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ABSTRACT
Life Cycle Effects of Job Displacement in Brazil*
This paper estimates the consequences of the decline of the Brazilian manufacturing sector
for displaced workers. I estimate that earnings decline by nearly 50% after displacement
relative to one year prior. About a quarter of the initial earnings loss is attributable to reduced
hours of work rather than lower wages. However, hours recover fully within one year of
displacement, while wages remain about a third lower. Allowing the displacement effect to
differ by age yields a surprising U-shaped curve. Middle aged workers are hit hardest by a
layoff, with younger and older workers relatively better off. For workers aged 35-40, the initial
earnings loss reaches 70%. This is a surprising finding because most theories of job loss
predict a negative relationship between the wage loss on displacement and the length of
tenure on the pre-displacement job, which is increasing in age. I account for these facts with
a simple model in which the ratio of specific to general human capital reaches a peak at
middle age. Young workers have little specific capital and a low specific-general human
capital ratio. In the early years of one’s career, specific capital (whether due to investments in
specific skills or in search) accumulates much more rapidly than general human capital.
Around ages 35 to 40, this trend reverses and the returns to general skills rise more rapidly.
Thus, the accumulation of general skills serves to reduce the effect of job displacement at
older ages despite increasing average job tenure. These findings suggest that major market
reforms may have larger than anticipated effects because the primary losers are workers in
the middle of their working life. This is also important from a welfare perspective because
these workers are the most likely to fall through the cracks of social safety nets, which
typically target younger and older workers.
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1. INTRODUCTION
Trade reforms implemented in Brazil in the 1980s and 1990s resulted in a major, persistent episode of job loss in Brazil’s large urban areas. To date, the record of these reforms
is mixed. On the plus side, there have been drastic improvements in productivity in the
reformed sectors (Hay, 2001; Mueller, 2003). On the negative side, job creation has been a
disappointment. At present, the net eﬀect of trade reforms appears to be the disappearance
of many “good jobs” from the labor market (IDB, 2004). Similarly, despite rising productivity in the manufacturing sector, trade reforms have not been accompanied by significant
growth. The disappointing growth experience of Latin American countries after extensive trade liberalization calls into question whether “good policies” increase growth. Since
trade reform has not yet been accompanied by growth in Latin America while most East
Asian countries achieved spectacular growth under protectionist regimes, the cross-country
evidence that free trade improves growth is very weak indeed, despite many economists’
convictions to the contrary. (Easterly, 2004).
One potential reason for the dearth of good jobs is that much specific capital may have
been lost during the transition to a market economy. If specific capital, which accumulates
slowly, is an important input into production, then this may provide a plausible account of
the missing link between market reform and growth.2
For the same reason, market reforms would be expected to have vastly diﬀerent eﬀects on
diﬀerent cohorts of workers. Workers who were already heavily invested in non-transferable
skills would be expected to face much more acute adjustment costs than cohorts who arrived
on the labor market more recently.3 Thus, there may be important welfare implications
associated with this account of adjustment as well.
This paper examines adjustment costs associated with displacement from jobs in formerly
protected maufacturing industries, paying particular attention to the size of the costs for
workers of diﬀerent ages. The conventional wisdom in the literature on this topic is that the
costs of displacement are higher for older workers who are more likely to have lost a hightenure job. In a human capital framework, this can be attributed to a greater loss of specific
capital. Podgursky and Swaim (1987), Kletzer (1989), and de la Rica (1992), and Farber
(2003) all present findings along these lines for U.S. workers. This paper presents evidence
that displacement costs are a U-shaped function of age, despite monotonically rising average
job tenure and larger losses for high-tenure workers. To account for these facts, I show that
if general and human capital both accumulate in unknown ways over the life cycle, the
2 See

Hall (1995) for a similar account of extended unemployment after a recession.
studies of the transition economies provide mixed evidence for this phenomenon. Finta and Terrell
(1997), Abraham and Vodpivec (1993), and Micklewright and Nagy (1997) all find that older workers had more
diﬃculty leaving unemployment, while Ham et al (1998), Terrell and Sorm (1997), Lubyova and Ours (1997), Bellman
et al (1995), Jones and Kato (1997), and Dushi (1997) find no evidence of age eﬀects.
3 Empirical
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displacement eﬀect is an increasing function not only of the stock of specific capital, but of
the ratio of specific to general human capital. Thus, a model in which this ratio reaches a
peak at middle age is consistent with the findings. Young workers have little specific capital
and a low specific-general human capital ratio. In the early years of one’s career, specific
capital (whether due to investments in specific skills or in search) accumulates more rapidly
than general human capital. Around ages 35 to 40, this trend reverses and the returns to
general skills rise more rapidly. Thus, the accumulation of general skills serves to reduce
the eﬀect of job displacement at older ages despite increasing average job tenure.
The data for this project come from the Brazilian Monthly Employment Survey (Pesquisa
Mensal de Emprego, or PME), a panel employment survey of about 35,000 households per
month, collected in six large urban areas in Brazil between 1982 and 2002. Each household
is interviewed once a month for four months, dropped from the survey for eight months,
and reinterviewed for four more months one year after the original interview. This structure
allows for limited panel data analysis, which is explored below. However, most of the paper
focuses on comparisons of former manufacturing workers just leaving unemployment to those
just entering unemployment and those who are never displaced. The evidence presented
here is consistent with very large adjustment costs, particularly for middle age workers.
Earnings decline by up to 70% after displacement, partly because of reduced hours and
partly because of reduced wages. Within the first year of displacement, hours conditional
on working return to normal. Wages, however, remain one-third below pre-displacement
levels.
The paper proceeds as follows: the next section documents some aspects of the decline
in manufacturing employment. Section 3.3 discusses the estimation of displacement eﬀects.
Section 3.4 presents the main results of the paper, and Section 3.5 concludes.
2. TRENDS IN MANUFACTURING EMPLOYMENT, 1982-2002
Brazil’s industrialization drive began in earnest in the years following World War II, when
the government pursued an active import substitution industrialization (ISI) policy.4 The
share of industry in GDP increased from 19.4% in 1939 to 27.2% in 1966. The composition
of manufactures also began to shift during this period, away from light industries such
as textiles and food products in favor of consumer durables, chemicals, and other heavy
industries. In the mid-1960s, when the initial dynamism associated with ISI had faded, the
government changed its course and began to pursue an active policy of export promotion.
The seven-year period that followed has been dubbed the “Brazilian miracle” because of
the phenomenal growth rates Brazil experienced during this time. Industry expanded at
4 The

figures cited in this paragraph were taken from Baer (1995).
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rates of 12.6% per year between 1968 and 1974 with much of the growth again concentrated
in heavy industries. Coﬀee’s share of exports fell from 42% in the mid-1960s to 12.6% in
1974, while the share of manufactures rose from 7.2% to 27.7%. After the first oil shock
of the 1970s, balance of payments pressures began to surface. At this time, Brazil (under
the newly-appointed president, Ernesto Geisel) made the conscious decision to pursue a
debt-financed growth strategy. Thus, manufacturing employment and output continued to
grow throughout the decade, but were accompanied by rapidly rising inflation and external
debt. The cracks in this development strategy started to appear in 1980, and came to an
abrupt halt throughout Latin America when Mexico defaulted on its debt in August 1982,
and foreign credit to all countries in the region dried up.
1982 is also the year when our data begin. Figure 1 shows the share of manufacturing
employment in Brazil’s six largest cities during the 20 years following the debt crisis. Although there was a dip in manufacturing employment during the 1982-4 recession associated
with the onset of the debt crisis, it was not until the late 1980s that manufacturing employment really began to fall. Beginning in 1987, non-tariﬀ barriers were eliminated, but major
trade reform occurred between 1990 and 1993, when tariﬀs were reduced across the board
from an average of 40 percent to 13 percent (below prevailing levels in most East Asian
countries). Figure 1 shows the rapid reversal of manufacturing employment that followed.
Between the late 1980s and the late 1990s, the proportion of males aged 20 to 59 employed
in manufacturing in Brazil’s large metropolitan areas fell from about one-third to around
18 percent. The most precipitous decline occurred among the youngest workers: workers
aged 20 to 29 were more likely to be employed in manufacturing in the early 1980s. By the
end of the sample period, workers of all ages were about equally likely to be employed in
manufacturing, with the exception of workers over age 50. These workers were much less
likely to have been in manufacturing in the early 1980s, and also experienced a much milder
decline during the 1990s.
Figure 2 presents the “cohort view” of the fraction employed in manufacturing industries, which provides some insight into how the rise and decline of manufacturing occured.
Although we do not have data on the age distribution of manufacturing employment prior
to 1982, it is interesting that rise of manufacturing between the late 1940s and the late
1970s is reflected in rising fractions of successive cohorts employed in manufacturing in
1982. Moreover, the dip in manufacturing employment in the early 1980s is also reflected
in a smaller share in manufacturing of the cohort aged 20 in 1982. This suggests that the
growth of manufacturing employment in the previous four decades was fed by a larger flow
of young cohorts entering manufacturing rather than a rising fraction of each cohort em-
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ployed in manufacturing.5 By contrast, the reversal of manufacturing appears to have been
roughly cohort-neutral. Beginning in 1987, manufacturing began to decline in roughly equal
proportions for all cohorts. Thus, since younger cohorts were more likely to be employed
in manufacturing, the manufacturing decline had a larger overall impact on young workers;
however, from the perspective of those employed in manufacturing, the impact was similar
for workers of diﬀerent ages.
The panel aspect of the data allows us to characterize the dynamics of manufacturing
employment during the transition period. In Figure 3, monthly entry and exit rates through
manufacturing employment are plotted for various age groups. These figures suggest that
the manufacturing decline occurred in two phases. The first, from 1987 to 1992, was characterized by stable exit rates and sharply falling entry rates (which were themselves a reversal
from depressed entry during the recession of the early 1980s). The amplitude of fluctuations in entry rates is clearly a decreasing function of age. Thus, the initial decline seems
to have occurred by attrition with most of the adjustment shouldered by young workers.
The second phase, from 1992 to 2002, is characterized by stable entry rates and rising exit
rates. Exit rates are highest for the youngest and oldest age groups, but the change in
exit rates was similar across age groups. Rising exit rates may reflect decreasing average
job tenure or “reverse sorting” of the most entrenched workers out of manufacturing jobs.
Some evidence for the reverse sorting explanation is that average job tenure among the
unemployed who previously held manufacturing jobs rose steadily throughout the sample
period (not shown). In the next section, we turn to the earnings consequences associated
with these displacements.
3. ESTIMATION STRATEGY
There is a substantial literature that attempts to estimate the eﬀect of displacement in
the United States using the Panel Study of Income Dynamics (PSID), the Displaced Workers
Surveys (DWS), and employer-employee linked data.6 Much of this literature has adopted
the conceptual framework of a program evaluation problem to think about the estimation
problem at hand. Viewed from this perspective, the task is to find a convincing way of
comparing displaced workers’ earnings at the time of displacement, YitT , with the unobserved
earnings of those workers had they not been displaced, YitC . The true displacement eﬀect,
5 Topel and Kim (1994) have documented a similar phenomenon in South Korea. Although there are as yet no
empirical studies on this topic, this pattern has the potential to discriminate between diﬀerent models of economic
growth (Klenow and Rodriguez-Clare, 1997). In particular, it may be consistent with one account of non-diminishing
returns to human capital accumulation — human capital accumulation may cause growth because it is complementary
to new technology.
6 See, for example, Ruhm (1991) and Stevens (1997) for work using the PSID, Farber (1993, 2003) and Topel (1990)
using the DWS, and Jacobson, Lalonde, and Sullivan (1993) who use administrative employer data linked with Social
Security earnings records.
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∆, is the diﬀerence in expected earnings of these workers (the “treatment” group, T ) in
each state:
∆ = E[YitT |T ] − E[YitC |T ]

(1)

Depending on one’s emphasis, finding a suitable estimate for the second term on the right
can be quite intractable indeed. As an example, consider the problem of determining
whether separations are privately eﬃcient. (If this were true, ∆ would always be positive.)
In this case, finding an appropriate control group is impossible because we can never know
whether wages would have fallen in the absence of displacement. It is largely for this reason
that empirical work on the theory of separations in the macroeconomics literature has made
little headway (see, e.g., Hall, 1995). In contrast, the primary mission of the labor literature
has been to find evidence of “scarring” eﬀects of unemployment which naturally places
emphasis on foregone earnings of displaced individuals along some presumably predictable
non-displacement earnings path. Thus, labor economists have taken some degree of wage
persistence as given whereas finding evidence of wage rigidity (or lack of it) is the whole
point of the enterprise for macroeconomists. To some extent, therefore, any estimates of
displacement eﬀects must be seen as descriptive, despite best eﬀorts to produce causal
estimates.
3.1.

Panel Estimates

Since households are surveyed over a period of up to 16 months, it is possible to estimate
relatively short-run displacement eﬀects by comparing labor market outcomes for a given
group of manufacturing workers before and after job loss. This can be done by including a
dummy variable indicating “post-displacement” in a regression on the panel of all displaced
individuals before and after their displacement:
Yit = Xit0 β + δDit + εit

(2)

where Yit is the log hourly wage or monthly earnings of individual i at time t, Xit is a
vector of potentially time-varying characteristics and Dit is a “post-displacement” dummy.
Here, δ provides a measure of the displacement eﬀect. The identifying assumption is that
pre-displacement earnings are a good proxy for unobserved earnings in the absence of displacement:
E[Yi,t−j |T ] = E[YitC |T ]

(3)

Thus, this estimator misses normal movements along the age-earnings profile as well as
aggregate shocks that occur around the time of displacement. Given the rather short panel,
foregone earnings are likely to be minimal (though aggregate shocks need not be). Never-
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theless, the sample of individuals who are continuously employed in a given manufacturing industry provides a suitable control group so that it is straightforward to estimate a
diﬀerence-in-diﬀerence specification of the form:
Yit = Xit0 β + αTit + γDit + δ(Dit × Tit )

(4)

where Dit again indicates post-displacement, and Tit is an indicator equal to one if an
individual is ever displaced (the “treatment group”). The OLS estimate of δ yields the mean
earnings/wage changes of displaced individuals relative to similar non-displaced individuals.
Although estimates from equations (3.2) and (3.4) provide a logical point of departure,
several practical issues make this an unattractive method of estimating displacement eﬀects
with this data. The first is that the treatment group is diﬃcult to define. Ideally, we
would like to take the full sample of workers who were dismissed from manufacturing jobs
for reasons beyond their control. In principle, we may then track them to their new jobs
provided this happens within the survey period. The problem is is that, although we
observe transitions out of manufacturing jobs, we do not generally observe the reason for
the transition. In the PME survey, only individuals who are unemployed at the time of
the survey are asked the conditions under which separation from the previous job took
place. Below, panel estimates of displacement eﬀects are presented separately for workers
moving through unemployment who report being fired, workers moving out of the labor
force before finding other work, and individuals who move directly from manufacturing to
non-manufacturing jobs. Only the unemployment estimates can be regarded as involuntary
transitions. Unfortunately, even reported information on the reason for dismissal must be
taken with a bit of a grain of salt in the Brazilian context. The reason is that job security
regulations in Brazil create perverse incentives for workers and firms to report separations
as layoﬀs even if they are in fact voluntary. (Gonzaga, 2003; Paes de Barros et al., 2001).
Thus, although the analysis below focuses on workers who report being fired, some of these
workers may in fact have quit voluntarily. On the other hand, the analysis focuses on the
manufacturing sector which experienced massive layoﬀs during the sample period, so that
separations are quite likely to be involuntary.
A second issue is that since the panel is so short, we are virtually guaranteeing that
“Ashenfelter dip” will be maximized. If wages deteriorate prior to displacement for the same
reason that displacement occurs, then using a wage too close to displacement will understate
the wage loss associated with displacement.7 In order to be able to track individuals from
manufacturing to non-employment to non-manufacturing employment, the pre-displacement
7 This issue has its origins in the literature evaluating the eﬀect of training programs. See Ashenfelter (1978),
Ashenfelter and Card (1985), and Card and Sullivan (1988), Dehejia and Wahba (1999).
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earnings/wage measure is limited to the month prior to displacement. For, individuals who
move directly to new jobs, earnings from one year prior to displacement can be observed
(but at the cost of not knowing the reason for separation and introducing measurement
error). Other studies of the U.S. labor market have found that earnings may begin to
deteriorate as far as five years prior to displacement in the U.S. (Jacobson, Lalonde, and
Sullivan, 1993; Stevens, 1997). On the other hand, a study using administrative data in
Brazil found virtually no pre-displacement deterioration in earnings (Menezes-Filho, 2003).
3.2.

Stacked Pre- and Post-Displacement Samples

Given the constraints of the PME data, most of the paper focuses on a more robust
alternative estimation strategy. I begin by constructing a “pre-displacement” sample and
a “post-displacement” sample. The former are manufacturing workers observed entering
unemployment and who report being fired. The latter are unemployed workers who report
having been fired from a manufacturing job and are observed leaving unemployment for nonmanufacturing jobs. A regression similar to equation (3.2) can be estimated by stacking the
pre- and post-displacement samples and including a “post-displacement sample” dummy.
This simple diﬀerence estimator is subject to the same foregone earnings caveats as above. In
principle, a suitable control group of non-displaced workers can be constructed by matching
the pre- and post-displacement samples to similar non-displaced workers. Since the panel
aspect is lost, however, this involves drawing samples (or weighting observations) in such
a way as to mimic the distribution of pre-displacement employment times reported by the
post-displacement sample. Farber (2003) uses this method to provide a control group of nondisplaced workers from the Current Population Survey for displaced workers in the DWS.
However, since unemployment durations are typically very short — the median completed
duration reported by the post-displacement sample is two months and 99% were unemployed
less than a year — the benefit from diﬀerence-in-diﬀerence strategy is small compared to the
DWS where workers are asked about displacement from the highest-tenure job in a threeto five-year recall window. Moreover, I will present evidence below that suggests that nondisplaced workers do not make an appropriate control group. For these reasons, I focus on
simple diﬀerence estimates below.
The advantage of this estimation strategy is that it allows us to synthetically lengthen
the survey period. In particular, a subset of the pre-displacement sample is also observed
one year prior to displacement and a subset of the post-displacement sample is observed
one year after displacement. Thus, denoting the first post-displacement employment month,
t, and the last pre-displacement employment month, t − 1, it is possible to estimate ∆t−13,t ,
∆t−1,t , ∆t−1,t+12 , and ∆t−12,t+12 , where ∆t−j,t+k refers the change in log earnings or wages

Life Cycle Eﬀects of Job Displacement in Brazil

8

between t − j and t + k.

Measurement error is also drastically reduced in this case since identification of the dis-

placement eﬀect no longer comes from changes in industry, many of which are spurious.
Furthermore, unlike if a person simply switches industries, a host of follow-up questions are
asked to gather information about the details of unemployment and retrospective information about the previous job. This information can be used to provide consistency checks
with information provided about employment in prior interviews.
4. THE COSTS OF DISPLACEMENT
Table 1 presents some descriptive statistics for various groups of workers originally employed in manufacturing and present for all eight interviews of the survey. This table gives
an idea of the heterogeneity in employment and earnings outcomes among diﬀerent samples
used in this paper. The first column presents information about the sample of individuals
who are observed working in the same (manufacturing) industry in all eight interviews.
They are labeled the “never displaced” sample, although it is possible that they are displaced and re-hired in the same industry at some time during the eight months they are not
observed. The second column contains statistics for the sample who are in the same industry in the first year of interviews (that is, in the first four interviews), but not necessarily
in the second year of interviews. The third column presents results for the sample who
switch industries in the first four interviews. To minimize measurement error, a “switch”
is only confirmed if an individual is employed in the same industry for two months prior to
the switch and two months after the switch. Given this restrictive definition, switches can
only be observed for individuals between the second and third interviews.8 This eliminates
transitions that last less than two months. The top set of rows contains information about
the first year of interviews, while the bottom set presents the same information for the
seventh interview (one year after the third interview).
Comparison of the three columns yields some interesting insights. The first is that nearly
half of all transitions lead to non-employment and, of those, a substantial fraction enter
unemployment. The unemployment rate of displaced workers is 23% (=16.8/(16.8+56.4))
in the months just after displacement. One year after displacement, this number falls
sharply, to 5.5% (=4.4/(4.4+75.2)) compared to 2.5% unemployment among the sample
that did not experience displacement a year before. This implies that part of the initial
displacement eﬀect is borne through unemployment rather than earnings, which is not
accounted for in the regression estimates presented below (although we do show the eﬀect
8 Spurious transitions between industries appear to be an important phenomenon. Restricting the definition of
transitions in this way reduces the number of transitions between the second and third interviews by half.
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on hours conditional on employment).
It is also clear that the sample of workers who experience some unemployment with
displacement are much diﬀerent from non-displaced workers and from displaced workers
who make direct transitions to non-manufacturing industries. The average pre-displacement
earnings of workers who enter unemployment upon displacement is only R$400 per month
(in 1997 reais) compared to R$627 among the never-displaced sample and R$654 among
those who make direct transitions.9 Moreover, although the probability of unemployment
declines considerably one year after displacement, earnings remain roughly 15% below predisplacement levels for displaced workers regardless of how the transition occurred.
Finally, Table 1 also shows that individuals who leave manufacturing in the first year
are much less likely to remain in the same industry one year later (33% compared to 84%).
Their earnings are also likely to be lower if they do switch industries a second time. This
suggests that another cost of displacement comes in the form of a higher probability of
subsequent switches. Stevens (1997) presents similar evidence for the U.S.
Table 2 presents simple diﬀerence (SD) and diﬀerence-in-diﬀerence (DD) estimates of the
displacement eﬀect using the ever-displaced sample as the treatment group (column 3 in
Table 1) and the never-displaced sample as control (column 1 in Table 1). Separate estimates
are displayed for individuals who move through unemployment, through non-employment
(out of the labor force), and direct transitions. The estimates compare the change in log
earnings and wages between the second interview (the last pre-displacement month) and the
seventh interview (one year after the first post-displacement month) for workers who report
being employed during the seventh interview. For individuals who move directly between
jobs, Table 2 also presents estimates of the change in log earnings and wages between the
second and third interviews. The first four columns in Table 2 present regression estimates
controlling for education, age, age squared, and a female dummy. The final four columns
include industry, year, and city fixed eﬀects as well.10 Since the treatment samples are quite
small, the full specification is asking a lot of the simple diﬀerence estimator.
The only significant displacement eﬀects reported in Table 2 are for the sample moving
through unemployment. The SD estimates suggest that earnings and wages fall by roughly
one quarter for these individuals (the coeﬃcient on the Post dummy). Moreover, since
wages among the control group of non-displaced workers tend to fall rather than rise, the
SD estimator appears to slightly overstate the displacement eﬀect. DD estimates suggest a
decline of about 20 percent once the aggregate wage decline is accounted for. Note, however,
that the ever-displaced sample has substantially lower mean earnings than the control group
9 The questionnaire asks individuals to report their monthly earnings on the job they report having last week. The
wage is calculated by dividing earnings by 4.3 times weekly hours.
1 0 There are 47 industries, 21 years, and 6 cities.
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so that the appropriateness of the comparison is questionable.
Among the other samples (those moving out of the labor force and directly to other jobs)
the results are notable for their complete lack of evidence of displacement costs. Indeed,
the “impact eﬀect” for workers making direct transitions is a quite precisely estimated
zero. In the absence of data regarding the reasons for the transition from manufacturing
employment, however, it is diﬃcult to speculate much further about these estimates.
Turning to the “stacking estimator” described above, Table 3 presents means and standard deviations of demographic characteristics and labor market outcomes for the pre- and
post-displacement samples, as well as the subsample of the pre-displacement group observed
in the same industry one prior to displacement and the subsample of the post-displacement
group one year after displacement. (Individuals observed a year later are not restricted to be
in the same industry, since the initial displacement may be the cause of subsequent displacements as workers and firms sort to better matches.) Not surprisingly, these two samples
are quite similar in observable characteristics. (In a steady state, we would expect those
entering and leaving unemployment to be identical.) None of the demographic variables
diﬀer significantly from each other, although the post-displacement sample has a somewhat
higher proportion of males and slightly higher job tenure on the previous job. It is also
likely to be observed somewhat later in the sample period. The post-displacement sample
has sharply lower earnings and wages, consistent with large losses upon displacement.
Figure 4 presents a visual comparison of wages for “similar” workers in the pre- and postdisplacement samples relative to the never-displaced sample. It is convenient to collapse
the multi-dimensional vector of observable characteristics into a single propensity score. In
order to do this, I first estimated a logit of the probability of being a pre-displacement
worker relative to a non-displaced worker on education, age, age squared, and dummies
for female, 27 manufacturing industries, 21 years, and 6 cities. The predicted values from
this regression yield propensity scores which form the x-axis of Figure 4. Individuals with
propensity scores close to zero have characteristics that resemble those of never-displaced
workers. I then estimated a second logit, this time pooling the post-displacement sample
with the never-displaced sample. The predicted values again produced a propensity score.
Finally, I divided the range of the propensity scores into 100 1-percentage-point bins and
calculated the mean log earnings and wages of pre- and post-displacement workers and their
non-displaced counterparts in each bin. Figure 4 plots these means for each group. The size
of the marker is a function of the square root of the sample size within each bin, so that
the distribution of each sample across the range of scores can be gleaned from the figure as
well. Since the never-displaced sample is, in fact, larger than the pre- and post-displacement
samples, the distribution of each group is concentrated in the lower part of the propensity
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score range.
The figure reveals a roughly constant diﬀerence in mean earnings between the pre- and
post-displacement sample of about -0.5 log points for earnings and -0.4 for wages across
the range of the propensity score. Since the pre- and post-displacement samples are not
identical, however, the propensity scores are not strictly comparable, although they are very
close. If they were identical, as they would be with a panel, the mean earnings and wages
of non-displaced workers would be the same across the propensity score range regardless of
whether it was estimated using the pre-displacement sample or the post-displacement sample
as the treatment group. The similarity of the mean earnings and wages of the non-displaced
workers relative to each displacement sample is thus driven by the similarity of the pre- and
post-displacement samples. It is also clear that the there is a non-negligible gap between
the pre-displacement sample and the non-displaced sample, which reflects diﬀerences in
unobservables between the two groups. This unobservables gap is not constant across the
range of the propensity score, and grows quite large as the score approaches zero where
most of the sample is concentrated.11 As with the panel estimates above, this suggests that
the never-displaced sample may not provide a suitable control group for displaced workers.
The main estimates of the average displacement eﬀects are presented in Table 4. For each
of four combinations of pre- and post-displacement times (t−13 to t, t−1 to t, t−13 to t+12,
and t − 1 to t + 12), this table presents SD estimates obtained by applying OLS to equation
(2) on the stacked pre- and post-displacement samples as described in the previous section.

The columns associated with each displacement eﬀect are labeled ∆t−13,t , ∆t−1,t , ∆t−13,t+12 ,
and ∆t−1,t+12 , respectively, where t denotes the first post-displacement month in which a
worker is found working, t − 1 the first pre-displacement month.

The average displacement eﬀects shown in Table 4 are very large. The estimate of

∆t−13,t is -0.678 for earnings, corresponding to a 49% fall in earnings.12 Compared to the
month immediately preceding layoﬀs, earnings decline by 40%. There is also evidence of
moderate recovery in earnings, however. Earnings are estimated to fall by 32% from one
year prior to one year after displacement, and by 19% from one month prior to one year
after displacement.
A significant portion of the initial earnings decline is attributable to reduced hours rather
than reduced wages. Since hourly wages are calculated by dividing monthly earnings by 4.3
times the reported weekly hours, the change in log earnings can be decomposed additively
into a portion attributable to wages and a portion attributable to hours worked. The second
1 1 Since the pre-displacement earnings and wages correspond to the month immediately prior to displacement, a
part of this gap may reflect deterioration in earnings that is a consequence of impending displacement and should
therefore be included in the displacment eﬀect. The estimates presented below show some evidence of this; however,
the one-year pre-displacement sample is not large enough to conduct the same exercise.
1 2 Since the changes are so large, the log approximations given by the coeﬃcients are misleading. The true eﬀect is
eδ − 1, where δ is the estimated coeﬃcient on the displacement dummy.
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set of rows in Table 4 show the eﬀect of displacement on wages, and the third shows the
eﬀect on hours worked. Wages fall by 40% and 32% in the first month after displacement
relative to one year and one month prior, respectively. Thus, reduced hours (conditional on
working) account for about one-fifth of the initial earnings decline. However, as evidenced by
the equality of earnings and wage eﬀects, hours recover fully within a year of displacement.
By contrast, the eﬀect on wages is quite persistent. One year after displacement, wages
remain 32% lower than one year prior. Extrapolating forward from this rate (admittedly, a
somewhat reckless exercise) suggests that it would take ten years before the wage reached
95% of its pre-displacement level.
The results in Table 4 are not directly comparable to those in Table 2 because the
earnings and wage changes for the panel estimates (Table 2) refer to diﬀerences across one
calendar year while the stacking estimates (Table 4) do not account for the time spent in
unemployment. However, since the majority of the sample spends less than two months
in unemployment, the estimates in the fourth column in Table 4 (∆t−1,t+12 ) are the most
comparable to the unemployment estimates in Panel A of Table 2, and in fact they are quite
similar.
Table 5 presents a robustness check to test the sensitivity of the results to inflation.
Brazil experienced enormous fluctuations in inflation during the sample period, including
two hyperinflations (in 1989 and 1993) juxtaposed with periods of relative price stability
and almost everything in between. Although the price index used to deflate wages was
constructed with considerable care and reveals no unusual spikes in average wages over
the period, it is only a monthly index.13 With prices rising at 30% or more a month and
households surveyed throughout each month, there is of necessity a substantial amount of
measurement error in real earnings. The first three columns in Table 5 contain estimates of
∆t−1,t for months of low inflation (less than 6% per month — roughly 100% per year), medium
inflation (6-20% per month), and high-inflation (more than 20% per month), respectively.
Since inflation is correlated with other macroeconomic variables that may genuinely aﬀect
the cost of displacement, it is likely that diﬀerences in the estimates also reflect other “time
eﬀects.” Broadly speaking, low-inflation months are concentrated in the alternate growth
and stagnation period of the late 1990s, medium-inflation months in the recession of the
early 1980s, and high-inflation months in the stagnation of the late 1980s. In order to
get around this problem, the second set of three columns limits the sample to the years
1986, 1991 and 1994, which are the only three years in the sample which contain relatively
equal amounts of low-, medium-, and high-inflation months. The results do not show a
systematic relationship between displacement eﬀects and inflation. Displacement eﬀects
1 3 This

index was provided by researchers from the Institute of Applied Economic Research (IPEA) in Rio de Janeiro.
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are similar for low- and high-inflation months, and are larger in the full sample for mediuminflation months (but lower in the restricted sample). In all cases, they are within 0.1 log
points of each other. Furthermore, the precision of the estimates does not decline noticeably
with inflation.
4.1.

Displacement Eﬀects by Age and Tenure

Are displacements especially painful for older workers? There are many reasons to
suppose that this would be the case. If job-specific human capital is an important component
of productivity, then workers who have accumulated much specific capital will experience
greater wage losses upon termination. Specific capital may be the result of prior investments
in job-specific skills (Becker, 1975) or investments in search (Jovanovic, 1979). Moreover,
these workers will be less likely to experience termination, because the outside option to
firms and workers is lower when match-specific investments will be lost. Alternatively,
heterogeneity among workers and firms may generate the same patterns. Firms with less
volatile labor demand will be more likely to invest in specific capital, and therefore less
likely to fire workers. Similarly, if there are good jobs and bad jobs, workers in good jobs
will be less likely to quit, and will experience greater losses if they are fired (Farber, 1999).
All of these theories share in common two predictions: a negative relationship between job
tenure and the incidence of job termination and a positive relationship between job tenure
and wage loss upon displacement.14
If match quality is an experience good, in the sense that workers and firms need to try
each other out before knowing how good the quality of their match will be, then older
workers who have had more time to shop around in the labor market ought to be found in
better matches on average. Again, however, to the extent that this is true the eﬀect works
through job tenure and not age per se. Older workers would be expected to have higher job
tenure on average, but the wage loss associated with displacement should be the same (in
expectation) for workers who randomly arrive at the same job tenure at diﬀerent ages.
To answer the empirical question of how the displacement eﬀect diﬀers by age, the regressions from the previous section were re-estimated interacting the displacement indicator
with dummies for each single year of age. The matching estimator does not allow for an
easy way to estimate multiple treatment eﬀects, so the rest of the paper focuses on results
from simple diﬀerence analysis.15 Figure 5 presents a 5-year-centered moving average of
∆t−13,t , ∆t−1,t , and ∆t−1,t+12 at each age for earnings (solid lines) and wages (dashed lines).
1 4 For the same reason, the literature has found it very diﬃcult to distinguish between competing explanations
(Farber, 1999).
1 5 The OLS regressions controlling for lagged income can incorporate multiple treatment eﬀects. The results are
very similar to the ones that follow, so I focus on the diﬀerence estimates.
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There are several interesting features of Figure 5. First, the age-loss function is U-shaped,
with the youngest and oldest workers experiencing the smallest losses. The inflection point
occurs between ages 35 and 40. Thus, displacement hurts not older workers, but middleaged workers, the most. However, the results of the previous section carry over across age
groups. A sizeable portion of the initial impact on earnings is attributable to reduced hours
(the wage loss is much smaller than the earnings loss), but by one year after displacement,
hours worked have fully recovered at all ages. And, as before, the diﬀerence estimates show
a substantial deterioration in wages prior to displacement.
The finding of a U-shaped age-loss function is surprising. In the context of the job
mobility literature, however, the most natural candidate explanation for this finding would
be that older workers are, for whatever reason, not in more valuable matches on average. If
this is true, we should expect two things: that the displacement eﬀect is indeed increasing
with tenure, and that the relationship between tenure and age among unemployed workers is
itself U-shaped. Figure 6 plots the impact eﬀect of displacement on wages by age (in Panel
A) and by tenure (Panel B), together with 95% confidence intervals. Here, we see that, in
contrast with the age-loss function, which is well-described by a quadratic, the tenure-loss
function is monotonically decreasing (i.e., wage losses are increasing) with tenure. The
estimates are quite precise at younger ages and shorter tenures, where sample sizes are
largest.
Is job tenure a U-shaped function of age? Figure 7 plots the average completed job
tenure on the previous job among unemployed workers by age. Far from being U-shaped,
tenure is a remarkably linear function of age, accumulating at a rate of about one year
per every ten years of labor market experience. Thus, while the dominant themes of the
previous theoretical discussion seem to apply, they cannot account for the patterns of wage
loss observed for displaced workers of diﬀerent ages.
4.2.

Age v. Tenure: An Illustrative Decomposition

The results of the previous section suggest that there are other factors at work besides the standard specific capital/heterogeneity stories. One explanation for this finding
is that young and old workers have a greater proportion of their human capital in general
rather than specific skills. Since the displacement eﬀects estimated here and elsewhere are
expressed as a proportion of pre-displacement earnings, larger displacement eﬀects must
reflect not merely more specific capital, but a higher ratio of specific to general capital.
Thus, while specific capital is generally increasing with age and will tend to cause larger
wage losses upon displacement, this by itself does not guarantee a larger displacement eﬀect
because general human capital may also accumulate with age.
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To see this more clearly, suppose that wages can be expressed as the sum of returns to
general and specific skills,
w(at , Tt ) = g(at ) + s(Tt )

(5)

where g(at ) is a function of unknown form that relates a person’s general skills to her age,
(or more accurately, her labor market experience), and s(Tt ) is function that relates specific
skills to tenure on the current job. In this case, the log of the wage can be approximated
by:
ln w(at , Tt ) ≈ α ln g(at ) + (1 − α) ln s(Tt )

(6)

where α is the share of the wage attributable to returns to specific skills. Assuming the
general human capital that accumulates during displacement is negligible and that specific
capital on a new job is zero, the eﬀect of displacement at time t on wages is equal to:
ln wt − ln wt−1 = (1 − α) [ln s(0) − ln s(Tt−1 )] = −(1 − α) ln s(Tt−1 )

(7)

The general human capital term cancels out leaving only the change in specific capital
(which is a function only of prior tenure) in the displacement eﬀect. Indeed, this is the
motivation behind the literature that tries to test theories of specific human capital based on
the experiences of displaced workers (Farber, 1994). However, notice that the displacement
eﬀect is also a function of α, the share of the wage that remunerates general skills. The
smaller is this share, the larger is the displacement eﬀect. In general, α will be a complicated
function of previous general and specific human capital accumulation.
We can illustrate these two components of the displacement eﬀect in the following way.
First, the displacement eﬀect implied by the distribution of tenure across age groups can be
calculated by averaging the displacement eﬀect associated observed levels of previous job
tenure across all individuals of a particular age. I call this the “tenure eﬀect.” Comparing
this function to the “total age eﬀect” given by the age-loss functions estimated previously
yields some insight into the importance of residual displacement eﬀects. Figure 8 plots each
of these functions for the eﬀect of displacement on wages one month prior to one month
post-displacement (∆t−1,t+1 ). The tenure eﬀect increases roughly linearly with age — older
workers have higher tenure and therefore tend to experience larger losses. However, for
younger workers (under age 25), the total displacement eﬀect is smaller than would be
implied by their average tenure. According to the model presented here, this is because
younger workers have relatively large shares of general human capital. Thus, they experience mild wage losses relative to their tenure. Wage losses associated with displacement
rise sharply between age 20 and 35, so that by age 35 the displacement eﬀect is much larger
than the average tenure of 35-year-olds implies. This suggests that remuneration for specific
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skills rises rapidly relative to general skills during this phase, making displacement particularly painful for middle age workers. From age 35 onward, displacement eﬀects become
progressively milder despite increasing average job tenure, suggesting that general skills
accumulate much more rapidly during this phase.
This appears to be a plausible account of an average career. In the early years, workers’
human capital consists mostly of the skills learned in school. With experience, skills learned
on the job rise rapidly as do improvements in match quality through sorting, but these
aspects of productivity reach diminishing returns by middle age. At this point, the returns
to general skills (such as organizational eﬃciency and managing younger workers) begin
to become more important. Although I am unaware of evidence of the latter phenomenon
(rising returns to general skills later in life), the former (rising returns to specific skills early
in life) is consistent with Topel and Ward’s (1992) analysis of young men in the U.S. labor
market.
5. CONCLUSION
This paper has presented evidence of sizable earnings losses associated with displacement
from formerly protected manufacturing jobs. I estimate that earnings decline by nearly 50%
after displacement relative to one year prior. About one-fifth of the initial earnings loss is
attributable to reduced hours of work rather than lower wages. However, hours recover fully
within one year of displacement, while wages remain about a third lower.
Allowing the displacement eﬀect to diﬀer by age yields a surprising U-shaped curve.
Middle aged workers are hit hardest by a layoﬀ, with younger and older workers relatively
better oﬀ. For workers aged 35-40, the initial earnings loss reaches 70%. This is a surprising
finding because most theories of job loss predict a negative relationship the wage loss on
displacement and the length of tenure on the pre-displacement job, which is increasing in
age.
A possible explanation for this finding is that the ratio of specific to general human capital
reaches a peak at middle age. Young workers have little specific capital and a low specificgeneral human capital ratio. In the early years of one’s career, specific capital (whether due
to investments in specific skills or in search) accumulates much more rapidly than general
human capital. Around ages 35 to 40, this trend reverses and general human capital begins
to accumulate more rapidly. Thus, while specific human capital may continue to rise with
age, the accumulation of general skills serves to reduce the eﬀect of job displacement at
older ages.
These findings suggest that major market reforms may have larger than anticipated
eﬀects because the primary losers are workers in the middle of their working life. This is
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also important from a welfare perspective because these workers are the most likely to fall
through the cracks of social safety nets, which typically target younger and older workers.
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Table 1. Employment and Earnings of Non-Displaced, Displaced, and Yet-to-be Displaced
Manufacturing Workers

Sample size
First year of interviews:
Percent working after second interview
Pre-switch monthly earnings if working
Pre-switch weekly hours if working
Pre-switch wage if working

Never switch

No switch in first
year of interviews

Exactly one switch in
first four interviews
(between 2nd and 3rd)

198,560

304,848

10,912

100
627
44.6
3.40

100
601
44.3
3.28

56.4
654
43.4
3.61

..
..
..

..
..
..

554
43.1
3.28

Percent unemployed
Percent fired from previous job, if unemployed
Percent who quit previous job, if unemployed
Pre-unemployment monthly earnings
Pre-unemployment weekly hours
Pre-unemployment wage

0
..
..
..
..
..

0
..
..
..
..
..

16.8
84.3
15.7
400
43.8
2.22

Percent not in labor force (NILF)
Pre-NILF monthly earnings
Pre-NILF weekly hours
Pre-NILF wage

0
..
..
..

0
..
..
..

26.8
361
40.9
2.12

Post-switch monthly earnings if working
Post-switch weekly hours if working
Post-switch wage if working

One year later:
Percent working

100

93.0

75.2

100
599
44.1
3.30

84.0
595
43.9
3.29

33.1
570
43.2
3.23

Percent in different industry if working
Monthly earnings if working in different industry
Weekly hours if working in different industry
Wage if working in different industry

0
..
..
..

7.0
525
43.4
2.93

36.5
541
42.7
3.11

Percent previously non-employed if working
Monthly earnings if working in different industry
Weekly hours if working in different industry
Wage if working in different industry

0
..
..
..

0.0
..
..
..

30.4
329
42.0
1.91

Percent unemployed
Percent fired from previous job, if unemployed
Percent who quit previous job, if unemployed

0
..
..

2.4
84.8
15.2

4.4
81.7
18.3

Percent not in labor force

0

4.6

20.5

Percent in same industry if working
Monthly earnings if working in same industry
Weekly hours if working in same industry
Wage if working in same industry

Source: Author's calculations from the PME. All earnings and wages figures are expressed in 1997 reais . Sample includes all individuals aged 20-59
present for all eight interviews of the survey. Respondents are interviewed once a month for four months, dropped from the sample for eight month, and
re-interviewed for four more months.

Table 2. Panel Estimates of Earnings and Wage Changes Upon Displacement from Manufacturing to Service
Employment
Simple Difference
Earnings
Wages
(1)
(2)

Diff-in-Diff
Earnings
Wages
(3)
(4)

Simple Difference
Earnings
Wages
(5)
(6)

Diff-in-Diff
Earnings
Wages
(7)
(8)

A. Transitions through Unemployment (1-year earnings/wage changes)a
Displaced*Post
Displaced
Post
R-squared
Sample Size

-0.26 **
(0.10)
0.29
134

-0.23 **
(0.10)
0.28
134

-0.20 *
(0.11)
-0.45 **
(0.08)
-0.06 **
(0.01)

-0.19 *
(0.12)
-0.41 **
(0.08)
-0.04 **
(0.01)

0.41
52,341

0.41
52,341

-0.21
(0.15)

-0.13
(0.15)

0.65
134

0.66
134

-0.25 **
(0.10)
-0.33 **
(0.07)
-0.08 **
(0.01)

-0.23 **
(0.10)
-0.31 **
(0.07)
-0.06 **
(0.01)

0.55
52,341

0.55
52,341

B. Transitions through Non-employment (1-year earnings/wage changes)b
Displaced*Post
Displaced
Post
R-squared
Sample Size

-0.12
(0.15)

-0.03
(0.14)

0.36
112

0.41
112

-0.08
(0.12)
-0.48 **
(0.09)
-0.06 **
(0.01)

-0.01
(0.13)
-0.41 **
(0.09)
-0.04 **
(0.01)

0.41
52,320

0.41
52,320

-0.56 **
(0.25)
0.68
112

-0.28
(0.24)
0.68
112

-0.07
(0.11)
-0.41 **
(0.08)
-0.08 **
(0.01)

0.01
(0.11)
-0.35 **
(0.08)
-0.06 **
(0.01)

0.55
52,320

0.55
52,320

0.00
(0.03)
-0.15 **
(0.02)
0.02 **
(0.01)

C. Direct Transitions (1-month earnings/wage changes)c
Displaced*Post

Post

0.00
(0.04)

0.02
(0.04)

0.00
(0.03)
-0.26 **
(0.02)
0.00
(0.01)

R-squared
Sample Size

0.38
1,522

0.41
1,522

0.40
52,742

Displaced

0.00
(0.03)
-0.22 **
(0.02)
0.02 **
(0.01)

0.00
(0.03)

0.02
(0.03)

0.00
(0.03)
-0.19 **
(0.02)
0.00
(0.00)

0.41
52,742

0.54
1,522

0.56
1,522

0.56
52,742

0.55
52,742

D. Direct Transitions (1-year earnings/wage changes)d
Displaced*Post

0.07
(0.15)

0.02
(0.15)

0.05
(0.13)

0.00
(0.13)

Displaced

-0.25 **
(0.10)

-0.24 **
(0.11)

-0.20 **
(0.09)

-0.20 **
(0.09)

-0.06 **
(0.01)

-0.04 **
(0.01)

-0.08 **
(0.01)

-0.06 **
(0.01)

Post
R-squared
Sample Size
Industry, City, and Year Fixed E

0.02
(0.13)

0.00
(0.14)

0.46
90

0.42
90

0.41
52,298

No

No

No

-0.10
(0.11)

-0.07
(0.13)

0.41
52,298

0.94
90

0.91
90

0.55
52,298

0.55
52,298

No

Yes

Yes

Yes

Yes

Notes: ** denotes significance at 5%; * denotes significance at 10%. Table presents coefficients from panel data regressions. Columns 1,2,5, and 6 present change in log earnings/wages of displaced
workers. Columns 3,4,7, and 8 present estimates of change in log earnings/wages of displaced workers relative to change in wage/earnings of non-displaced workers. All regressions control for education,
age, age squared, and a female indicator. Regressions in columns 5-8 control also for industry, city, and year fixed effects.
a
"Treated" sample observations are individuals who move from manufacturing jobs to unemployment between the 2nd and 3rd interviews, and are employed one year later (in the 7th interview). "Control"
sample observations are the 2nd and 7th interviews of individuals who stay in manufacturing jobs for all 8 interviews. Wage/earnings changes are therefore 13-calendar months apart.
b
"Treated" sample observations are individuals who move from manufacturing jobs out of the labor force between the 2nd and 3rd interviews, and are employed one year later (in the 7th interview).
"Control" sample observations are the 2nd and 7th interviews of individuals who stay in manufacturing jobs for all 8 interviews. Wage/earnings changes are therefore 13-calendar months apart.

Table 3. Descriptive Statistics of Manufacturing Workers Ages 20-59 Observed Before and After
Displacement to Non-manufacturing Employment via Unemployment, Brazil, PME, 1982-2002
Fired
Pre-displacement
sample
Time relative to displacement:

Quit
Postdisplacement
sample

Pre-displacement
sample

Postdisplacement
sample

t-13

t-1

t

t+12

t-13

t-1

t

t+12

1,428

11,670

7,824

2,495

264

2,701

1,835

583

Earnings

415
464

345
400

210
246

269
292

366
367

326
371

240
631

290
289

Hours

43.9
7.9

38.7
14.9

38.5
14.2

43.1
9.6

43.2
7.4

39.9
13.8

38.2
14.4

42.8
10.9

Wage

2.34
2.79

2.03
2.82

1.39
3.59

1.53
2.02

2.16
2.24

1.91
2.38

1.55
3.04

1.65
1.66

6.3
3.5

6.5
3.6

6.5
3.6

6.4
3.5

6.8
3.6

6.7
3.6

6.8
3.7

6.9
3.7

Age

32.9
9.0

30.5
8.7

30.8
8.8

30.8
8.6

30.5
8.0

28.9
8.2

28.9
8.0

29.4
7.9

Percent Female

21.1
40.8

21.9
41.3

19.7
39.8

17.6
38.1

24.5
43.1

27.7
44.8

33.2
47.1

29.7
45.7

3.4
4.0

2.0
3.2

2.3
3.4

3.4
4.0

2.5
3.5

1.5
2.5

1.7
2.8

2.5
3.5

90.4
5.5

90.8
6.0

91.5
6.0

89.9
5.5

88.9
4.6

89.3
5.4

89.8
5.6

88.7
5.2

Sample size

Education

Tenure on previous job (years)

Year

Source: Author's calculations from Pesquisa Mensal de Emprego, 1982-2002. Pre-displacement sample includes all indviduals observed moving from
a manufacturing job (at t-1) to unemployment. A subsample of these individuals are observed a year prior to displacement. Post-displacement sample
includes all individuals observed moving from unemployment to non-manufacturing employment (at t). A subsample of these individuals are observed
a year later.

Table 4. Effect of Displacement from Manufacturing Job on Log Earnings
and Wages, 6 Cities, Brazil, 1982-2002
∆t-13,t
Earnings
R-Squared

Wages
R-Squared
Hours, conditional on
working
R-Squared

Sample Size

∆t-1,t

∆t-13,t+12

∆t-1,t+12

-0.678 **
(0.022)

-0.512 **
(0.010)

-0.386 **
(0.029)

-0.208 **
(0.013)

0.36

0.41

0.44

0.41

-0.509 **
(0.021)

-0.383 **
(0.010)

-0.386 **
(0.030)

-0.228 **
(0.014)

0.34

0.38

0.41

0.39

-0.169 **
(0.012)

-0.129 **
(0.005)

0.06

0.06

9,246

19,474

0.000
(0.013)
0.05

3,921

0.019 **
(0.006)
0.03

14,149

Notes: ** denotes siginificance at 5% level. Time t denotes the first post-displacement month with positive
earnings. Each column corresponds to a combination of pre- and post-displacement times (13 months prior to 1
month post, 1 month prior to 1 month post, 13 months prior to 1 year post, and 1 month prior to 1 year post,
respectively). Estimates compare earnings and wages of individuals leaving unemployment to those just
entering unemployment, controlling for education, age, age squared, female, dummies for each industry at t-1,
and dummies for each city and year.

Table 5. Robustness Checks of Impact Effects of Displacement (∆t-1,t): Low, Medium, and High Inflation
Periods, 6 Cities, Brazil, 1982-2002
d

1986, 1991, and 1994 only

All years
a

Low
Earnings
R-Squared

Wages
R-Squared
Hours, conditional on
working
R-Squared
Sample Size

Medium

b

High

c

Low

a

Medium

b

High

c

-0.480 **
(0.015)

-0.561 **
(0.017)

-0.493 **
(0.020)

-0.450 **
(0.043)

-0.401 **
(0.050)

-0.507 **
(0.042)

0.38

0.40

0.41

0.50

0.43

0.39

-0.348 **
(0.015)

-0.418 **
(0.017)

-0.384 **
(0.020)

-0.355 **
(0.043)

-0.262 **
(0.052)

-0.378 **
(0.043)

0.35

0.36

0.39

0.47

0.39

0.37

-0.132 **
(0.008)

-0.143 **
(0.010)

-0.109 **
(0.010)

-0.095 **
(0.021)

-0.139 **
(0.024)

-0.128 **
(0.021)

0.06

0.07

0.06

0.07

0.09

0.10

908

776

8,145

6,866

4,463

1,026

Notes: ** denotes siginificance at 5% level. Compare to second column of Table 4. Estimates compare earnings and wages of individuals leaving
unemployment to those just entering unemployment, controlling for education, age, age squared, female, dummies for each industry at t-1, and dummies for
each city and year.
a
Months in which inflation was less than 6% per month.
b
Months in which inflation was between 6% and 20% per month.
c
Months in which inflation was more than 20% per month.
d
1986, 1991, and 1994 are years which contain low, medium, and high-inflation months.

Figure 1. Proportion of Males Employed in Manufacturing
in Brazil's Major Metropolitan Areas, by Age, 1982-2002
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Figure 2. Proportion of Males Ages 20-59 Employed in
Manufacturing, by Cohort, 1982-2002, Brazil
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Figure 3. Monthly Entry Rates of Males into Manufacturing in Brazil's Major
Metropolitan Areas, by Age, 1982-2002
Panel A. Entry Rates

0.04

0.03

0.02

Ages 20-29
0.01

Ages 30-39
Ages 40-49
Ages 50-59

0.00
1982

1984

1986

1988

1990

1992

1994

1996

1998

2000

2002

2000

2002

Year

Panel B. Exit Rates

0.20

0.15

0.10

Ages 20-29
0.05

Ages 30-39
Ages 40-49
Ages 50-59

0.00
1982

1984

1986

1988

1990

1992
Year

1994

1996

1998

Figure 4. Mean Earnings and Wages of Non-Displaced, Pre-Displacement, and PostDisplacement Samples, by Propensity Score
Panel A. Earnings
6.5
Pre-displacement control
Post-displacement control

Mean Log Earnings

6

5.5
Pre-displacement
sample

5

4.5

Post-displacement sample

4
0

.2

.4

.6

.8

1

.6

.8

1

Propensity Score

Panel B. Wages
1
Pre-displacement control

Post-displacement control

Mean Log Wage

.5

Pre-displacement
sample

0

Post-displacement sample

-.5

-1
0

.2

.4
Propensity Score

Figure 5. Effect of Displacement Through Unemployment
on Log Earnings and Wages, by Age
1 year prior to impact, 1 month prior to impact, and 1 month prior to 1-year after
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Figure 6. Impact Effect of Displacement on Wages, by Age and by Tenure
Manufacturing Workers Aged 20-59, Brazil, PME
Manufacturing Workers Aged 20-59, Brazil, PME
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Figure 7. Average Tenure on Previous Job of Unemployed
Workers, by Age
1982-2002, Brazil, PME
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Figure 8. Tenure v. Age Effect on Displacement by Age
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