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Abstract

This paper focuses on the measurement of earnings mobility under
special consideration of individual heterogeneity. We model transitions
between quintiles in the wage distribution by a first order Markov process.
The model is estimated using a fixed effects dynamic panel procedure
that uses a minimum of assumptions. Thus we are able to control for
the effects of observed individual heterogeneity by including time-varying
exogenous variables as well as for unobserved individual effects. The esti-
mates, derived from a large administrative panel for Austria, indicate that
controlling for individual heterogeneity reduces persistence of earnings by
at least 27%.
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1 Introduction

The inequality of income and the persistence of low income are important social
indicators. From the welfarist point of view the static picture of inequality in
income in a single point in time can only be completed by considering the
dynamics of the income distribution as well. Individual mobility in the income
distribution gives an impression of the equality of opportunities in a society and
it also informs about the income risks an individual faces by moving downwards
in the distribution.

Individual heterogeneity is an important issue when studying earnings mobility.
The persistence in individual earnings is comparable to many other economic
situations where we observe that an individual who has experienced an event in
the past is more likely to experience that event in the future than an individ-
ual who has not experienced that event. ? discusses two explanations for this
phenomenon. The first one is the presence of “true state dependence”, in the
sense that the lagged state enters the model in a structural way as an explana-
tory variable. Industry or country wide wage bargaining and firm specific wage
schemes could be reasons for true state dependence. The second explanation
is that heterogeneity makes the individuals differ in their propensity to experi-
ence the event in all time periods. This would mean that part of the observed
earnings persistence is due heterogeneity either in characteristics like sex or ed-
ucation or in unobservable characteristics like motivation or ability. Heckman
calls the latter source of serial correlation ”spurious state dependence”.

Earnings mobility is often measured at an aggregate level by calculating mo-
bility indices according to several theoretical concepts (???). The indices are
helpful for comparisons across countries or social groups. But the results often
differ according to the mobility concepts used (?). To get a better insight into
the underlying dynamics and to allow for heterogeneity among individuals it
is preferable to model individual earnings processes directly. In the literature
we find two main approaches to this end. The literature on earnings dynamics
uses continuous time series models for individual earnings development. Several
authors, among them ???, fit models to the covariance structure of earnings
and estimate a permanent and a transitory component.1 The models constrain
the nature of earnings dynamics and assume a great deal of homogeneity in
the dynamics across individuals. Recent developments increasingly allow for
heterogeneity (?) or for more complicated processes(???) to achieve a better
fit of the actual earnings distribution.

1? discuss the most prominent papers in a summary.
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Whereas the first approach models earning levels, the second strand of liter-
ature is concerned with movement between relative positions or ranks in the
distribution. Typically Markov processes are used to model transitions between
discrete earnings states. This approach explicitely models the dynamics of the
process, but the problem is the inclusion of heterogeneity into the model. In
a seminal paper ? investigates transitions into/out of low income and allows
different processes for stayers and movers. The advances of econometric tech-
nique in the estimation of discrete response panel data models make it feasible
to use more detailed models. Many authors still concentrate on transitions
between two income states like poverty and non-poverty (??). ? model transi-
tions between earnings quintiles using a copula approach to reduce the number
of parameters. All these papers use random effects estimation to account for
unobservable individual heterogeneity.

The aim of this paper is to determine the degree of true state dependence in
the measurement of earnings mobility. We model the dynamics of transitions
between wage quintiles as a first order Markov process, which is heterogeneous
among individuals. We adopt a fixed effects multinomial logit estimation pro-
cedure designed by ?, which is based on conditional likelihood maximization.2

With this approach it is possible to consider explicitly the effects of observed and
unobserved individual characteristics on the measure of wage mobility. Model-
ing quintiles gives an impression of the entire wage distribution and does not
focus on the lower part of the distribution alone. The fixed effects approach has
the advantage of leaving the distribution of the individual effects and the corre-
lation between the individual effects, the initial state, and exogenous variables
completely unspecified which may be crucial for the consistency of the estimated
parameters. A major challenge for the fixed effects approach is parameter in-
terpretation. Partial effects on the response probability or conditional mean are
not identified. Therefore the economic importance of covariates, or the amount
of state dependence are difficult to determine. We take different approaches to
learn from the estimation results as much as possible: by comparing them to a
model not controlling for individual effects, giving an upper bound for a wage
persistency measure and by simulating wage profiles.

We study wage dynamics for a large sample of Austrian employees who are
observed between 1986 and 1998. The data consist of a sample drawn from
the Austrian social security records. This data source provides most accurate

2Similar estimation procedures are used by ? in a study of transitions between labor market
states, ? analyzing household brand choices, and ? studying welfare participation and female
labor force participation.
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wage information over a long time horizon but wages are top coded at the
contribution cap.3

The analysis of Austria is interesting because in an international comparison ?

find that wage mobility is particularly low in Austria. This is probably a conse-
quence of the highly centralized wage bargaining system in Austria. Centralized
wage setting makes aggregate wages move according to the macroeconomic con-
ditions but it leaves the firms little room for individual adjustments. Hence,
the rigid wage system would imply that there is a high degree of genuine state
dependence in Austrian wages.

The remainder of the paper is organized as follows. In the next section we
present the general model and two special cases in which only observed hetero-
geneity is allowed for or individuals are assumed homogeneous. In Section 3 we
discuss the choice of the estimation method and present the estimator. Section
4 describes the data and the variables used in the model. Section 4 contains
the estimation results and Section 5 concludes.

2 A model distinguishing true state dependence and

heterogeneity

To describe transitions between categories of the wage distribution we adopt
the latent propensity framework a la ?. At each period, the latent variable y∗kit

denotes the propensity level to be in state k out of states 0, . . . , m for individual
i at time t. In our case states are non-employment k = 0 and five wage quintiles
k = 1, . . . , m with m = 5. We observe N individuals i at T + 1 points in time
t = 0, . . . , T . The propensity function is determined by

y∗kit = xitβk +
m∑

j=0

γjk1{yi(t−1) = j}+ αki + εkit (1)

where xit is a vector of observable personal characteristics, 1 is the indicator
function, yi(t−1) indicates the lagged state, yi(t−1) = j if the individual was
in state j at t − 1, αki is an unobservable individual specific effect and εkit

is an unobservable error term. The parameters of interest to be estimated
are β = (β0, . . . , βm) which give the influence of observed covariates on the
propensity of being in each state and γ the coefficient on the lagged endogenous

3This makes it complicated to model continuous wage dynamics. One way out could be a
censored dynamic panel data model by ?.

3



variable. The parameter γ is allowed to depend upon both the lagged state and
the current state, so that there are in total m2 feedback parameters and γjk

is the feedback effect when the state j at t − 1 is followed by the state k at
time t, where j, k ∈ 0, . . . ,m. In the model γ represents true state dependence
whereas αi = (α0i, . . . , αmi) represents the source of spurious state dependence.
We model individual heterogeneity depending on the state: each individual has
a specific propensity for each alternative.

The link between the latent and the observed variables is given by the device
that the observed state has maximal propensity:

yit = k if y∗kit = max
l

(y∗lit)

As a consequence, if we assume that the underlying errors εkit, are independent
across alternatives and over time conditional on (xi, αi, yi0) and identically dis-
tributed according to the Type1 extreme value distribution, the probability of
individual i of being in state k at time t, is given by

P (yit = k|yi(t−1) = j, xi, αi) =
exp(xitβk + γjk + αki)

1 +
∑m

l=1 exp(xitβl + γjl + αli)

with xi = (xi0, . . . , xit). This implies that the transition matrix of this first
order Markov process is heterogeneous between individuals.

It is worth noticing some special cases of the general model (1)

• No unobserved heterogeneity αki = αk ∀ i = 1, . . . , N

y∗kit = xitβk +
m∑

j=0

γjk1{yi(t−1) = j}+ αk + εkit (2)

This is a model where no unobserved individual heterogeneity is present
and hence it is of the form of a standard multinomial logit model. If
unobserved heterogeneity is absent, this model yields consistent and effi-
cient estimates of the transition parameters. If unobserved heterogeneity
is, however, present in this model, the lagged state variables and the error
terms εkit are not independent and the estimates are inconsistent. We use
the comparison of the general model (1) with unobserved heterogeneity
and the multinomial logit model (2) to perform a test for the presence of
unobserved heterogeneity.

• No observed or unobserved heterogeneity αki = αk and xit = 0 ∀ i =
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1, . . . , N

y∗kit =
m∑

j=0

γjk1{yi(t−1) = j}+ αk + εkit (3)

This model is the standard first order Markov process in the absence of
any heterogeneity. This model is usually applied for the calculation of
transition matrices like the one given in Table 2. Also mobility indices
based on transition matrices are usually calculated based on this model.
Again, estimates of the transition probabilities are inconsistent in pres-
ence of heterogeneity. We compare a measure of mobility for all three
models (1), (2), (3) to see whether mobility increases when we control for
heterogeneity

3 Conditional Maximum Likelihood Estimation

When specifying and estimating (1) one has the choice of whether to take a
random effects approach or a fixed effects approach. There is a trade off between
these two settings: In the random effects model, one specifies the distribution of
the individual specific effects αi. The main advantage of this approach is that
it delivers a completely specified model. As a consequence all probabilities of
interest under any “what-if” scenario can be estimated, provided that the model
remains true. One has, however, to make assumptions about the interrelation
of the distribution of αi with the time varying explanatory variables in all
periods. The usual assumption is that the time-invariant unobserved effects
are independent of the observed covariates. A violation of this assumption is a
source of inconsistency when estimating the model. In the model with lags of
the dependent variable a further problem arises with the initial condition of the
process. This requires to specify the distribution of αi conditional on (y0i, xi)
(?) or alternatively the distribution of y0i conditional on (αi, xi) (?).4

The fixed effects approach attempts to estimate the model parameters β and
γ without making any assumptions on the distribution of αi, and on the way
they depend on xi. Only in special cases it is possible to estimate nonlinear
models with fixed effects. ? present a method to identify and consistently esti-
mate panel data discrete choice models in the presence of exogenous variables,
the lagged endogenous variable, and unobserved heterogeneity. Their method
does also not require modeling of the initial conditions or of their statistical

4See ? for a discussion of these points.
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relationship with the unobserved heterogeneity. Drawbacks of this approach
are, first, that the semi-parametric nature of fixed effects models may lead to
estimates that are much less precise than the corresponding random effects es-
timates. Second, the parameter estimates by this approach do not allow one
to calculate objects such as the average effect of the explanatory variables on
the probability that yit equals a certain state, because this will depend on the
distribution of αi.5

To assess the practical relevance of the theoretical considerations some stud-
ies compare fixed and random effects approaches to estimation dynamic binary
response panel data models in empirical applications. ? evaluate alternative
approaches to differentiating state dependence from spurious correlation. ?

compare robustness of estimators across econometric methods and investigate
in Monte Carlo simulations how sensitive the methods are to model misspecifica-
tion. Both papers find that the size of estimated parameters varies considerably
across estimation methods and that ignoring the contribution of heterogeneity
to the initial sample observations leads to drastically overstated estimates of
state dependence.

In this paper we trade the convenience of a fully specified model and straight
forward parameter interpretation against the freedom from parametric restric-
tions on the unobserved heterogeneity and initial conditions and use a fixed
effects approach. We implement the extension of the ? method for the case of
multinomial discrete choice variables, which covers our model for wage mobility.
6

The individual fixed effects parameters αik in the general model (1) cannot
be estimated consistently. Unlike in linear models the problem of incidental
variables cannot be overcome by differencing. The idea applied by ? for fixed
effects logit estimation was to derive a set of conditional probabilities that do
not depend on the individual effects. ? follow up on this approach. They regard
events where the state variable y switches from say state k to state l or reverse
between two points in time, say s and t with 1 ≤ t < s ≤ T −1. Conditional on
such a switch and on the constancy of the explanatory variables in the following
periods xi(t+1) = xi(s+1), the probabilities of the events are independent of
the individual effects. As the equality assumption may be too restrictive for

5The discussion about fixed effects versus random effects estimation in dynamic discrete
choice models has been enriched by recent paper by ? who propose to estimate bounds
parameters in a random effects model in which the correlation of the individual effect and the
initial condition is unspecified.

6A further argument is that in a multinomial framework random effects specification re-
quires integration over multiple dimensions which is a major computational challenge.
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continuous explanatory variables the exact equality condition is replaced by
weighting the differences with a kernel function and giving the observations
with smallest differences the highest weights. The likelihood function for model
(1) is given in the Appendix. The semi-parametric estimator converges to the
true value at a speed slower than the standard

√
N rate. In addition, due to

the use of the weighting scheme only a smaller number of observations is used
for maximization. Therefore it is crucial that the estimation is based on a large
sample.

The method allows strictly exogenous variables x which are time varying but
with the support of xit − xis in the neighborhood of 0 for any t 6= s. For this
reason time dummies are excluded. We model age effects on wage mobility by
defining dummy variables for age groups.

For every contribution to the likelihood function the state at two different points
in time, the state in the periods before and afterwards and the values of the
independent variables at these dates are important. Therefore the method can
be interpreted as collecting similar histories of states and covariates, which
make similar contributions to the likelihood. In contrast the estimation of
the multinomial logit, model (3), corresponds to the estimation of the pooled
data, neglecting the panel structure or individual histories. This estimator
also assumes that the initial states are exogenously given, which is less of a
restriction once we assume there are no individual effects.

4 Data

In Austria the social security authority collects detailed information for all
workers, except for self-employed, civil servants and marginal workers. We use
a random sample drawn from these administrative records. The data contain
information on wages and labor market status of the individuals for every day
and cover the years 1986 to 1998.

There are major advantages of using administrative data compared to the an-
alyzes based on surveys. First, there is no outflow apart from death and mi-
gration and inflow into the sample is random. Hence sample attrition, which
is often considerable in longitudinal surveys, is not an issue in administrative
data. Second, the measurement of individual wages is highly reliable, which is
extremely important for analyzing longitudinal wage development. Finally, the
sample size is very large, which is crucial for the chosen estimation method.
The total sample contains daily information on about 73,000 persons, who have
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been in the labor force at least for one day between 1986 and 1998.

As the data are collected for social security reasons there are several short-
comings for empirical analysis. Earnings data are top censored because of the
contribution assessment ceiling in the social security system. The sample we
use for the analysis contains at most 15% censored wage observation per year.
We avoid problems with top censoring by analyzing wage quintiles.Further, the
number of observable worker characteristics is rather scarce. Especially, we have
no information on schooling and working time. In our analysis wage mobility
is examined in terms of monthly earnings. The lack of information on working
time is important mainly for women, as part-time work is quite unusual for men
in Austria.7

As a measure for income we use the gross monthly wage on May 31st of each
year. Wages are categorized according to the quintiles of the yearly wage distri-
bution. Individuals with zero wage income on May 31st fall into the category
non-employed.

We exclude all individuals from the sample who have zero earnings throughout
the whole period and who are younger than 16 in 1998 and older than 64 in 1986.
We are only interested in analyzing movements within the wage distribution.
Transitions from education into the labor force or transitions to retirement
should therefore be not considered.8 The reductions leave an unbalanced panel
of 43,078 (18,422 female) workers.

To control for macro economic effects we include the unemployment rate at
a regional level as an explanatory variable in the model.We use the average
unemployment rate during the second quarter of each year for 120 political
districts.9 The choice of the other explanatory variables is motivated by the
results in ?. Young individuals and individuals who changed their employer
were found to be the most mobile, whereas other population groups displayed
only minor differences in wage mobility. Hence we are interested to study the
effects of age (especially young age) and employer changes on wage mobility.
We include age effects in the model by defining dummy variables for 3 five-year
age groups between the ages of 20 and 35. The effects of employer changes
are measured by aggregating the number of different employers over the years.

7The share of part-time work 1990 was 20% for women and 1.5% for men; it was rising
during the 1990’s.

8For any individual over the age of 55 we define a series of observations in state non-
employment which reaches the end year 1998 as retirement. Analogously for an individual
under the age 27 we define a series of non-employment observations which starts in the first
year (1986) as education. Those observations are excluded from the estimation.

9We thank Alfred Stigelbauer for providing the unemployment rates.
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There may be problems with the assumption of strict exogeneity of the num-
ber of employers in the dynamic model, however. An unsatisfactory income
situation might induce the individual to look for a better job and change the
employer. This means there could be feedback effects from the lagged depen-
dent variable on the number of employers. ? and ? estimate models allowing
for feedback effects using a random effects specification. No such alternative is
available for the fixed effects model. We alternatively estimate a specification
omitting the number of employers variable. The main results do not change, so
we leave the variable in the model for the results presented here.

A list of descriptive statistics is given in Table 1. We notice that the distribution
among wage quintiles is different for men and women. Men are rather to be
found in the upper part of the wage distribution. In the top quintile we find
24% of all male observations but only 7% females. The picture is reversed
at the bottom, where women are dominant. This could also be an effect of
the inclusion of part-time working women in the sample. A matrix of yearly
transitions between wage categories is given in Table 2. Persistence seems to
be highest in the top quintile for both sexes. Men, however, move out of the
bottom wage quintiles more quickly than women.

5 Results

In this section we contrast the estimation results from the model controlling
for unobserved heterogeneity (1) with the multinomial logit model (2) to see
whether there is spurious state dependence. For the apparent differences be-
tween the sexes we conduct all estimations separately for men and women and
compare the results. Further we analyze the influence of the explanatory vari-
ables on wage mobility.

The fixed effects estimation does not allow to estimate marginal effects and to
quantify the effects. We can only interprete the signs of the estimated param-
eters and compare the relative magnitudes of parameters between the models.
One way of measuring wage mobility would be to look at persistence, e.g. the
probability to stay in the current state. We investigate how the degree of per-
sistence changes from a model not controlling for any heterogeneity (3) to the
model controlling for observed heterogeneity only (2), and in the model control-
ling for both observed and unobserved heterogeneity (1). In the latter model we
cannot give an exact measure of persistence but we calculate an upper bound.
In this way we are able to quantify the effect of spurious state dependence
relative to genuine state dependence on wage mobility.
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Another possibility to compare the relative importance of the effects and the
differences between women and men is by simulating wage profiles. This is what
we do in the last part of this section.

5.1 Estimated parameters

Estimation results of the model controlling for unobserved heterogeneity (1)
are given for women and men in Tables 3 and 4. Results from estimation of
the multinomial logit model (2) with no unobserved heterogeneity are given
in Tables 5 and 6. In each model we choose non-employment as the reference
state.

First, let us compare the feedback parameters γ in models (1) and (2). The
elements on the diagonal as well as on the upper and lower diagonal are larger
in model (2) not controlling for unobserved heterogeneity for both, men and
women. On the other hand, the elements in the corners of the matrix are higher
in this model whenever they are significantly different from zero. Thus, indeed,
mobility is underestimated if we do not take spurious state dependence into
account.

A formal test for the hypothesis that there is no unobserved heterogeneity
can be constructed as a Hausman test. Tables 5 and 6 present consistent and
efficient estimates under the null hypothesis and estimates in Tables 3 and 4 are
consistent under the null and the alternative. The null hypothesis is strongly
rejected. The test statistic is equal to 56,099 for female results (61,900 for male
results) and is under the null hypothesis distributed as χ2(45).

After thus rejecting the multinomial model (2) we go on to discuss the difference
between women and men in model (1), looking at Tables 3 and 4. In both cases
the γ parameters take on higher values above the diagonal, than below. This
would imply a tendency to move upwards in the wage distribution. Women
have higher probability to move to any position in the wage distribution than
to move to non-employment if they are currently in the lower quintiles. This
can be seen from the coefficients in the first two rows of the γ matrix, which
are higher for women than for men. Women starting in the upper quintiles,
however, have a lower probability to stay in paid employment than men.

Next, we turn to the effects of the covariates on wage mobility. As expected
higher regional unemployment rate has a negative effect on the probability to
move to any quintile relative to moving to non-employment. For men these
effects are increasing with wage quintiles, with the more negative effects in the
upper quintiles. For women, the unemployment only plays a significant role
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in the first and second quintiles. An employer change raises the probability of
moving to each wage quintile as compared to moving to non-employment. Again
the effects are different for men and women. For women the effect of employer
change seems to be stable across quintiles, which would mean that changing
the employer does not contribute to upward movement in the distribution. For
men, the coefficient estimates are increasing and changing the employer helps
them to move to higher income states. (Note, problems with strict exogeneity
of this variable.)

We also estimate the effects of three age groups (< 25 years, 25 to 29 years and
30 to 34 years) as we assume that higher aged individuals show less mobility
than young ones. Indeed the parameter estimates are highest for the youngest
group, who are most likely to move to any quintile compared to moving to non-
employment both for men and for women. For all age groups it is most likely
to move to the bottom wage quintile, but the differences among parameters for
the different quintiles are highest for the youngest individuals.

5.2 Persistence measures

The aim is to define a measure of persistency and compare the measure for three
models: the model with no heterogeneity (3), the model with only observed
heterogeneity (2) and the model with observed and unobserved heterogeneity
(1). The measure of persistency will be reduced when we control for all sources
of individual heterogeneity. In the third model it should only measure the
degree of genuine state dependence.

We define a measure of persistence by the sum of average probabilities of staying
in each state

M(x, α) =
1
n

n∑

i=1

5∑

k=0

P (yit = k|yi,t−1 = k, xi, αi)

In in model (3), the probabilities are constant for all individuals and F is simply
given by the sum of the diagonal elements in the transition matrix (Table 2). In
model (2), estimated by the pooled multinomial logit, we average the predicted
probabilities for staying in each state over all individuals

In model (1) things are more complicated. As we do not have consistent esti-
mates for the αi we cannot calculate predicted probabilities. We can, however,
give an upper bound for the persistence measure F by selecting α such that for
every individual the persistence for the predicted probabilities from the fixed
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effects logit model is maximized.

M(x, α∗) = max
α

1
n

n∑

i=1

5∑

k=0

P (yit = k|yi,t−1 = k, xi, αi)

The maximum value of the objective function is independent of x so it is suffi-
cient to find α∗ for a single value of x. We need not perform the maximization
for all possible combinations of x values. Further, the objective function is
not strictly concave. It is not possible to give an analytical expression for the
maximum. We found the maximum value by numerical methods.

Table 7 gives the persistence measures for women and men in all three models.
We see that only controlling for observed heterogeneity does not reduce the
measure a lot. This may be, because we only have a limited number of personal
characteristics available. The upper bound of the persistence measure of model
(1), however is considerably smaller. Controlling for unobserved heterogeneity
at least reduces persistence by 27% for women (28% for men). For compar-
ison, in the random effects model ? find that heterogeneity explains about
50% to 70% of the overall persistence in welfare and labor force participation,
respectively.

5.3 Simulations

The interpretation of the transition parameters in the multinomial model is
complicated by the large number of parameters and the conditioning on ref-
erence state and the unobserved fixed effects. Also as discussed before the
magnitude of the single effects cannot be quantified. Here we use a simulation
approach: we design artificial individuals with special unobserved and observed
characteristics and plot their simulated earnings profiles. This will enable us to
see whether the interpretations we gave above to the parameter estimates show
up in earnings profiles and which are the more important and less important
effects.

We begin with choosing the unobserved propensity of being in each quintile
with respect to non-employment α = (α1, . . . , α5). We consider one individual
with high propensity to move up in the wage distribution (where α1 is small
compared to α5), one with high propensity for the lower part of the distribution
(where α1 is large compared to α5) and one who is indifferent between the wage
quintiles (α1 = . . . = α1).10 For these individuals we choose 3 different starting

10The constant term estimates in the multinomial logit model give an approximation for
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ages (20 years, 30 years and over 35 years) and employer careers (the same
employer over the total period employer changes every two years). For each
individual female and male profiles are contrasted. The unemployment rate is
assumed constant for all cases.

We generate earnings profiles by calculating the probability distribution over
states in each year and choosing the state nearest to the expected value as
the state of the current year. In period T = 0 all individuals start at quintile
1, to display a maximum of movements in the profiles. This process is run
iteratively over 15 years and the resulting earnings profiles are displayed graph-
ically in Figures 1 to 3. We use the mean from the unconditional distribution
(the equilibrium distribution of the Markov process) as a benchmark state. If
the individual starts her earnings career at the bottom of the distribution the
persistence parameters will determine if or how fast she is able to reach the
unconditional mean state over time.11

It should be stressed that this method cannot give evidence for the development
of earnings for some representative individual in the sample, as the values for
α are taken ad hoc. The only use of the graphical results is in simplifying the
interpretation of the estimated parameters.

Figure 1 shows earnings profiles for an individual with low propensity of moving
to the upper wage quintile, α is set to −(1, 1.5, 2, 2.5, 3). The pictures on the
left show women with different ages in the starting year. Male equivalents are
shown on the right hand side. An individual never changing their employer of
either sex and age group remains in the first quintile for the whole period. I
takes them longer than 15 years to reach their mean income state (quintile 2).
The man’s upward movement can however be achieved by employer change.12

For those men we also observe an age effect: older men moving sooner.

Next, Figure 2 with individuals indifferent between quintiles in the wage dis-
tribution (α = −(1, 1, 1, 1, 1)) shows more mobility already. The unconditional
mean positions shift to wage quintiles three to five. Men move quicker and
farther in the wage distribution. The youngest man reaches the unconditional

the magnitude of the chosen α values.
11For a first order Markov process the equilibrium or unconditional probability distribution

can be calculated from the matrix of transition probabilities. It is given by the eigenvector to
the eigenvalue one, normalized to the length of one. The equilibrium probability distribution
then determines the unconditional mean state for every individual. If we let the individual
start at the mean state and do not change its observed characteristics the individual will
remain in this state forever.

12Employer changes every two years are a very dynamic scenario. The average number of
employer changes per individual over twelve years is two in the sample, only one per cent of
individuals changes their employer more than five times.

13



mean after seven years. Again men profit a lot from employer changes.

The most fortunate individuals are shown in Figure 3, with α = −(3, 2.5, 2, 1.5, 1).
We now observe everyone to move out of the bottom wage quintile after one
year and most of them reach their mean state within a few periods. Men move
faster and further even without employer changes.

Overall the simulations confirm the interpretation of a tendency towards upward
movements in the wage distribution. Only men are supported by employer
changes. Older individuals move higher in the distribution. Men are more
mobile than women.

6 Conclusion

This study has investigated wage mobility in terms of transitions between quin-
tiles of the wage distribution. We have modeled individual transitions as a first
order Markov process with heterogeneous individuals. In the model we con-
trolled for macroeconomic influences via the regional unemployment rate, age
effects, and the effects of employer changes. In addition, we allowed for un-
observed individual effects to capture spurious state dependence. The chosen
estimation method is a dynamic multinomial logit framework with fixed effects
based on conditional likelihood maximization (?). With this method we can
consistently estimate the model parameters although we leave the distribution
of the individual effects as well as the correlation between the individual effects,
the initial state, and exogenous variables completely unspecified. For the em-
pirical analysis we have used data from Austrian administrative sources, which
have the advantage of providing highly accurate wage information for a large
number of individuals over a long time period.

The results confirm that it is important to control for spurious state dependence.
A model controlling only for observed heterogeneity is strongly rejected against
the more general specification. Thus, wage mobility is underestimated if we do
not take spurious state dependence into account. In the case of the Austrian
economy with a very rigid wage setting system ? found that wage mobility
is extremely low in international comparison. Our results show that about
70% of the aggregate persistence in wages are due to true state dependence.
Hence the centralized wage bargaining scheme seems to contribute to wage
persistence to a large amount. On the other hand, a share of at least 30% in
the persistence stems from individual heterogeneity. This means that individual
effects certainly should not be neglected when measuring wage mobility.
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The examination of simulated wage profiles shows that women are less mobile
than men. This is especially disturbing as women tend to remain in the lower
part of the wage distribution. Our results give the impression that, even condi-
tional on individual heterogeneity, there exist huge barriers for women to move
out of the lower part of the wage distribution.

There are several ways in which the research issues in this paper can be ex-
tended. There are arguments that the large effects of unobserved heterogeneity
on transition parameters may be due to heterogeneity of transitions themselves
between individuals. Meaning that the dynamics of the Markov process are
higher than one. To the best of our knowledge for the multinomial model there
exist neither Monte Carlo simulations for the convergence properties of the es-
timation method, sensitivity of the method to model misspecification and com-
parison of alternative estimation methodologies (fixed effects, random effects).
This would of course complement our investigation of wage mobility.
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Appendix: Likelihood function for the dynamic multi-

nomial logit model with fixed effects

Define the binary variable yhit = 1 if the individual i is in state h ∈ {0, 1, . . . , m}
in period t and zero otherwise. The estimation of model (1) with person specific
individual characteristics xit and fixed individual effects αki can be based on
the maximization of the following likelihood function:

L =
N∑

i=1

∑

1≤t<s≤T−1

∑

k 6=l

1{ykit + ykis = 1}1{ylit + ylis = 1} (4)

K

(
xi(t+1) − xi(s+1)

σn

)
ln

exp(D1)
1 + exp(D1)

1{s− t = 1}

+
N∑

i=1

∑

1≤t<s≤T−1

∑

k 6=l

1{ykit + ykis = 1}1{ylit + ylis = 1}

K

(
xi(t+1) − xi(s+1)

σn

)
ln

exp(D2)
1 + exp(D2)

1{s− t > 1}

with

D1 = (xit − xis)(βk − βl) + γyi(t−1),k + γkl + γl,yi(s+1)
(5)

− γyi(t−1),l − γlk − γk,yi(s+1)

D2 = (xit − xis)(βk − βl) + γyi(t−1),k + γk,yi(t+1)
+ γyi(s−1),l (6)

+ γl,yi(s+1)
− γyi(t−1),l − γl,yi(t+1)

− γyi(s−1),k − γk,yi(s+1)

In the objective function K(.) is a kernel and σn is a bandwidth which ap-
proaches 0 as the number of observations increase to ∞. The model identifica-
tion of β and γ is based on sequences of states where the individual switches
between alternatives at least once during the periods 1 to T −1. However, only
(m2 − (2m − 1)) feedback parameters are identified. We impose the following
identification restrictions:

β0 = 0 (7)

γ0 = (γ00, . . . , γm0) = 0

γ0k = 0 ∀ k = 1, . . . , m
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αi0 = 0 ∀ i = 1, . . . , N

which means that all parameters with respect to the reference state k = 0 are
equal to zero. In the empirical analysis we choose non-employment as reference
group, as transitions from and to this state are different from transitions be-
tween wage quintiles. The method requires at least four periods of observations
since there must be some variability between the dates 1 and T − 1. Stable his-
tories, where the same state is occupied between 1 and T − 1 do not contribute
to the likelihood.

The estimator defined by maximizing the likelihood function depends on a band-
width and a kernel to be chosen. The choice of the kernel is usually less critical
than the choice of the bandwidth in applications of semi- and nonparametric
methods. We choose the Epanichnikov kernel given by

K(u) = max{0, 1− u2}

K(.) has a bounded support which implies that many terms in the objective
function are 0. We will experiment with different values of the bandwidth, since
the choice of the bandwidth is more important than the choice of the kernel.
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Table 1: Descriptive Statistics

Women Men
Mean Std. Dev. Mean Std. Dev.

No income 0.241 0.160
Quintile 1 0.293 0.055
Quintile 2 0.184 0.138
Quintile 3 0.119 0.195
Quintile 4 0.097 0.214
Quintile 5 0.067 0.237

Observations 199,932 273,323

Number of employers 1.93 1.23 2.15 1.47
Age (years) 31.91 12.74 32.89 12.62
Age < 25 0.34 0.47 0.30 0.46
Age 25 to 29 0.13 0.33 0.15 0.36
Age 30 to 34 0.12 0.33 0.12 0.32

Mean unemployment rates
1987 5.52 1.91 5.60 1.95
1998 4.24 1.77 4.45 1.69

Individuals 20,897 27,826

NOTE: Age of individual in 1987
Cumulative number of employers in 1998
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Table 2: Estimated transition probabilities, yearly transitions 1986-1998, no
heterogeneity

Women

Destination state No income Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5

Origin state

No income 0.760 0.156 0.047 0.020 0.012 0.005
Quintile 1 0.108 0.796 0.080 0.011 0.005 0.001
Quintile 2 0.081 0.068 0.741 0.100 0.008 0.001
Quintile 3 0.064 0.012 0.078 0.728 0.114 0.003
Quintile 4 0.056 0.005 0.008 0.064 0.790 0.076
Quintile 5 0.044 0.002 0.001 0.004 0.048 0.899

Men

Destination State No Income Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5

Origin state

No income 0.728 0.068 0.088 0.057 0.036 0.023
Quintile 1 0.176 0.610 0.155 0.038 0.015 0.006
Quintile 2 0.096 0.039 0.662 0.177 0.023 0.003
Quintile 3 0.053 0.008 0.086 0.704 0.145 0.005
Quintile 4 0.036 0.003 0.010 0.091 0.767 0.093
Quintile 5 0.025 0.002 0.002 0.004 0.055 0.913

NOTE: number of observations 199,932 females; 273,323 males. number of individuals
20,897 females; 27,826 males

21



Table 3: Estimated parameters from transition model with observed and unob-
served heterogeneity, Women, yearly transitions 1986-1998

Destination State Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5

Origin state

Quintile 1 3.264 2.73 1.925 1.625 0.998
(0.085) (0.106) (0.181) (0.293) (0.574)

Quintile 2 1.8 3.892 3.369 2.323 1.915
(0.103) (0.112) (0.141) (0.248) (0.574)

Quintile 3 0.392 2.219 4.051 3.545 2.26
(0.204) (0.133) (0.150) (0.192) (0.371)

Quintile 4 -0.681 0.552 2.582 4.51 3.593
(0.346) (0.250) (0.169) (0.200) (0.266)

Quintile 5 0.065 -0.825 0.358 2.623 4.454
(0.642) (0.723) (0.519) (0.258) (0.305)

Regional unemployment rate -0.084 -0.115 -0.053 -0.088 -0.072
(0.033) (0.035) (0.050) (0.061) (0.085)

Number of employers 3.291 3.322 3.277 3.134 3.32
(0.120) (0.132) (0.174) (0.211) (0.299)

Age < 25 2.018 1.77 1.206 -0.124 0.203
(0.374) (0.455) (0.529) (0.644) (1.069)

Age 25 to 29 0.551 0.301 0.074 -0.522 -1.212
(0.286) (0.372) (0.439) (0.490) (0.777)

Age 30 to 34 0.196 -0.278 -0.191 -0.694 -1.143
(0.209) (0.265) (0.319) (0.372) (0.488)

number of cases 41890
number of individuals 16841
mean log Likelihood -0.174

NOTE: fixed effects logit model estimated with conditional ML, Epanichnikov Kernel
with bandwidth 0.4, standard errors are in parentheses.

22



Table 4: Estimated parameters from transition model with unobserved hetero-
geneity, Men, yearly transitions 1986-1998

Destination State Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5

Origin state

Quintile 1 2.808 1.855 1.264 0.172 0.015
(0.123) (0.123) (0.180) (0.304) (0.523)

Quintile 2 1.398 2.921 2.77 1.688 0.946
(0.127) (0.097) (0.105) (0.161) (0.415)

Quintile 3 1.109 2.055 3.698 3.325 1.87
(0.190) (0.106) (0.112) (0.125) (0.261)

Quintile 4 0.744 1.141 2.94 4.392 4.139
(0.345) (0.165) (0.124) (0.135) (0.184)

Quintile 5 0.503 0.693 1.767 3.233 5.079
(0.458) (0.493) (0.235) (0.168) (0.209)

Regional unemployment rate -0.079 -0.107 -0.122 -0.164 -0.123
(0.040) (0.036) (0.035) (0.038) (0.048)

Number of employers 2.736 3.231 3.272 3.365 3.601
(0.138) (0.118) (0.123) (0.133) (0.162)

Age < 25 2.471 1.757 1.144 1.054 0.101
(0.516) (0.442) (0.441) (0.483) (0.604)

Age 25 to 29 0.25 0.407 0.386 0.496 -0.035
(0.390) (0.344) (0.337) (0.365) (0.434)

Age 30 to 34 0.111 0.263 0.3 0.498 0.331
(0.282) (0.250) (0.245) (0.266) (0.306)

number of cases 47175
number of individuals 21429
mean log Likelihood -0.240

NOTE: fixed effects logit model estimated with conditional ML, Epanichnikov Kernel
with bandwidth 0.4, standard errors are in parentheses.
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Table 5: Estimated parameters from pooled transition model (only observed
heterogeneity), Women, yearly transitions 1986-1998

Destination State Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5

Origin state

Quintile 1 3.590 2.436 1.298 0.966 0.238
(0.019) (0.030) (0.053) (0.074) (0.149)

Quintile 2 1.409 4.956 3.803 1.749 0.887
(0.030) (0.029) (0.042) (0.074) (0.154)

Quintile 3 -0.110 2.942 6.043 4.677 1.971
(0.066) (0.041) (0.043) (0.053) (0.131)

Quintile 4 -0.854 0.780 3.729 6.720 5.137
(0.105) (0.089) (0.054) (0.053) (0.075)

Quintile 5 -1.475 -0.864 1.151 4.138 7.762
(0.182) (0.247) (0.150) (0.073) (0.077)

Regional unemployment rate -0.025 -0.065 -0.081 -0.100 -0.082
(0.004) (0.004) (0.005) (0.007) (0.010)

Number of employers 0.235 0.282 0.227 0.233 0.211
(0.009) (0.011) (0.013) (0.016) (0.023)

Age < 25 -0.807 -0.277 0.019 -0.051 -1.249
(0.026) (0.030) (0.038) (0.056) (0.163)

Age 25 to 29 -0.804 -0.602 -0.335 -0.256 -0.581
(0.024) (0.028) (0.033) (0.040) (0.069)

Age 30 to 34 -0.431 -0.486 -0.333 -0.286 -0.449
(0.023) (0.028) (0.034) (0.040) (0.058)

Constant -1.508 -2.626 -3.413 -3.825 -4.539
(0.028) (0.037) (0.049) (0.061) (0.089)

number of cases 199,932
number of individuals 20,897
mean log Likelihood -0.541

NOTE: multinomial logit estimation, T=12, the reference state is non-employment,
standard errors are in parentheses.
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Table 6: Estimated parameters from pooled transition model (only observed
heterogeneity), Men, yearly transitions 1986-1998

Destination State Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5

Origin state

Quintile 1 3.641 1.950 0.991 0.514 0.171
(0.030) (0.033) (0.049) (0.072) (0.106)

Quintile 2 1.479 4.008 3.143 1.568 0.045
(0.036) (0.025) (0.030) (0.045) (0.098)

Quintile 3 0.462 2.600 5.143 4.016 1.148
(0.056) (0.030) (0.029) (0.034) (0.071)

Quintile 4 -0.180 0.898 3.505 6.094 4.414
(0.083) (0.050) (0.034) (0.035) (0.042)

Quintile 5 -0.481 -0.613 0.681 3.825 7.037
(0.107) (0.104) (0.072) (0.041) (0.042)

Regional unemployment rate 0.001 -0.005 -0.020 -0.040 -0.087
(0.005) (0.004) (0.004) (0.004) (0.005)

Number of employers 0.217 0.205 0.138 0.084 -0.003
(0.010) (0.008) (0.008) (0.009) (0.011)

Age < 25 -0.468 0.081 0.023 0.049 -0.400
(0.037) (0.029) (0.030) (0.037) (0.067)

Age 25 to 29 -0.206 0.116 0.101 0.243 0.199
(0.033) (0.025) (0.024) (0.027) (0.036)

Age 30 to 34 -0.176 -0.019 -0.048 0.036 0.049
(0.031) (0.024) (0.024) (0.025) (0.031)

Constant -2.651 -2.463 -2.685 -2.981 -2.998
(0.040) (0.033) (0.034) (0.039) (0.048)

number of cases 273,323
number of individuals 27,826
mean log Likelihood -0.523

NOTE: multinomial logit estimation ,T=12, the reference state is non-employment,
standard errors are in parentheses.
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Table 7: Persistency measures according to different models

Model Women Men

A: no heterogeneity 4.767 4.451
B: observed heterogeneity 4.672 4.376
C: observed and unobserved heterogeneity 3.488 3.212

NOTE: Persistency is measured by the trace of the transition matrix
resulting from the esitmation of each model.
For the model with oberved and unobserved heterogeneity an upper
bound persistency measure is used.
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