recession and boom in calculating the employment risk and compute the annual

average of employment risk from the monthly series.

There are several differences between the employment risk estimated in Song and von

Wachter (2014) and that estimated by the HMM. First, the frequency of the data is different.

While employment is reported annually in the Social Security data, the HMM in this paper

uses monthly CPS data. Second, the workers in the sample are different. In Song and von

Wachter (2014), workers are restricted to men who had belonged to a large firm (50 or more

employees) and experienced mass-layoff events. On the other hand, the sample here does

not include these restrictions. In my sample, workers could have had job-to-job transitions

as long as they were continuously employed for the last three years. Workers in my sample

could also have been separated from employment for reasons other than a mass-layoff

event. Despite the aforementioned differences, it is remarkable that the HMM, which uses

just eight months of labor force transition history over 16 months, can accurately predict

the persistent reduction in employment probabilities associated with separation from stable

employment observed in the Social Security data.

While Social Security has been the main data source for studies of long-term conse-

quences of unemployment in the U.S., its demographic information is limited to age and

gender. The CPS, however, contains more demographic information, such as education,

but only contains 8 months of labor force history over a 16 month period. The extrapola-

tive power of the HMM makes it possible to estimate employment risk over 20 years using
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only 16 months of labor force history. Thus, estimating the HMM using CPS data makes

it possible to obtain the first estimates of long-run consequences of separating from stable

employment for different education groups. I reestimate the HMM for the various sex ⇥

age ⇥ education groups and calculate the employment risk for those demographic groups

over recent decades. Table A.11 in the Appendix shows the results.

6.2 Employment Stability

In this section, I study how employment stability has evolved since the 1970s. While it

is well known that the female labor force participation has increased over the past several

decades, while that of men has declined, the employment stability trends are less well

understood.2 The HMM allows us to measure employment stability by looking at the

percentage of employed workers in the most persistent employment state (E1) over time.

Figure 6.2 plots the employment rate and the stable employment rate between 1976 and

2014. While the aggregate employment rate increased from the 1970s until 2000 and then

declined, the employment stability increased slightly until 1995 and has remained relatively

flat since then. Even during the Great Recession, employment stability did not decline as

sharply as the employment rate and recovered relatively quickly. In other words, while

many workers lost employment during the Great Recession, those who remained employed

did not suffer a decline in employment stability.

What has driven the changes in employment rate and employment stability since the

1970s? To answer this question, I study how the employment rate and employment stability

2. Hall (1982), Farber (2004), Gottschalk, Moffitt (1999), and Jaeger and Stevens (1999) discuss the em-
ployment stability of workers in terms of job tenure at a particular employer. The job stability in my paper
focuses on general employment stability allowing job-to-job transitions without going through unemploy-
ment. The stable-employment rate is calculated as follows. I use the stationary HMM estimates, Q,Y and
P and apply Baye’s rule in equation (5.3) to infer a worker’s unobserved states in the first month given her
eight-month employment history over 16 months. I then aggregate up to obtain the percent of employed
workers in stable-employment rate.
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Figure 6.2. Employment Rate vs Stable Employment Rate (Three Year Moving Average)
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have changed for different demographic groups. Figure 6.3 plots employment rates and

employment stability for different demographic groups. Panel A1 in Figure 6.3 shows that

the employment rate for men has steadily declined while the employment rate for women

increased until the mid-1990s and has stayed relatively flat since then. On the other hand,

the employment rate for women increased between the late 1970s and the mid-1990s and

remained relatively constant since. In contrast, Panel B1 in Figure 6.3 plots employment

stability by sex over the same period. While men’s employment stability did not deteriorate

very much, employment stability among women increased until the early 1990s and has not

changed significantly since then.

However, when we look closely at employment stability by education, we see further

variations in stability improvement. Panel A2 in Figure 6.3 plots the employment rates for

men and women with a high school education or less. The employment rate for men with

this education level has steadily declined from 70 percent to 50 percent since 1976. The

employment rate for women the same education level remained fairly constant at around

40 percent until 2005, and declined after the Great Recession.
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Figure 6.3. Employment Rate and Stable-Employment Rate
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Panel B2 in Figure 6.3 plots employment stability for men and women with a high

school education or less. Unlike their employment rate, which has declined, employment

stability for men with high school degree or less stayed fairly constant, at around 67 per-

cent until the Great Recession. For women with this education level, on the other hand,

employment stability has stayed fairly flat since the 1970s and has slightly increased after

the Great Recession.

Different patterns emerge, however, for workers with a college degree. Panel A3 in

Figure 6.3 plots employment rates for men and women with a college degree. Employ-

ment rates for college-educated men did not decrease as much as those of their high-school

educated counterparts over the last 40 years. Their employment stability was also rela-

tively constant throughout the period (Panel B3 in Figure 6.3). On the other hand, both the

employment rate and employment stability for women with a college education steadily

increased until the mid–1990s and has stayed relatively flat since then. Therefore, we find

that the decline in employment rate for men was concentrated among men with less edu-

cation while improvements in both the employment rate and employment stability among

women were concentrated among those with more education. In the Appendix, I present a

detailed analysis of how the employment rate and employment stability have changed over

time across different age groups, following Davis and Haltiwanger (2014).

6.3 1981 Recession vs 2007 Recession

After both the 1981 and 2007 recessions, the U.S. unemployment rate climbed above 10

percent. However, the Great Recession in 2007 was followed by much more persistent

unemployment. The unemployment rate, which peaked at 10.1 percent in October 2009,

remained at 8.8 percent two years later. After the 1981 recession, on the other hand, the

unemployment rate declined from 10.8 percent in December 1982 to 7.3 two years later
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Figure 6.4. US Unemployment Rate
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(Figure 6.4). Were there more unemployed workers in a persistent attachment state dur-

ing the Great Recession than during the 1981 recession? Were there are more employed

workers at risk of losing a job? Were there more non-participants with a high attachment

to unemployment?

To answer these questions, I study the evolution of labor market attachment state distri-

bution during the 1981 and 2007 recessions. During a recession, not only do more workers

tend to move to a more persistent unemployment state, but unemployed workers already in

the most persistent unemployment state are also tend to remain there longer. To incorporate

such changes in transition rates among labor market attachment states into my analysis, I

allow both the transition probabilities and initial distributions of labor market attachment

states to change for each cohort-calendar month.3 I re-estimate the HMM with the fixed

3. Since each month corresponds to cohort entering that month, the initial distribution, P, and the transi-
tion probabilities, Q, are cohort-specific.
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Figure 6.5. Comparison between the 1981 Recession and 2007 Recession
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observation matrix Y while allowing the initial distribution Pt and the transition matrix for

the labor market attachment states Qt to vary at each cohort-calendar month.

Figure 6.5 plots changes in the distribution of labor market attachment states relative to

the beginning of each recession.4 Panel A in Figure 6.5 plots the changes in composition

for each employment-prone state. The two recessions showed similar patterns, but the

changes were stronger and more persistent for the 2007 recession. In the first six months

4. Figure A.4 in the Appendix plots the evolutions of E-prone,U-prone, and O-prone states around the
recessions.
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of each recession, the share of workers in the most-stable employment state (E1) decreased

while the share in the less-stable employment state (E2) increased. While the percentage of

workers in the most-stable employment state (E1) declined by 14 percentage points during

the 1981 recession, the same number declined by 25 percentage points during the 2007

recession. Similarly, while the share of workers in the less-stable employment state (E2)

increased by 18 percentage points during the 1981 recession, the same share increased by

25 percentage points during the 2007 recession. The 2007 recession’s consequences for

employment stability were thus more severe than those of the 1981 recession. The Great

Recession entailed a slower recovery of employment stability as well. While the share of

E1 returned almost to pre-recession levels within 12 months during the 1981 recession,

it remained around 10 percentage points lower than the pre-recession level even after 30

months during the Great Recession.

Panel B in Figure 6.5 plots the changes in the composition of unemployment-prone

states after the onset of each recession. Changes in the share of unemployment prone states

during the two recessions were similar during their first six months, but diverged gradu-

ally thereafter. For example, the share of individuals in the most-persistent unemployment

state (U2) increased by 40 percentage points during the first 12 months of both recessions.

However, the share of U2 stayed high, at around 45 percentage points above pre-recession

levels, during the 30 months after the beginning of the 2007 recession, while the same

share gradually declined to around 5 percentage points above pre-recession levels during

the same period after the 1981 recession. This indicates that the increase in the share of

the most-persistent unemployment state (U2) was slightly greater and much more lasting

during the Great Recession.

Panel C in Figure 6.5 plots the changes in the composition of out-of-the-labor-forcc-

prone states after the onset of each recession. The compositional changes of O-prone states

are not much different between the two recessions during the recession’s first year. While
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Table 6.1: Distribution of Labor Market Attachment

Distribution of Labor Market Attachment in Month t

E1 E2 E3 U1 U2 U3 O1 O2 O3
Good Economy 69.7 0 0 0 0 4.2 0 0 26.1
Bad Economy 0 71.3 0 0 3.2 0 0 25.5 0
Steady State 60.4 8.1 4.7 1.7 1.0 0.6 4.5 1.7 17.3

the share of individuals in the out-of-the-labor-force state most attached to unemployment

(O2) peaked in the 16th month of the 1981 recession, the same share peaked in the 26th

month of the 2007 recessions. While this share decreased to its pre-recession level 2 years

after the onset of the 1981 recession, it did not return to its pre-recession level even 30

months after the 2007 recession began. Thus, the compositional shift toward (O2) happened

much later during the 2007 recession and was more persistent.

A close look at evolutions of labor market attachment states during the 1981 and 2007

recessions suggests that the compositional shifts toward states associated with future un-

employment happened across all three labor force statuses during both periods, but the

magnitudes and persistence of such shifts were greater during the Great Recession in 2007.

This conclusion contrasts with that of Song and von Wachter (2014), which argues that

the incidence and duration of long-term nonemployment during the Great Recession was

comparable to those of previous recessions.

6.4 Beyond the Current Labor Force Statuses

One key implication of the HMM is that knowledge of worker’s current labor force status

is not sufficient to understand the labor market dynamics. To highlight this point through

the lens of HMM, I conduct the following hypothetical exercise. Suppose there are two

economies, “good” and “bad”, identical in terms of their distributions of observable labor
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Figure 6.6. Counterfactual Unemployment Rate Dynamics
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force status. In the first month, the unemployment rate is at 5 percent in both economies.

The populations of both economies consist of 70 percent employed workers, 3.7 percent

unemployed workers, and 26.3 percent non-participants. However, the good economy is

filled with workers who have high labor market attachment, whereas the bad economy is

filled with workers who have low labor market attachment. Table 6.1 shows the distribution

of workers by unobserved attachment state in the two economies. In the good economy,

most employed workers are in the most-persistent employment-prone state (E1), most un-

employed workers are in the unemployment-prone state that is most likely to move out

of the labor force in the future (U3), and most non-participants are in the most-persistent

O-prone state (O3). In contrast, the bad economy consists of employed workers who are

in less-stable employment and are likely to become unemployed in the future (E2), un-

employed workers who are in the most-persistent unemployment-prone state (U2), and

non-participants who are more likely move to unemployment than employment (O2). How

would the labor market dynamics of these two economies change over time?
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Figure 6.6 plots unemployment rate dynamics in the two economies over 5 years, and

the results are drastically different. In the bad economy, the unemployment rate spikes up

from 5 percent to more than 20 percent and stays above 14 percent even after six years. On

the other hand, the unemployment rate in the good economy goes down to 1.4 percent and

then slowly increases.

This hypothetical exercise highlights the importance of looking beyond the distribution

of current labor force statuses. The unobserved labor market attachment states used in

this paper are critical for understanding labor market dynamics because the distribution of

observed labor force status in an economy does not provide a full understanding of its labor

market conditions.
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CHAPTER 7

CONCLUSION

This paper cast doubt on the long tradition of analyzing labor market dynamics assum-

ing that observed labor force status follows the first-order Markov process. As a possible

alternative model, I proposed a Hidden Markov Model that introduces unobserved labor

market attachment states to capture unobserved heterogeneity for all three labor force sta-

tuses: employment, unemployment, and out of the labor force. The model in this paper

captures empirically observed labor market dynamics over a 15-month horizon, which the

FOM and its extensions cannot. By incorporating unobserved heterogeneity and dura-

tion dependence, the proposed model also allows for heterogeneous transition probabilities

among workers in the same observed labor force status.

This alternative model suggests that the distributions of observed labor force status do

not provide information sufficient to fully understand labor market dynamics. For instance,

ignoring the distribution of workers among labor market attachment states can provide mis-

leading predictions of future labor market outcomes. This proposed model facilitates more

in-depth analysis of the labor market than the standard FOM. For instance, the HMM can

replicate the empirical large and persistent reduction in employment probabilities associ-

ated with separating from stable employment. The HMM can also analyze employment

stability in addition to simply employment rates. Thus, this paper suggests that we must

reassess the standard empirical and theoretical models of labor market dynamics going

forward.
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APPENDIX A

ADDITIONAL MATERIALS

A.1 CPS Matching Rates

This section documents how different criteria affect the success rates of matching obser-

vations in the Current Population Survey (CPS). Following Madrian and Lefgren (2000)

and Shimer (2012), I use matching criteria based on (1) household and personal identifiers

(ID), (2) sex, (3) race, and (4) age. Table A.1 shows the percent of matched observations

between month 0 and month t (Panel A.1A) and for consecutive months from 0 through t

(Panel A.1B). From Column 1-4, one criterion is added to the previous list of criteria. For

instance, Column 1 (ID) in Panel A.1A reports the percent of observations matched based

solely on the household and personal identifiers1 between month 0 and t. On average, 92

percent of observations are matched between month 0 and month 1. Similarly, 78 percent

of observations are matched between month 0 and a year later (t = 12). Column 2 (Sex) in

Panel A.1A imposes additional criterion that the sex of two observations in two different

monthly files must also match. Column 3 in Panel A.1A shows matching rates when iden-

tifier, sex, and race are used as matching criteria. Lastly, Column 4 and 5 in Panel A.1A

show corresponding matching rates when age allowing for +/- 2 year variations and age

allowing for +1 age difference are added to the matching criteria, respectively. Panel A.1B

in Table A.1 shows the percentage of observations that are matched from month 0 through

t for different criteria. For instance, Column 4 (Age +/- 2) and Row 4 (t  12) in Panel

A.1B shows that 65 percent of observations are matched for all the months t = 1,2,3,12.

1. (the household identifier (HHID), personal line number (LINENO), and household number (HHNUM))
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Table A.1: Monthly Average % of Matched

Obs between/through month 0 and t: 1976-2014
Panel A.1A: between month 0 and t

month\criterion 1. ID 2. Sex 3. Race 4. Age +/- 2 5. Age +1

t = 1 91.7 90.7 90.5 89.8 89.0

t = 2 89.1 87.0 86.8 86.7 86.0

t = 3 87.3 85.0 84.6 84.2 83.6

t = 12 77.9 75.3 74.3 69.7 66.3

t = 13 77.7 75.1 74.1 68.8 66.4

t = 14 77.1 74.1 73.0 67.8 65.7

t = 15 76.7 73.8 72.6 66.9 65.0

Panel A.1B: all months through 0 to t

month\criterion 1. ID 2. Sex 3. Race 4. Age +/- 2 5. Age +1

t  1 91.7 90.7 90.5 89.8 89.0

t  2 87.4 85.5 85.2 84.9 84.1

t  3 83.8 81.4 81.2 80.8 80.2

t  12 72.0 69.6 69.0 64.9 62.0

t  13 69.3 67.1 66.5 62.3 59.4

t  14 67.2 65.0 64.4 60.1 57.4

t  15 65.4 63.3 62.7 58.2 55.6
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A.2 Detailed Estimation Methods: EM Algorithm

This section shows the detailed algorithm to estimate the HMM.

1. E Step: Compute the conditional expectations of the missing data given the observations and the

current estimates L̂t

2. M Step: Maximize the log likelihood replacing the missing data by their conditional expectations

with the respect to L.

Necessary Ingredients for an EM algorithm

For exposition purposes, if we only have one individual in the data, then the likelihood function would

be L(L|Y l) = pxl
1
yxl

1
(yl

1)qxl
1xl

2
yxl

2
(yl

2) · · ·qxl
T�1xl

T
yxl

T
(yl

T ).

Forward Algorithm

I can instead calculate the above equation recursively as follows. Let at(s) be the probability of the

observed sequence up to time t for t = 1,2, . . . ,T , s = 1,2, . . . ,S with the unobserved state in t equal to s:

at(s) = Pr(Y1 = y1,Y2 = y2,Y3 = y3, .,Yt = yt ,Xt = s|L)

In the initial period, let a1(i) = psys(y1) for s = 1, . . . ,S For t = 2, . . .T and s = 1, . . . ,S, we can compute

at(s0) = [Âs
s=1 at�1(s)qss0 ]ys0(yt) Then the probability of observed sequence given the parameters of the

model L is Pr(Y |L) = ÂS
s=1 aT (s). Furthermore, since we have the probability of observing the state for

L individuals in the economy, the above equations become ’L
i=1 Pr(Y l |L) = ’L

l=1
�
ÂS

s=1 aT (s)
�
. I can then

employ the backward algorithm to find the most likely hidden states given the parameters L = (Q,Y,P) and

observed sequence, Y .

Backward Algorithm

For t = 1, . . . ,T and s = 1, . . . ,S, bt(s) = Pr(Yt+1,Yt+2, . . . ,YT |Xt = s,L) = ÂN
s0=1 qss0ys0(yt+1)bt+1(s0)

In period T , we let bT (s) = 1 for s = 1, . . . ,S. For t = 0, . . . ,T � 1 and s = 1, . . . ,S, we have bt(s) =

ÂN
s0=1 ass0ys0(yt+1)bt+1(s0). We now want to find the most likely hidden state. Define

dt(s)⌘ Pr(xt = s|Y,L) = at(s)bt(s)
ÂS

i=1 aT (s)
=

at(s)bt(s)
P(Y |L)
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The most likely state is s⇤ = argmaxi2S dt(s) for t = 1, . . . ,T . (called local decoding). Finally, we want

to estimate the parameter values L = (Q,Y,P). Define dt(s,s0) to be the probability of being in hidden state

s in period t and s0 in t + 1, Pr(Xt = s,Xt+1 = s0|L) as follows: dt(s,s0) == Pr(Xt = s,Xt+1 = s0|Y,L) =
at (i)qss0ys0 (yt+1)bt+1(s0)

ÂS
s=1 aT (s)

. Summing up, we obtain

S

Â
s0=1

dt(s,s0) =
S

Â
s0=1

at(s)qss0bs0(yt+1)bt+1(s0)
ÂS

s=1 aT (s)

=
at(s)

ÂS
s=1 aT (s)

S

Â
s0=1

qss0ys0(yt+1)bt+1(s0)

| {z }
bt (s)

=
at(s)bt(s)
ÂS

s=1 aT (s)
= dt(s)

EM algorithm

Therefore, we can estimate the qss0 and ys0(yk) as follows for L individuals. For s = 1, . . . ,S,

ps =
ÂL

l=1 d l
0(s)

ÂS
i=1 ÂL

l=1 d l
0(s)

For s = 1, . . . ,S and s0 = 1, . . . ,S, we compute

qss0 =
ÂL

l=1 ÂT�1
t=1 d l

t (s,s0)

ÂL
l=1 ÂT�1

t=1 d l
t (s)

=
ÂL

l=1 ÂT�1
t=1 d l

t (s,s0)

ÂL
l=1 ÂT�1

t=1 ÂS
j=1 d l

t (s,s0)
(A.1)

For s = 1, . . . ,S and k = 1, . . . ,M

ys(k) =
ÂL

l=1 ÂT�2
t=1,Yt=yk

d l
t (s)

ÂL
l=1 ÂT�2

t=1 d l
t (s)

(A.2)

Iteration process can be as follows: (1) Initialize L = (Q,Y,P). (2) Compute a l
t (s), b l

t (s),d l
t (s,s0), d l

t (s)

for l = 1, . . . ,L. (2) Re-estimate the model L = (Q,Y,P) using equations (A.1) and (A.2).
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If Pr(Y |L) increases, go to 2. The log-likelihood is given by:

logL = log
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+
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ul
s(t) = 1 iff xt = s for t = 1,2, . . . ,T for l = 1,2, . . . ,L

vl
ss0(t) = 1 iff xt�1 = s,xt = s0 for t = 2,3, . . . ,T for l = 1,2, . . . ,L

Dl
s(t) = 1 iff yl(t) = s for i=1,. . . ,M for l = 1,2, . . .L for t = 1,2, . . . ,T
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E Step:

Since the unobserved states X (T ) are not directly observable, we replace vl
ss0(t) and ul

s(t) with their

conditional expectations given the observations Y(T)l = (yl
1, . . . ,y

l
T ). ûl

s(t) = P(xt = s|Y(T)l) = at (s)bt (s)
LT

.

v̂l
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at�1(s)ass0bk(yt )bt (s0)
LT

logL =
L

Â
l=1

S

Â
s=1

ûl
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M Step:

The log likelihood functions are additively separable in P,Q,Y (F1(P),F2(Q),F3(Y)). Maximization

with respect to P: maxp F1(P) s.t. ÂS
s=1 ps = 1 gives

ps =
ÂL

l=1 ûl
s(t)

ÂS
s=1 ÂL

l=1 ûl
j(t)

=
ÂL

l=1 d l
0(s)

ÂS
s=1 ÂL

l=1 d l
0(s)

Maximization with respect to Q: maxQ={ass0 :s,s0=1,...,S} F2(Q) s.t. ÂS
s0=1 qss0 = 1 gives

qss0 =
ÂL

l=1 ÂT
t=2 v̂l

ss0(t)

ÂS
s0=1 ÂL

l=1 ÂT
t=2 v̂l

ss0(t)
=

ÂL
l=1 ÂT�1

t=1 d l
t (s,s0)
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Maximization with respect to Y: maxY={ys(k):k=1,...,M,s=1,...,S} ÂL
l=1 ÂT

t=2 ÂS
s=1 ÂM

k=1 ûl
s(t)Dl

k(t) logys(yl
t)

s.t. ÂM
k=1 ys(k) = 1 gives

ys(k) =
ÂL

l=1 ÂT
t=2 ûl

s(t)Dl
k(t)

ÂM
k=1 ÂL

l=1 ÂT
t=2 ûl

s(t)Dl
k(t)

=
ÂL
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t=1, D(Y l

t = k)d l
t (s)
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l=1 ÂT�2
t=1 D(Y l

t = k)d l
t (s)

A.3 Alternative Model with Unobserved Heterogeneity

In this Appendix, I consider several alternative models with unobserved heterogeneity. I

consider (1) Finite Mixture Model and (2) First Order Markov Model with Fixed Unob-

served Heterogeneity as in Browning and Carro (2014). I show that the HMM outperforms

these alternative models in capturing the persistent labor market dynamics.

A.3.0.1 Fixed Mixture Model

A Fixed Mixture Model is nested by the HMM considered in this paper. I consider nine

unobserved states, equal to the number considered by the HMM in this paper. This model

is equal to a HMM with the restriction that Q = IS. In this case, the model parameters

would be of the initial distribution and the observation matrix S�1|{z}
P

+S⇥ (M�1)| {z }
Y

= 26.

The likelihood function for the Finite Mixture Model is given by:

L (L|{yl}L
l=1) =

L
’
l=1

L l(L|yl) =
L
’
l=1

PŶ·yl
0

"
3

’
t=1

Ŷ·yl
t

#
I8
S

"
T
’

t=12
Ŷ·yl

t

#
1
0
S

The mean absolute deviation of the model is 4.08 percentage points.
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A.3.0.2 First Order Markov model with Fixed Unobserved Heterogeneity

A First Order Markov model with three types of unobserved heterogeneity is equiva-

lent to having P =


P1 P2 P3

�
, Y =

2

66664

IM

IM

IM

3

77775
, Q =

2

66664

Q1 0M 0M

0M Q2 0M

0M 0M Q3

3

77775
where Ps =

(ps,E , ps,U , ps,O) is the probability that a worker is assigned to type s and employment sta-

tus in the first period, IM is a M ⇥M identity matrix, Qs is the transition matrix for type

s 2 {1,2,3}, 0M is a M ⇥M null matrix, and ps,y = Pr(Y = y,S = s). This corresponds

to the FOM of observable labor force status with 3 unobserved types. The mean abso-

lute deviation is 1.88 percentage points. In this case the number of parameters is given

by (S�1)| {z }
P

+(3⇤ (M�1))| {z }
Qs0

⇤3 = 26 parameters. This model specification, however, does

not admit the possibility that a given worker could be changing her transition probability

over time (genuine duration dependence). Furthermore, Browning and Carro (2014) finds

that without additional covariates of observables (e.g. demographic information) the model

performs poorly for a long-term projection. HMM with S = 6 has lower mean absolute

deviation 1.37 with 47 parameters. However, the effective number of parameters (non-zero

parameters) is 36 because many entries are effectively zero (<0.0001).

A.4 Weighted Mean Absolute Deviation

Table A.2 shows the weighted mean absolute deviations. The HMM performs better here

than when evaluated based on the simple mean absolute deviation. The formula to calculate

this object is expressed as:

MADHMM = Â
y02Y

Â
y2Y

Â
t2T

(Pr(Y0 = y)) | Pr(Yt = y0|Y0 = y)HMM �Pr(Yt = y0|Y0 = y)Data | (A.3)
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Table A.2: Weighted Mean Absolute Deviations

Hidden Markov Model First Order Markov Model
MAD # of Para Model MAD # of Para

HMM3 2.04 14 FOMbase 9.48 6
HMM4 0.96 23 FOMmle 8.40 6
HMM5 0.72 34 FOMext 7.90 212
HMM6 0.37 47
HMM7 0.25 62
HMM8 0.24 79
HMM9 0.21 98
HMM10 0.19 119

Table A.3: One Month Ahead Transition Probability FOM vs HMM
One Month Ahead Transition Probability

FOM month 2
Employment Unemployment Out-of-the-Labor-Force

month 1 Employment 96.07 1.25 2.68
Unemployment 23.35 53.93 22.72

Out-of-the-Labor-Force 6.04 3.70 90.26
HMM month 2

Employment Unemployment Out-of-the-Labor-Force
month 1 Employment 96.21 1.25 2.54

Unemployment 24.05 53.62 22.33
Out-of-the-Labor-Force 6.28 3.70 90.00

Table A.4: Transition Probability One Year Later FOM vs HMM
Pr(Y12 = y12|Y1 = y1) for y 2 {E,U,O}

y12 : Labor Force Status in month 12
Employed (E) Unemployed (U) Out of the Labor Force (O)

y 0
:L

FS
in

M
on

th
0

Data
E

90.8 2.8 6.3
FOM 73.9 3.9 22.2
HMM 91.0 2.8 6.2
Data

U
49.3 24.0 26.7

FOM 60.6 4.9 34.6
HMM 49.6 22.9 27.6
Data

O
17.2 4.4 78.4

FOM 50.5 5.6 45.0
HMM 16.7 4.4 79.0
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Table A.5: Hybrid Model with More Observed States to Fit Transitions for Three Labor
Force Status

Hidden Markov Model
Column A Column B

# of Observed EUO # of Para FPUO # of Para
HMM3 2.92 14 1.06 17
HMM4 2.10 23 0.70 27
HMM5 1.45 34 0.67 39
HMM6 1.37 47 0.44 53
HMM7 0.89 62 0.34 69
HMM8 0.54 79 0.32 87
HMM9 0.29 98 0.19 107
HMM10 0.26 119 0.17 129

Table A.5 shows mean absolute deviations for transition probabilities between employment, unemployment,
and out of the labor force. “FPUO” in Column B incorporates additional information on full-time and part-
time workers in predicting transitions between employment, unemployment, and out of the labor force. It
shows that incorporating additional observed states would also improve the fit.

Table A.6: HMM Estimates P and Q

P: Initial Distribution Q: Transition Matrix for Labor Market Attachment

of Labor Market Attachment E1 E2 E3 U1 U2 U3 O1 O2 O3

E1 53.8 E1 99.5 0.1 0.4 0.0 0.0 0.0 0.0 0.0 0.0

E2 10.8 E2 1.2 91.9 0.8 6.1 0.0 0.0 0.0 0.0 0.0

E3 5.6 E3 4.5 1.4 66.5 0.2 0.0 0.0 27.3 0.0 0.0

U1 2.5 U1 0.0 32.1 0.7 60.3 4.6 0.0 1.2 1.1 0.0

U2 1.4 U2 0.0 0.0 0.0 5.3 90.5 0.0 0.0 4.2 0.0

U3 1.3 U3 0.0 0.0 6.4 0.0 0.0 36.6 5.6 51.5 0.0

O1 4.5 O1 0.0 0.0 26.6 1.8 0.0 1.1 65.2 0.2 5.1

O2 2.7 O2 0.0 0.1 0.0 1.9 1.2 20.0 1.7 72.6 2.5

O3 17.4 O3 0.0 0.0 0.0 0.0 0.0 0.0 1.1 0.5 98.4

74



Table A.7: Standard Deviation and 95 % Confidence Interval (Bootstrap)

P: Initial Distribution Y: Observation Matrix Q: Transition Matrix

SD(P) CR(95%) SD(P) CR(95%) Standard Deviations

E U O E U O E1 E2 E3 U1 U2 U3 O1 O2 O3

E1 0.4 [54.8,53.3] 0.0 0.0 0.0 [99.7,99.8] [0.0,0.0] [0.2,0.3] 0.1 0.1 0.0 0.0 0.0 0.0 0.0 0.0 0.0

E2 0.4 [11.3,9.8] 0.2 0.2 0.1 [97.6,98.4] [0.9,1.6] [0.6,0.8] 0.4 0.7 0.1 0.4 0.0 0.0 0.0 0.0 0.0

E3 0.1 [5.9,5.5] 0.1 0.1 0.0 [98.3,98.8] [1.2,1.7] [0.0,0.0] 0.1 0.2 0.5 0.1 0.0 0.1 0.4 0.0 0.0

U1 0.1 [2.6,2.4] 0.5 0.5 0.3 [4.3,6.1] [84.0,86.1] [9.2,10.3] 0.0 1.6 0.3 2.0 0.4 0.0 0.2 0.2 0.0

U2 0.1 [1.6,1.3] 0.2 0.8 0.8 [3.6,4.3] [85.6,88.7] [7.5,10.5] 0.0 0.0 0.0 0.4 0.4 0.0 0.0 0.2 0.0

U3 0.2 [2.0,1.3] 0.9 9.5 10.4 [5.6,9.9] [54.0,91.4] [0.0,40.6] 0.0 0.0 0.5 0.0 0.0 6.6 1.4 5.2 0.0

O1 0.1 [4.6,4.2] 0.0 0.3 0.3 [0.0,0.0] [2.1,3.7] [96.3,97.9] 0.0 0.0 0.5 0.1 0.0 0.2 0.7 0.6 0.3

O2 0.4 [3.9,2.5] 0.0 0.5 0.5 [0.0,0.0] [0.0,0.0] [100.0,100.0] 0.0 0.1 0.0 0.2 0.2 2.4 0.5 2.9 0.7

O3 0.5 [17.6,15.8] 0.0 0.0 0.0 [0.4,0.5] [0.0,0.1] [99.4,99.5] 0.0 0.0 0.0 0.0 0.0 0.0 0.1 0.1 0.2

Q: Transition Matrix: CR(95%)

States E1 E2 E3 U1 U2 U3 O1 O2 O3

E1 [99.6,99.3] [0.2,0.0] [0.5,0.4] [0.0,0.0] [0.0,0.0] [0.0,0.0] [0.0,0.0] [0.0,0.0] [0.0,0.0]

E2 [2.2,0.7] [92.7,90.2] [0.9,0.6] [7.0,5.6] [0.0,0.0] [0.0,0.0] [0.0,0.0] [0.0,0.0] [0.0,0.0]

E3 [4.9,4.3] [1.8,1.0] [67.5,65.4] [0.4,0.0] [0.0,0.0] [0.2,0.0] [28.1,26.4] [0.0,0.0] [0.0,0.0]

U1 [0.0,0.0] [35.5,29.3] [1.4,0.2] [63.6,56.1] [5.4,3.9] [0.0,0.0] [1.7,0.7] [1.5,0.7] [0.0,0.0]

U2 [0.0,0.0] [0.0,0.0] [0.0,0.0] [6.1,4.4] [91.6,89.7] [0.0,0.0] [0.0,0.0] [4.5,3.9] [0.0,0.0]

U3 [0.0,0.0] [0.0,0.0] [7.2,5.1] [0.0,0.0] [0.0,0.0] [61.2,33.4] [7.0,0.4] [54.2,32.9] [0.0,0.0]

O1 [0.0,0.0] [0.0,0.0] [28.0,25.9] [1.9,1.6] [0.0,0.0] [1.4,0.4] [66.2,63.7] [1.9,0.0] [5.3,4.3]

O2 [0.0,0.0] [0.5,0.0] [0.0,0.0] [2.2,1.5] [1.4,0.6] [21.3,11.3] [3.4,1.1] [82.6,71.0] [2.9,0.0]

O3 [0.0,0.0] [0.0,0.0] [0.0,0.0] [0.0,0.0] [0.0,0.0] [0.0,0.0] [1.2,0.8] [0.5,0.1] [99.1,98.4]
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Table A.8: Monte Carlo Exercise: P and Y

P: Initial Distribution
Bias (E(P)�P) SD(P) CR(95%)

E1 -2.6 1.6 [59.7 , 53.6]
E2 1.4 1.5 [11.9 , 6.5]
E3 1.3 0.6 [5.7 , 3.7]
U1 0.3 0.3 [2.6 , 1.7]
U2 -0.2 0.2 [2.1 , 1.3]
U3 -0.1 0.2 [1.9 , 1.2]
O1 0.9 0.5 [4.5 , 2.8]
O2 0.1 0.3 [3.4 , 2.0]
O3 -1.0 0.5 [19.3 , 17.3]

Y: Observation Matrix
Bias (E(Y)�Y) SD(Y) CR(95%)
E U O E U O E U O

E1 0 0 0 0 0 0 [99.7,99.7] [0,0.1] [0.3,0.3]
E2 0.2 -0.1 0 0.3 0.3 0.1 [97.1,98.4] [0.9,1.9] [0.6,0.9]
E3 0.4 -0.1 -0.2 0.5 0.1 0.5 [96.5,98.6] [1.4,2] [0,1.7]
U1 0.2 0 -0.2 0.5 0.5 0.2 [4.3,6.2] [83.7,85.9] [9.5,10.3]
U2 0 0.1 0 0.1 0.3 0.2 [3.7,4.2] [87.3,88.4] [7.8,8.6]
U3 0.4 2.4 -2.9 0.9 8.3 9.1 [6.5,9.8] [66.5,91.7] [0,26.5]
O1 -0.3 -0.3 0.6 0.6 0.3 0.7 [0,2.1] [2.3,3.3] [94.9,97.7]
O2 -0.2 -1.6 1.8 0.2 2 2.2 [0,0.7] [0,6.2] [93,100]
O3 0 0 0 0 0 0 [0.4,0.5] [0.1,0.2] [99.4,99.5]

To see how accurately the MLE with an EM algorithm can estimate the true parameter values, I present

Monte Carlo results for the HMM with 9 unobserved states. I assume that the HMM estimates in the paper

are the true data-generating process. I simulate 500 sample sets with size equal to the number of observations

in the data: N=2,420,463. I estimate the HMM model using the MLE with an EM algorithm and calculate

the summary statistics of the estimates from the simulated data. Table A.8 presents the bias and the standard

deviation (SD), and 95 percent confidence intervals (CR(95%)).
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Table A.9: Monte Carlo Exercise: Q

Q: Transition Matrix
Bias (E(Q)�Q) (in %) SD(Q) (in %)

States E1 E2 E3 U1 U2 U3 O1 O2 O3 E1 E2 E3 U1 U2 U3 O1 O2 O3
E1 0.0 0.1 0.3 -0.1 0.0 0.0 -0.2 0.0 0.0 0.1 0.0 0.2 0.1 0.0 0.0 0.1 0.0 0.0
E2 0.4 0.3 0.5 -0.4 -0.2 -0.1 -0.5 0.0 0.0 0.7 0.7 0.3 1.1 0.4 0.1 0.3 0.0 0.0
E3 2.9 0.9 -0.3 0.2 0.0 0.0 -0.5 -0.9 -2.3 2.0 0.6 0.7 0.1 0.0 0.1 2.9 0.7 1.9
U1 -3.2 0.4 0.6 0.9 0.7 -0.2 0.5 0.7 -0.4 3.4 4.4 0.3 1.4 1.8 0.3 0.4 0.5 0.3
U2 -0.1 -1.4 0.0 1.8 -0.2 -0.2 0.0 0.3 -0.1 0.2 2.0 0.0 2.3 0.4 0.7 0.1 0.7 0.2
U3 -0.8 -1.6 0.9 -0.6 -0.2 -1.4 3.1 4.2 -3.7 0.6 1.4 0.7 1.0 0.7 4.7 2.1 6.0 2.7
O1 -2.9 -0.9 0.9 0.1 -0.1 0.5 -0.1 0.2 2.2 1.8 0.6 2.8 0.2 0.1 0.6 0.8 0.1 2.1
O2 -0.1 0.0 -1.3 0.7 -0.1 -0.1 0.6 -1.0 1.4 0.2 0.1 1.1 0.9 0.4 2.7 0.6 2.0 1.2
O3 0.0 0.0 -0.4 -0.1 0.0 -0.3 0.7 0.3 -0.2 0.1 0.0 0.3 0.0 0.0 0.2 0.5 0.2 0.1

Q: Transition Matrix
CR(95%) (in %)

E1 E2 E3 U1 U2 U3 O1 O2 O3
E1 [99.6 , 99.4] [0.1 , 0.0] [0.4 , 0.0] [0.2 , 0.0] [0.0 , 0.0] [0.0 , 0.0] [0.4 , 0.0] [0.0 , 0.0] [0.1 , 0.0]
E2 [2.2 , 0.0] [92.7 , 90.1] [0.9 , 0.0] [8.7 , 4.7] [1.2 , 0.0] [0.3 , 0.0] [0.9 , 0.0] [0.1 , 0.0] [0.1 , 0.0]
E3 [5.1 , 0.0] [1.7 , 0.0] [68.7 , 65.8] [0.3 , 0.0] [0.1 , 0.0] [0.2 , 0.0] [33.3 , 22.3] [2.2 , 0.0] [5.3 , 0.0]
U1 [9.0 , 0.0] [40.9 , 24.3] [1.0 , 0.0] [61.9 , 56.4] [5.7 , 0.0] [1.0 , 0.0] [1.5 , 0.1] [1.5 , 0.0] [0.9 , 0.0]
U2 [0.8 , 0.0] [5.1 , 0.0] [0.1 , 0.0] [5.7 , 0.0] [91.5 , 90.0] [2.4 , 0.0] [0.3 , 0.0] [4.6 , 1.8] [0.6 , 0.0]
U3 [2.1 , 0.0] [4.5 , 0.0] [7.0 , 4.3] [2.8 , 0.0] [3.2 , 0.0] [48.0 , 33.3] [6.4 , 0.0] [58.5 , 36.4] [7.5 , 0.0]
O1 [5.1 , 0.0] [2.0 , 0.0] [32.3 , 21.5] [1.9 , 1.3] [0.4 , 0.0] [1.6 , 0.0] [67.4 , 64.3] [0.3 , 0.0] [5.4 , 0.0]
O2 [0.6 , 0.0] [0.4 , 0.0] [3.1 , 0.0] [2.6 , 0.0] [1.9 , 0.0] [25.2 , 15.1] [2.2 , 0.0] [78.2 , 70.5] [3.2 , 0.0]
O3 [0.1 , 0.0] [0.1 , 0.0] [0.8 , 0.0] [0.1 , 0.0] [0.0 , 0.0] [0.5 , 0.0] [1.1 , 0.0] [0.6 , 0.0] [98.7 , 98.4]

To see how accurately the MLE with an EM algorithm can estimate the true parameter values, I present Monte Carlo results for the HMM with 9 unobserved

states. I assume that the HMM estimates in the paper are the true data generating process. I simulate 500 sample sets with size equal to the number of

observations in the data: N=2,420,463. I estimate the HMM model using the MLE with an EM algorithm and calculate the summary statistics of the

estimates from the simulated data. Table A.9 presents the bias, the standard deviation (SD), and 95 percent confidence intervals (CR(95%)).
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A.5 Expected Number of Years in Employment Lost from Separating

from Stable Employment

Column A in Table A.11 shows expected number of years in employment over the next 20

years if a worker remains employed, or becomes unemployed this month after three consec-

utive years of employment. Column B in Table A.11 shows the expected number of years

in employment lost by becoming unemployed relative to the control group who stayed em-

ployed (Column B). We first observe that across education groups, prime-aged workers

(aged 25-39 and 40-54) have the longest expected number of years in employment in the

next twenty years if they were employed for the past three consecutive years. Across differ-

ent age groups, more-educated workers enjoy more-stable employment in the future than

less educated workers. For example, if a male, 40-54–year-old college-educated worker

has been employed for the last three years and remains employed this month, the worker

is expected to be employed for 19 years out of the next 20. A male 40-54-year-old worker

with a high school degree or less is expected to be employed for less than 17 years over the

next 20. The same pattern holds for women as well. In the 1970s, while a 40-54–year–old

college–educated female worker is expected to be employed for 19 years, a 40-54–year–old

female worker with a high school degree or less is expected to be employed for less than 16

years over the next 20. Moreover, young workers with a high school education or less have

suffered a decline in the expected number of years in employment. In the 1980s, if a 25-

39-year-old male worker with high school education or less was expected to be employed

for 18 years, but this number declined to 17 years in the 2000s. However, in general, both

male and female workers in most age and education groups did not see large changes in the

expected number of years in employment for the next 20 years over the past three decades.

We now look at the expected number of years in employment lost due to separating

from stable employment (Column B). We find that the number of years in employment lost
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Table A.10: Within Labor Market Attachment Statistics

Key Characteristics of Labor Market Attachment States (Within)
Labor Market Attachment

Employment Types E1 E2 E3 Share in E
Full Time 85.1 76.3 56.4 81.8
Part-Time for Economic Reasons 2.7 6.4 5.4 3.4
Part-Time for Non Economic Reasons 12.2 17.3 38.2 14.8

Unemployment by Reasons U1 U2 U3 Share in U
Temporary Layoff 19.3 7.4 5.2 13.2
Job Loser 36.6 44.4 19.3 34.2
Re-Entrant / New-Entrant 24.6 30.8 63.0 10.5

Out of the Labor Force O1 O2 O3 Share in O
Marginally Attached 15.0 24.4 11.4 2.1
Others 85.0 75.6 88.6 97.9
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is smaller for younger workers than older workers across educational groups. For instance,

in the 1980s, while a 25-39–year–old man with high school degree or less suffers one fewer

year employment relative to the control group who did not experience unemployment, a 40-

54 year old man with the same education level would suffer 2 years of loss in employment

over the next 20 in the event of separation. In addition, the expected number of years in

employment lost after separating from a stable employment is generally smaller for workers

with more education. For example, in the 2000s, for a female worker between 25 and 39

years old, the expected loss in employment due to separation is 2.7 years if she has a high

school degree or less. For a female worker with some college, this number is 1.8 years.

If she has a college degree, it is 1.4 years. Thus, this section showed the new estimates

of expected years in employment for the next twenty years by sex ⇥ age ⇥ education

groups. We find that the more–educated prime-age workers enjoy stable employment, and

the expected number of years lost in employment due to separation is also generally greater

for less–educated older workers.

A.6 Detailed Employment Stability Analysis

Davis and Haltiwanger (2014) look at how employment rates have changed over the last

several decades for different demographic groups.2 Their analysis answers how the inci-

dence of employment has changed but does not answer whether or not employed workers

are experiencing more-stable employment. In this section, I apply the HMM estimates to

answer the second question. Specifically, I document how stable-employment rates of em-

ployed workers—percent of employed workers in the most stable employment state (E1)—

2. See, for instance, Hall (1982), Farber (2004), Gottschalk, Moffitt (1999), and Jaeger and Stevens (1999)
discuss the employment stability of workers in terms of job tenure at a particular employer. The job stability
in my paper focuses on general employment stability allowing job-to-job transitions without going through
unemployment.
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Table A.11: Expected Years of Employment in Next 20 Years After 3 Years of Continuous
Employment

Column A Column B
Expected # of Years in

Employment in next 20 Years after
3 Years of Continuous Employment Expected # of Years
If Stayed If Became Employment Lost
Employed Unemployed in Next 20 Years

Sex Education Age 1980s 1990s 2000s 1980s 1990s 2000s ’80s 90s ’00s

Men

High 16-24 16.1 15.9 14.5 15.1 15.2 13.3 .98 .73 1.24
School 25-39 18.2 17.9 16.9 17.2 16 15 1.02 1.86 1.84

and 40-54 16.7 16.7 16.4 14.6 14.6 13.1 2.11 2.15 3.33
Less 55-64 8.7 10.9 10.4 6.3 7.3 7.4 2.45 3.59 3.05

16-24 16.5 17.2 16.3 15.6 16.3 14.8 .91 .88 1.48
Some 25-39 18.9 18.6 18.4 17.8 17.5 16.8 1.11 1.11 1.61

College 40-54 17.8 17.9 16.8 14.6 16.2 14.9 3.25 1.64 1.95
55-64 10 11.6 12.8 6 9 8.2 4.05 2.57 4.64
16-24 18.2 18.4 17 17.5 17.5 14.6 .79 .86 2.32

College 25-39 19.4 19.3 18.9 18.5 18.6 18 .85 .7 .88
and 40-54 18.9 18.9 18.5 17.8 17.7 16.7 1.07 1.17 1.81

more 55-64 11.7 12.7 13.6 7.5 10.2 10.1 4.22 2.51 3.47

Women

High 16-24 14.9 14.4 12.9 13.8 13.6 11.9 1.11 .81 1.03
School 25-39 15.7 17.2 15.5 13.6 14.1 12.8 2.06 3.1 2.72

and 40-54 15.5 16 17.8 13 13 12.9 2.5 3.02 4.91
Less 55-64 11.7 9.8 10.3 6.4 6.8 7.3 5.33 3.04 2.98

16-24 16.3 17.5 17.3 15.4 16.6 15.6 .93 .93 1.65
Some 25-39 16.7 16.8 16.1 14.8 15.3 14.2 1.97 1.57 1.83

College 40-54 17.1 16.8 16.6 14.8 15.2 14.3 2.29 1.59 2.31
55-64 10.3 11.5 13.5 7 8.5 9 3.33 3.01 4.58
16-24 18.5 19.1 14.6 17.3 18.1 12.6 1.17 1.06 2.01

College 25-39 17.4 17.2 16.7 15.9 16 15.3 1.48 1.15 1.4
and 40-54 19.2 18.2 17.8 17.2 17 16.3 2.06 1.29 1.53
more 55-64 11.7 14.3 12.9 8.2 5.9 9.4 3.49 8.33 3.48
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Figure A.1. Employment Rate and Stable-Employment Rate
Panel A Panel B
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Figure A.1 plots the employment rate and stable-employment rates for men and women between 35 and 45
years old, analogous to Figure 6.3.
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have evolved during the last several decades across different demographic groups.3 I find

that while employment rates for men have declined and employment rates for women have

increased over time, changes in employment stability are rather small.

I first review incidence of employment for different demographic groups. I follow the

analysis of Davis and Haltiwanger (2014) and focus on the three year average for the fol-

lowing periods: 1977-1979, 1987-1989, 1998-2000, and 2012-2014.4 Panel A in Figure

6.3 plots the employment rates of men by age and education groups over different time

periods. Employment rates are higher for more educated workers across age groups. Em-

ployment rates have an inverse U shape over age with the employment rates being higher

for prime age workers (between 25 to 50 years old) than for younger (less than 25 years

old) and older (50 + years old) workers across all education group. Since the late 1970s,

the employment rates for men fell across all education groups. The decline in employment

rates in the past several decades is more pronounced for older men with less education.

On the other hand, the employment rate did not fall much for men with college or more

education. For example, between 1977-1979 and 1987-1989, the average employment rate

of men with less than a high school education has declined from 82 percent to 74 percent

3. The stable-employment rates are calculated by applying the HMM estimates to the eight month labor
force status history for workers during the different time periods studied here.

4. Note that aggregate employment rates were similar for these periods (with slightly lower employment
rate in 2009-2011). As a robustness check, instead of dividing the periods into 1977-1979, 1987-1989, 1998-
2000, and 2012-2014, I have also divided periods into the 1970s, the 1980s, the 1990s, and the 2000s, and I
still observe similar patterns in age profile of the employment rates by education groups of men and women.
Since I limit the sample to the population that for whom I observe complete 8 months of labor force status,
there are more noises for each age bin than in Davis and Haltiwanger (2014) who use all eight rotational
groups. I smooth the noise in the data by calculate the average workers of of workers +/- 2 years of age. For
example, employment rate at age 30 in the figure means the average employment rate for workers between 28
and 32 years old. Thus, the interpretation of employment rate at each age is the average of +/- 2 age group.
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while the employment rate for men with college degrees has declined from 92 percent to

90 percent.5

This observation from employment rates alone could give an impression that all men

within the same education category have suffered a deterioration in labor market condi-

tions. However, employment stability rates, the percent of employed workers in the most

stable employment state (E1) based on the HMM estimates, provide more in-depth insights

into the changes in labor market conditions over time. Panel B in Figure 6.3 plots the

employment stability rates of men by age and education group over different time peri-

ods. First, while employment rates for men across education groups reach the peak over

around age 25, the employment stability rates do not reach their peak until ages 45 to 50

years for less educated men (high school or less). Men with some college or more ed-

ucation enjoy not only a high employment rate starting at age 25, they also enjoy stable

employment when they are younger. Second, stable-employment rates do not decline as

sharply as employment rates for older men across all education groups. Indeed, for men

with a high school education or less, while employment rates are lower for men between

50 and 55 years old than men between 30 and 40 years old, employment stability is slightly

higher for men between 50 and 55 years old than men between 30 and 40 years old. In

other words, among the less–educated men, while a smaller fraction of men older than 50

years old are employed than their younger counterparts, conditional on being employed,

older employed workers are more likely to have stable employment. For example, between

1987-1989, while employment rate of men with high school degree declines from 90 per-

cent for 50 years old to close to 60 percent for 55 years old, the stable-employment rate for

these age groups only declines from 80 percent to 75 percent.

5. For average employment rate, I calculate the average employment for workers older than 22 years old.
The purpose of this is to make the number comparable across different education groups because most college
educated workers do not enter the labor force until 22 years old.
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We now look at changes in stable-employment rates for men over time. Except for the

2012-2014 decline in employment stability after the Great Recession, we do not observe a

clear sign of deterioration in employment stability across all education groups. There are

small decline in employment stability for older workers, but the changes are not as stark

as the employment rates in Panel A. For example, between 1977-1979 and 1987-1989, the

stable-employment rate—the percent of employed workers in the most stable employment

state—for men with a high school education has declined only by 1.4 percentage points

from 81 percent to 79 percent. For men with a college education, the stable-employment

rate declined only by 0.8 percentage points from 84 percent to 83 percent during the same

period. Thus, we can conclude that while men, especially less–educated men, have suffered

a decline in the employment rates, conditional on being employed, men seem to enjoy

similar employment stability in the recent decade than in the late 1970s.

We now turn to changes in employment conditions for women. Panel A in Figure

A.3 plots the employment rates of women by age and education group over different time

periods. Employment rates are higher for women with more education than women with

less education. Since the late 1970s, the employment rates for women have increased across

education groups. For example, between 1977-1979 and 1987-1989, the employment rate

for 30–year–old women with some college education has increased from 65 percent to 76

percent. For the same period, the employment rate for 30 year old women with a high

school diploma has also increased from 56 percent to 65 percent.

However, stable-employment rates of women show a different picture of the labor mar-

ket conditions for women. Panel B in Figure A.3 plots the stable-employment rates of

women by age and education group over different time periods. Similar to men, while em-

ployment rates for older women are lower than for their younger counterparts, conditional

on being employed, the older female workers enjoy more stable employment. While em-

ployment stability for younger workers improves slightly, employment stability for older
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female workers did not improve much. For example, between 1977-1979 and 1987-1989,

while the stable-employment rate for 25 year old women with some college education in-

creased by 5 percentage points (from 72 percent to 77 percent), the stable-employment rate

for 50 year old women with some college education increased by less than 0.5 percentage

points (from 79.3 to 79.8 percent). On average, the stable-employment rate between 1977-

1979 and 1987-1989 for women with some college saw a mild improvement (a 2.8 per-

centage point increase). Since the late 1980s, however, the employment stability of women

has not seen significant improvement. Therefore, while employment rates for women gen-

erally have improved since the late 1970s, improvement in their employment stability in

more recent decades has been mild.

Therefore, while the large decline in employment rates for men suggests that employ-

ment situations for men have deteriorated, the mild decline in employment stability sug-

gests that male employed workers still enjoy relatively stable employment. In other words,

while less men are working, conditional on working, men still do seem to enjoy stable

employment. On the other hand, while more women are working, and employed women

are enjoying more stable employment than in the late 1970s, since the 1980s, employment

conditions for working women do not seem to have changed much. In sum, this section has

shown that while looking at employment rates alone suggests that labor market conditions

for men have deteriorated while those for women have improved, employed men continue

to enjoy stable employment while female workers’ employment stability did not drastically

improve since the 1990s.
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Figure A.2. Age Profile of Employment Rates by Education for Sub-Periods: Men

Panel A
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Figure A.2. (Cont’d) Age Profile of Employment Rates by Education for Sub-Periods:

Men

Panel B
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Figure A.3. Age Profile of Employment Rates by Education for Sub-Periods: Women

Panel A

3
0

4
0

5
0

6
0

7
0

8
0

9
0

1
0
0

E
m

p
lo

ym
e
n
t 
R

a
te

 (
%

)

20 30 40 50 60
age

1977−1979 1987−1989

1998−2000 2012−2014

Employment Rate: Females, < High School

3
0

4
0

5
0

6
0

7
0

8
0

9
0

1
0
0

E
m

p
lo

ym
e
n
t 
R

a
te

 (
%

)

20 30 40 50 60
age

1977−1979 1987−1989

1998−2000 2012−2014

Employment Rate: Females, High School

3
0

4
0

5
0

6
0

7
0

8
0

9
0

1
0
0

E
m

p
lo

ym
e
n
t 
R

a
te

 (
%

)

20 30 40 50 60
age

1977−1979 1987−1989

1998−2000 2012−2014

Employment Rate: Females, Some College

3
0

4
0

5
0

6
0

7
0

8
0

9
0

1
0
0

E
m

p
lo

ym
e
n
t 
R

a
te

 (
%

)

20 30 40 50 60
age

1977−1979 1987−1989

1998−2000 2012−2014

Employment Rate: Females, College +

89



Figure A.3. (Cont’d) Age Profile of Employment Rates by Education for Sub-Periods:
Women

Panel B
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Figure A.4. Evolution of Labor Market Attachments Around the 1981 and 2008 Reces-
sions
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Figure A.4 plots the evolution of inflows of workers in different attachment states as percent of population
around the 1981 and 2007 recessions. At the onset of both recessions, the share of workers in the most
stable employment (E1) declined, and employed workers with less stable employment (E2) comprised an
increasing share of employed workers. Toward the end of the recession, the share of workers with most
stable employment (E1) recovered and the share of employed workers with less stable employment (E2)
subdued. Among the workers in the unemployment prone states, the share of the most unemployment prone
states increased as the economy went deeper into recession and continued to increase even after the official
date of recession ended. Among the workers in the out of the labor force prone states, the share of workers
more attached to unemployment (O2) increased along with workers who are in the most persistent O state
(O3).
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