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RESUMEN

En este trabajo, yo estudio cómo una separación laboral involuntaria afecta a la movilidad in-
tertemporal en la distribución de ingresos laborales de los trabajadores. Con ese fin, uso datos de
Panel Study Income Dynamics (PSID) de los años 1973-2017 para construir matrices de proba-
bilidad de transiciones y para obtener estimadores a través de una regresión logı́stica ordenada.
Encontré que estar desplazado laboralmente aumenta la probabilidad de que el trabajador este
en deciles de ingreso inferiores en contraste a los resultados de un trabajador que nunca ha ex-
perimentado desplazamiento. La reducción de horas trabajadas, largos perı́odos de desempleo
y la destrucción de capital humano especı́fico deprecian el valor de mercado de un trabajador
desplazado, ası́ se generan pérdidas de ingreso significativas.

Palabras clave: PSID, desplazamiento laboral, movilidad inter-generacional, movilidad de
ingresos, economı́a laboral.



7

ABSTRACT

I study how involuntary job loss affects workers’ inter-temporal labor earnings mobility. I use
Panel Study Income Dynamics (PSID) 1973-2017 survey waves to construct transition proba-
bility matrices and compute ordered logistic regression estimates. I find that being displaced
increases downward mobility compared to never displaced workers. The reduction of hours
worked, large spells of unemployment and the destruction of firm-specific human capital depre-
ciate the market value of a displaced worker generating significant labor income losses.

Keywords: PSID, displacement, involuntary job loss, inter-generational mobility, income mo-
bility, labor economics.
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1 Introduction

From 1973 to 2017, nearly 14% of workers have experienced displacement in the United States.

After two years of involuntary job loss, displaced workers perceive, on average, $14,622 annual

labor earnings while never displaced individuals earn $27,388. This significant gap shows the

importance of being aware of how displacement influences movements throughout the labor

income distribution and its implications for policies designed to mitigate the adverse effects of

unemployment. With this in mind, how displacement affects long-term income mobility?

To answer this question, I use the 1973-2017 survey waves of the Panel Study Income

Dynamics (PSID) to analyze how involuntary job loss affects workers’ inter-temporal labor

earnings mobility across time. To study the impact of displacement, I construct transition prob-

abilities to compare mobility patterns among displacement status. Furthermore, I use an ordered

logistic regression to estimate the long-term income loss of displaced individuals. Then, I use

these estimates to calculate the probability of a displaced worker being in any decile of the

income distribution relative to never displaced workers. The increased probability of moving

downward after displacement occurs because displacement alters the labor income by decreas-

ing hours worked, causing spells of unemployment, and destroying human capital.

I contribute to the existing literature on labor displacement in two ways. First, by extend-

ing the time horizon for the analysis, I show that displacement adverse effects are more severe

two years after displacement increasing the probability of being at the bottom half of the labor

income distribution by 135% in contrast to the probability in the year of displacement. Second,

by using transition matrices and ordered logistic regression, I can compare mobility over dis-

placed and never displaced workers considering the effects of specific demographic traits. The

pre-displacement income gap is significant in the transition matrices where I do not control for

individual characteristics. Also, the post-displacement gap tends to close faster when I control

for specific workers’ attributes.
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Literature on the effects of involuntary job losses begins with magnitude estimations of

income losses (Fallick, 1996; Kletzer, 1998; Jacobson et al., 1993). It has also been done

using large data sets like the PSID (Ruhm, 1991; Stevens, 1997; Jolly, 2013; Berry et al., 1988;

Gittleman & Joyce, 1999). A compact summary of the main results across several data sets can

be found in Couch & Placzek (2010).

Another approach taken in the literature is the study of trends upon job losses (Lachowska

et al., 2018) and the persistence of its adverse effects (Stevens, 1997). Some have explained

these losses using a displacement typology (Gibbons & Katz, 1991) and demographic traits

(Addison & Portugal, 1989). Also, some explanations for the variations on the empirical re-

sults are labor market conditions (Kaplan et al., 2005), losses in firm wage premiums (Fackler

et al., 2017), idiosyncratic ability (Kriechel & Pfann, 2003), and transferability of human capital

across occupations (Ormiston, 2014).

Nevertheless, there is little literature that focus on mobility and displacement. Berry et al.

(1988) find an increase of the proportion of workers with earnings below than $10,000 due to

displacement, while Gittleman & Joyce (1999) use probit models to explore how voluntary and

involuntary job losses affect mobility. On the other hand, DiPrete (2002) finds that the probabil-

ity of entering poverty increases due to displacement. This goes in line with Jolly (2013), where

he finds that the probability of being at the bottom half of the earnings distribution increases

significantly, not only in the year of displacement, but also several years after. Furthermore,

he considers additional measures of financial well-being that reduce the short and long-term

impact of displacement.

This paper is organized as follows. Section 2 presents the methodology. In Section 3, I

describe the data. Then, Section 4 provides the results, and Section 5 concludes and provides a

brief discussion on further steps to study the long-term effects of job displacement.
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2 Methodology

My primary goal is to study the effects of job displacement on an individual’s movement over

the ranking in labor income distributions. For this reason, this analysis uses two methodologies:

transition matrices and ordered logistic regression. Each approach observes how displacement

affects income mobility over time. The first provides a brief overview of the probability of work-

ers’ movements across the distribution and gives information about the persistence of income

shocks. The second approach permits the identification of factors that influence the workers’

movement throughout income deciles.

2.1 Transition matrices

Transition matrices estimate the probability of specific movements across the distribution over

time. They also provide information about the persistence of income shocks, allowing to ob-

serve if the negative shock of being displaced is persistent or not. On the one hand, if the shock

is persistent, the probability of moving between deciles will increase. On the other hand, if the

shock is transitory, the probability of changing income deciles will be the same in the short and

long run. The first step to build transition matrices is to generate labor income deciles over the

sample’s distribution. This procedure maintains the upper and lower distribution bounds fixed

over the estimations. Later on, it is necessary to split the sample among displaced and never

displaced individuals to identify their differences.

This section uses the same notation and methodology as Jolly (2013). It starts with the

formulation of binary variables that capture movements across deciles for every individual of

each data subset. I follow each transition by the indicator ρ
t,t+r
i,d,l which is equal to 1 if the

individual i moves from decile d to decile l between periods t and t + r. Then, I create new



13

variables according to the movements’ direction and magnitude. For example, the variable

upward 8 refers to the sum of individuals’ movements from decile 1 to decile 9 and decile 2 to

decile 10, Upward 8 = ∑
n
i ρ

t,t+r
i,1,9 +∑

n
i ρ

t,t+r
i,2,10.

The reference point t differs from each data subset. On the one hand, the displaced work-

ers’ reference period is four years before the job loss, ensuring previous labor market attach-

ment. On the other hand, the reference point for the never displaced comes from a random

number among periods that follow a uniform distribution.

2.2 Ordered Logistic Regression

Its construction begins by estimating an earnings equation using a fixed-effects estimator to

observe the process of wage determination. This data then allows the computation of income

deciles given the parameter estimates distribution. Furthermore, I use an ordered logistic regres-

sion where the estimated deciles are the dependent variable. Each outcome’s marginal effects

represent the probability of being at any decile in a specific period.

The earnings equation (1) is similar to the one used by Couch & Placzek (2010):

y∗it = xitθ + ∑
k≥−4

Dk
isδk + γt + εit + vi, (1)

where xit includes demographic characteristics of the sample and quadratic potential ex-

perience, and θ captures the effect of these traits. In addition, Dk
is is a dummy variable equal to

1 if the individual experiment displacement in year s, k indexes these variables four years before

the job loss. Also, γt are the period dummy variables and εit is the time-variant error. Finally, vi

is the time-invariant and unobserved individual effect, and it has independence of the observed
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predictor variables. The latter are independently and randomly distributed as normal with mean

zero and known variances, σ2
v and σ2

ε respectively.

The individual i falls in one of the following categories, where α js are the lower and upper

bounds of each decile:

yit =


1 if y∗it ≤ α1,

2, ...,9 if α j−1 < y∗it ≤ α1

10 if y∗it > α9.

∀ j = 2, ...,9, (2)

To obtain the probability that yit takes in each decile, I use an ordered logistic regression.

To simplify notation, I assume:

zitβ = xitθ + ∑
k≥−4

Dk
isδk + γt , (3)

then, I plug (3) in (2):

yit =


1 if zitβ + εit + vt ≤ α1,

2, ...,9 if α j−1 < zitβ + εt + vt ≤ α1

10 if zitβ + εt + vt > α9,

∀ j = 2, ...,9, (4)

and, after rearranging, I obtain:
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yit =


1 if εit ≤ α1− (zitβ + vt),

2, ...,9 if α j−1 < εit ≤ α1− (zitβ + vt)

10 if εit > α9− (zitβ + vt).

∀ j = 2, ...,9, (5)

The probability of each case is easy to obtain due to the normal distribution assumption

on εit and vt . It goes as follows:

P(yit = 1|zit ,vi) = P(y∗it ≤ α1|zit ,vi)

= Λ

[
α1− (zitβ + vt)

σε

]
,

P(yit = 2|zit ,vi) = P(α1 < y∗it ≤ α2|zit ,vi)

= Λ

[
α2− (zitβ + vt)

σε

]
−Λ

[
α1− (zitβ + vt)

σε

]
,

...

P(yit = 9|zit ,vi) = P(α8 < y∗it ≤ α9|zit ,vi)

= Λ

[
α9− (zitβ + vt)

σε

]
−Λ

[
α8− (zitβ + vt)

σε

]
,

P(yit = 10|zit ,vi) = P(y∗it > α9|zit ,vi)

= 1−Λ

[
α9− (zitβ + vt)

σε

]
,

(6)

where the parameters α and β are estimated through the log-likelihood function:
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Lit(α,β ) = 1[yit = 1]log[Λ(α1− zitβ )]

+1[yit = 2]log[Λ(α2− zitβ )−Λ(α1− zitβ ]

+ · · ·+1[yit = 10]log[1−Λ(α9− zitβ )].

(7)

Since β ’s magnitude is not my primary interest, I focus on the outcomes’ marginal effects.

These can be obtained by taking the derivative of (6) with respect to xit :

δ p1(x)
δxit

=−βitΛ(α1− zitβ ),

δ p2(x)
δxit

= βit [Λ(α2− zitβ )−Λ(α1− zitβ )],

...

δ p10(x)
δxit

=−βitΛ(α9− zitβ ).

(8)

3 Data

I use the Panel Study of Income Dynamics (PSID) of the US. It is currently the most compre-

hensive longitudinal household survey, starting in 1986 until nowadays. Consequently, it was

annually conducted from 1968 to 1997 and biennially thereafter. By these methods, the PSID

collects information for 18000 individuals of 5000 families. Comprehensively, it covers topics

like employment, income, wealth, and expenditures, among others.

I draw on biennial data from 1973 to 2017 to follow individuals over the same time inter-

vals. The subjects of analysis are male heads of households between 25 and 61 years old who
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reported non-zero labor earnings. I follow these selection criteria to avoid potential biases due

to maternity, child-rearing, and retirement.

The household’s heads financial well-being measure is the reported annual labor earnings1

converted to real dollars using the 1982-1984=100 Consumer Price Index. These earnings act

as the direct reward of being involved in the labor force. It is crucial to notice that the reported

labor earnings refer to the annual’s income of the year before the survey. For that reason, the

analysis covers 1972 to 2016 annual labor earnings.

An individual is categorized as displaced when he has experienced involuntary job loss

due to plant closure or laid-off. Displacement occurs in the calendar year before the survey

wave, and I only follow up the first displacement. All displaced workers must have four con-

secutive years of positive labor earnings before displacement occurs, to ensure previous labor

market attachment. This definition is consistent with the one used by Jolly (2013). The other

group subject to analysis are the never displaced individuals. They are the household heads who

have never experienced job displacement during those years. Considering these selection rules,

31,688 individuals meet the sample criteria; of this group, 4,460 have experienced displace-

ment between 1973 and 2017.

In the ordered logistic regression, I use specific demographic characteristics like age,

race, years of education, the number of children under 18, marital status, blue-collar occupa-

tion, manufacturing industry, region of residence, wife’s education, and age. Also, the potential

experience equals age minus education minus six. If the individual has less than 12 years of

education, then potential experience equals age minus 18. In this way, I avoid the overcompen-

sation of less-educated workers by assigning them larger values of experience. Here education

is the same over time, by drawing on each subject the reported education on the most recent

survey.

1This measure includes total wage, earnings from overtime, bonuses, commissions, total salary income, labor
portion of farm, business, and roomers’ income.



18

3.1 Descriptive statistics

Table 1 displays each sample subgroup’s means and its difference to highlight the main dis-

tinctions across groups. The mean of the head’s annual labor income is $12,962 less when

the individual experiences displacement than a worker who has never experienced it. It reaf-

firms the findings of Lachowska et al. (2018) where the reduction of work hours almost entirely

explains annual earnings losses.

Table 1: Descriptive Statistics by Displacement Status

Never displaced (mean) Displaced (mean) Mean difference

Head’s annual labor income 28818 15856 12962
Age 40 37.5 2.50
Education 13.5 12.2 1.3
Black 24% 34% -11%
Married 92% 86% 6%
Number of children under 18 1.7 1.6 0.1
Potential Experience 18.6 16.8 1.8
Manufacturing 22% 11% 11%
Blue collar 35% 17% 18%
Age wife 35 30.5 4.5

Notes: Mean calculations uses data from all years per observation.
Source: 1973-2017 PSID waves.

Furthermore, displaced individuals tend to be younger and less educated; therefore, they

have lower potential experience than never displaced workers. As Addison & Portugal (1989)

show, education level and workers skills play an essential role in the depth and length of dis-

placed workers’ earning losses. The group subject to analysis tends to have more black people

and fewer married individuals. Also, the sample is employed more in blue-collar occupations

than in manufacturing industries. This last trait is crucial to understand human capital transfer-

ability across occupations and its role in determining post-displacement earnings.
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4 Results

4.1 Transition matrices

Table 2 indicates transition probabilities by displacement status for labor income of household

head. The columns show the relative time changes for never displaced and displaced individuals.

For example, column t+4 specifies the change from the year of displacement to four years after

displacement. At the same time, the rows specify the movement made for the individual in a

given period. As previously explained, Upward 8 refers to the movement of 8 deciles up. Also,

the entries in black show the mean differences between displacement status, these are significant

at the 5% significance level.

Four years before displacement, I observe a difference of ten pp. in the probability of

maintaining the worker’s position in his income decile. Upward and downward mobility is

almost the same for both groups. Nevertheless, downward mobility is more likely to happen

when the individual had experienced displacement. This outcome highlights the existence of

productivity differences before displacement among groups. If future displaced workers have

low productivity, it reflects on a proportional decrease in wage. Also, it explains the tendency

to move to a lower income decile instead of keeping their income distribution position.

Two years before displacement, the immobile gap becomes shorter, and downward mobil-

ity tendency remains the same. Comparing results from four to two years before displacement,

the probability of moving downward rises. It points out productivity differences among dis-

placement status. Furthermore, a repeated decrease of the annual labor earnings acts as a sign

of the less productive time. Productiveness reduction can result on workers being laid-off due

to the inability to increase their productive time or a general decrease in the enterprise’s pro-

duction, leading to a plant closure.
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Table 2: Transition matrices

HEAD’S LABOR INCOME
t - 4 t - 2 t

Movement Never displaced (%) Displaced (%) Never displaced (%) Displaced (%) Never displaced (%) Displaced (%)

Upward 9 0.09 0.00 0.15 0.00 0.07 0.00
Upward 8 0.24 0.04 0.32 0.22 0.27 0.22
Upward 7 0.15 0.09 0.34 0.38 0.78 0.45
Upward 6 0.46 0.90 0.73 0.63 0.92 0.76
Upward 5 1.07 1.28 1.43 0.87 1.67 1.14
Upward 4 1.47 1.48 2.44 1.37 2.93 1.82
Upward 3 3.39 5.52 4.83 3.23 5.03 2.62
Upward 2 6.85 6.70 7.89 5.27 8.32 6.79
Upward 1 17.65 18.12 16.59 11.82 14.62 11.08
Immobile 40.26 30.63 31.65 25.47 26.61 14.26
Downward 1 14.18 16.79 13.90 16.12 13.80 14.89
Downward 2 5.32 8.45 6.94 10.47 7.84 12.11
Downward 3 3.23 4.01 4.17 9.78 5.55 7.20
Downward 4 1.85 3.27 3.38 7.58 4.01 7.62
Downward 5 1.68 1.32 1.99 2.67 2.54 6.01
Downward 6 1.09 1.30 1.48 2.51 2.14 5.52
Downward 7 0.57 0.00 1.06 0.47 1.82 4.37
Downward 8 0.34 0.09 0.52 1.12 0.81 1.66
Downward 9 0.13 0.00 0.21 0.02 0.28 1.48

t + 2 t + 4 t + 6

Movement Never displaced (%) Displaced (%) Never displaced (%) Displaced (%) Never displaced (%) Displaced (%)

Upward 9 0.12 0.00 0.16 0.11 0.27 0.00
Upward 8 0.44 0.07 0.71 0.02 0.79 0.40
Upward 7 1.08 0.40 1.12 0.76 1.05 0.54
Upward 6 1.15 0.85 1.63 1.21 2.06 1.43
Upward 5 2.13 1.19 2.12 1.28 2.71 1.77
Upward 4 3.62 1.61 4.32 4.44 3.91 3.54
Upward 3 5.24 4.44 5.87 6.19 6.82 6.01
Upward 2 8.56 7.60 9.29 7.58 9.16 8.68
Upward 1 14.07 12.02 13.95 11.79 13.88 10.83
Immobile 23.65 15.31 21.74 17.47 19.87 15.94
Downward 1 12.48 14.42 11.57 9.93 10.73 10.04
Downward 2 8.28 10.65 8.16 11.35 8.17 9.73
Downward 3 6.09 7.26 5.96 5.36 6.77 7.06
Downward 4 4.17 7.02 4.27 5.67 4.22 7.02
Downward 5 3.10 5.38 3.27 4.80 3.35 6.55
Downward 6 2.41 5.34 2.31 5.38 2.37 3.12
Downward 7 1.77 3.74 1.79 3.32 2.00 3.30
Downward 8 1.22 1.75 1.32 2.04 1.29 2.80
Downward 9 0.44 0.94 0.44 1.30 0.57 1.23
Notes: For the never displaced group, a random starting point is selected, while for the displaced ones, the period t is determined the year of
displacement. Bold entries show those whose statistical difference is significant at the 5% level using a two-tailed test.
Source: 1973-2017 PSID waves

In the year of displacement, there is a notorious difference in the mobility probabilities.

The probability of keeping the deciles position is 12 pp. less when the worker had experienced

displacement. Also, the cumulative probability of moving to a low decile is 60.86% so, if

someone is displaced, their annual labor income decreases dramatically, blocking them from

moving upward or even keeping their income distribution position. As Lachowska et al. (2018)

mention, the losses seen in the year of displacement can be explained mainly by the loss of work
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hours, creating conditions that make workers prone to downward mobility. Since displacement

is an involuntary job loss, separated workers do not have immediately new sources of income.

Therefore, it is imperative to take into account job search costs during the following years of

displacement that intensify the probability of moving to a lower decile.

After two years of being displaced, the long-run impact of displacement in the increased

probabilities of moving downward in the labor income distribution. Gibbons & Katz (1991)

explain this outcome through the adverse selection model. Following displacement, the labor

market has a pool of displaced workers where firms cannot distinguish between those who ex-

perienced laid-offs or plant closures. On the one hand, if the worker’s job loss is due to laid-off,

it implies low productivity. On the other hand, if he is unemployed because of a plant clo-

sure, it does not necessarily relate to poor working skills. Assuming perfect information, firms

could differentiate between these groups. Nevertheless, laid-off workers have the incentive to

act as plant closure workers creating a market for lemons as Akerlof (1978) explained. In this

market, firms will assume that every displaced worker lost his job because of low productivity,

consequently offering low wages or all around avoiding hiring them.

Four years after displacement, there is a higher probability of going two deciles down and

a decreased probability of large movements to bottom deciles. The difference in probabilities of

being immobile or moving upward is shorter than two years after displacement. Moreover, six

years after displacement, there still is a negative effect of being displaced in a greater probability

of moving downward. However, the differences in immobility and upward mobility among

groups appear to close up. These outcomes show that if an individual experiences displacement,

the effects of earning losses remain up to at least six years later, keeping the worker prone to

downward mobility. Nevertheless, as time goes by, he may be able to find new career paths and

income sources that provide some security in his annual labor income flow.
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4.2 Ordered Logistic Regression

Another way of showing the long-term impact of displacement is through the ordered logistic

regression marginal effects. The first step is to build the earnings equation from which I can

estimate the income distribution. Table 3 presents four different sets of earnings equations

made with fixed-effects linear regressions. The rows specify the analyzed time period, while

the columns denote which regression is displayed. Each of them varies according to the control

variables added, and all of them use the natural logarithm of the annual head’s labor income as

dependant variable.

Table 3: Fixed-effects results

(1) (2) (3) (4)

t - 4 -0.035 -0.034 -0.014 -0.004
(0.023) (0.025) (0.031) (0.031)

t - 2 0.030 0.014 0.044* 0.032
(0.019) (0.020) (0.025) (0.025)

t -0.257*** -0.206*** -0.199*** -0.177***
(0.028) (0.032) (0.040) (0.040)

t + 2 -0.413*** -0.383*** -0.426*** -0.407***
(0.027) (0.032) (0.043) (0.043)

t + 4 -0.207*** -0.189*** -0.132*** -0.112***
(0.022) (0.025) (0.036) (0.036)

t + 6 -0.086*** -0.100*** -0.038 -0.027
(0.022) (0.027) (0.034) (0.034)

Observations 111,297 90,322 68,055 68,045
R-squared 0.009 0.064 0.074 0.085
Number of id 20,388 16,036 15,079 15,079

Notes: Robust standard errors in parentheses.
All regressions used as dependant variable the natural
logarithm of head’s labor income, and with clusters by id.
*** p < 0.01, ** p < 0.05, * p < 0.1
Source: 1973-2017 PSID waves

The first regression does not have control variables mimicking the transition matrices re-

sults. Its outcomes keep the transition matrices’ main conclusions where displacement impact

is more significant during displacement and two years after it than in other periods. The adverse

selection model can explain those outcomes. It states that displaced workers’ market signal is
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low productivity due to asymmetric information on the displacement causes. Furthermore, un-

employment leads to a decrease in the number of hours worked. Then, following displacement,

this market signal usually generates hourly wage reductions. After these immediate effects,

displaced workers slowly return to the parameters before displacement because of new income

sources.

When I add control variables, the magnitude of the results is different. The second re-

gression follows the equation proposed by Mincer (1958), controlling by quadratic potential

experience. Addison & Portugal (1989) explore one possible explanation of these differences.

They find that higher education reduces earnings losses, and unskilled displaced workers ex-

perience higher losses than their counterparts. These conclusions help explain the differences

observed in the magnitude of the regressions. In this last regression, the annual labor income

takes into account the potential experience and education years.

The third regression includes quadratic potential experience, race, and years of schooling,

which shows some significant changes when compared to the previous results. These outcomes

maintain the tendency previously observed; the effect is more significant in the years following

displacement and, eventually it begins to disappear. The addition of demographic traits such

as ethnicity and education years mitigates the harmful effect of displacement in t and t + 4,

but there is an increased impact two years later. The depreciated value of displaced workers

in the following years helps to explain the result from the adverse selection model previously

discussed.

Furthermore, the fourth regression includes additional control variables like the number

of children under 18 years, marital status, wife’s age, and if the worker had a blue-collar oc-

cupation or belonged to the manufacturing industry. There is a similar pattern here to that of

the preceding regressions, and the main difference is a shorter magnitude of the effect in every

period. Before displacement, there is no significant difference among displacement status. In

the period t being displaced reduces the annual labor income by 17.7%, this effect increases
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in t +2 where a displaced worker has 40.7% less labor income than a never displaced worker.

Furthermore, in t +4, there is still a reduction of earnings, but it is smaller than the effect in the

previous years. After six years, the effect is no longer significant.

Table 4: Ordered Logistic Regression

Head’s labor income

t - 4 2.316***
(0.118)

t - 2 -0.167*
(0.0971)

t -8.659***
(0.118)

t + 2 -20.39***
(0.213)

t + 4 -5.992***
(0.110)

t + 6 -0.735***
(0.111)

Observations 68,045
Number of id 15,079
Notes: Robust standard errors in
parentheses.
All regressions used as dependant
variable the natural logarithm of head’s
labor income and clusters by id.
*** p < 0.01, ** p < 0.05, * p < 0.1
Source: 1973-2017 PSID waves

In general, incorporating other individual characteristics does not change the main con-

clusions where the most negative impact is showed two years after displacement. It occurs

due to the labor market signaling of the pool of displaced workers where the firms identifies

them as unskilled employees. It provokes fewer hours dedicated to work because they use a

significant portion of their time searching for a job fulfilling their reservation wages. From the

previous results, I estimate the annual labor income distribution to identify each income deciles

predicted lower and upper bounds; these will act as the response variable in the ordered logistic

regression.
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Table 4 shows the clustered ordered logistic regression results. The rows present the

analysis period, and the column identifies the explained variable. There is a negative effect of

being displaced from two years before displacement until six years after it. In the displacement

year, displaced workers experience 8.6% lower probability of being in a higher income decile

than never displaced individuals. This effect increases after two years, keeping consistency

with all the previous results, where being displaced results in having a 20.39% less probability

of moving one decile up. The tendency remains the same, and six years after, some vestiges of

the effect remain. All these negative impacts are significant at a 1% level since displacement

occurs.

The pre-displacement gap is less significant, which corroborates the hypothesis stated

by Gibbons & Katz (1991) who says that wages before displacement should not differ among

groups. Moreover, it is worth noticing that the effect of displacement begins with a relatively

small negative shock, and it increases two years after it. The job searching costs or the la-

bor market signal of low productivity due to displacement can explain these annual losses on

earnings increases.

Table 5: Ordered Logistic Regression Marginal Effects

First Decile (%) Second Decile (%) Third Decile (%) Fourth Decile (%) Fifth Decile (%)

t - 4 0.1* 0.1* 0.3* 0.5* 0.8*
t - 2 -0.7*** -0.8*** -4.6*** -7.0*** -11.2***

t 2.5*** 3.0*** 17.3*** 26.2*** 42.0***
t + 2 5.8*** 7.0*** 40.6*** 61.6*** 98.8***
t + 4 1.7*** 2.1*** 11.9*** 18.1*** 29.0***
t + 6 0.2*** 0.2*** 1.5*** 2.2*** 3.6***

Sixth Decile (%) Seventh Decile (%) Eighth Decile (%) Nineth Decile (%) Tenth Decile (%)

t - 4 0.0 -1.5* -0.2* -0.0* -0.0*
t - 2 -0.2 21.5*** 2.9*** 0.1*** 0.0***

t 0.9 -80.3*** -10.9*** -0.5*** -0.0***
t + 2 2.1 -189.1*** -25.7*** -1.1*** -0.0***
t + 4 0.6 -55.6*** -7.6*** -0.3*** -0.0***
t + 6 0.1 -6.8*** -0.9*** -0.0*** -0.0***

Notes: Ordered logistic regression marginal effects using predicted deciles as response variable
*** p < 0.01, ** p < 0.05, * p < 0.1
Source: 1973-2017 PSID waves
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Table 5 shows the predicted probabilities of being in each decile. Its columns are each

income decile, whereas the rows are the time subject to analysis. It displays the calculation

of marginal effects for each possible outcome of the ordered logistic regression. The impact

of displacement is not significant at 5% four years before displacement. However, two years

before displacement and the following periods, every effect is significant at 1% level. Also, no

marginal effects are significant in the sixth income decile.

In contrast with the transition matrices results, adding control variables reduces the effects

four years before displacement. It means that the differences among groups are not different

from zero in this period. Previous productivity similarities between groups can explain these

results. It is more likely to be in the seventh decile two years before displacement, showing

labor market attachment. Nevertheless, it is more probable that the individual is in the fifth

decile in the displacement year and less likely to be in the seventh decile. The results denote the

significant impact of being displaced in the moment when it happens. As Jolly (2013) explains,

the immediate effect of involuntary job losses is the reduction of the labor earnings that are the

reward of being involved in the workforce.

These adverse effects become more prominent two years after displacement than the year

of displacement. The probability of being in the fifth decile is 57 percentage points higher

than the same point in the year of displacement. Moreover, there is tremendous increase of

the probability of being in the fourth and third decile. It shows that being displaced implies

a movement of at least two deciles downward the year of displacement and two years after it.

The analysis made by Ormiston (2014) sheds some light on these results . He explores the role

of the worker’s depreciated value following displacement. It can emerge because of foregone

returns of specific human capital lost on the previous employer-employee relationship or by a

mismatch of the skills set denoting variations in the displaced workers’ potential productivity.

This effect leaves sequels four years after, where it exhibits a negative probability of being

in any decile up to the sixth one. Also, it is more likely to be in the fifth decile of predicted
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annual labor income. These results explain that when the worker can look for other sources

of income, either by employment or entrepreneurship, the effect of being displaced begins to

vanish. For this reason, there is a deeper decline in the probability of being under the fifth

decile. However, there are some struggles since the probability of being on the seventh decile

and upward remains negative.

5 Conclusions

In this work, I argued that job displacement influences inter-temporal income mobility using

annual labor earnings to measure financial well-being. For this, I used the Panel Study of In-

come Dynamics (1973-2017), the most comprehensive longitudinal data for the US population.

This large data set allowed me to observe the income shock persistence due to an involuntary

job loss.

My empirical strategy relies on the methodology proposed by Jolly (2013), which consists

of recovering transition matrices probabilities. My main contribution is the use of ordered

logistic regression estimators to control for demographic traits that may affect income mobility.

This addition allowed me to improve the biases of my estimations with the transition matrices.

Moreover, I used clustered standard errors at the unit of analysis level, providing more precise

coefficients. Also, by using an extensive period of analysis, I extended the years analyzed before

displacement.

I found that displacement triggers a significant reduction of annual labor income, and this

effect remained even four years after the job loss occurs. Also, displacement affects income

mobility over time, and there were deep earnings losses that increased downward mobility not

only when displacement occurred. Downward mobility is deeper two years afterward than in

other periods. Displacement’s negative influence on mobility mitigates as time goes by.
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One of the main limitations is the financial well-being measure used to study inter-

temporal labor income mobility. It can be addressed by considering other measures of well-

being like the couple’s labor earnings, family income, wealth, and consumption expenses.

Therefore, allowing the analysis of how family members’ income influences income mobility

and how wealth and consumption patterns change due to displacement. To conclude, the main

findings of this work describe, comprehensively, the inter-temporal persistence of the adverse

effects of an involuntary job loss.
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