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Abstract

This paper estimates a wage growth equation containing human capital variables known from the traditional
Mincerian wage equation with year, worker and firm fixed effects included as well. The paper thus contributes
further to the large empirical literature on unobserved heterogeneity following the work of Abowd, Kramarz,
and Margolis (1999). Our main contribution is to extend the analysis from wage levels to wage growth. The
specification enables us to estimate the individual specific and firm specific fixed effects and their degree of
explanation on wage growth. The analysis is conducted using Danish longitudinal matched employer-employee
data from 1980 to 2006. We find that the worker fixed effect dominates both the firm fixed effect and the effect
of the observed covariates. Worker effects are estimated to explain seven to twelve per cent of the variance in
wage growth while firm effects are estimated to explain four to ten per cent. We furthermore find a negative
correlation between the worker and firm effects, as do nearly all authors examining wage level equations.
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1 Introduction

A well known fact about the labor market is that there exists a large degree of wage dispersion in the
levels of wages. The same fact can be said about wage growth, but this has not yet been exploited
to its full extent. Wage growth and wage levels are of course closely connected as wage growth is the
first difference of wage levels, but the explanation of wage growth is different from the explanation of
wage levels. Typically, observable characteristics are estimated to explain around 30 per cent of the
variation in wage levels while they are able to explain much less of the variation in wage growth.!
This leads to other differences in the explanation given by the unobserved effects as well, and it is
especially interesting that Abowd, Kramarz, and Margolis (1999) (henceforth denoted AKM), who
introduced how to statistically analyze simultaneous observed and unobserved individual- and firm-
level heterogeneity, show that when controlling for unobserved heterogeneity they can explain nearly

all of the variation of wages.

The methods have ever since been broadly explored by authors like Abowd and Kramarz (1999),
Abowd, Finer, and Kramarz (1999) (American data), Abowd, Creecy, and Kramarz (2002) (Amer-
ican and French data), Barth and Dale-Olsen (2003) (Norwegian data), Gruetter and Lalive (2004)
(Austrian data), Andrews, Gill, Schank, and Upward (2008) (German data), and Sgrensen and Vejlin
(2009) (Danish data). Often, the main focus has been on the question of whether high wage workers
are sorting into high wage firms.? Almost all studies done to date find small negative or zero sorting
in wages. AKM show that the worker effect strongly dominates the firm effects in explaining the
wage determination. The worker effect together with the correlation between the worker and the firm
effects have been given most attention in the literature. In the literature following AKM the common
approach so far has been to focus on the wage level, while very little effort has been spent on explaining
the wage growth distribution using these methods. The levels of wages have been the natural starting
point of research for several reasons. Firstly, wage levels have been the natural dependent variable in
any human capital wage equation ever since Mincer (1958) developed the so-called Mincerian wage
equation. Secondly, much earlier research has been forced to use annual wage income making a cred-

ible wage growth practically difficult to calculate as the direct wages will be troublesome to extract

!See e.g. Abowd, Kramarz, and Margolis (1999, Table II), Barth and Dale-Olsen (2003, Table 2) and Mortensen
(2005) for analysis of wage level equations. In section 5 Robustness we find a degree of explanation of 2.24 per cent in

an OLS regression on wage growth.

2 A high wage worker is in the terminology by AKM a worker receiving above what he is expected to, given his level of

observable characteristics. A high wage firm is a firm paying wages higher than expected given these same characteristics.



and compare with the corresponding wage one year before, since it might be contaminated by different

hours worked and changing bonus schemes, thus containing lots of measurement error.

The goal of this paper is to estimate an empirical model of wage growth allowing for both worker
and firm fixed effects. We show that much less of the variation of wage growth can be explained by
observables, worker and firm effects compared to the degree of explanation in the levels of wages.
The common results that unobserved worker heterogeneity is more important than unobserved firm
heterogeneity and observable covariates are found to be the case for the variance in wage growth as
well. Furthermore, we find a negative correlation between the estimated worker specific effects and
the estimated firm specific effects of a much stronger magnitude than typically found in wage level

analysis.

A more theoretical literature inspired by the empirical findings of AKM argues that the fixed
effects in the wage equation do not necessarily correlate very well with the underlying productivity
of the firm and worker, respectively. When motivating the AKM specification as a structural repre-
sentation of the wage equation, it is generally assumed that the outside options of workers and firms
are independent of the prevailing match. Recently, several studies have illustrated the implications
of relaxing this assumption. Eeckhout and Kircher (2009) and Lopes de Melo (2008) both generate
a non-monotonicity in the wage equation due to high productivity firms facing better outside options
than their counterparts when they match with a low productivity worker. A low productivity worker
has to compensate a high productivity firm for giving up the opportunity to match with a more pro-
ductive worker. Eeckhout and Kircher (2009) illustrate the insufficiency of wage data alone to identify
sorting in the labor market: for every production function that induces positive sorting they can find
a production function inducing negative sorting whilst generating identical wages. In Postel-Vinay
and Robin (2002) the dynamic nature of the wage bargaining process implies that although workers
always move up in the productivity distribution upon a job-to-job transition, a move may be associ-
ated with a drop in wages. Bagger and Lentz (2008) adopt this wage setting in an on-the-job search
model with endogenous search effort and show that positive sorting can be consistent with a negative
correlation between the fixed effects in the wage equation. Shimer (2005) makes the same point within
an assignment model. This recent strand of the literature shows that one should be very careful when
interpreting AKM type wage decompositions and, hence, we do not push our results in the direction

of revealing the underlying productivity structure of the labor market.

Given the theoretical interest alluded to above, one of the contributions of this paper is also to



investigate whether or not the structural models need to take into account that the growth rate of
wages can be different for different workers. An implication of the human capital model by Mincer
(1974) is parallel log earnings profiles across schooling levels. Heckman, Lochner, and Todd (2003) test
whether data supports this parallel implication and find that only 1940s and 1950s US Census data
support parallel log earnings profiles across schooling levels, while formal econometric tests rejects
any support for such parallelism for newer data (1960 to 1990). Connolly and Gottschalk (2006)
show that log earnings profiles are not even parallel when controlling for workers making job-to-job
transitions and workers experiencing a non-employment spell between jobs with high educated workers
experiencing higher wage growth than lower educated workers.

Postel-Vinay and Robin (2002) and Bagger, Fontaine, Postel-Vinay, and Robin (2007) produce
wage equations in which the wage change does not depend on the worker, but only on the current
and the last firm that the worker was in. E.g., if it is a high productivity firm then wage changes are
large, since the initial wage is low, because the worker is willing to accept an initial low wage at a high
productivity firm in order to get higher wage raises in the future, and then high wage firm matches

all wage offers.

The paper is organized as follows: Section 2 presents our empirical model, discusses identification
and summarizes the implementation procedure. We describe the Danish IDA data in Section 3 and,
in particular, the realized mobility patterns that are of high importance for both identification and
precision of the parameters. In Section 4 we present the results of the wage decomposition and the
analysis taking the estimated parameters as input. In section 5 we analyze the robustness of our

model. Section 6 concludes.

2 The Two-Way Fixed Effects Model

We will be using a wage specification inspired by Abowd, Kramarz, and Margolis (1999) and Abowd,
Creecy, and Kramarz (2002) with wage growth decomposed into a linear relationship between observed
covariates, an unobserved worker fixed effect, an unobserved firm fixed effect and an error term.

Let i € T ={1,...,1} index workers and let worker i be represented by N; observations indexed
by n € N; = {1,...,N;} totaling N* = >, _; N; observations in the data. The set of firms is

J =A{1,...,J}. We assume that worker i’s log wage growth from time ¢ — 1 to time ¢ when employed



at firm .J(i,t) arises from the linear model given by;
Awip = T3+ 0; + P g + it (1)

where Aw;; = wi — wir—1, Tie is a 1 X K vector of observed time-varying covariates, (3 is a conformable
vector of slope parameters, ¢; and ;) are worker specific and firm specific components of the
variation of log wage growth, respectively. e is the residual wage growth. Our specification is different
from the original AKM specification as the error structure allows for time varying unobservables to have
long term consequences on wage growth. Kramarz, Machin, and Ouazad (2009) have a specification
much like ours. They analyze a value added model in which they decompose the progress of children
in the English primary education system into a child fixed effect (corresponding to our worker effect),
a school-grade-year effect (corresponding to our firm effect) and an error term. A crucial difference
between our analysis and the one by Kramarz, Machin and Oazad is that we have up to 26 time
periods per person while they analyze the change in test scores for English primary school pupils over

two periods; period one at age 6/7 and period two at age 10/11.

We shall treat the residual ;4 in (1) as a genuine statistical residual. We thus impose the identifying

assumptions

Eleit|xi,i,t, J(i,t)] =0, VneN; and VieZ (2)
c?<oo0 Vi=h,t=s
CO’L)[€it, 5h$|l‘it7 Thsy 1, h, t,s, '](Z, t)a J(h7 S)] = (3)
0 otherwise.

Equation (2) ensures strict exogeneity, i.e. it rules out endogenous mobility.

2.1 Identification of the Person and Firm Fixed Effects

We need to make sure that both person and firm effects are identified. This is no trivial problem
though, since the usual techniques by sweeping out the singular row and column combinations from
the normal equations of the system cannot be done as the normal equations are solved without
actually computing the generalized inverse. Instead, person and firm effects can be identified by
forming groups of connected workers and firms using the grouping algorithm developed by Abowd,

Creecy, and Kramarz (2002). To do this, one must use the movers to tie workers and firms together

3Note that for the comparison regressions of wages in levels, we use the same specification, but with wage levels as

left hand side variables instead of wage growth.



such that each group consists of all the workers who have ever worked for any of the firms within the
group and all the firms at which any of the workers has ever been employed at.* This implies that
a group is a connection of workers and firms in a graph theoretical sense. The algorithm results are

displayed in table 1.

As none of the firms in group k is connected to any of the firms in group h for all k # h we
cannot compare firm and worker effects between groups. This leaves us with the option of performing
the analysis on each group separately or focusing on one group only within which worker and firm
specific effects can be identified using conventional methods from analysis of covariance. Table 1 shows
that after doing the graph theoretical grouping algorithm by Abowd, Creecy, and Kramarz (2002) the
largest group contains almost all observations (99 per cent), workers (98 per cent) and firms (91 per
cent) so we will focus on the largest group only and discard all observations belonging to any other

group than the largest. This is also the normal procedure in the literature.

It is useful to write equation (1) in matrix notation;
w =275+ D0+ Fi) + e, (4)

where w and € are N* x 1 vectors, D is an N* x N matrix of worker dummy variables, F is an N* x J
matrix of firm dummy variables and Z is N* x K matrix of covariates. 6 is an N x 1 parameter vector,

Y is a J x 1 parameter vector and § is a K x 1 parameter vector.’

Equation (4) is known as the Least Squares Dummy Variable method (LSDV), which is a two-
way high dimensional fixed effects model. There are several ways to estimate such a model. AKM
note that the LSDV estimation of (4) requires the estimation of N worker effects and J firm effects.
Since N is often in millions and J is often in thousands, such an estimation is unfeasible with standard
approaches. We use the conjugate gradient (CG) algorithm also used by Abowd, Creecy, and Kramarz
(2002) and Kramarz, Machin, and Ouazad (2009) to solve the problem. The CG algorithm deals with
the high dimensionality of the data by using sparse matrices and iterates the solution according to a

convergence criteria which we have set to 10714,

4See ACK for a more detailed description of the grouping algorithm.
®Note that (4) is actually a generalization of the model used by Abowd, Kramarz, and Margolis (1999). Instead of

using wages in level we use wage growth and have furthermore assumed that the firm effects are all constant over time,

hence m = 1 in AKM’s model.



3 The Data

The data source used in this paper is the Integrated Database for Labor Market Research (IDA)
kept by Statistics Denmark (SD). The data are confidential but our access is not exclusive. IDA
is a matched employer-employee longitudinal database containing socio-economic information on the
entire Danish population, the population’s attachment to the labor market, and at which firms the
worker is employed. Both persons and firms can be monitored from 1980 onwards. The reference
period in IDA is given as follows; The linkage of persons and firms refers to the end of November,
ensuring that seasonal changes (such as e.g. shutdown of establishments around Christmas) do not
affect the registration, meaning that the creation of jobs in the individual firms refers to the end of
November. On the other hand, the background information on individuals mainly refers to the end of
the year. Our gross sample contains all workers having their main employment at a private firm in

the period of 1980 — 2006.7

3.1 The Sample

The raw data consists of 60,847,593 yearly wage observations. The data is then narrowed down to the

sample of estimation by the following corrections according to table 2.

First, since we divide the sample into educational groups, the observations with missing educational
information are deleted (1,256,538 observations deleted). Second, we only include observations after
the completion of the highest education (11,064,910 observations deleted). I.e. if a worker has a
job with some lower education and then achieves a new (mainly higher) education, we only include
the observations belonging to his last education and are thus deleting all observations prior to the
completion of his highest education. This is done such that we are ensured not to compare e.g. an
economist when working as an economist with when he was working as a clerk in a department store
before finishing his studies. The private and public sector labor markets are very different, and we
will only be looking at the private sector, thus deleting all public sector observations (18,207,737
observations deleted). Furthermore, if a worker is currently undertaking education he is deleted as
well (938,862 observations deleted). If the experience measure of a worker is negative or above his age
less his years of education the observation is deleted (15,168 observations deleted). All non-full-time

employment observations are deleted (2,402,026 observations) and so are observations with negative

5See a more detailed documentation on IDA constructed by SD:

http://www.dst.dk/HomeUK /Guide/documentation/Varedeklarationer /emnegruppe/emne.aspx?sysrid=1013
"Since we will be using the first difference of wages the estimation period will be 1981 — 2006.



or non-credible hourly wages (65,571 4 1,115,560 observations deleted).® To deal with outliers, we
delete all observations with wages in the top and bottom percentile of the wage distribution (248,899
+ 254,555 observations), and finally, as we use wage growth, we have deleted all the observations in
which we observe a worker for the first time (4,395,944 observations).? Totaling a sample of 20,836,823
observations which then is divided into three educational groups, which are low, medium and high for

both men and women. These groups are thoroughly described in the next section.

3.2 Observable Characteristics

The IDA data contains actual labor market experience but only measured from 1964 and onwards.
Hence, for workers entering the labor market prior to 1964 this experience measure is left-censored.
Therefore, we construct our own measure of experience as potential experience (age less the total
length of education less schooling starting age) at the first observation for a given worker and then
add actual increments in experience. Woodcock (2008) uses a similar measure except that he only
knows whether or not a worker was employed sometime during a quarter, whereas we have more
precise information on actual experience accumulated during each year. Sgrensen and Vejlin (2009)
also use this measure. Table 3 presents summary statistics of our measure of experience. In our sample
men are relatively more experienced than women and low educated are more experienced than high

educated. The latter partly reflects that high educated enter the labor market later.

The time varying observables, z/,, consist of calendar time and labor market experience.'9 In

the implementation we include a full set of year dummies and parameterize the experience profile by
including experience and experience squared. Time-invariant characteristics are gender and length
of education. We construct an education measure which divides the sample into three mutually
exclusive groups: less than 12 years of education, 12-14 years and more than 14 years. The first
group contains high-school drop-outs, the second contains high-school graduates, individuals with a
vocational education, and individuals with a short cycle tertiary education, and the third contains
those with medium and long cycle tertiary educations. We will denote these educational groups

as low, medium and high educated workers, respectively. The IDA data does contain considerable

8The hourly wage measure is calculated on the basis of payments to the Danish mandatory pension scheme, ATP
which is a step-function of hours worked. If Statistics Denmark report this hourly measure as non-credible, we delete

the associated observation.
9But only after calculating the wage growth.
10T the robustness section we include dummies for marital status, parenthood and size of the firm current and one

period before to check whether year dummies and experience profiles fully capture observable heterogeneity.



further information on workers. However, this paper focuses on disentangling worker and firm effects
and not on which particular characteristics on either the worker or firm side that drive wage growth
differentials. Hence, the time-invariant worker characteristics included in the analysis are chosen such

that well-defined subsamples can be formed on which separate analysis can be performed.

Since the firm effect in the AKM model is identified from workers moving between different firms
it is important to have long panels and a lot of job changes per worker. Table 4 shows the distribution
of number of observations for each worker. Each worker appears in the sample on average 9.85 times
with men being on average more frequently than women. We have more than ten observations for
almost 40 per cent of the entire sample divided on 44 per cent of the male sample and 31 per cent of
the female sample. It is only 18 per cent of the total number of workers that appears less than three

times in our total sample.

Table 5 reports the distribution of number of employers per worker. Approximately two thirds
of all workers are in multiple firms and 40 per cent of the workers in the entire sample have three
or more different employers. On average, each worker has 2.52 different employers. 45 percent of all
men and 32 per cent of all women have three or more employers. To compare these figures, Abowd,
Kramarz, and Margolis (1999) have a maximum of ten years of observations, but only 10 per cent
of their workers are observed ten times and only one half of the workers in their sample changes
employers, i.e. we have more observations per worker and more frequent job changes in our sample

compared to the original sample used to estimate the AKM model.

The main interest in this paper is to estimate the effect of firm and worker heterogeneity on wage
growth. Figure 1 shows the cross-section distribution of wage growth over all years. The wage growth
distribution is almost symmetrical around a mean value of three per cent and there are considerable

variations.

4 The Results

In this section we present results for model (4). The model is estimated both in terms of wage growth
and wage levels, i.e. the original AKM model. This is done in order to compare the two models. Model
(4) is also estimated on subgroups, which allow for the firm effect, the year effect and the experience

profile to differ between subgroups.



4.1 Contributions of Fixed Effects to the Variance of Wage Growth

Notice that the variance of either wage growth or levels can be decomposed into pairwise covariances
between the dependent variable and independent variables. This is shown in equation (5) by inserting

for the wage growth equation;

Var(Awy) = Cov(Awy, Awy) = Cov(Awg, x;tﬁ +6; + 1[{](17@ + &)

= Cov(Awy, x;tﬁ) + Cov(Awy, él) + Cov(Awyy, &J(i,t)) + Cov(Awjy, Eit). (5)

Dividing through by the variance of the dependent variable lets us interpret each component as
the relative contribution to the explanation of the variance of the dependent variable. I.e. the degree

of explanation by each component arising from the decomposition is given by:!!

A~

Cov(Awit, ) Cov(Awy, 0;) Cov(Awit,%Z)J(z’,t)) Cov(Awy, Eit)
Var(Aw;) Var(Aw;) Var(Aw;) Var(Aw;)

—1. (6)

This decomposition constitutes a nice measure of how ’important’ each component can be said to
be for the description of the variance of wage growth. Abowd, Kramarz, and Margolis (1999) (and
subsequently Abowd, Creecy, and Kramarz (2002)) make a decomposition much like this and find that
the worker effect is by far the most important component in determining the variance in wage levels
leaving only very little explanation to firm effects. Sgrensen and Vejlin (2009) also decompose the
variance of wage levels following the method of Woodcock (2008) who shows how to decompose the
variance of wages when including worker fixed effects, firm fixed effects and a match specific effect.
Sgrensen and Vejlin use the same raw data as us but with a slightly different subgroup selection, and
they include a match fixed effect besides worker and firm fixed effects. Their paper also only uses
the years from 1980 to 2003. They find that depending on skill levels, the firm effect can be said to
explain from 10 to 25 per cent of the variation in wages. Furthermore, they find that the degree of
explanation given by firm effects is declining when the skill level increases. Sgrensen and Vejlin find
the contributions to the explanation of the variance in wages given by worker effects to range from 35

per cent for low skilled workers to 45 per cent for high skilled workers.

Table 6 shows summary statistics from the AKM model estimated on wage growth and wage levels
and the variance decomposition as shown above. First, turning to the model for wage levels, i.e. the

standard AKM model, we find that the worker fixed effects dominates the explanation of the variance

"Note that for a normal OLS regression with regular covariates included only, Aw;; = z/;8 + € the following holds;

CoU(Awit,z;tB) -1 Cov(Aw;,&) _ R2
Var(Aw;t) - Var(Aw;r) — .

10



of wages explaining around 58 percent of wage variation in the estimation on the full sample. The firm
fixed effects contribute with 14 percent, while experience and year fixed effects (put together into X 3)
contribute with 9 percent. However, turning to the subgroup analysis we find that the worker fixed
effect mostly dominate for high educated, while for low educated the worker and firm fixed effects
are almost equally important. It seems that the heterogeneity in the explanatory power of each is
completely based on education and not on gender, even though, of course, there are small differences
between men and women. Sgrensen and Vejlin (2009) also find nearly the same contributions from
firm fixed effects while our worker effects contribute with more to the explanation of the variance in
wages. Our covariates (experience and year effects) contribute with much less than what Sgrensen
and Vejlin find. This difference can be explained by their inclusion of a match effect and a slightly
different sample selection. Sgrensen and Vejlin (2009) also find the same pattern in the subgroup
analysis. Thus, the sample select seems to be able to produce results in the same range as known in

the literature.

Our results of the variance decomposition thus yield much lower estimates of the degree of explana-
tion of the variance in wage levels than those given by most former literature. One explanation of this
can be that we use much longer panels than e.g. Abowd, Kramarz, and Margolis (1999) (panel cover-
ing 1976-1987, excluding 1981 and 1983), Abowd, Creecy, and Kramarz (2002) (same panel length as
AKM) and Barth and Dale-Olsen (2003) (panel covering 1989-1997). Figures 2 to 4 show the variance
decomposition (equation (6)) plotted for each subgroup against the number of times we have observed
the individual worker. The development in contribution to the variance of wages is almost the same for
all three subgroups where the worker effects seem to be mostly negatively affected by the length of the
panels while the contributions from firm effects are relatively constant and the covariates experience
increasing contribution to the variance of wages for all subgroups. AKM, Abowd et. al, and Barth
and Dale-Olsen all use unbalanced panels as we do, and they could thus possibly have an upward
biased worker effect. It is a subject for further research whether the estimated worker and firm effects

are dependent on the panel lengths at hand.

Now turning to the main analysis of the wage growth equation. For the full sample the variation
in the worker effect explains 8.7 percent, the firm effect explains 4.2 percent, and experience and year
effects explain 2.2 percent. l.e., as in the regressions on wage levels, the most important component is
the worker fixed effect. When we estimate the model on the six subgroups of gender and educational

level an interesting pattern emerges. It seems that especially the worker effect, but to some extent

11



also the firm effect, is more important in explaining women’s wage growth. In all subgroups with an
equal amount of education the explanatory power of both the worker and the firm effect is higher for
women than for men. The clear pattern from the wage level estimation, where worker effects were
most important for high educated, is nearly not present in for wage growth. In general, worker effects
explain around 8 to 12 per cent, firm effects explain around 4 to 10 per cent, and experience and the
year dummies together explain 2 to 3 per cent. That is, the most important component of wage growth
is worker specific differences, but it also seems that firm heterogeneity plays a relatively important
role in determining wage growth compared to determining variance in wage levels. We also see that
experience and year dummies explain a very small fraction of the variation in wage growth. This is
not a surprising result though, since (in the Robustness section below (table 8 column (1))) we find

R? = 0.024 when running a simple OLS regression without including any fixed effects.

Compared to the model for wage levels the degree of explanation is dramatically smaller for wage
growth. I.e. we cannot explain the variation in wage growth as precisely as we can explain the variation
in the level of wages. Also for wage levels the most important component is the worker fixed effect,
while the firm fixed effect and experience and year dummies seem to explain an almost equal share.
The latter part is in contrast to the model for wage growth where the covariates constantly contribute
with around half the share of the contribution given by firm fixed effects. Furthermore, given the
relatively low contribution given by firm effects compared to the worker effects and the residual could
make one doubt the significance of the firm effects. We have tested this for each subgroup using
a simple F-test with the hypothesis that the model with firm effects included does not provide a
significant better fit of wage growth (and levels) than a model without firm fixed effects included. The

test gives a p-value of zero for all subgroups for both wage growth and wage levels.'?

Table 7 shows the correlation structure of the two models for wage growth and wage levels. In
levels we see that there is a small but positive correlation between the firm effect and the worker
effect in the full sample, but when we turn to the subsamples we find a negative correlation. This
is also found by Sgrensen and Vejlin (2009). In the wage growth equation we find a strong negative
correlation between the firm effect and the worker effect. I.e. workers with high wage growth are on
average in firms with low wage growth. One reason could be the negative bias between worker and firm

effects, see e.g. Bagger and Lentz (2008). This negative correlation between worker and firm effects

'2The test with the lowest F-statistic is high educated women, wage growth at F' = 52,393. The corresponding critical
value on a significance level of five per cent is F(92,036 — 20, 277;450,948 — 20,277) = 1.009 and the firm effects are

thus highly significant.

12



is comsistently stronger for women than for men throughout the educational subgroups, and does not
differ much for men whether they are high, medium or low educated, whereas the correlation is much

higher (in absolute terms) for high educated women than for low and medium educated women.

5 Robustness

To analyze the robustness of our results we have run several different specifications of the model. First,
to check if the low contribution in the wage growth variance decomposition by covariates results from
too few variables added, we have included information on marital status, children, the size of the firm
this period and one period before to the covariates. Second, we regress seven different variations of
the model to see if the results change between them. Table 8 shows these robustness checks. Column
(3) is the baseline model where the only difference compared to the full sample part of table 6 (row
2 - 6) is that a very small fraction of the worker effect and the residuals has been absorbed by the
covariates with the inclusion of the extra variables. The difference between column (3) and the full
sample part of table 6 is not significant on any conventional levels, though, and we have thus no
reason to think that excluding the extra covariates alters our results.!®> Column (1) is the original
OLS regression and the covariates themselves are seen to explain 2.24 per cent of the variance in
wage growth; The same contribution up to four decimals as in the baseline model with both worker
and firm fixed effects added. We thus seem to be able to extract truly unobserved heterogeneity by
including the fixed effects. The importance of the covariates does not alter much if we include either
firm effects (column (2)) or worker effects (column (6)) to the model only, and lies between 2.1 and 2.9
per cent. The contribution from the unobserved worker heterogeneity on the variance of wage growth
is relatively robust over columns (3) to (6) but the importance of the unobserved firm heterogeneity
seems to increase for models with worker fixed effects included (columns (3) and (5)) than without
worker specific effects (columns (2) and (7)). In the end, our model specification seems to be relatively
robust.

Table 9 and 10 list the same robustness checks as table 8 but for growth in wages over two and
three periods respectively. Comparing the baseline model (column (3)) in table 9 and 10 with table
6 shows that the interrelationship between the worker fixed effects, the firm fixed effects and the
covariates remains relatively constant with the firm effects being twice as important as the covariates

and the worker effects again twice as important as the firm effects. When analyzing higher period

13The F-value of a test between the two models is 1,079.8 and is thus not close of being significant.
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wage growth one would expect the different components to absorb some of the residual explanation
compared to one-period wage growth; the covariates because experience increases. the firm effect
because firms paying consistently higher than average period-to-period wage growth will be paying
even higher two-period wage growth. Finally, the worker effect will follow a similar pattern and be
more important for describing the variance in wage growth over two periods than in only one period.
Likewise, these effects would be expected to be even more clear when analyzing wage growth over
three periods. Table 9 and 10 indeed show that the contribution to the variance in wage growth rises
when moving from one-period to two- and three-period wage growth as we would expect. However, it

is important to note that the relative contribution does not change much.

6 Conclusion

This paper estimates a regression model for individual wage growth incorporating fixed worker and
firm effects. We find that these worker and firm fixed effects influence wage growth very differently
from the way they influence wages in levels. We have decomposed the variance of wage growth and
wage levels into contributions from fixed worker effects, fixed firm effects, observable experience and
year effects and what is left unexplained. We found that while worker effects could contribute with
around 60 per cent for high educated workers, around 42 per cent for medium educated workers and
around 35 percent for low educated workers of the variance in wage levels we are only able to attribute
around 7 to 12 per cent to worker effects for all three educational groups of the variance in wage
growth to fixed worker effects. The same pattern seems to be the case for firm effects, for which we
can attribute from 10 to 30 per cent of the contribution to the variance in wage levels, while they are
estimated to explain 4 to 10 per cent of the variance in wage growth. Finally, the amount of variance
left unexplained is much higher for wage growth than it is for wage levels ranging from 76 per cent to
85 per cent for subgroups and 85 per cent for the full sample in wage growth versus 14 to 25 per cent
for subgroups and 19 per cent for the full sample in wage levels.

However, the amount of variance that we can explain increases from 15 per cent to 30 per cent,
when we use three-period wage growth instead of one-period growth. Importantly, the interrelation-
ship between the components does not alter considerably when moving from using one-period wage
growth to either two- or three-period wage growth, as the worker effect keeps having around twice the
explanatory power as firm effects which then have almost twice the explanatory power as observable

covariates.
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We also find a very strong negative correlation between fixed worker and fixed firm effects in wage

growth.
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Table 1: Descriptive statistics merging from the grouping algorithm.

Number of  Number of Number of Number of Number of
observations workers firms groups estimable effects
Full sample 20,836,823 2,116,094 322,802 24,793 2,414,103
(20,703,609)  (2,083,391) (295,034) (1) (2,378,424)
Men

High educ. 1,750,247 179,108 59,733 9,270 229,571
(1,682,834) (166,827) (47,019) (1) (213,845)
Medium educ. 8,912,263 798,308 217,298 15,671 999,935
(8,823,828) (780,009) (198,844) (1) (978,852)
Low educ. 4,074,495 401,943 147,853 14,171 535,625
(3,996,477)  (385,574)  (129,944) (1) (515,517)
Total 15,737,005 1,379,359 424,884 39,112 1,765,131
(14,503,139)  (1,332,410) (375,807) 3) (1,708,214)

‘Women
High educ. 515,512 87,387 33,262 9,715 110,934
(450,948) (71,760) (20,277) (1) (92,036)
Medium educ. 3,555,893 404,602 139,539 18,360 525,781
(3,443,791) (382,385) (116,365) (1) (498,749)
Low educ. 2,028,413 244,746 95,732 18,693 321,785
(1,914,928) (222,350) (71,028) (1) (293,377)
Total 6,099,818 736,735 268,533 46,768 958,500
(5,809,667) (676,495) (207,670) (3) (884,162)

Note: The figures from the largest group of each sample are in parenthesis.

Note, furthermore, that a firm can be in more than one sample, so a firm can be present up

to three times in the total number of firms and estimable effects.
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Table 2: Costs in terms of observations when narrowing down the sample.

Observation Sample

Correction cost size

Population 60,847,593
Missing education information 1,256,538 59,591,055
Labor market entry 11,064,910 48,526,145
Private sector 18,207,737 30,318,408
Students 983,862 29,334,546
Experience outliers 15,168 29,319,378
Full-time employment 2,402,026 26,917,352
Non-positive hourly wages 65,571 26,851,781
Non-credible hours 1,115,560 25,736,221
Wages below P1 248,899 25,487,322
Wages above P99 254,555 25,232,767
First worker-obs and missing year 4,395,944 20,836,823

Table 3: Descriptive Statistics of Labor Market Experience

Mean Median Std. dev. P10 P90 Total observations
Full sample 16.65 16.00 8.54 5.87 28.56 20,836,823
Men
High edu. 16.21 15.50 8.68 5.24  28.33 1,750,247
Medium edu. 17.52 17.00 8.48 6.75  29.20 8,912,263
Low edu. 17.74 17.89 8.84 5.81  29.80 4,074,495
Total 17.43 17.00 8.61 6.32 29.23 14,737,005
Women
High edu. 12.8 11.00 7.96 3.88  24.55 515,512
Medium edu. 15.01 13.89 8.14 5.25  26.67 3,555,893
Low edu. 14.91 14.18 7.85 4.97 25.85 2,028,413
Total 14.79 13.77 8.05 5.00 26.07 6,099,818
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Table 4:

Number of Observations per Worker

Average 1 2 3-5 6-10 11-20 21+ Total workers
Full sample 9.85 221,977 167,198 386,807 499,124 584,950 256,038 2,116,094
(0.1049)  (0.0790)  (0.1828) (0.2359) (0.2764) (0.1210)
Men
High edu. 9.77 17,585 13,741 32,480 44,762 50,926 19,614 179,108
(0.0982)  (0.0767)  (0.1813) (0.2499) (0.2843)  (0.1095)
Medium edu. 11.16 61,566 50,807 126,284 183,109 248,180 128,362 798,308
(0.0771)  (0.0636)  (0.1582)  (0.2294)  (0.3109)  (0.1608)
Low edu. 10.14 41,977 31,275 70,589 93,081 109,897 55,124 401,943
(0.1044)  (0.0778) (0.1756)  (0.2316)  (0.2734)  (0.1371)
Total 121,128 95,823 229,353 320,952 409,003 203,100 1,379,359
(0.0878)  (0.0695)  (0.1663)  (0.2327)  (0.2965)  (0.1472)
Women
High edu. 5.90 16,977 11,562 22,557 22,204 12,345 1,742 87,387
(0.1943)  (0.1323) (0.2581)  (0.2541) (0.1413) (0.0199)
Medium edu. 8.79 48,775 35,616 83,420 98,159 106,227 32,405 404,602
(0.1206)  (0.0880)  (0.2062)  (0.2426)  (0.2625)  (0.0801)
Low edu. 8.29 35,097 24,197 51,477 57,809 57,375 18,791 244,746
(0.1434)  (0.0989) (0.2103)  (0.2362) (0.2344)  (0.0768)
Total 100,849 71,375 157,454 178,172 175,947 52,938 736,735
(0.1369)  (0.0969) (0.2137)  (0.2418)  (0.2388)  (0.0719)

Note: Numbers in parenthesizes denote percentages of subsamples.
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Table 5: Number of Employers per Worker

Average 1 2 3 4 5-10 11+ Total workers
Full sample 2.52 772,003 501,601 345,654 231,683 262,153 3,000 2,116,094
(0.3648)  (0.2370)  (0.1634)  (0.1095) (0.1239)  (0.0014)
Men
High edu. 2.44 67,199 43,441 29,463 18,573 20,313 119 179,108
(0.3752)  (0.2425)  (0.1645) (0.1037)  (0.1134)  (0.0007)
Medium edu. 2.80 238,394 186,110 142,408 101,481 128,142 1,773 798,308
(0.2986)  (0.2332)  (0.1784)  (0.1271)  (0.1605)  (0.0022)
Low edu. 2.63 144,643 89,662 63,678 45,311 57,739 910 401,943
(0.3599)  (0.2230)  (0.1584)  (0.1127)  (0.1437)  (0.0023)
Total 450,236 319,213 235,549 165,365 206,194 2,802 1,379,359
(0.3264)  (0.2314) (0.1708)  (0.1199) (0.1495)  (0.0020)
Women
High edu. 1.77 50,603 19,494 9,459 4,491 3,336 4 87,387
(0.5790)  (0.2231) (0.1082) (0.0514) (0.0382)  (0.0001)
Medium edu. 2.31 157,558 103,714 66,414 40,898 35,889 129 404,602
(0.3894)  (0.2563)  (0.1642)  (0.1011)  (0.0887)  (0.0003)
Low edu. 2.10 113,606 59,180 34,232 20,929 16,734 65 244,746
(0.4642)  (0.2418) (0.1399) (0.0854)  (0.0684)  (0.0003)
Total 321,767 182,388 110,105 66,318 55,959 198 736,735
(0.4367)  (0.2475)  (0.1495)  (0.0900) (0.0760)  (0.0003)

Note: Numbers in parenthesizes denote percentages of subsamples.

Percent,distribution

Figure 1: The distribution of wage growth for the entire sample 1980-2006.
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Table 6: Regression results.

Wage growth

Wage levels

Cov(w,Z) Cov(w,Z)
Z Mean  Std. Dev. Cov(w,Z) / Var(w) Mean  Std. Dev. Cov(w,Z) / Var(w)
Full sample (20,703,609 observations)
w 0.0196 0.1486 0.0221 1.0000 5.2372 0.3072 0.0944 1.0000
0 -0.0780 0.0578 0.0019 0.0868 4.8103 0.2319 0.0543 0.5752
P 0.1110 0.0470 0.0009 0.0415 0.2547 0.1107 0.0132 0.1399
Xp -0.0134 0.0248 0.0005 0.0218 0.1723 0.0940 0.0088 0.0927
€ 0.0000 0.1370 0.0188 0.8499 0.0000 0.1347 0.0181 0.1922
High educated
Men (1,682,834 observations)
w 0.0279 0.1537 0.0236 1.0000 5.6571 0.3354 0.1125 1.0000
[4 -0.3121 0.0687 0.0017 0.0739 5.5965 0.2945 0.0645 0.5732
P 0.3370 0.0673 0.0018 0.0753 0.1186 0.1392 0.0119 0.1059
XB 0.0031 0.0259 0.0005 0.0216 -0.0581 0.1838 0.0141 0.1255
€ 0.0000 0.1400 0.0196 0.8292 0.0000 0.1483 0.0220 0.1954
Women (450,948 observations)
w 0.0297 0.1482 0.0220 1.0000 5.4231 0.3104 0.0963 1.0000
0 0.0960 0.1130 0.0026 0.1161 5.5190 0.2689 0.0598 0.6208
P -0.0581 0.1106 0.0021 0.0961 -0.0851 0.1451 0.0124 0.1289
XB -0.0083 0.0217 0.0005 0.0208 -0.0108 0.1315 0.0099 0.1031
€ 0.0000 0.1298 0.0169 0.7670 0.0000 0.1191 0.0142 0.1472
Medium educated
Men (8,823,828 observations)
w 0.0181 0.1488 0.0222 1.0000 5.2778 0.2633 0.0693 1.0000
0 -0.0533 0.0582 0.0016 0.0712 4.8230 0.1817 0.0313 0.4513
P 0.0931 0.0546 0.0012 0.0558 0.2670 0.1199 0.0134 0.1935
XB -0.0218 0.0238 0.0005 0.0220 0.1878 0.0882 0.0071 0.1025
€ 0.0000 0.1373 0.0189 0.8509 0.0000 0.1324 0.0175 0.2527
Women (3,443,791 observations)
w 0.0259 0.1406 0.0198 1.0000 5.0995 0.2546 0.0648 1.0000
0 -0.2304 0.0720 0.0020 0.1024 4.5700 0.1774 0.0277 0.4271
P 0.2595 0.0650 0.0013 0.0661 0.3321 0.1104 0.0103 0.1591
XB -0.0032 0.0276 0.0006 0.0280 0.1974 0.1181 0.0127 0.1955
€ 0.0000 0.1260 0.0159 0.8036 0.0000 0.1190 0.0141 0.2183
Low educated
Men (3,996,477 observations)
w 0.0151 0.1554 0.0241 1.0000 5.1837 0.2447 0.0599 1.0000

This table continues on the next page.

Note: Z in columns 4, 5, 9 and 10 denotes w, 6, 1, X3 or £ depending on the row in question.
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Table 6 — continued from previous page.

Wage growth

Wage levels

Cov(w,Z) Cov(w,Z)
Z Mean  Std. Dev. Cov(w,Z) / Var(w) Mean  Std. Dev. Cov(w,Z) / Var(w)
0 0.0051 0.0720 0.0020 0.0841 4.6726 0.1620 0.0211 0.3531
P 0.0359 0.0704 0.0019 0.0781 0.3344 0.1432 0.0175 0.2915
XB -0.0258 0.0275 0.0006 0.0267 0.1767 0.0783 0.0058 0.0976
€ 0.0000 0.1400 0.0196 0.8111 0.0000 0.1242 0.0154 0.2577

Women (1,914,928 observations)

w 0.0160 0.1376 0.0189 1.0000 5.0194 0.2277 0.0518 1.0000
0 0.0526 0.0785 0.0020 0.1063 4.7302 0.1593 0.0178 0.3429
P -0.0577 0.0738 0.0016 0.0825 0.1063 0.1420 0.0154 0.2972
XB 0.0212 0.0279 0.0005 0.0277 0.1830 0.0853 0.0064 0.1244
€ 0.0000 0.1218 0.0148 0.7836 0.0000 0.1105 0.0122 0.2355

Note: Z in columns 4, 5, 9 and 10 denotes w, 6, ¢, X or € depending on the row in question.
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Table 7: Correlation structure, full AKM model, wage growth and wage levels.

Wage growth Wage levels
w 6 P Xg 5 w 0 P XB €
Full sample
w 1.0000  0.2232 0.1313 0.1306  0.9219 1.0000  0.7619 0.3883 0.3029  0.4384
0 0.2232  1.0000 -0.4749 -0.0931  0.0000 0.7619  1.0000 0.0302  -0.0124  0.0000
P 0.1313  -0.4749 1.0000  -0.0008  0.0000 0.3883 0.0302 1.0000 0.0169 0.0000
XpB 0.1306  -0.0931  -0.0008  1.0000  0.0000 0.3029 -0.0124  0.0169 1.0000  0.0000
€ 0.9219  0.0000 0.0000 0.0000  1.0000 0.4384  0.0000 0.0000 0.0000  1.0000
High educated
Men
w 1.0000 0.1652 0.1720 0.1285 0.9106 1.0000 0.6528 0.2551 0.2290 0.4420
0 0.1652  1.0000  -0.6020 -0.1089  0.0000 0.6528  1.0000 -0.1225 -0.3182  0.0000
P 0.1720 -0.6020  1.0000 0.0198  0.0000 0.2551  -0.1225  1.0000 -0.0955  0.0000
XB 0.1285 -0.1089  0.0198 1.0000  0.0000 0.2290 -0.3182 -0.0955  1.0000  0.0000
€ 0.9106  0.0000 0.0000 0.0000  1.0000 0.4420  0.0000 0.0000 0.0000  1.0000
Women
w 1.0000  0.1523 0.1288 0.1422  0.8758 1.0000  0.7165 0.2756 0.2434  0.3837
0 0.1523 1.0000 -0.8131  -0.0229  0.0000 0.7165 1.0000 -0.1768 -0.1589  0.0000
P 0.1288 -0.8131  1.0000 0.0178  0.0000 0.2756  -0.1768  1.0000 -0.0911  0.0000
Xp 0.1422  -0.0229 0.0178 1.0000  0.0000 0.2434 -0.1589 -0.0911  1.0000  0.0000
€ 0.8758  0.0000 0.0000 0.0000  1.0000 0.3837  0.0000 0.0000 0.0000  1.0000
Medium educated
Men
w 1.0000  0.1821 0.1523 0.1379  0.9225 1.0000  0.6540 0.4249 0.3061  0.5027
0 0.1821  1.0000  -0.5467 -0.0523  0.0000 0.6540  1.0000 -0.0463 -0.0449  0.0000
P 0.1523  -0.5467  1.0000  -0.0039  0.0000 0.4249 -0.0463  1.0000 0.0048  0.0000
Xp 0.1379  -0.0523 -0.0039  1.0000  0.0000 0.3061  -0.0449  0.0048 1.0000  0.0000
€ 0.9225  0.0000 0.0000 0.0000  1.0000 0.5027  0.0000 0.0000 0.0000  1.0000
Women
w 1.0000 0.1999 0.1429 0.1428 0.8964 1.0000 0.6130 0.3668 0.4215 0.4672
0 0.1999  1.0000 -0.6275 -0.1128  0.0000 0.6130  1.0000 -0.1121  -0.0759  0.0000
P 0.1429  -0.6275  1.0000 0.0098  0.0000 0.3668 -0.1121  1.0000 0.0243  0.0000
XB 0.1428 -0.1128  0.0098 1.0000  0.0000 0.4215 -0.0759  0.0243 1.0000  0.0000
€ 0.8964  0.0000 0.0000 0.0000  1.0000 0.4672  0.0000 0.0000 0.0000  1.0000
Low educated
Men
w 1.0000 0.1816 0.1723 0.1512  0.9006 1.0000  0.5333 0.4983 0.3048  0.5077
0 0.1816  1.0000  -0.6030 -0.0478  0.0000 0.5333  1.0000 -0.1693 -0.0927  0.0000
P 0.1723  -0.6030  1.0000  -0.0077  0.0000 0.4983 -0.1693  1.0000 0.0786  0.0000

This table continues on the next page.
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Table 7 — continued from previous page.

Wage growth Wage levels

w 6 P XB 5 w 0 P XB €
XB 0.1512  -0.0478 -0.0077  1.0000  0.0000 0.3048  -0.0927  0.0786 1.0000  0.0000
€ 0.9006  0.0000 0.0000  0.0000  1.0000 0.5077  0.0000  0.0000  0.0000  1.0000
Women
w 1.0000 0.1862 0.1537 0.1366 0.8852 1.0000 0.4901 0.4764 0.3319 0.4853
0 0.1862  1.0000 -0.6717 -0.1175  0.0000 0.4901  1.0000 -0.2549 -0.1348  0.0000
P 0.1537  -0.6717  1.0000  0.0015  0.0000 0.4764 -0.2549  1.0000  0.0826  0.0000
XB 0.1366  -0.1175  0.0015 1.0000  0.0000 0.3319 -0.1348  0.0826 1.0000  0.0000
€ 0.8852  0.0000 0.0000  0.0000  1.0000 0.4853  0.0000  0.0000  0.0000  1.0000
Table 8: Results from the wage growth variance decomposition for different models.
Degree of contribution to the variance of wage growth
1 2 3) (4) (5) (6) (7)

0 - - 0.0864 0.0890 0.0872 0.0905 -

P - 0.0352 0.0415 - 0.0436 - 0.0377

Xp 0.0224 0.0292 0.0224 - - 0.0212 -

€ 0.9776 0.9356 0.8497 0.9110 0.8692 0.8883 0.9623

Components included

0 no no yes yes yes yes no

P no yes yes no yes no yes

Xp yes yes yes no no yes no

Observations 20,703,609 20,703,609 20,703,609 20,703,609 20,703,609 20,703,609 20,703,609

Workers 2,083,391 2,083,391 2,083,391 2,083,391 2,083,391 2,083,391 2,083,391

Firms 295,034 295,034 295,034 295,034 295,034 295,034 295,034

Covariates 7 7 7 0 0 7 0

Note: Covariates included are; Experience, experience squared, married, children, firm size, lagged firm size

and year dummies.

24



Table 9:

Results from the two-period wage growth variance decomposition for different models.

Degree of contribution to the variance of two-period wage growth

(1)

(2

®3)

(4) (%)

(6)

(7)

0 - - 0.1231 0.1245 0.1221 0.1327 -

P - 0.0554 0.0645 - 0.0706 - 0.0601

Xp 0.0269 0.0416 0.0317 - - 0.0297 -

€ 0.9731 0.9030 0.7807 0.8755 0.8073 0.8376 0.9399
Components included

0 no no yes yes yes yes no

P no yes yes no yes no yes

Xp yes yes yes no no yes no

Observations 19,583,137 19,583,137 19,583,137 19,583,137 19,583,137 19,583,137 19,583,137

Workers 1,865,333 1,865,333 1,865,333 1,865,333 1,865,333 1,865,333 1,865,333

Firms 276,391 276,391 276,391 276,391 276,391 276,391 276,391

Covariates 3 3 3 0 0 3 0

Note: Covariates included are; Experience, experience squared and year dummies.

Table 10: Results from the three-period wage growth variance decomposition for different models.

Degree of contribution to the variance of three-period wage growth

1 2 ®3) (4) (5) (6) (7
0 - - 0.1712 0.1742 0.1667 0.1868 -
P - 0.0698 0.0765 - 0.0879 - 0.0774
XpB 0.0397 0.0528 0.0407 - - 0.0382 -
€ 0.9603 0.8774 0.7116 0.8258 0.7454 0.7750 0.9226

Components included

0 no no yes yes yes yes no
P no yes yes no yes no yes
Xp yes yes yes no no yes no
Observations 17,680,262 17,680,262 17,680,262 17,680,262 17,680,262 17,680,262 17,680,262
Workers 1,724,736 1,724,736 1,724,736 1,724,736 1,724,736 1,724,736 1,724,736
Firms 254,920 254,920 254,920 254,920 254,920 254,920 254,920
Covariates 3 3 3 0 0 3 0

Note: Covariates included are; Experience, experience squared and year dummies.
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Figure 2: Degree of explanation given by worker effects, firm effects and covariates according to the variance decompo-

sition plotted against number of person-years observed.
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Figure 3: Degree of explanation given by worker effects, firm effects and covariates according to the variance decompo-

sition plotted against number of person-years observed.
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Figure 4: Degree of explanation given by worker effects, firm effects and covariates according to the variance decompo-

sition plotted against number of person-years observed.
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