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Abstract

This paper estimates a wage equation with threb-dhigpensional fixed effects —
worker, firm, and job title — using a longitudimakatched employer-employee dataset
covering virtually all Portuguese wage earners avdittle more than two decades.
The variation in log real hourly wages is decomploggo different components
related to worker, firm, and job title charactadst(both observed and unobserved)
and a residual component. It is found that worletefogeneity is the most important
source of wage variation (36.0 percent) and thatuhobserved component plays a
more important role (21.0 percent) than the obskm@mponent (15.0 percent) in
explaining wage differentials. Firm effects areslesportant overall (28.7 percent)
and are due in roughly equal parts to the unobdeceeponent (14.6 percent) and
the observed component (14.0 percent). Job titéetsf emerge as the least important
factor but they still explain 9.7 percent of wagariation, with the observed fixed
effects component playing a more important rol® @ercent versus 1.9 percent for
the unobserved fixed component) while improving finecision of the estimates of
the other sources of wage variation. Finally, amgartantly given the lingering
ambiguity in the wider empirical literature, theie material evidence of positive
assortative matching.

JEL Classification: J2,J41

Keywords:  worker fixed effects, firm fixed effectgpb title fixed effects,
decomposition of wage variability, high-dimensioratnices, wage policies, firm
performance, labor force quality



. Introduction

An important research theme in labor economics Iy wimilar workers receive

different remuneration and why similar firms paffelient wages. There are two lines
of reasoning to explain observed wage variabilipme of which relies on the

supply-side determinants of wages (workers’ charetics) and the other on
demand-side factors (their employers’ charactesti

In a labor market operating under perfect competjtieach worker should
receive a wage that equals his or her marginak(re®) product. Wage differentials
should reflect differences in worker productivitydanot depend on job or employer
attributes (other than those affecting worker wytilsuch as dangerous working
conditions that will in normal circumstances attraccompensating differential). In
turn, worker productivity has a basis in competefjatether observed or not),
typically ‘acquired’ through investments in humamapital — abstracting from
unobserved intrinsic ability and ignoring relatéghsling models.

There is no shortage of models seeking additionalternative explanations for
wage variability, but in each case the charactesistf firms rather than those of
workers (i.e. worker competence or productivityfetiénces) now assume prime
importance. Given the plethora of such treatménis, choose to focus here on just
two of them that pose perhaps the sharpest contndistthe standard competitive
model. The first approach has a basis in rent-sbansider-outsider considerations,
while the second emphasizes labor market frictions.

Rent-sharing models predict that wages dependeartiployer’s ability to pay.
In particular, wages are predicted to have a p@sdorrelation with firm profits, since
firms may find it profitable to share their gaingwtheir workers and pay above the
going rate® These models explain why wages depend not onlyexdarnal labor
market conditions but also on the conditions insitie firm — including its
productivity, profits, degree of competition, tuweo costs, and the bargaining
strength of workers — and why the wages of workieosn different groups of
occupations, education, and seniority are highesome firms or industries than in
others.

The other explanation for wage differentials amomgrkers with similar
characteristics considered here derives from thes@garch and matching literature and
emphasizes the role of labor market frictions ingavadetermination. Thus, the

equilibrium job search model of Burdett and Mortamg1998) predicts that firms
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may have incentives to offer higher wages tharr tt@npetitors in order to guarantee
a low quit rate and attract a large number of wwrkie a market characterized by the
existence of frictions — even in circumstances ombgeneous workers and firms
ex-ante This model predicts that wages are increasiniynm size and workers’ job
seniority.

For their part, matching models that also take iatoount the existence of
frictions in the labor market provide an explanatifor wage dispersion. In the
models of Diamond (1982), Mortensen (1986), Pigeari (1985, 2000), and
Mortensen and Pissarides (1994) the wage paidtibysthe employer, but workers
and firms bargain over the share of the matching sedter they meetek-pos}).
Differences in match productivity, then, explain ywkimilar workers (firms) may
receive (pay) different wagés.

The goal is to appropriately disentangle the effemt employers’ decisions
(demand-side determinants of wages) from the effettchoices made by workers
(supply-side determinants) in the explanation ofyevaariability. To this end, we
estimated a wage regression in which we introdwstealltaneously worker and firm
fixed effects.

However, besides worker and firm heterogeneityhial timportant dimension
of wage formation is job title heterogeneity. Jate theterogeneity may influence
wage rates for a variety of reasons. First, it &lwnown that tasks that involve risks
of fatal or otherwise serious accidents are bgited than safe tasks. One should
therefore expect significant compensating diffaedatto attach to occupations such
as deep sea divers or bullfighters. Second, jolas tieed to be executed under
difficult or stressful conditions are also expectede more highly remunerated than
jobs performed in pleasant environments. For examphe should observe higher
wages for individuals that work on offshore oil gfid@ms or in mines. Third, the
complexity of some tasks may require heavy dosespafcific training and/or
unusually skilled workers. This is one importanasen why, for example, brain
surgeons and jet-fighter pilots earn higher wadesurth, some occupations are
known to be chronically ‘overcrowded’ whereas oshare thought to be in excess
demand. For decades, it has been argued thatitheneoversupply of teachers and a
corresponding undersupply of nurses. Fifth, sorbs,jby their nature, put workers in
a position where they can inflict serious lossesnutheir employers and/or society.

Unions organizing such workers will be powerful egb to extract significant rents
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in the form of higher wages. Industrial action ymnercial airline pilots, by train

drivers, and by flight controllers — or, more gallgt, by individuals employed by
natural monopolies — often leads to substantialey@g@mia. Sixth, entry barriers to
certain occupations that are erected by worker cessons (e.g. closed-shop
regulations and occupational licensing by assamatiof medical practitioners and
lawyers) will also enhance the labor incomes oirtimleumbents. Finally, the kind of
technology in use may also foster unionization lvé tvorkplace and favor rent
seeking. Production activities that imply the comcation of a large number of
workers in a single plant (say, in autos or shigdmng) facilitate industrial action,

and thus improved conditions.

To properly incorporate these and other such wagerghinants one needs a
very detailed accounting of the kind of jobs beumglertaken by workers. Even a very
disaggregated occupational count or listing woudt lve fit for purpose here because
the wage policy regarding the same occupation gesgcretary) may be governed by
different collective agreements (e.g. by the bagkndustry agreement as opposed to
the retail trade collective agreement). Fortunatelyour dataset we have access to an
unusually rich set of information that enables asdentify the collective agreement
that regulates the employment contract applicableach worker and, within each
collective agreement, one can further pinpoint thect, detailed occupational
category of each worker. The reason why this in&drom is collected reflects the
specificities of the Portuguese wage setting syst@angely conformable to
continental European practice). Each year, aro@dd¥ferent collective agreements
are negotiated. The collective agreement definggevitoors for each particular job
title (so-called professional category or “categoprofissional”). On average, each
collective agreement defines the wage floor foruatb 100 job titles. Overall, in a
given year, one can classify each worker along s8d@00 collective agreement/job
title combinations. The main use of tQeladros de Pesso#@ precisely to enable the
officials of the Portuguese Ministry of Employmentascertain whether employers
are in compliance with what was actually agreedttithe bargaining table (i.e. wages,
work schedules, and other conditions).

In this study, we are confident that, by incorpm@ijob title fixed effects in the
wage regression, we can make good progress inntietag the contribution of job
title heterogeneity. And by properly accounting jmb title heterogeneity, one should

be able to provide refined estimates filtered frilv@ effects job title heterogeneity of
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worker and firm fixed effects. This should sheditiddal light on the current debate
concerning the role of assortative matching, assomea through the association
between worker and firm fixed effects. In the psx;ewe should also be able to
unambiguously disentangle the contribution of cacttheterogeneity and occupation
heterogeneity to wage formation.

The final objective of this estimation with thrageld effects is to calculate the
contribution of each determinant of wages to oVesage variability, as described
below and further elaborated upon in section VI.e Thequirements of this
decomposition exercise are daunting; specificalhe availability of longitudinal
datasets combining information on firms and thempyees (namely, matched
employer-employee datasets with unique identifierdirms, workers, and job titles)
and the use of appropriate panel data econometimiques to estimate three high-
dimension fixed effects — worker, firm, and jobetifixed effects — in wage equations.

Fortunately, panel datasets have become availabkedent years for many
countries, while econometric tools (and computirapacity) have also improved
greatly. Taken in conjunction, all these ingredsentdata, econometric techniques,
and computing facilities — have made it possiblériag new information to bear in
the empirical debate on (many aspects of) wagerrdetants. In particular, in their
pioneering work using a French longitudinal matclesdployer-employee dataset,
Abowd, Kramarz, and Margolis (1999) were the fitet propose an empirical
framework for estimating worker and firm effectsvimge equations. They reported
that worker characteristics explained the majort pair wage differentials, of
inter-industry wage differentials, and of firm-siz@ge differentials.

In the present treatment, we use a longitudinalcheat employer-employee
dataset covering virtually all employees in Portu@aur dataset contains a total of a
little more than 27 million observations, 1986-20@6awn from 568 thousand firms
and 5.5 million workers. In estimating a wage egumthat includes worker and firm
effects, we use a routine that was especially dgeel in Stata providing an exact
solution to the least squares problem that ariseenwdealing with very high
dimension matrices. We took this methodology a estagther, by including, as
mentioned above, also a third fixed effect in owge equation for the job title and
sought explicitly to control for job heterogeneity.

To our knowledge, this exercise is performed far finst time under optimal

conditions. To repeat, these are universal coveodighe employed population and
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the use of adequate econometric tools.

The plan of the paper is as follows. A literatuegiew on assortative matching
theory (on the complementarity between individuadl dirm productivity levels) is
next provided in section Il. Since we can diredtlyestigate the association between
the two main forms of heterogeneity that have fgucentrally in the matching
literature (while introducing a third), not leastdause the jury is out on the direction
of matching. In the interests of completeness, ae also range further afield to
consider whether the compensation policies followedirms as revealed by all three
types of heterogeneity are related to thparformance The general empirical
framework necessary to estimate wage equationswatker, firm, and job title fixed
effects is next established in Section Ill. A ddéscription and barebones review of
wage setting in Portugal is contained in Section\lWage variability is decomposed
into its components in Section V, the determinaritaorker, firm, and job title fixed
effects investigated, and correlations between ¢bmponents of compensation
addressed. Section VI assesses the relationsmgéetfirms’ wage policies and their
performance as well as labor force quality, usimgdpctivity data. Section VII

concludes.

II. Assortative matching

Also examined in the present paper is evidencehensbrting of heterogeneous
workers across plants, and in particular the notibpositive assortative matching.
The idea behind positive assortative matching is tomplementarity between
individual and plant productivity levels, with goadorkers being teamed up with
good firms. The theoretical basis for such matchisigorovided by assignment
models. In his marriage market model, Becker (19836) shows that if the
production function is supermodular the unique kouum that occurs is both
efficient and characterized by perfect sorting. dther words, the existence of
sufficient complementarities in production genesap®sitive assortative matching;
here the union of the most (and least) desirablenges: the most desirable
individuals get together, as do the least desirablee early assignment models,
however, were rooted in competitive equilibriumg(eSattinger, 1993; Kremer and
Maskin, 1996), thereby disregarding establishmeestidic components in the wage
equation. With the introduction of frictions, maexent developments have ensured a

sorting of workers across plants (Shimer and SmREQ0; Shimer, 2005;
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Postel-Vinay and Robin, 2002). At issue in thesedef® is the nature of the
equilibrium matching pattern since different matghimodels predict different
matching equilibrium patterns (i.e. admitting ofther positive or zero/negative
assortative matching) according to the assumptioinshe model such as strict
supermodularity (i.e. all agents have higher prdaditlg when they match with
high-productivity agents), the transferability aility, and the commitment for a wage
schedule.

Empirical work — some of which is summarized belowpresenting our own
findings — has often failed to produce evidenceasditive assortative matching in the
wake of Abowd, Kramarz, and Margolis’ (1999) pioneg study. Using matched
employer-employee data for 1976-1987 for a 1/2&thde of the French labor force
Abowd, Kramarz, and Margolis decomposed wages fixed establishment and
person effects and reported a positive albeit wealkelation between the two.
However, these results were obtained on the bds&atistical approximations —
limited by the capacity of the computers on whidieyt were generated. In
re-estimating the model using exact methods, AbdBr@ecy, and Kramarz (2002)
report that the correlation between the personfand effect is -0.283 (rather than
0.097 using the flawed method). The authors alportecorrelations between the two
effects for a 1/10th sample of State of Washindtomployment using matched data
for 1984-1993. The corresponding coefficients w&©25 and 0.050 for the exact
and approximate estimates, respectively. And, peag negative correlations have
indeed figured largely in the literature using thage data approach (e.g. Goux and
Maurin, 1999; Gruetter and Lalive, 2009).

Although, as we have seen, negative assortativechimgt may have an
economic explanation (see also Woodcock, 2010)siderable effort has been
expended to determine whether this result migharbartifact of the use of standard
econometric techniques. Abowd, Kramarz, Lengermand,Pérez-Duarte (2004) test
and discount the notion that the negative cormabetween the fixed worker and
employer effects vulga good workers gravitate to bad firms — are causelimited
mobility bias in the estimation of each effect. Ylw@nclude that while sampling error
does impart downward bias to the two effects, itggnitude is simply too small to
modify the basic negative result for France or #tsence of correlation for the
United States (i.e. random assignment). A similat fomewhat more attenuated
conclusion is reached by Andrews, Gill, Schank, dpavard (2008), who show that
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the correlations between the two fixed effects wél downwardly biased if there is
true positive assortative matching and when anyditioming covariates are
uncorrelated with the two fixed effects. The auth@imulations indicate that the
extent of bias is a decreasing function of workebitity which in turn reflects the
propensity to move, the length of the panel, ardatverage size of firms. In applying
formulae to correct the bias to West German mataragloyer employee data for
1993-1997, the authors find evidence of not inaersible bias: some 25 percent for
the full sample, increasing to around 50 percemt tfee subsample of movers.
Nevertheless, although the biases are large, tbhegad in this study overturn the
negative correlation between the worker and pléatts.

Melo (2008) also argues that the standard methoché¢asure sorting (using
worker and firm fixed effects in a log-linear wagggression as proxies for worker
constant heterogeneity in the manner of Abowd, Knamand Margolis, 1999) is
biased against detecting it. Melo offers a modé¢hviour main components: worker
and firm heterogeneity, complementarities in prdunc(necessary to produce sorting
in equilibrium), search frictions, and limitations firms to post new vacancies. The
frictions induce agents to accept suboptimal pastrie avoid joblessness and the
vacancy restriction createx anterents for vacancies and provides a reason forsfirm
to reject some workers in equilibrium. Although thedel yields strong positive
sorting with good workers teamed with good firmgdiese of complementarities in
production, this outcome is hidden because of nonatonicities in the wage
equation caused by the interaction between wagglmang and the limited ability of
the firms to post new vacancies. This in turn aribecause high productivity firms
have better outside options than their low proditgticounterparts, which causes
downward pressure on the wages of their workerd;immparticular among low-wage
workers. In other words, low skilled workers arerthpaid less when working for a
more productive firm.

Melo’s distinct solution is to examine the correlatbetween a worker’'s wage
fixed effect and the average fixed effect of thevorkers in the same firm. His
correction yields strong evidence of positive asgive matching, unlike the
conventional measure which yields an absence diihgowhen applied to Brazilian
matched employer-employee data, 1995-2005. Ondemowith this approach — and
one admitted by the author — is that the posits@aiation between a worker’s wage

fixed effect and the average fixed effect of his/beworkers does not in fact inform
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us as to the sign of sorting since good workerddctwe clustering in bad firms.
Further, Melo’s preferred measure may not be dgasito differences in firm
characteristics such as average employee turnogeiiran size.

The perception that one cannot distinguish positiem negative sorting using
wage data — or the related concern that theoreticalels can generate positive or
negative correlations between firm and person tffdlom a wage equation —
explains why some have advocated usingr@ductivity modeldirectly rather than
inferentially. Unlike the more numerous studies Ewing wage data, those using
output data point to positive assortative matchidg a case in point, using
Portuguese matched employer-employee data from Quadros de Pessaqal
1986-2000, Mendes, van den Berg, and Lindeboom7(266timate a firm-specific
productivity effect for each firm using a translggecification which they then relate
to the skills of workers in the firm measured as thme average of the share of
highly-educated workers in the firmThey report evidence of positive assortative
matching, especially among longer-lived firms. Theport that the results are not
caused by heterogeneity in search frictions; fanaple, if all workers were attractive
to firms but the high skilled types found it easierlocate high quality firms, one
would still observe positive matching. The authose data on job transitions to
construct an index of search frictions for the @asi skill levels they examine within
different submarkets. The test is to determine hdresearch frictions are high in
those sectors and regions where positive matclsirnggh. Although the correlation
between search frictions and positive matchingositive, the incorporation of such
frictions is to reduce the matching contribution dwyly 30 percent. That said, the
authors’ definition of search friction is unconvien@l: the ratio between the
probability of moving to another firm and leavirgetlabor force rather than the ratio
of the job arrival rate and the separation rate.

Using a 10 percent random sample from @eadros de PessqgaFerreira
(2009) has examined the role of promotions and raéipas on wages. For this
purpose, she deploys two regression models. Ths# i a conventional wage
regression model with worker and firm fixed effedtsthe second, in addition to the
worker and firm fixed effects, the author inclugesatch fixed-effect — albeit at the
cost of making the rather questionable assumptian this effect is orthogonal to
either fixed effect. Ferreira concludes that worked firm permanent unobserved

heterogeneity account for more than one-half of thariation of wages.
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Disappointingly, the match effect ‘explains’ jusp@rcent of the variation. Strikingly,
in Ferreira’s study there is indication that asstore matching, where present, is
negative.

Recently, a trenchant criticism of using unobsemwedker and firm effects to
conclude anything about assortative matching han bmade by Eeckhout and
Kircher (2010). Their argument hinges upon non-ntonigity, which reflects the
opportunity cost to the firm of a match with anppeopriate type of worker. The
more productive firms run a risk (i.e. have to benpensated for) contracting with a
‘bad’ worker because it stops them contracting waitiyjood worker. So, a worker’s
wages are lower if he contracts wétherabad or a very good firm. What matters is
the proper match- a worker coming together with the right firm.dther words, the
highest compensation arises from correct matchdsttaa process substitutes for a
wage schedule that is increasing everywhere wiple tyf firm. The authors speak of
wages for a given worker having “an inverted U-ghapound the optimal allocation
that corresponds to the frictionless wage.” The-mamotonic effect of firm type on
wages translates into a wage that cannot then beng®sed into an additively
separate worker and firm fixed effect. In this mipaaly the most productive firms
make profits so that information on profits ratliean wages is necessary to identify
the sign of sorting.

Eeckhout and Kircher construct a model that alléevanismatched wages and
show that if equilibrium wages are non-monotonidiim type, the traditional method
used in the literature (i.e. in the manner of AbpWdamarz, and Margolis, 1999) is
inappropriate in seeking to gauge the sign (andinkensity) of sorting precisely
because firms pay wages based on the productigity fyjom getting together with a
higher type worker rather than because they themsere productivéAlthough we
would argue that the authors’ conclusion is seresito model parameterization — so
that we should not throw out the decomposition @ger‘baby’ with the bathwater —
we shall further refine our treatment of assor@ativatching in section VIl to include

(a proxy for) productivity data so as to addresasof these authors’ concerns.

[ll. The General Empirical Framework to Measure Wage Variation
The methodology applied in this paper expandsittigally developed by Abowd and
Kramarz (1999) and Abowd, Kramarz, and Margolis 999 who presented a

statistical framework permitting worker and firmxdd effects to be estimated
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simultaneously in wage regressions. However, asdhefrlier, and as elaborated
upon below, we shall use a different algorithm tdam an exact solution for the
estimation problem, and we also include a thirédieffect for the job title.

The linear wage equation to be estimated has tine fo

Inwg, =X B+6 +¢, +A, +&, (1)
which is related, in the statistical literature,tiwithe “three-factor analysis of
covariance.” In this equatiorin w,, is the natural logarithm of the real hourly wage
of individual i (i =1,...N) working at firmf (f =1,...,F ) and holding a job titlg
(j=1,....3) at yeart (t =1,....,T.). There arel, observations for each individuiabnd

a total of N* observations.X,, is a vector ok observed (measured) time-varying

exogenous characteristics of individuand firmf. 8 is the person or worker fixed
effect (capturing observed and unobserved indiVidoastant heterogeneity}, is

the firm fixed effect (capturing observed and urestsed firm constant heterogeneity),

and A, is the job title fixed effect (capturing observedd unobserved job title

constant heterogeneity). According to this equatitere are five components that
explain the wage variability:

1. the observed time-varying characteristics of wakefirms, and the
economy X, 3);

the workers’ heterogeneity or worker fixed effe);

the firms’ heterogeneity or firm fixed effectg ();

the job titles’ heterogeneity or job title fixedagtts (1, ); and,

o bk~ w0 N

an error term componentef ), assumed to follow the conventional

assumptions.

In matrix notation, the stacked system has the form
Y=XBp+DO+Fp+LA+e¢. (2)
In this equationY is a(N" x1) vector of real hourly wage (in logs) is a
(N" xk) matrix with k observed time-varying characteristics of indiviguand
firms, D is a(N" x N) design matrix for the person effect,is a(N" xF) design

matrix for the firm effectsL. is a(N" xJ) design matrix for the job title effects,
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is a (N x1) vector of person effects is a(F x1) vector of firm effects,\ is a

(J x1) vector of job title effects, and is a (N x1) vector of disturbances (we

assume that mobility is exogenous, in order to niakedesign matrices orthogonal to

the disturbances vector). All vectors/matrices,(X, D, F, and L) have row

dimensionality equal to the total number of obstoves (N ).

Equations (1) and (2) can be interpreted as theélitonal expectation of real
hourly wages given the observable characteristiosarkers and firms, the date of
observation, and the identity of individuals, enyhg firms, and job titles. The total
number of parameters to be estimated is thergferdl + F +J . However, it will not
be possible to identify all worker, firm, and jabe fixed effects. Abowd, Kramarz,
and Margolis (1999) show that in order to identifyo of those effects (the firm and
worker fixed effects) one needs to imp&seestrictions on the parameters, whéres
the number of “mobility groups,” that is, the numloé groups of connected firms and
individuals.

The full least squares solution to estimate theampaters in (1) solves the
following set of normal equations:

XX XD X'F X'L|B
D'X D'D D'F D'L|6
FX FD FF FL ¢= FY 3)
L'X L'D L'F L'L|a] |[LY

Application of the conventional least squares fdarta estimate all parameters
(worker fixed effects, firm fixed effects, job #tifixed effects, and the coefficients of
all observed time-varying worker and firm charaistess) requires the inversion of a
high dimension matrix. This is impossible to ackiawsing standard software and
present-day computers. Accordingly, special alporg are required to estimate the
full model parameters.

Abowd and Kramarz (1999) and Abowd, Kramarz, andrddks (1999)
proposed an approximate statistical solution tl@atesponds to using conditional
estimation methods (based on a conditioning effewsix,Z ) providing estimators
that are as similar as possible to full least sgmidout computationally tractable. More
recently, Abowd, Creecy, and Kramarz (2002) haveelbped an algorithm that
permits an exact solution of the least squaresnatibn of equations such as (1), for

the two fixed effects case. The user-written comina®reg is the Stata
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implementation of this algorithm.

In the present treatment, we followed an altermathethodology that was able
to provide estimates for the regression coeffi@amd for the three fixed effects. This
procedure was developed by Guimardes and Port@gdl) for the estimation of
linear regression models with two high-dimensidinadd effects, and then updated to
the three fixed effects case. In brief, this metiogy is based on a partitioned
algorithm strategy, follows an iterative proceduaad provides an exact solution to
the least squares problem. While computationaligrnisive given its iterative nature,
this approach nevertheless imposes minimum memeguirements. A detailed
description of this methodology and how it can toplemented to estimate equation

(1) is remitted to the Annex.

IV. Data, the Institutional Wage Setting, and Relag¢d Literature for Portugal

Data

The Portuguese data used in this inquiry come frantongitudinal matched
employer-employee dataset known as the Tables ofoReel (or Quadros de
Pessodl for the years 1986 to 2006 (excepting 1990 ar@iLl0This unique dataset
was created by the Portuguese Ministry of Employgnamd is taken from a
mandatory annual survey addressed to firms withena@yners. The survey covers
various firm and establishment characteristicsyelé as a set of characteristics of the
workforce (see below). Being compulsory, it does suffer from the non-response
problems that often plague standard household mnd durveys. Further, as noted
earlier, the survey covers almost all Portuguesgewearners, outside of Public
Administration and the domestic servants.

Turning to specifics, the dataset includes inforomaton the establishment
(establishment identifier, location, industry, amanployment), the firm (firm
identifier, location, industry, legal form, ownenghyear of formation, employment,
sales, and capital), and its workers (social sgcugentifier, gender, age, education,
skills, occupation, employment status, professideakl, seniority, earnings [base
wage, seniority-related earnings, other regular mretjular benefits, and overtime
pay], normal and overtime hours, time elapsed siasé promotion, professional
category and the corresponding classificationdoliective agreement).

For the purposes of this exercise, a subset ohlims was selected, certain new
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variables created, and some observations removelfifial set of variables retained
for analysis is given in Table A.1 in the Annex. Ang the restrictions placed on the
data were the exclusion of those individuals whaewaot working full time, who
were aged less than 18 years or more than 60 ywehosearned a nominal wage less
than 80 percent of the legal minimum wage or alibee99.9 percent quantile in each
year, who recorded errors in their admission/kitdkes, and who had duplicate social
security codes or other errors in those cddeke final dataset for the entire period
(all 19 available years) comprises 27,020,044 ofadeens drawn from 567,739
different firms, 5,492,332 individual workers, af8.9 thousand job titles (i.e. the
code of the variable that results from the cordlatof the professional category
variable and the corresponding collective agreemrantible). Descriptive statistics
for the variables are provided in Tables A.2, ABd A.4 (in the Annex).

I nstitutional Wage Setting

Over our sample period, the wage bargaining systefortugal is conventionally
characterized as having displayed a high degreeenfralization and a moderate
degree of coordination (OECD, 1997). Insofar as esagre concerned, the greater
centralization that occurred in the mid-1980s wiastkie agency of social pacts that
involved indicative wage guidelines for the natibagerage wage increase. Although
such pacts were to shape subsequent collectivaibarg, the latter still reflected the
backdrop of decentralized employers’ and workersgaaization within their
confederate bodies.

That said, collective bargaining in Portugal maitdies place at sectoral level.
Voluntary and mandatory extensions are commonpl&lce.former occur when one
side subscribes to an agreement to which it was patrty (and gains the approval of
the other side), or more typically when employesderd the coverage of an
agreement they have signed with a particular unionthe entire workforce.
Mandatory extension by state fiat is also widespraad applies in circumstances
where workers are unorganized or where bargainargsbme reason fails. Note,
however, that sectoral agreements may only havecanpational scope within the
industry so that there can be more than one cdntw#bin a sector, reflecting
occupation, region, trade union affiliation or soceenbinations of these alternatives.

In some instances, firms can negotiate their owllective agreements with

either one or a number of unions or several congzacan come together to bargain
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with the trade unions. But such formally decentedi wage bargaining is the
exception rather than the rule. Such single-firrd amulti-firm bargains as opposed to
sectoral contracts are largely restricted to publnterprises. Note that the recent
increase in multi-firm bargaining among joint staxkmpanies is purely the result of a
privatization/reorganization process occurringuotsenterprises.

Sectoral bargaining in Portugal differs from that ather nations because
Portuguese industrial relations are characterizgdfragmentation and multiple
unionism. The corollary is that contents of colleetagreements at once extensive
and general. They are extensive in covering a largaeber of categories of worker
but general in setting only minimum conditions éarch — in particular, base monthly
wages — while dealing with few other terms and domas. In a bargaining
framework that sets wage floors and does not cquejected wage growth,
employers have a margin to adjust their wage padido the prevailing economic
conditions (see Cardoso and Portugal, 2005, faseudsion of the ramifications of

this de factodecentralization).

Related Literature for Portugal

Stimulated by the suitability and richness of imfiation contained in thQuadros de
Pessoalongitudinal dataset, a number of Portuguese ssusieeking to estimate wage
regression models with high-dimensional fixed efdtave recently emerged. Thus,
Monteiro, Portela, and Straume (2010) employ thénfatées and Portugal (2010)
algorithm to estimate a wage regression model Wwigh-dimensional worker and
firm fixed effects to investigate the impact ofyate versus public ownership of firms
on the degree of rent sharing. Using the same elatasd technique, Martins and
Opromola (2010) estimate a wage regression model worker and firm fixed
effects to study how imports and exports might gateewage premia. Also using the
Quadros de PessqgaCarneiro, Guimaraes and Portugal (2011) estimdtaee-way
high-dimensional wage regression model (with warlkdem, and job title fixed
effects) to study the cyclical sensitivity of remhges. But in none of these studies is
information provided on the decomposition of thstidict sources of wage variation —
covariate, worker, and firm effects, inter al. - far that matter, presentation of the
correlations between different parcels of the edéehwage equation permitting an

examination of assortative matching.
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V. The Role of Individual, Firm, and Job Title Heterogeneity in Wage
Differentials

In order to decompose wages variability into thenponents identified earlier, we
first estimated equation (1), where our explanatagriables (or observed
time-varying characteristics) are age, age squaewiority, seniority squared, firm
size, and year dummies. The dependent variableeisiatural logarithm of the real
hourly wage.

(Table 1 near here)

The results are reported in Table 1. Observe thatR of this equation is
considerably higher than in standard wage regressibhe worker fixed effects, firm
fixed effects, job title fixed effects, and workand firm time-varying characteristics
together explain 93.5 percent of the variabilityreal wages. As expected, wages
increase with age and seniority at a decreasing familiarly, larger firms pay

higher wages.

In this framework, it will be recalled that the wer fixed effects ) include

both the workers’ unobserved and observed but moe-tarying characteristics.

Similarly, the firm fixed effects ¢,) include both the firms’ unobserved and
observed but non-time-varying characteristics. Iinée job title fixed effects 4, )

include both the unobserved and observed but moe-tiarying job titles’
characteristics.

We next decomposed the three estimated effe%ts&f, and A ;) into their

respective observed and unobserved componentsstimgaging the following three

regression equations:

A

g =const+Wy + ¢, (4)
where W is a vector of non-time-varying worker charactiess (gender and five
education dummies); is the associated vector of coefficients, &g is the worker

non-time-varying observed characteristics compand&tte that a;, the worker

specific intercept — which captures the worker waobed characteristics effect and

can be interpreted as the opportunity cost or therket valuation of worker

heterogeneity — is obtained residually&y:é -W7;

16



¢, =const.+Z y+eg,, (5)

where Z , is a vector of non-time-varying firm charactegst(four region dummies,

capital ownership [share of domestic capital andreshof public capital], and
twenty-eight industry dummies), is the associated vector of coefficients, ahd/
is the firm non-time-varying observed characterssticomponent. ¢, the
firm-specific intercept (which captures the firmalmserved characteristics effect), is
obtained residually, by, =@, -Z,;
and,

A, =FE o, + FE, + €, (6)

i occup

where the sum of the two fixed effects, one fordbeupation variableKE ) and

ocoup
the other for the collective agreement varial#& (,), FE ;, corresponds to the non-
time-varying observed characteristicamponent.d, , the job title specific intercept
(which captures the job title unobserved charasties effect), is obtained residually,
by 6, =4, - FE,.

We have now the following compensation componepitss(the residual):

= X ,8’: observed firm, worker, and economy time-varyinigaracteristics

(comprising three components: time dummies, tinvging characteristics

of workers, and time-varying characteristics ofif).
. é : worker effects.
= W7 : observed worker non-time-varying characteristics.
= & unobserved constant worker characteristics.
= @, : firm effects.
= Z,y:observed firm non-time-varying characteristics.
. q})f : unobserved constant firm characteristics.
= ], job title effects.
- FE ;- observed job title non-time-varying charactecisti

A~

= J;:unobserved constant job title characteristics.

Tables 2 and 3 report the estimation results fervtbrker fixed effects and the
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firm fixed effects regressions, respectively.
(Table 2 near here)
Beginning with Table 2, we observe that the wolfiked effect for females is

on average 14.7 percent (exp(-0.15896)—-1)x100] smaller than that for men.

Further, there is an increasipgemiumassociated with the education level: a worker
who has completed the second stage of tertiaryagidmcshows a fixed effect that is
on average 71.5 percent larger than a worker wighppmary or without any level of
completed education (the reference category). Natethese effects apaure effects.
That is, they result from a regression in which dependent variable (worker fixed
effect) was estimated through a regression thattrabed simultaneously for
time-varying characteristics of workers and firmsdafor firms’ heterogeneity.
Overall, these non-time-varying worker charactessexplain 27.9 percent of the
variability in worker fixed effects.

(Table 3 near here)

From Table 3 we see that the geographic locatiorthef firm, its capital
ownership, its size (as measured by the numberngflaees), and the industry
affiliation play important roles in explaining tlifferences in the firm fixed effects.
Specifically, the firm fixed effects are on averdageger in all NUTS Il regions than in
Norte (the reference category); the firm fixed effe@nd to be higher among firms
with larger shares of non-domestic or public cdpéad there is also strong evidence
of material differences in firm fixed effects acsadifferent industries. Note again that
these effects angure effects, as they result from a regression in wiiehdependent
variable (firm fixed effect) was estimated throughregression that controlled
simultaneously for time-varying characteristicsaafrkers and firms and for workers’
heterogeneity.

The estimation results for the job title fixed effe regression are not reported
here as the explanatory variables are two high-d&moe fixed effects. Note that
equation (6) has a different specification fromatens (4) and (5) above. This is due
to the nature of the chosen explanatory variabbese§uation (6). Occupation and
collective agreement are both categorical varialblgh too many outcomes to be
included as dummy variables (4,328 and 943 diffetetal outcomes, for the entire
period, respectively). Therefore, we decided tdude them as two fixed effects (this

is equivalent to the least square dummy variabfgageh [LSDV] of a fixed effects
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estimation). We can summarize the estimation resadt follows: the Rof this
equation is 0.628, meaning that the two non-timeing job title characteristics
(occupation and collective agreement) explain G&8&ent of the variability in job
title fixed effects. The largest role is attributiedoccupation, as the’Rf an equation
with only this explanatory variable explains 46etqent of the variability in job title
fixed effects, whereas the?’Rf an equation with only the collective agreement
explanatory variable explains 16.6 percent of Waaiability.

(Table 4 near here)

Descriptive statistics for the components of reahpensation by gender are
provided in Table 4. For all the components of @hpensation, the averages for
males are higher than those for females (other tharpredicted effect of time). The
gender differences are greater for the worker figfdcts component than for either
the firm fixed effects or the job title fixed effsccomponents (14.3 percent, 5.7
percent, and 3.5 percent, respectively). Withirheafcthe three components, gender
differences are greater for the observed sub-coemien14.3 percent for the gender
and education sub-component of worker fixed effedt8 percent for the region,
ownership, and industry sub-component of firm fixedtect; and 3.0 percent for the
occupation and collective agreement sub-componehisb title fixed effects. In
addition, the variability of worker fixed effects greater than the variability of firm
fixed effects and the variability of firm fixed effts is greater than the variability of
job title fixed effects. Male workers exhibit higheariability in almost all wage
components (except for the time-varying observableracteristics of firms and for
the education and gender sub-component of worked feffects).

In Table 5, we report the correlations among thenmanents of real hourly
wages. Of the four main components — time-varyihgracteristics, worker fixed
effects, firm fixed effects, and job title fixedfefts — the worker fixed effects
component shows the highest correlation with logl tetal compensation (0.74),
followed by the firm fixed effects component (0.6Dy the individual and firm
time-varying characteristics component (0.54), drydthe job title fixed effects
component (0.52). Both observed and unobserved aoemts of worker fixed effects
are highly correlated with the log of real totalngmensation (0.58 and 0.51,
respectively). Concerning the components within tien fixed effects, the
observable part of the firm fixed effects is thesmnhighly correlated with log real

total compensation (0.54). The unobserved parthef firm component is less
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important in determining total compensation. Asarelg the components within the
job title fixed effect, the observable part is alse most highly correlated with the log
of real total compensation (0.53), while the unobse part of the job title component
Is practically irrelevant in determining total coemsation. In sum, the observable part
of each component is more highly correlated with lthg of real total compensation
than the unobservable part.

(Table 5 near here)

For comparison purposes, and abstracting from rdiffiees in estimation
method, explanatory variables, and the numberxeidfieffects included in equations
(1) and (2), we note that Abowd, Creecy, and Kram@002) found that the
correlations between the log of real total compgosaand the worker fixed effects
and the firm fixed effects were 0.70 and 0.20 feoarf€e. And for the state of
Washington the corresponding values were 0.51 a&®] €espectively.

We also find that the correlation between firms'ge@goolicies (as proxied by
the firm fixed effects) and the quality of their tkéorce (captured by the worker fixed
effects) is positive but not very large (0.27)islhonetheless considerably larger than
that reported in the literature. For example, ahene already noted, Abowd, Creecy,
and Kramarz (2002) report a negative correlatiarFf@ance and a correlation close to
zero for the state of Washington (see also the l@sémates in Goux and Maurin,
1999, using Labor Force Survey data).

The correlations in Table 5 also suggest an inggagion in terms of sorting.
Our earlier review pointed to models in the matghamd assignment literature that
predict complementarity between worker and firmelswof productivity, suggesting
that good workers tend to be found in high-payiirgn$. Our results are partly
consistent with this literature. In terms of thesetvablecharacteristics, there is some
evidence of positive assortative matching betweerkers and firms, the correlation
coefficient between the corresponding componentg@33. By the same token, we
do not find any evidence of assortative matchingtarms of the unobservable
characteristics (the correlation is -0.62).

Finally, the correlation coefficient between worKered effects and job title
fixed effects (0.42) is larger than the correlatomefficient between firm fixed effects
and job title fixed effects (0.17). (Note that ta&er effect indicates there is positive
matching with high paying jobs tending to go hanchand with high-paying firms.)

In both cases, the correlations are larger in tesfrthe observablecharacteristics of
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workers and firms (0.38 and 0.19, respectively).

On the whole, these results indicate that theiogighip between firms’ wage
policies and the quality of the workers they selsqtositive but weak and that there
are certainly factors other than wage policies thaplain the distribution of
high-ability workers across firms.

Finally, to measure the contributions of workerymi, and job title
characteristics, both observed and unobserved, dgewvariation, we used the

following equation:

10
Invvifjt = XpB+a, +Wn + g, +ny+5,' +FE; +&g :ZCh!jJt ' (7)
p=1
where Cl is the B component p=1,...10; note thet X, comprises three

components, as described above) that contributexptaining wage variation. The

contribution of each componeaty, , can be calculated as:

Cov(In wig ,Cig’t )/Var(In wy, ), (8)

10
where > CoWIinwy, ,CP )/ Var(inwy, )=1.
p=1

In Table 6, we report the contribution of each comgnt to the real hourly
wages variability.

(Table 6 near here)

The largest contribution to wage variation comesmfrworker fixed effects
(36.0 percent), followed by firm fixed effects (28ercent), by individual, firm, and
economy time-varying effects (17.4 percent), anty dimen by job title effects (9.7
percent). There is therefore a residual contrilbuid 8.1 percent. So, comparing
worker and job title effects for example, it is @t that what workers ‘are’ is more
important than what workers ‘do’.

Among the worker fixed effects, the unobserved soimponent makes a larger
contribution (21.0 percent) than the gender andcatitbn sub-component (15.0
percent). Among the firm fixed effects, the two sudmponents’ contributions are
closely similar (at 14.6 percent and 14.0 percenttifie unobserved and observed
components, respectively). Among the job title dixeffects, the unobserved
component makes a much smaller contribution (1.Bcepet) than the observed

component (7.9 percent).
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(Table 7 near here)

Finally, for purposes of comparison, in Table 7 soatrast the main results of
this section with those from the estimation of agev@quation similar to (1) but with
only two fixed effects (namely, worker and firm dot effects). The main results of
this comparison are as follows. First, thé d® the three fixed effects equation is 2
percentage points (p.p.) larger. Second, the @imels between the compensation
components and the real hourly wage are similabath estimations. Third, the
contribution of the predicted effects of the timaying arguments is modestly larger
in the three fixed effects estimation. Fourth, therker fixed effects are reduced
significantly (by 10.2 p.p.) in the three fixed efts specification, mainly by virtue of
the permanent observed sub-component. It would apget the simpler model
attributes to worker heterogeneity variation stenmgni from occupational
heterogeneity and union rent seeking, even ifntaimed true that what workers are is
more important than what they dé&inally, the ranking of main components is

preserved across specifications.

VI. The Relationship between Firms’ Wage Policied,abor Force Quality, and
Performance

Firms differ not only in the wage policies theyléol but also in the average quality
of their workers and the job titles they hold. Amtiagly, we next attempt to ascertain
whether employing high-wage workers or high-wadetjte holders or being a high-
wage firm bears any relation to firm performance.

To these ends, we estimated an equation in wheldépendent variable is the
natural log of sales per employee — a rough measfupeoductivity that gives some
indication of firm performance — and where the axpltory variables are wage
components estimated in the previous section (cisimgrthe compensation policy
components followed by firms, the quality of thewrkforce components, and the job
title composition components). The results of #nercise are shown in Tables 8 and
9 for two levels of aggregation.

(Tables 8 and 9 near here)

It appears that productivity is positively affectday all compensation
components (except for the job title fixed effectahd mainly by the firm fixed
effects (Table 8). Productivity is still positivelffected by each of the more detailed

components of compensation, principally by the fimbserved characteristics
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sub-component (region, capital ownership, and itrgysby the firm unobserved
characteristics sub-component, and by the workesemied characteristics
sub-component (gender and education) (Table 9).owdacgly, high-wage firms
(those with above-average firm fixed effects) témdbe the most productive ones and
high-wage workers (those with above-average wofiked effects) tend to work in
firms with higher productivity, as predicted by thent-sharing model, inter al.
Interestingly, the job title fixed effects compoherhowever, has a negative
relationship with productivity, which comes exchedy from its observed component
(occupation and collective agreement). Additioregjressions, whose results are not
reported here, reveal that this negative sign cdnoes both variables included in the
observed component, occupation and collective agzae

Following a different procedure for France — fitstjng the results from a wage
equation estimated with an approximate statistmalcedure and including only
worker and firm fixed effects and, second, estintaperformance regressions at the
firm level — Abowd, Kramarz, and Margolis (1999)vieaconcluded that the major
impact on firms’ productivity stems from the timarying observed characteristics of
their workers. Next in importance is the unobsergethponent of the worker fixed
effects followed by the firm fixed effects (selefithe results from the “persons first”
method).

Our results, in turn, are in line with those ob¢girby Mendes, van den Berg,
and Lindeboom (2007), who used Portuguese data tftensame source and a
statistical approach to assess the degree of asgerimatching in the Portuguese
economy based on the correlation between an estiaia firm-specific productivity
effect and the workforce skill. These authors foumddence of strong positive
assortative matching in the Portuguese labor mankéh firms and workers of

similar productivities tending to match together.

VII. Conclusion

In this exercise we have used a large longitudimatiched employer-employee dataset
with a little more than 27 million observations éstimate a wage equation with
worker, firm, and job title fixed effects. We deopked an econometric technique that
provides an exact solution to the least squaresnasbn problem arising when
estimating simultaneously high-dimension workignm, and job title fixed effects.

We decomposed the (natural log of) real hourly sageo several components:
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observed worker and firm time-varying charactessstiworker heterogeneity (to
include observed non-time-varying characteristiogl anobserved characteristics),
firm heterogeneity (again both observed and uneess job title heterogeneity
(idem), and a residual component.

We have reported that worker heterogeneity is tlistnmportant source of
wage variation in Portugal (contributing 36.0 petye The unobserved component
plays a more important role (21.0 percent) than ébserved non-time-varying
characteristics of workers such as gender and &duc@5.0 percent). Firm effects
were found to be less important (contributing 28ercent), and are due in roughly
equal parts to the unobserved component (14.6 pgreed to observed non-time-
varying characteristics such region, capital owmigrsand industry (14.0 percent).
Job title effects are less important than workefiran effects, but still do explain 9.7
percent of wage variation. The real importanceobf tjtle effects in this treatment is
they are largely observed, stemming from real woddcupational diversity
(compensating differentials, complexity of task Iynpg differential training needs,
and so on) and collective agreement impact, andes&y narrow the effect of
unobserved worker heterogeneity even if leavingptfmacy of the latter unchanged.
Their observed component even seems to detract irmtuctivity. The role of job
title heterogeneity may be more important in thalgsis of wage dynamics. Failure
to account for such heterogeneity has been showwdmte the cyclicality of wages
for incumbent or existing workers and to introduceounter-cyclical bias in wage
cyclicality.

We have also reported that firms hiring ‘high-wage@rkers and paying higher
wages (‘high-wage’ firms) tend to be more produetirms. On the other hand, the
connection between firms’ compensation policies gnedquality of their workforces
was shown to be positive, in marked contrast wattmes previous evidence and some

support for this contention came from job titleeetss.
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Endnotes

1. The reader is directed towards implicit conttaetory, principal-agent models, and
efficiency wage theories.

2. The earliest rent-sharing studies used indugsty (see, for example, Dickens and
Katz, 1987). Firm studies constituted the next pHasg. Hildreth and Oswald, 1997,
Arai, 2003). The most recent treatments have usadhrad employer-employee data
to control for unobserved worker abilities (e.g.e@mgen, 2009; Card et al., 2009).

3. For treatments combining both approaches —ibquiin job search and matching —
see Quercioli (1998); Robin and Roux (1998); Mostam (2000). Recent extensions
include Rosholm and Svarer (2004); Cahuc et aD%20

4. Eeckout and Kircher argue that only the gain ihachieved from sorting workers
into the right job can be gleaned from wage datathls case, identification comes
from the fraction of firms a worker is willing toatch with as a proxy for the extent
of complementarities.

5. See also Haltiwanger, Lane, and Spetzer (1988)rews, Gill, Schank, and
Upward (2008), and van den Berg and van Vuuren 3JR00r the United States,
Germany, and Denmark, respectively.

6. Individuals employed outside of mainland Portuagawell as those in agriculture,
hunting, forestry and fishing (as well as misclfsdiindustries) were also excluded.
7. We assume that the variables included iare structural characteristics of firms.
Their changes over time are either nonexistenborsmall to be considered time-
varying and to be included as explanatory varialliesctly in equation (1). The same
reasoning applies to the education variable forkens in equation (4) and to
occupation and collective agreement in equationN6&}e further that the Portuguese
industrial classification system changed in 1998cd&ise of this and given that the
regression covers the entire period, we construced aggregated common
classification comprising 29 different industrise¢ Table A.6).

8. In their Norwegian study, Barth and Dale-Ols2003, Table 1) report a positive
and significant correlation between the observainldbe case of low-skilled workers
and a negative and significant correlation betwdle® unobservables for both

low- and high-skilled workers.
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Table 1: Fitted wage equation with worker, firm, and jottetfixed effects

Variable Coefficient| t-statistic
Age (years) 0.02058 1841.53
Age squared -0.00023 -1481.81
Seniority (years) 0.00619 542.09
Seniority squared -0.00017 | -434.29
Size (In employees)] 0.03460 | 2 267.00
Observations 26,777,404
R-squared 0.935
Note:

Other controls: 18 year dummies.

Table 2: Regression estimates of worker fixed effects amtiime-varying worker characteristics

Variable Coefficient| t-statistic
Constant -0.07990 -295.72
Female -0.15896| -1,737.79
First stage of basic education 0.06747 246.98
Second stage of basic education 0.168JL2 577.92
Secondary or post-secondary education 0.24355 835.79
First stage of tertiary education 0.48643 1,170.18
Second stage of tertiary education 0.53986 1,614.69
Observations 26,777,404
R-squared 0.279
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Table 3: Regression estimates of firm fixed effects on tiore-varying firm characteristics

Variable Coefficient | t-statistic
Constant -0.25251]] -102.55
Centro -0.00034 -3.11
Lisboa 0.09775 1,028.06
Alentejo 0.02684 138.73
Algarve 0.07141 313.41
Share of domestic capitdl  -0.00029 -294.70
Share of public capital 0.00047 229.01
Industry 2 -0.2989¢ -119.3¢
Industry : -0.4304¢ -174.4(C
Industry ¢ -0.5162( -209.5:
Industry £ -0.4814¢ -194.8:
Industry ¢ -0.4718:. -190.8(
Industry 7 -0.3029: -122.47
Industry ¢ 0.1849¢ 70.3:
Industry ¢ -0.2304¢ -92.9¢
Industry 1( -0.3087: -123.67
Industry 1: -0.3308: -133.8¢
Industry 1. -0.3988: -161.5¢
Industry 1: -0.3434¢ -138.8(
Industry 1¢ -0.3015( -121.6¢
Industry 1! -0.3356: -135.6:
Industry 1¢ -0.5305¢ -213.9¢
Industry 1° -0.1052: -42.3:
Industry 1¢ -0.4721¢ -191.5¢
Industry 1¢ -0.4223t -171.4¢
Industry 2( -0.5590° -226.6:
Industry 2: -0.3034° -123.2:
Industry 2: -0.0035: -1.45
Industry 2: -0.3956: -160.3¢
Industry 2: -0.3305t¢ -129.6¢
Industry 2! -0.3928: -158.4:
Industry 2¢ -0.5298: -214.5¢
Industry 2° -0.4101° -165.8¢
Industry 2¢ -0.6351: -244.6:
Industry 2¢ -0.2644° -19.4:
Observations 26,662,583
R-squared 0.369
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Table 4: Means and standard deviations of compensation cnemgs, by gender

Male Female Total
Mean Star\dgrd Mean Star\dgrd Mean Star\dgrd
deviation deviation deviation
Ln of real hourly wage (1986 prices) 0.370[L1 0.5652214066| 0.51093 0.2780B 0.55559
Predicted effects of X variabfes 0.92071| 0.18139 0.91537 0.178p4 0.91457 0.18031
Time 0.33896| 0.15781 0.35729 0.150%4 0.34631 0.15520
Time-varying observable characteristics of wore€s44068| 0.0508% 0.43499 0.052p8 0.43839 0.05150
Time-varying observable characteristics of firmg 5337| 0.07804 0.1461p 0.07470 0.15060 0.07680
Worker fixed effects 0.0557# 0.27412 -0.08404 0.2461100053 0.27239
Worker fixed effects: unobserved component 0.00p0®428B7| 0.0000q 0.2130Rp 0.00000 0.23136
Worker fixed effects: observed compoﬁ’ent 0.05574| 0.12148 -0.08704 0.13146 -0.00153 0.14376
Firm fixed effects -0.61614 0.24095 -0.67316 0.2275563001| 0.23732
Firm fixed effects: unobserved component 0.00%56 3009 -0.00833 0.18208 0.0009Q0 0.18880
Firm fixed effects: observed component -0.62177] 0.14607 -0.66496 0.137fy6 -0.63900 0.14434
Job title fixed effects 0.0141p 0.10529 -0.02134 0.09f€0.00014 0.10354
Job title fixed effects: unobserved component 0.00R®.06424| -0.0035#4 0.06129 0.000p0 0.06314
Job title fixed effects: observed compor‘fent 0.01173| 0.0833¢ -0.01780 0.07640 -0.00012 0.08193
Number of observations 16,036,759 10,740,645 26,777,404

Notes:

 Time-varying observable characteristics of worKege, age squared, seniority, and seniority sqliatiene-varying
observable characteristics of firms (size), andhteign year dummies.

P Gender and five education dummies.

¢ Capital ownership (shares of domestic and pulafgtal), four region dummies, and twenty-eight istiy dummies.

d Occupation and collective agreement.
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Table 5: Correlations between compensation components

1 2 21 22 23 3 31 32 4 41 4.2 5 51 5.2

Ln of real hourly wage (1986 prices) 1 1
Predicted effects of X variabfes 21054 1

Time 2.1 0.22 0.80 1

Time-varying observable characteristics of workez®| 0.31 0.42 0.03 1

Time-varying observable characteristics of firmg 2.3| 0.38 0.38 -0.15 0.19 1
Worker fixed effects 31074 016 -0.05 0.14 0.16 1

Worker fixed effects: unobserved component |3.1f 0.51 0.05 -0.15 0.18 0.12 0.85 1

Worker fixed effects: observed comporfent 3.2 058 0.23 0.14 -0.02 0.11 0.53 0.00 1
Firm fixed effects 4| 0.67 025 -0.02 015 0.38 0.27 0.10 0.35 1

Firm fixed effects: unobserved component 4.1 043 0.12 -0.01 0.06 0.16 0.08 -0.02 0.19 0.79 1

Firm fixed effects: observed component 421 0.54 0.26 -0.03 0.16 042 0.33 0.19 033 0.61 0.00 1
Job title fixed effects 51052 0.17 -0.01 0.23 0.08 042 0.27 0.38 0.17 0.07 0.19 1

Job title fixed effects: unobserved component |5.1f 0.16 0.04 -0.04 0.14 0.02 0.10 0.08 0.05 0.00 0.00 0.01 0.6D0 1.

Job title fixed effects: observed comporient 5.2 053 0.18 0.03 0.18 0.08 046 0.27 044 022 0.09 0.24 0.790 0.01
Residual 6028 -0.01 000 -0.01 0.00 0.00 -0.06 0.11 0.00 0.00 0.00 0405 0.04 1

Notes:

% Time-varying observable characteristics of worKege, age squared, seniority, and seniority sqiatiene-varying observable characteristics of §irgsize), and

eighteen year dummies.

® Gender and five education dummies.

¢ Capital ownership (shares of domestic and pulaifgtal), four region dummies, and twenty-eight isily dummies.

d Occupation and collective agreement.
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Table 6: Contributions of compensation components to wag&tion

Contributions

Total

Predicted effects of X variabfes
Time

Time-varying observable characteristics of workerg2.2

Time-varying observable characteristics of firms
Worker fixed effects
Worker fixed effects: unobserved component

Worker fixed effects: observed compoﬁ’ent
Firm fixed effects

Firm fixed effects: unobserved component

Firm fixed effects: observed component
Job title fixed effects

Job title fixed effects: unobserved component

Job title fixed effects: observed compor‘fent
Residual

2.1

2.3

3.1
3.2

4.1
4.2

51
5.2

100.0%
17.4%
6.2%
2.9%
5.3%
36.0%
21.0%
15.0%
28.7%
14.6%
14.0%
9.7%
1.9%
7.9%
8.1%

Notes:

% Time-varying observable characteristics of workege, age squared,
seniority, and seniority squared), time-varyingerable characteristics of

firms (size), and eighteen year dummies.

® Gender and five education dummies.

¢ Capital ownership (shares of domestic and pulaifgtal), four region

dummies, and twenty-eight industry dummies.

d Occupation and collective agreement.
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Table 7: Comparisons between estimation results from afiveal effects (worker and firm) wage
equation and a three fixed effects (worker, firmg gob title) wage equation

Worker and  Worker, firm,

firm fixed and job title
effects fixed effects
R-square main equatio 0.91¢ 0.93¢
R-square worker fixed effects equati 0.38¢ 0.27¢
R-squaredirm fixed effects equatic 0.37¢ 0.36¢
R-square(ob title fixed effects equati X 0.62¢
Correlations between Ln of real hourly wage (1986 nices) and:
Predicted effects of X variables 0.48 0.54
Worker fixed effects 0.76 0.74
Worker fixed effects: unobserved component 0.51 0.51
Worker fixed effects: observed component 0.58 0.58
Firm fixed effects 0.67 0.67
Firm fixed effects: unobserved component 0.43 0.43
Firm fixed effects: observed compon 0.54 0.54
Job title fixed effect X 0.52
Job title fixed effects: unobserved component X 0.16
Job title fixed effects: observed compor X 0.5¢
Correlations between worker fixed effects and firnfixed effects
Total 0.27 0.27
Unobserved component -0.04 -0.02
Observed component 0.32 0.33
Contributions of compensation components to wage viability
Predicted effects of X variables 16.0% 17.4%
Worker fixed effects 46.2% 36.0%
Worker fixed effects: unobserved component 24.2% ®@1.0
Worker fixed effects: observed component 22.0% 15.0%
Firm fixed effects 29.2% 28.7%
Firm fixed effects: unobserved component 14.8% 14.6%
Firm fixed effects: observed component 14.4% 14.0%
Job title fixed effects X 9.7%
Job title fixed effects: unobserved compoil X 1.9%
Job title fixed effects: observed compor X 7.9%
Residuals 8.6% 8.1%
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Table 8: Performance equations, aggregated results

Dependent variable:
productivity (In sales
per employee)
Variable Coefficient| t-statistic

Constant 10.2000d 6,353.38
Predicted effects of X variabfes 0.83231 596.15
Worker fixed effects 0.52382 517.03
Firm fixed effects 1.95759 1,776.53
Job title fixed effects -0.0552( -21.11
Observations 24,637,964
R-squared 0.184
Note:

% Time-varying observable characteristics of workage, ag
squared, seniority, and seniority squared), tinmgixg
observable characteristics of firms (size), and geanmies.

Table 9: Performance equations, detailed results

Dependent variable:
productivity (In sales
per employee
Variable Coefficient| t-statistic

Constant 10.68916( 3,847.87
Time® 0.94851 589.58
Time-varying observable characteristics of workers 0.97390 195.39
Time-varying observable characteristics of fifms -0.68172 | -190.19
Worker fixed effects: unobserved component 0.43367 2.488B
Worker fixed effects: observed comporfent 0.95520 464.62
Firm fixed effects: unobserved component 1.864f0 Q&8
Firm fixed effects: observed component 2.54113 1,270.21
Job title fixed effects: unobserved component 0.0166 4.26
Job title fixed effects: observed comporent -0.30816 -87.70
Observations 24,529,242
R-squared 0.195
Notes:

2Year dummies.

b Time-varying observable characteristics of workege, age squared, seniority,

and seniority squared).

°Time-varying observable characteristics of firmzes

4 Gender and education.
° Region, ownership, and industry.
f Occupation and collective agreement.

37



Annex

Implementing Estimation of the Parameters of the Wge Equation
Here we describe how the algorithm developed byr@aries and Portugal (2010) can
be implemented to estimate the parameters of ogeveguation, defined in Section

[, which has the following specification:

Y=Xp+DO+Fg+LA+e. (A.1)

As stated previouslyY is a (N x1) vector of real hourly wageX is a
(N" xk) matrix with k observed time-varying characteristics of indiviguand
firms, D is a high-dimensionaN™ x N) design matrix for the worker effects, is a
(N" xF) high-dimensional design matrix for the firm effecL is a (N xJ)

design matrix for the job title effects amdis a( N x1) vector of disturbances.

Our goal is to estimate tHeeffects of the time-varying characteristics (vecto
B ), as well as thé&l worker fixed effects (vecto® ), theF firm fixed effects (vector
@), and theJ job title effects (vectorh). However, as mentioned earlier, it is not

possible to identify all the coefficients for thixed effects. Abowd, Creecy, and
Kramarz (2002) have shown that with two high-dimenal fixed effects one needs
to impose one restriction on the coefficients facke mobility group. For three fixed
effects a similar logic applies, but identificatiohthe mobility groups is much more
complex. In our applications we restricted the dantp the largest mobility group
that could be identified by imposing only two régtons on the coefficients of the
fixed effects (therefore rendering them comparablext, we discuss the estimation

strategy for three high-dimensional fixed effects.

The one high-dimension fixed effect case

As a starting point, consider equation (A.1) withbum fixed effects:
Y =Xp+D0O+¢. (A.2)

The normal equations can be written as:
XX XDJ|p|_[XY A3
DX DD|6| |[D'X]| (A3)
which can be arranged into:
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[X' Xp+X' DO =X Y}
: (A.4)

D'Xp+D'DO=D"Y
Solving each set of equations independently leadké following solutions for
fp and for0:

{B = (X' X)X (Y - DB)} | (AS5)

0 =(D'D)™'D' (Y - XB)
This suggests an iterative estimation proceduref lvere known, the least

squares estimates @f would be obtained simply by regressing the vaeat- DO

on X. If, in turn, p were known, the least squares estimate® afould correspond to

the group means (across workers) of the elemenis=0Y¥ - Xp. Accordingly, the
strategy for estimatin§ and® can be implemented in the following steps:

1. Run aregression of on X to obtain starting values fg ;

2. Compute the residuals using the last estimate §f;

3. Estimate® as the group (worker) means of

4. Estimatep by running a regression of on X and an additional variable,

DO, computed using the last estimate®qgfand,

5. Return to step 2 and iterate until convergence.

Following this approach all that is required is @stimation of successive linear
regressions, by least squares, with-1 explanatory variables, and the computation
of group means of the elements of in each iteration. We do not need to be
concerned about the dimension Df, since the transformatio(D'D) D' used to
estimated corresponds to a group average and the expref¥loansed to estimatf
is a column vector containing all the elements#9ofWith this strategy, we avoided
the inversion of a large matrix that would be reediif we had simply added to

the set of regressors.
The two high-dimension fixed effects case

Turn now to the situation where we include bothkeorand firm fixed effects. In this

case, solving each set of normal equations indepelhydyields:
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B=(X'X)"X' (Y -DO-Fgp)
0=(D'D)™'D'(Y -XB-F¢) |. (A.6)
#=(F'F)F (Y -Xp-D6)

The partitioned algorithm can be easily extendeddmommodate this case, by
iterating between the estimation pf, 8 and ¢ . The algorithm will converge to the

least squares solution. Notice that to estinfatere need to regresg on X and two
additional variables containing the estimaéesind ¢ for each observation. At each

step, we obtain estimates fd@ calculating the group averages of the residuals

u=Y -Xp-F¢ with the estimates op being similarly obtained. This means that we

can obtain the exact least squares solution withtbet need to invert a high
dimensional matrix. The implementation of the aidon requires the calculation of
various regressions wittk +2 explanatory variables and averages per group of

estimation residuals.

The three high-dimension fixed effects case
If we wish to include a third high-dimensional fikeffect in the regression, we can
implement the above described regressions usingithen-groups estimator to avoid
the direct estimation of third effect coefficienthat is, the only requirement is that
we subtract from all variables the average caledldor the groups comprising the
third fixed effect.

A familiar disadvantage of this method is the slmmvergence rate. However,

it is possible to accelerate the algorithm by retsj the estimates 06 (or ¢)

produced in the last iterations and using themdjost the convergence trajectory of
the estimates of the fixed effect coefficients.

The standard error estimates associated with ttnasn of B may also be
obtained avoiding the inversion of a high dimenalanatrix. They can be calculated
through the application of the Frisch-Waugh-Loveljression theorem. The strategy
consists of firstly expurgating the three fixedeets (using the above described
algorithm) of all variables Y and X). Next, we run the regression between the
transformedY and X variables. This regression, in addition to prodgdhe correct

estimates fo , also produces the correct estimates of the stdredeors (whether or

not robust) provided that the degrees of freedosocated with the estimate of the
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variance of the perturbation term are adjusted eftect the correct degrees of
freedom. To calculate the degrees of freedom wel neesubtract the number of
estimable coefficients from the total number of@ations. However, this procedure
is complicated by the fact that some of the cofits for the fixed effects are not
identified. Calculating the number of non-identfiecoefficients requires a
special-purpose algorithm. A simpler approach <iaspf restricting the number of
observations on the data set in a way that reqtiresmallest possible number of
non-identified coefficients for the fixed effectsviZ. two for the three
high-dimensional fixed effects case). An additiondivantage of working with this
restricted data set — which we shall refer to &g targest connected group” — is the
assurance that estimates of the fixed effects@rgarable across all observations.
To identify the largest connected group we use dkeeral approach of
Guimardaes and Portugal (2010), as described in Aheex. We start out by
considering the set of all unique equations defimgthe three fixed effects. Next, we
select an initial equation and set two of its coefhts to zero, subsequently replacing
by zero any occurrences of these two coefficiemtsther equations. Since the other
two coefficients have been set to zero, the thaeffecient in the initial equation is
now identified and is dully replaced by zero in thestem of equations. We keep
searching for identified coefficients — namely, 4boin equations with a single
coefficient — and continue to replace them by zendil no further changes are
possible. All equations that were set to zero hose that are identified with the two
initial restrictions on the coefficients and defmeonnected group. The procedure can

be repeated to identify other connected groups.
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Table A.1: Variables used and their definition/construction

Variable Description

year Year of reference (from 1986 to 2006, except 1989D2001)

firm Firm identification number

SS Worker identification number (Social Security code)

job title Job title (or contract) agreed between worker &mal icorresponds toategx

ca (see description below)

Workers' characteristics:

gender Gender (male and female)
age Age in years
No formal education or below ISCED 1
Primary education or first stage of basic education
(ISCED 1)
) Lower secondary education or second stage of basig
educ Education level | gqycation (ISCED 2)
(ISCED)* .
(Upper) secondary education and post-secondary ng
tertiary education (ISCED 3 and 4)
Tertiary level of education 1 (ISCED 5b)
Tertiary level of education 2 (ISCED 5a and 6)
tenure Tenure or seniority (number of months since admigsi
occup Occupation (ISCO)**
ca Collective agreement
categ Professional category, defined for each colleciigeeement

Compensation and hours:

wl Base wage (Euros per month)

w2 Seniority payments (Euros per month)

w3 Regular benefits (Euros per month)

w4 Irregular benefits (Euros per month)

wb Overtime pay (Euros per month)

hoursl Number of normal hours per month

hours2 Number of extra hours per month

hw Hourly wage (Euros). Computed as (wl+w2+w3+w5)/fis@shours?)
real_hw Real hourly wage (Euros). Deflator: Consumer Phickex (prices of 1986)
In_real_hw Logarithm of real hourly wage

Firms’ characteristics:

employees

Number of employees in the firm

In_employees

Logarithm of the number of employees in the firm

inds

Industry affiliation

inds6

Mining and quarrying (NACE Rev.1 activities 10 té)1
Manufacturing (NACE Rev.1 activities 15 to 37)

Industry affiliation
(6 sectors) —

42

n_



common
classification from
1986 to 2006

Electricity, gas, and water supply (NACE Rev.1
activities 40 to 41)

Construction (NACE Rev.1 activities 45)
Market services (NACE Rev.1 activities 50 to 74)
Social services (NACE Rev.1 activities 80 to 99)

inds29 Industry affiliation (29 sectors) — common clagstion from 1986 to 2006
Norte
Centro
. Firm NUTS II .
region : Lisboa
region
Alentejo
Algarve
sales Firm sales (Euros)
real_sales Real firm sales (Euros). Deflator: Consumer Prigdek (prices of 1986)

real_sales_employee Real firm sales (Euros) per employee

share_n Firm percentage of domestic capital (0 — 100)
share_p Firm percentage of public capital (0 — 100)
Notes:

* |SCED: International Standard Classification afu€ation, 1997.

** |[SCO: International Standard Classification ofépations.
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Table A.2: Means and standard deviations of continuous vimsab

real hw | In real hw age seniority employees | In_employees sharen | sharep real_sales | real_sales employee | In real sales employee
Year Euro; prices of 1986 Years Months Number % Million Euro; prices of 1986
Mean | S.D Mean | S.D Mean| S.D. | Mean| S.D. | Mean| S.D. Mean | S.D Mean | S.D Mean| S.D. | Mean| S.D. Mean S.D Mean S.D.
1986 1.1414 0.7204 0.0041 0.46p6 34 11 11B.4 95.0 1j686 4,5BB217| 2.2447 65.9 46.]] 154 351 31/9 124.0 0.0197 0.1886 .6634 1.2956
1987 1.1939 0.759D 0.0448 0.46)76 34 1L 11p.9 97.0 1j605 4,458666| 2.2361 69.5 44 9 13.9 33 39|1 144.0 0.0522 4.1y02 .4138 1.3716
1988 1.1844 0.770p 0.0391 0.46B5 34 11 10B.6 98.6 1502 4,369162| 2.2334 69.6 44 9 12. 32.p 39|0 145.0 0.0274 0.0fy52 .2128 1.1201
1989 1.1989 0.830B 0.0431 0.48[19 34 11 104.3 99.8 1119 3501820 2.1371 72.2 43.9 9.8 28.8 2710 120.0 0.0459 3.378 4148. 1.5906
1991 1.4134 1.102p 0.17316 0.53%9 34 11 10[L.8 143.0 1307 54,648003 2.211] 70.7] 44 .3 11.8 30p 39|0 14p.0 0.0486 0.0p504.3845 1.6898
1992 1.4894 1.202Dp 0.2148 0.5489 3 11 94.9 1J1.6 1202 35138 2.1931 75.0 42.3 8.4 27.8 4410 163.0 0.0358 0.7919 1875. 1.4091
1993 1.514% 1.264B 0.2234 0.55p5 3 11 94.6 1d0.7 451 2| 788084} 2.1621 72.9 43.3 7.6 25.9 494 212.0 0.03p9 0.1679 86.11 1.4148
1994 1.5584 1.338p 0.2438 0.57p0 3 11 99.1 1d0.3 g70 2|63460@} 2.1857% 71.5 43.8 8.0 26.6 270 114.0 0.03B8 0.1829 47.1% 1.3016
1995 1.5564 1.319B 0.2436 0.56¢48 3 11 10p.6 141.7 845 21578364 2.1827 73.5 42.8 5.5 22.0 35) 126.0 0.03B0 0.0804 572.0 1.1964
1996 1.5754 1.330p 0.2588 0.566 3 11 101.0 142.3 800 21348278] 2.1863 72.5 43.4 6.2 23.4 3411 126.0 0.03B6 0.0851 3062.0 1.2019
1997 1.5981 1.314p 0.2843 0.54p2 3 11 94.5 101.1 162 2|283224| 2.182% 71.3 44 1] 5.2 21.4 32p 103.0 0.03B7 0.0819 58.0p 1.2688
1998 1.6924 1.381F 0.3397 0.54p7 3 1L 91.2 102.9 402 2|339484@| 2.2211 71.5 43.9 5.0 20.8 488 188.0 0.03p5 0.1405 38.99 1.2754
1999 1.7384 1.427F 0.3662 0.5489 3 10 9d.1 102.2 177 2|29p81@| 2.216( 715 44.0 4.6 20.2 362 133.0 0.03[75 0.1752 18.00 1.2652
2000 1.7274 1.399B 0.36345 0.54p6 3 10 91.6 1d0.7 193 2|338969| 2.2233 71.2 44 1 4.1 19.2 326 122.0 0.03p2 0.1352 4399 1.2189
2002 1.7494 1.4174 0.3742 0.54B0 3 10 84.8 98.0 128 2|204568)02.2293 71.9 44.0 4.0 19. 401 174.0 0.051L7 0.5850 -3.977 1.3415
2003 1.7574 1.450p 0.3740 0.54)1 3] 10 84.2 96.6 g56 1/998082(02.2141] 72.8 43.6 3.5 17. 39.) 1731.0 0.04]L5 0.2879 -8.983 1.3046
2004 1.8183 1.530p 0.4045 0.55)5 3] 10 9d.0 96.2 g26 1/873074(02.2089 73.2 43.4 3.3 17.2 36.b 149.0 0.03B2 0.1307 -3.981 1.2440
2005 1.8174 1.543p 0.4039 0.5589 3] 10 89.0 9%.3 g23 1/905708B(92.213q0 72.3 43.9 3.1 16.7 32p 13Q.0 0.03p8 0.1305 -3.015 1.2740
2006 1.8154 1.526[L 0.4032 0.55p3 3] 10 89.7 9%.3 490 2|094062)02.2404 71.7 44.1) 3.5 17.7 50.B 253.0 0.04p2 0.2499 -2.002 1.3099
1986-200¢ 1.601P 1.3396 0.28p6 0.5557 3b 11 96.6 90.6 )02 342,81.3733 2.2342 71.8 43.9 6.4 23J7 3719 15f.0 0.0372 1.0p864.1069 | 1.3294
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Table A.3: Distribution across categories of categoricalatalgs (%)

1986] 1987 1988 198P 1991 1992 1993 1994 1p95 1996 1997 [199% |1mW0| 2004 2008 2004 20Q3200¢ [1986-200

gender 100 | 100| 100[ 10d 104 100 10p 140 1o 1po oo d4oo oo [o0 [100 [100 | m@® [ 100 100
Male 66.9| 66.8 6584 64p 634 62|13 642 60.6 60.1 0.3 $9.07 p88.1| 57.8] 584 57.9 578 57|83 547 60.1
Female 33.1 332 34p 355 366 317 3yY.8 3F9.4 3J9.9 BO.7 41103 |441.9| 42.4 41.¢ 420 422 4217 433 39.9

educ 100 ( 100| 100 100 10 100 10p 14O 160 1pO 100 100 OO (100 100 |[100 | m@W [ 100 100

Pre-primary or no 77| 71| 62| 56| 43 4d 34 28 2b 2B 2o 148 16 15 p7 (6 [|183] 12| 28

educatiol
Egji;;?e(’fbas'c 71.7| 719 721 711 688 671 662 646 640 621 61.2 b8.88|585.9| 50.7| 484 46.7 44p 420 583
i’gﬁggﬁ;tagembas'c 60| 73| 77| 84| 105 118 11l 180 149 163 153 161 16.300179.1| 200 21.d 217 22k 156

Secondary or post-
secondary educati
First stage of tertiary

10.8( 10.8) 104 11.3 13.p0 13)7 142 13.0 1B.7 14.8 156 [6.63 [117.9| 19.1] 194 20.1 20p 21|7 16.2

13| 12| 12 12| 15 149 1.1 16 1f 18 149 21 21 1.9 p4 [25 |12B7 | 26 2.0

educatiol

Second stage oftertiary| ¢ | 46| 17| 18| 23 28 28 31 3B 3k 3o 46 49 $7 Fo e [sa1l|102] 50
educatiol

inds6 100 | 100| 100] 10d 104 100 10p 1do 100 1po oo 400 hoo oo |100 [100 |m@® | 100| 100
Mining and quarryin 0g|og|lo07|o0e|loeg|o07]07]|07]|07]|06|l0e|0€e|o06| 06| o0e|o05]|o05]|05]|04a| o
Manufacturing 5211 531 52f 524 479 464 4b2 4o 4269kwmo1| 384 374 356 300 206 290 274 2b2 388

Electricity, gas, and watg

=

18| 17| 17| 07 1.3 13 1.3 11 1p 11 4o 10 Q.9 D8 p.6 [06 |0B6 | 0.6 1.0

supply

Construction 77| 79 84 86 88 8B 90 9do d1 94 97 Dpbe6 |owe| 12.1] 114 115 116 113 9.9
Market services 31.3 31p 31/5 316 348 3p9 d6.8 389 pari| 41.2| 424 429 43B 456 469 471 469 475 411
Social services 5 54 55 5p 63 68 A2 42 58 b9 [73 [7&0| 86| 103 109 11.4 13p 139 86
size 100 | 100 100 10d 109 10¢ 10p 1do 1¢o 1po oo 100 foo [100 (100 [100 | m@D | 100 100
< 5 employees 40 42 47 4p 5B 56 61 {4 F.7 BO [86 [892 (998 107] 114 11.9 12 123 8.7
5-9 employees 63 64 71 7p 75 78 83 94 96 p7 103 haa7| 11.2| 129 127 126 126 123  10.2
10-49 employees 218 22|14 239 247 286 254 261 P72 [28674| 27.3| 27. 27.6 284 30|7 292 246 2p.0 288 27.1
50-99 employees 10p 11)2 116 119 1p1 121 123 f2.0 |12nm7| 121 11.§ 115 11f 10jo 108 19.8 1p.7 106 114
100-249 employees 150 14/9 143 151 146 151 149 [3.79(184.0| 13.7| 13.4 133 12 116 1i6 12.0 116 Y19 133
250-499 employees 110 105 141 197 99 97 b4 [o1 |91 |sm2| 79| 77| 74| 68 64 69 68 6F 8.3
500-999 employees 100 1014 o 87 47 15 69 b7 |61 |6.39 |557| 54| 49| 45 46 44 50 50 6.2
1,000-1,999 employees| 6p 64 57 d0 48 %3 k9 1 |51 |4B9| 43| 49| 47| 46 4d 435 40 4p 4.8
2,000-4,999 employees| 5P 56 50 5§42 66 61 PpO |61 |60 |7®2| 65| 51| 33| 38 49 44 41 34 5.2
> 5,000 employet 82| 79| 76| 53| 58| 54| 51|43 38| 3238|423 46|56 49| 41| 36| 39| 48 4.8
region 100 | 100| 100 10d 109 10¢p 10p 1do 1¢o 1po oo 100 foo [100 (100 [100 | m@WD | 100 100
Norte 38.8| 38 39.% 40p 38]7 384 315 381 39 382 B8.68[387.7| 36.7] 353 343 34B 350 351 37.1
Centro 135 143 153 16p 16|1 143 174 13 474 179 p7@4|1183| 184 191 19p 19j0 191 140 177
Lisboa 430 421 39.9 38p 395 394 39.1 3B3 J7.4 7.3 B6B5[336.7| 37.1 374 37.fF 37/ 373 3713 381
Alentejo 29| 30| 33 34 39 36 36 3B 38 39 3 44 84 W56 448 48| 48| 47 41
Algarve 1.8| 1.8] 20 21 24 23 24 2p 25 27 8 29 P9 PB.15[338] 38| 39| 3.9 2.9




Table A.4: Further descriptive statistics on real hourly wa@eal hw)

1986 1987 1989 1989 1991 1992 19p3 1994 1995 1P96 1997 119989 |12900| 2002 2003 2004 2005 200¢€ [1986-200!
Mean 1.1414 1.1935 1.184#5 1.1989 1.4132 1.4897 1.p141 41358564 1.575¢ 1.5981 1.69pR2 1.7384 1.7R74 1.7497 1[7583483.1.8177 1.81§7 1.6012
Stdandard deviation 0.72p4 0.79490 0.7f05 0.8308 1.1102620}2.2643 1.3385 1.3193 1.3306 1.3146 1.3817 1.4277 1|399B74 1.450p 1.53(2 1.54B0 1.5361 1.3356
Variance 0.518p 0.5740 0.59B7 0.6903 1.2{155 1.4449 1/59891@. 1.740¢6 1.7705 1.7282 1.9(092 2.0B84 1.9580 2.p089 2|P03414 2.380) 2.3289 1.7838
Coefficient of variation| 0.632f1 0.63%9 0.6505 0.6p30 0I{&0D8069 0.835p 0.8589 0.84|r6 0.8446 0.8226 0.3165 0)828380d.0.8100 0.8254 0.8415 0.8488 0.8405 0.8341
Skewness 3.9 3.3 3.9 4.] 3.8 3.p K ¢] 5|2 41 40 4.2 B.8 3.8 3.9.7 1340 3.8 4.7 3.7 4.2
Kurtosis 53.4| 28.6] 41.] 38. 28p 3014 278 12p.3 340 J2.7 8 3829.6| 29.2] 298] 254 30.2 25B 1484 245 51.1
Percentiles
1 0.5164 0.547p 0.5391 0.54P1 0.5919 0.5805 0.$877 0/596049.0.615% 0.6462 0.7040 0.7452 0.7p89 0.4364 0.y329 8136344 0.737[L 0.5925
5 0.587(Q 0.606p 0.5912 0.58B7 0.6381 0.6522 0.6443 0)646898.0.6626 0.7060 0.7313 0.76429 0.7p75 0.4576 0.f542 9188344 0.764L 0.6788
10 0.6233 0.643B 0.639%3 0.6333 0.6£02 0.6962 0.6890 0]|698@85% 0.712% 0.7498 0.791l0 0.8454 0.8p88 0.§374 0.829728(®48384 0.839Pp 0.7358
25 0.7044 0.732p 0.7295 0.7213 0.7860 0.§141 0.8169 0[/8286347 0.8472 0.8848 0.9357 0.9410 0.9p49 0.9713 0.p7281P,929844 0.983F 0.8840
50 0.9034 0.933L 0.9273 0.9296 1.0383 1.0824 1.0951 1|109861g 1.129Y7 1.1562 1.2058 1.2385 1.2953 1.2667 1.p648311292934 1.293]L 1.1619
75 1.29271 1.356[L 1.3475 1.34P2 1.5744 1.6560 1.6803 1|72A%28 1.7352 1.7589 1.8660 1.8929 1.8B52 1.9214 1.917016]989739 1.9783 1.7560
90 1.946Q 2.067p 2.0388 2.07¥3 2.6268 2.7810 2.y970 2|94845H 2.954% 2.9672 3.1782 3.2458 3.1p91 3.2035 3.p35678 373763 3.388R 2.9549
95 2.556(0 2.699p 2.6382 2.7455 3.4043 3.6363 3.y412 3|918P4Q 3.965] 3.9337 4.2292 4.3947 4.3B93 4.3708 4.43878@\676931 4.697p 4.0104
99 3.9747 4.227)7 4.29%7 4.6106 6.0351 6.9558 6.p905 7|26958F 7.236] 7.16Q8 7.53R7 7.7471 7.5f60 7.1910 7.p67038|B43873 8.263p 7.2615
Range ratios
95/5 4.354% 4.4505 4.4621 4.6641 5.3852 5.9756 5.B067 8|@2324 5.983B 5.5717 5.78p8 5.76¢09 5.7R85 5.7696 5)88830F.5.9832 6.1474 5.9079
90/10 3.1211 3.2115 3.1894 3.2751 3.8p621 3.9945 4.p59693|241741 4.146p 3.9507 4.0117 3.9688 3.4597 3.8255 3890699 4.0272 4.0341 4.0159
75/25 1.8348 1.8512 1.84y2 1.8408 2.0p31 2.0342 2.p56953{@30533 2.048p 1.9834 1.9943 1.9¢96 1.9538 1.9782 1[{978892 2.0046 2.0112 1.9865

46



Table A.5: Real hourly wageréal_hw) variability between firms and within firms, 192606

Mean sum of squares

Between firmgq Within firms B/W
(B) (W)
Total 38.2165 1.0018 38.15
Workers' characteristics:
gender
Male 36.3965 1.2137 29.99
Female 16.1452 0.5894 27.39
educ
Pre-primary or no educati 1.586¢ 0.170¢ 9.3C
First stage of basic educat 7.7111 0.2791 27.6%
Second stage of basic educa 10.626: 0.739( 14.3¢
Secondary or post-secondary educs 17.496: 1.260¢ 13.8¢
First stage of tertiary educati 19.468t 2.697¢ 7.22
Second stage of tertiary educa 41.667¢ 4.693¢ 8.8¢
Firms' characteristics:
inds6
Mining and quarryin 25.657! 0.7421 34.5%
Manufacturing 36.7146 0.7019 52.31
Electricity, gas, and water sup 316.678 1.585¢ 199.7:
Construction 7.7563 0.7682 10.10
Market services 38.9309 1.2761 30.51
Social services 31.4632 1.2372 25.43
size
< 5 employees 1.4303 0.2021 7.08
5-9 employees 4.5583 0.3251 14.02
10-49 employees 31.0635 0.6080 51.09
50-99 employees 137.1016 0.9308 147.29
100-249 employees 456.0714 1.2467 365.81
250-499 employees 995.9859 1.3978 712.52
500-999 employees 2,060.958P 1.3775 1,496.19
1,000-1,999 employees 5,437.2047 17777 3,058.65
2,000-4,999 employees 12,437.67p0 1.7423 7,138.49
25,000 employet 35,673.658 1.888¢ 18,889.6!
region
Norte 21.2746 0.6693 31.79
Centro 9.9644 0.5259 18.95
Lisboa 73.9201 1.6121 45.85
Alentejo 11.1877 0.6304 17.75
Algarve 5.5049 0.5255 10.48
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Table A.6: Legend for the 29 common industries classificaffom 1986 to 2006

Industry  |Description
Mining of coal and lignite; extraction of peat; edtion of crude petroleum and

Industry 1 |natural gas; service activities incidental to oilajas extraction, excluding surveying;
mining of uranium and thorium ot

Industry 2 |Mining of metal ores; other mining and quarry

Industry ¢ |Manufacture of food products and beverages; maturiaof tobacco produc

Industry ¢ |Manufacture of textiles; manufacture of wearingameh dressing and dyeing of
Tanning and dressing of leather; manufacture ajdgg, handbags, saddlery, harness

Industry 5
and footwee

Industry 6 Manufacture of wood and of products of wood andcexkcept furniture; manufacture
of articles of straw and plaiting materi
Manufacture of pulp, paper and paper products;ighibly printing and reproduction

Industry 7
of recorded med

Industry ¢ |Manufacture of coke, refined petroleum products rmunclear fue

Industry ¢ |Manufacture of chemicals and chemical prod

Industry 1( |Manufacture of rubber and plastic prod

Industry 1. |Manufacture of other non-metallic mineral prod
Manufacture of basic metals; manufacture of fateidanetal products, except

Industry 12 . .
machinery and equipme

Industry 1. [Manufacture of machinery and equipment n
Manufacture of office machinery and computers; nfacture of electrical machine

Industry 14 and apparatus n.e.c.; manufacture of radio, tétevend communication equipment
and apparatus; manufacture of medical, precisionogtical instruments, watches and
clocks
Manufacture of motor vehicles, trailers and semilérs; manufacture of other

Industry 15 .
transport equipme

Industry 1¢ |Manufacture of furniture; manufacturing n.e.c.;yaing

Industry 17 Electricity, gas, steam and hot water supply; atibe, purification and distribution of
watel

Industry 1¢ |Constructiol
Sale, maintenance and repair of motor vehiclesnamtrcycles; retail sale «

Industry 19 automotive fuel; wholesale trade and commissiotety@xcept of motor vehicles and
motorcycles; retail trade, except of motor vehi@ad motorcycles; repair of personal
and household goo

Industry 2( [Hotels and restaurai
Land transport; transport via pipelines; water $paort; air transport; supporting and

Industry 21 . L S .
auxiliary transport activities; activities of trdvagencies; post and telecommunicat
Financial intermediation, except insurance and iparfsinding; insurance and pension

Industry 22 |funding, except compulsory social security; adigtauxiliary to financial
intermediatio
Real estate activities; renting of machinery andiggent without operator and of

Industry 23 |personal and household goods; computer and redatedties; research and
development; other business activi

Industry 2: |Public administration and defence; compulsory dasaurity

Industry 2! |Educatiol

Industry 2¢ |Health and social wo
Sewage and refuse disposal, sanitation and siaglarities; activities of membership

Industry 27 |organizations n.e.c.; recreational, cultural anutspg activities; other service
activities

Industry 2¢ |Private households with employed pers

Industry 2¢ |Extra-territorial organizations and boc
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