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Abstract

We analyze the effect of land reform legislation on labor market dy-
namics in the Romanian economy. We show that the agricultural sector,
a source of precarious employment, has become an absorbing state for
certain categories of workers who lost their jobs in the non-agricultural
sector. A random utility model is used to represent individuals’ sequen-
tial labor market decisions. The resulting multivariate probit model is
estimated using Markov chain Monte Carlo methods.
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1 Introduction

Land reform has been an important component of the reform packages im-
plemented by transition governments in Central and East European countries.
Swinnen (1999), Jackson (1997), Brooks and Meurs (1994) analyze from a po-
litical economy perspective the motivations of land reforms, their timing, the
choice of alternative land reform procedures, and the effects of the resulting own-
ership pattern on production efficiency. Land reforms played a crucial role in the
process of economic adjustment and had an important effect output, earnings,
and labor market dynamics. Yet, to our knowledge, no study has gone beyond
the analysis of aggregate economic measures like agricultural employment and
output.

This paper studies the effect of land reform legislation on the labor force
dynamics in the Romanian economy. It has often been argued that the pri-
vate agricultural sector is playing an important buffer role with respect to the
overall economic restructuring process. Agriculture has provided a source of
basic sustenance and employment for those losing jobs in the industrial sector
(OECD, 1998). We find that land restitution has created a segmented labor
market in rural areas, agriculture being, at best, a source of precarious em-
ployment. Agriculture offers low income levels, no returns to education and no
opportunities for investment in human capital. The access to social insurance
programs is more difficult. A significant proportion of individuals working in
the agricultural sector are underemployed and seek jobs in the non-agricultural
sector. The analysis of labor force dynamics shows that agriculture has become
an absorbing state for certain categories of workers rendered redundant by the
restructuring of industrial sector.

The econometric approach is novel in several respects. Like Hyslop (1999),
we use a multivariate probit model with a general correlation structure to repre-
sent individual employment decisions over time. The main difference is that the
state space is three-dimensional. Every time period, individuals choose among
three alternatives: employed in the non-agricultural sector, employed in the
agricultural sector, and not employed. We allow a general correlation struc-
ture both across contemporaneous decisions and across time. The time-variant
coefficients of the personal characteristics serve a double purpose. They allow
identification of the effects of constant personal characteristics and provide a
more accurate description of the out-of-equilibrium process of labor market ad-
justment. The multivariate probit model is estimated using an extension of
the Markov chain Monte Carlo algorithm introduced by Chib and Greenberg
(1998). This method allows a high degree of flexibility in model specification
and avoids the convergence problems that hamper the maximum likelihood es-
timation at computational costs comparable to simulated maximum likelihood.
The extension accounts for the truncation implicitly introduced by mutually ex-
clusive contemporaneous decisions over the three dimensional state space. The
model is estimated using information from the Romanian Labor Force Survey.
The three-period panel data set was collected immediately following the im-
plementation of land reform legislation and contains information on individual



labor force status and personal characteristics.

The remainder of the paper is organized as follows. The next section contains
background on the restructuring process and a description of the Romanian
land reform. In section 3, we present the data and discuss the characteristics
of agricultural employment. The empirical specification and the estimation
procedure are presented in section 4, followed by the results and the concluding
remarks.

2 Background

Four important components of the restructuring process affected the labor mar-
kets in the period to which this study refers:

1. Privatization of the state sector.

2. Restructuring of the remaining state owned enterprises aimed at increas-
ing their productivity.

3. Creation of a new private sector.

4. The emergence of the private agricultural sector following land reform
legislation.

Compared to the more advanced transition economies, in Romania, the re-
structuring process took place at a slow pace in the early 1990s. In spite of the
slow pace at which they proceeded, the privatization and restructuring of the
state sector, and the emergence of the new private sector had a strong effect
on the labor market. In non-agricultural sectors, approximately 1,241,000 jobs
(approx. 25 percent of the total) were lost between 1992 and 1996 most of them
in large firms in manufacturing sectors, transportation, extraction of crude oil
and construction. In the same period only slightly more than 700,000 new jobs
were created mainly in small firms. The sectors the fared best in job creation
were manufacturing of wood products, trade, utilities, services. This pattern of
job creation and destruction indicates the presence an intense process of inter-
sectoral reallocation of labor. Earle (1997) provides a detailed study of labor
reallocation among industrial sectors.

The net effect of the process was the reduction of the number of jobs by more
than 10 percent between 1992 and 1996. Yet, in the same period both the labor
force participation and the unemployment rate remained remarkably stable.
The participation rate hovered around 73 percent and registered unemployment,
after reaching 11 percent in 1994, fell to about 7 percent in 1996. This somehow
puzzling situation is due the sharp increase in employment in agricultural sector.

Land reform legislation started being implemented in January 1990. A com-
prehensive land law was passed in 1991. In choosing a land reform procedure,
the first transition government had to balance historical justice and social eq-
uity, and simultaneously build a strong political basis for future elections. The
chosen method - a combination of restitution and distribution - fully reflects the
trade-off among the above three elements. The land was to be restituted to for-
mer owners up to a maximum 10 hectares. Year 1947 was chosen as reference for
establishing ownership status. The remaining land was to be distributed among



poor collective farm workers. Non-land assets, which included most of the cap-
ital necessary in production, were privatized using vouchers. Farm employees
were compensated for the restitution of land to former owners by receiving 60
percent of non-land assets proportional to the number of years worked in the
collective farms. The law also set restrictions on land use and sale and provided
for a tax holiday of five years. Swinnen (1999) provides a cross-country com-
parative analysis of the determinants of land reform procedures from a political
economy prospective.

Land reform has created a large class of rural land owners, but private farm-
ing has become little more than a subsistence activity. Prior to collectivization,
land ownership was fragmented and production was little mechanized. Collec-
tivization allowed land consolidation and introduction of large scale mechanized
production. In time, labor has relocated in the industrial sector. Land restitu-
tion has recreated the fragmented ownership pattern. The inherited capital lost
its efficiency, as it was not appropriate for small scale operations. Furthermore,
faulty implementation led to long delays in ownership title distribution. As
a result, an undeveloped market has prevented land consolidation. Moreover,
land could not be used as collateral to obtain loans for buying new capital.

3 The dynamics and nature of the private agri-
cultural sector

We use data on individual labor market histories from the Romanian Labor
Force Survey, conducted in March 1994 and March 1995. The questionnaire
was administered on a representative sample of Romanian households, selected
on the basis the population census conducted in January 1992. This survey
contains standard labor force participation and unemployment questions about
the current status of the respondent. For the purpose of analyzing labor mar-
ket transitions, it also has two important features. First, the survey contains
retrospective questions about the labor market activity of the respondent the
year prior to the survey. Thus, we are able to use the 1993 labor market status
of the participants in the 1994 survey. The other feature is that nearly all of
the respondents in 1994 were re-interviewed in the 1995 survey. With some
effort, it is possible to match unambiguously nearly all the cases. Thus, we were
able to construct a three-period panel with 22835 observations, including the
retrospective information on labor market activity in 1993.

Among the variables in the data set, education deserves special attention.
Educational levels as described in the survey differ not only in terms of years of
schooling necessary to attain a certain level but also in terms of industry spe-
cific, firm specifics, and managerial skills. The level of education is described
by the following seven categories: primary school, gymnasium, vocational, high
school, foreman, post-high-school training (in presenting the results, I refer to
this category as HIPLUS), and university. In the Romanian educational system
primary school represents the first four years of education. The gymnasium



consists of the next four years. After completing the first eight years, a gymna-
sium graduate may choose either to go to high school or vocational school. The
vocational schools are usually run by big industrial firms or co-op associations
and provide students with a high level of specific skills. The degree of specificity
varies from firm-specific to branch- or sector-specific. Usually, it takes two years
to complete vocational school, and at graduation such students are offered a job
by the firm that runs the school. Unlike vocational schools, highschool provides
students only with general skills. After completing the high school, one may
choose either to go to a university or to enter the labor market. There are
also two other forms of formal training distinguished in this survey. The post-
high school training can be pursued by the high school graduates and provides
students with branch specific skills. Foreman schools provide both technical
(branch specific) and managerial training. Firms enroll their employees in the
foreman schools and pay all the expenses.

Elsewhere (Voicu, 2001), we show that the private agricultural sector plays
no role for urban residents. Therefore, in this paper we will confine our atten-
tion to the subsample of rural residents. We define three labor market states:
employed in the non-agricultural sector, employed in the private agricultural
sector, and not employed. The last category includes both individuals classified
as unemployed using ILO definition and non-participants. Table 1 presents the
composition of the entire sample by rural/urban residence. On average, rural
residents have lower education, a lower percentage of individuals with specific
skills. The percentage of women is lower in rural areas and, for both genders,
rural residents are older. Most importantly, the private agricultural sector plays
no role for rural residents. Only 1-2 percent of urban residents work in private
farming as opposed to more than one third of the rural residents.

The sharp increase in the size of the agricultural sector (35 percent between
1993 and 1995, table 1) motivates this study. This major inflow had two sources.
Individuals that were not employed and, upon receiving land, started reporting
normal number of hours in the agricultural sector account for two thirds of
the gross inflows. One third is made up by workers who lost their jobs in
the industrial sector (tables 2.a - 2.c.). The measure of mobility for transition
matrices (Shorrocks, 1978, and Boeri, Flinn, 1999) ranges between 0.25 and 0.36
for year to year transitions. These estimates are larger than similar measures
calculated for both transition and developed economies and signal an intense
labor reallocation process.

In this paper we argue that the land reform legislation and the restructuring
of the industrial sector has created a dual labor market in rural areas. Private
farming has become a subsistence activity for workers who lost their jobs in
the industrial sector. Many of this sector’s characterisitics qualify it as the sec-
ondary (informal sector). The private agricultural sector is different from the
non-agricultural sector in many respects: the gender, age, and education com-
position, job status, access to social insurance and unemployment insurance
programs. The definition of this sector does not exclude the possibility that a
person working in private farming is registered unemployed and receives unem-
ployment benefits. Roughly half of registered unemployed in rural areas work



in the agricultural sector representing 10 percent of total employment in this
sector (tables 3.b, 3.c). An important proportion of the registered unemployed
receive unemployment benefits.

The composition of private agricultural sector is in stark contrast with that
of the non-agricultural sector. Women account for 53 percent of the agricul-
tural sector, but for only 30 percent of the non-agricultural sector. Individuals
working in private farming are on average older. Around 80 percent of them
have eight at most eight years of education, while more than 60 percent of those
employed in the non-agricultural sector have vocational training or at least
highschool education. Ten percent of those working in agriculture are retired,
while between 8 and 11 percent declare themselves homemakers. The number
of retired and homemakers working in other sectors is negligeable.

The job status is important in two respects. It contains implicit information
about the size of economic unit and links the expansion of the agricultural sector
to the land reform. The size view of the dual labor market emphasizes the
small scale of the economic activity in the informal sector. The overwhelming
majority (between 90 and 95 percent) of individuals working in the private
agricultural sector are either self-employed or family help. This characteristic
provides support for our hypothesis that land reform is the main cause for the
deep change of the rural labor market. Self-employed and family help must work
the family land and the sharp increase in the number of land owners must be
the cause for the expansion of the agricultural sector.

Roughly 10 percent of those working in private farming are looking for a
different job as they feel their present occupation is temporary or they need
better pay and working conditions. Most of them would prefer a full-time job
as a firm’s employee but more than half would accept any kind of job. Virtually
everybody can start immediately. Everybody would accept a job inferior to
their qualifications or would be ready to undergo retraining programs. The
only important factor that could determine a searching person to refuse a job
is distance from home. This factor appears in three concepts: they would not
change residence, they would not take a job too far from home, they would not
commute. Moreover, we found no difference between the job seeking behavior
of those working in agriculture and that of non-working individuals.

We could not find any significant difference in the proportion of registered
unemployed and unemployment benefit recipients across rural /urban residence! .
Also the proportions of retired people are not significantly different. While this
information is important in determining whether the access to pension plans
and social insurance programs is more difficult for those employed in the private
agriculture, the results based on this particular sample are very likely to hide
a potentially important development. In this sample, most retired people have
worked either in the collective farms or in the industrial enterprises. Since most
of the residents in the main agricultural regions have been members of collective

IThere is however a signifiant difference in the level of income from pensions between
agriculture and the non-agricultural sector. Official statistics from 2001 show that the average
agricultural pension is one fifth of the average non-agricultural pension. Also the proportion
of fully insured is 21 percent among agricultural workers compared to 52 percent for the rest.



farms, it is not surprising that the proportion of retired people is very high. The
legislation regarding social insurance has been patched for most of the decade.
In 2000 a comprehensive law was passed that was reshaping the public social
insurance system. Situation has changed regarding the status of individuals
working in agriculture. A very small proportion work in the newly created
agricultural associations. Most individuals are either self-employed or family
help. According to the law, an employee on a regular contract is automatically
insured and contributions are deducted every month from the salary. Other
categories of workers, including those we classify as private farmers, are required
to register and pay insurance only if they have an annual income equivalent to
three average gross wages for the entire economy. This threshold introduces a
major difference between agricultural and non-agricultural sector in access to
social insurance program. Farming is in most cases a subsistence activity, a
large part of the output being produced for self-consumption. If any part of
the production is sold it is very likely that the total income will be lower than
what is necessary to insure every person working on the family farm. Moreover,
making insurance optional, the law introduces a far larger variance in coverage
for private farmers than for those working in formal sector. As a result, it is
likely that the number of people covered by social insurance will drop making
the present agricultural sector far different than the non-agricultural sector.
The very same argument holds for the law governing unemployment benefits.
The coverage prevailing in this data set is based on work histories prior to
1990. Comprehensive legislation was passed in 2002 and has the same dual
structure, as the pension law as far as coverage is concerned. Employees with
regular contracts are automatically insured. Other categories, including private
farmers, may decide to pay the premium themselves, a minimum contribution
being specified. Again, it may be the case that while in principle the access to
unemployment benefits does not favor regular employees, in fact, latitude of the
choice and non-trivial threshold requirements may create an unequal coverage
across sectors. Coverage concerns aside, it is worth mentioning that average
pension for individuals who have worked in agriculture is roughly one fifth of
that received by those retired from non-agricultural jobs.

The private agricultural sector is very different from the non-agricultural
sector in many respects: the gender, age, and education composition, job status,
access to social insurance and unemployment insurance programs. The empirical
analysis in the remainder of this paper has two goals. First, we go beyond simple
statistics in describing the effect of personal characteristics on labor market state
occupied by an individual. Second, we determine the role of private farming in
the labor market dynamics.

4 FEconometric Model

Models of multiple individual decisions fall in one of the following three cat-
egories: different decisions are made by the same individual at a given time,
the same decision is made sequentially, and several different decisions are re-



peated over time. The main difficulty in estimating such models is accounting
for the statistical dependence between different or sequential decisions made by
the same person. It is widely accepted that this dependence has three main
sources: unobserved heterogeneity, state dependence, and autocorrelated dis-
turbances. For different decisions at a given point in time, the only possible
source of correlation is the unobserved heterogeneity - the existence of one or
more unobserved individual characteristics relevant to all underlying objective
functions. In the economic literature the preferred approach has been the use
of random effects. Individual random effects are typically assumed to have a
multivariate normal distribution, the correlation coefficients embodying the de-
sired dependence of different decisions. The models are estimated simulated
maximum likelihood, as random effects must be integrated out. These models
have been used in conjoint analysis in marketing literature?.

If one decision is repeatedly observed, all three sources of correlation can
play a role. State dependence basically assumes that at any given time, the
decision depends in a specified way on the current value of the state variable
(for example, in the search model framework, search costs, the value of time
spent in alternative activities, or the arrival rate of new wage offers may depend
on the labor market state currently occupied). Unobserved heterogeneity works
the same way as in the case of different decisions. Finally the correlation matrix
can be parametrized to allow the stochastic elements driving the process to be
serially correlated?.

One interesting feature distinguishes the statistical structure of the lagged
dependent variable models and random effects model. Random effects enter
the structure of the latent variables determining the discrete choices. As such,
it is straightforward to work out their effect on the correlation structure of
the latent variables. Lagged dependent variable models are less clear in this
respect. Typically, the lagged discrete dependent variable enters linearly the
value of the current latent continuous variable. There are several reasons why
this is the case. First, one could make the point that some unobserved factors
(for example, unemployment benefits) depend solely on the discrete state (em-
ployed /unemployed) and this is generally the case in search models. Another
purely technical consideration must have certainly played a role in the devel-
opment of these methods. Absent numerical methods of evaluating multiple
integrals, the goal of the estimation is to bring the correlation structure out of
the error term. If choices, conditional on observables - including past choice -
are independent, the integration problem is avoided. This is accomplished by
using the lagged discrete dependent variable. The interpretation of the coeffi-
cients will in this case be: the effect of a variable on the conditional probability

2Conlon, Dellaert and van Soest (2000) use simulated maximum likelihood to estimate the
model, while Liechty, J., V. Ramaswamy, S. H. Cohen (1999) use a MCMC approach

3Hyslop (1999) develops a two-state model of labor force participation with state depen-
dence random effects and serial correlation. The estimation is performed using simualted
maximum likelihood.



of occupying a certain state, given the state occupied in the previous period.

If several different decisions are observed over time the number of depen-
dencies increases but there is no substantial difference in the way they can be
modeled. The estimation by maximum likelihood becomes increasingly difficult,
as higher level multiple integrals have to be evaluated within each step of the
maximization routine. There are only a few examples of studies in this cate-
gory. They all use random effects to model the dependence across sequential
decisions. The main drawback of this approach is that it imposes a constant
correlation between sequential decisions. When multivariate logit model is used
to model contemporary decisions, it imposes the additional restriction that the
random utilities corresponding to each choice are independent.

The multivariate probit model we use in this paper allows a general cor-
relation structure both across choices and over time. In this respect it is the
most general framework we are aware of. As we are not estimating a structural
model, it is less important to break down dependence into state dependence
and unobserved heterogeneity. However, we are able to estimate the effect of
past status on present decision using simple conditional probabilities. Again,
our approach is more general than the usual method of using lagged dependent
variable in the present decision. It does not suppress the dependence beyond
the immediate past status and allows for a more general dependence than the
simple linear relationship between the past status and the expected value of the
current latent dependent variable.

To study the role of private farming in labor market dynamics we employ
a three-state labor force participation model where we distinguish between em-
ployment in agriculture and employment in the non-agricultural sector. We use
a simple random utility model to represent individual labor market experiences
in this three-dimensional state space. In this setting, every time period, indi-
viduals choose among three alternative states: employed in the non-agricultural
sector, employed in the agricultural sector, and not employed. Each state is
associate with a latent variable which can be thought of as the utility of be-
ing in the respective state. Every time period, individuals draw realizations of
the three latent variables from a known joint distribution. Upon comparing the
values of the latent variables, individuals choose the state for the current period.

Let the three latent variables be Z,*, Z7¢, and Z}*, corresponding to the
three states - employed in the non-agricultural sector, employed in the agricul-
tural sector, and not employed, respectively.

Zig ' = XiBy A+ ug
ag  __ pag ag
Zii = X"+
nw  __ nw nw
Zii" = XiB{T + g
uy Y, il and wl have a joint multivariate normal distribution. The di-

mension of the distribution is 37 Let w;; = [ujy " |uif |u”] . E [u;] = 0, u;y are

independent over i’s and it has a correlation structure over ¢ given by a general



3T x 3T correlation matrix. The number of free elements in the correlation
matrix is

3T (3T —1)/2

The state choice is represented by a set of binary variables defined in the
following way:

yo 't = 1z > 759 and Z;," > Z1"
vl = 1it 239 > 73" and Z7 > Z}"
ynt = 1if Z5" > Z3"9 and Z)" > Z77

Without loss of generality, we can redefine the binary variables.

I = 1if 209 > 0,259 < 0,and Z < 0
yo! = 1if 27 >0,2" <0,and Z}" <0
YR = 1if 200 > 0,279 < 0,and Z%9 < 0

This structure closely resembles that of a multivariate probit model. The
difference consists of additional truncation imposed on contemporary latent vari-
ables by the fact that only one choice can be made at any given time. To estimate
this model, we use an extension of the Markov chain Monte Carlo algorithm in-
troduced by Chib and Greenberg (1998). The extension deals specifically with
this additional truncation.

Statistical and econometric models typically contain a large number of pa-
rameters, and in Bayesian inference we need to obtain the posterior probability
density or posterior summary statistics (such as the mean and standard de-
viation) of a parameter of interest by integrating out nuisance parameters. A
closed form solution to integration exists for the linear regression model with the
Gaussian error term. In many current applications, however, we have to work
with models where closed form solutions do not exist and we need to resort to

numerical integration procedures.
nw

Let yie = [y "y [vi")  vi = [yarlyazl-|yar] .y = [yalyzl--1yn] |
Ziw = 230N 20N 210, Zi = [Zi| Zial- - Zir) s Z = (2] Za)...| Z0] -

The major difference between our model and that of Chib and Greenberg
(1998) is that the vector y is restricted to a set of all possible combinations of
values. Any time period, an individual can be in one and only one state. This
means that, any time period, only three combinations of values are feasible out of
a total of eight. This induces an additional truncation for the joint distribution
of Z;. Not only is the distribution of each component restricted by the value
of the corresponding discrete dependent variable, but the joint distribution is
further truncated to the space of feasible combinations for the components of
y;- This does not affect the estimation but any predictions made on the basis
of the results have to be adjusted to account for this additional truncation.

Define Bj;"Y = (0,00) x (—00,0] x (—00,0],B;} = (—00,0] x (0,00) X
(—00,0], BE* = (—00,0] X (—00,0] x (0,00). Every time period, the set of
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possible values form Z;; is given by By = B;,"? U B;)Y U B2*. For individual i,
the set of all feasible values of Z; is B; = B;1 X Bja X ... X Bt

Using Bayes formula, the joint posterior distribution of the parameters con-
ditional on data is

7 (B, oly) cc 7 (B,0)pr(yl8,2) B € R, 0 € C
where 7 (8, o) is the prior distribution of § and o, and pr (y|8,%) = [[ pr (vi|3, %)

is the likelihood function. C is a convex solid body in the hypercube [—1,1]
(Rousseeuw and Molenberghs, 1994). The shape of C is given by the following
two conditions:

1. Each correlation coefficient lies in the interval [—1,1].

2. The correlation matrix ¥ is positive definite. Since ¥ is symmetric, this
condition reduces to det (X) > 0.

The method proposed by Chib and Greenberg (1998) uses the same ap-
proach as data augmentation algorithm of Tanner and Wong (1987). Instead of
using the posterior distribution in this form, we use the joint posterior of both
parameters and latent variables, 7 (8,0, Z1, ..., Zn|y) .

T (8,0, Zly) o< 7 (B,0) f(Z|B,%) pr (y|Z, 8, 0)

Conditional on Z;, pr (y;|Z;, 8,0) = I (Z; € B;). The posterior distribution
becomes

™ (8,0, 2ly) o7 (8,0) | [/ (Z18.2) 1 (Z: € B))
where
Fips) e o e {3z~ X0 57 - x0) 10 € 0)

Regarding the latent variable as a parameter, we sample from the conditional
distributions:

e Conditional distribution of Z;
(Zilyi, B, %] o dp (Zi] X8, %) H{I(Zit >0)1 (yie = 1) + I (2ie <0) I (yir =0)}

To draw from a truncated normal distribution, I used the method proposed
by Geweke (1991), which consists of running a Gibbs sub-chain with T steps
within the main Gibbs sampler cycle.
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e Conditional Distribution of 3

We assume prior independence between § and o. The prior distribution
of B is a k-variate normal distribution 7 (8) = ¢, (8|8y, By"') . Conditional
distribution is

1612,5] ~ Ni (813, B7")

where 3 = B~ (Boﬂo + > X{Z_lZl) and B=By+ Y X/X7'X;
i=1 1=1

e Conditional Distribution of o

m(o|Z,8) o w(o)f(Z]B,%)
f(Z|3,8) o |Z_%exp{—%tr(Z*—A)lE_1 (Z*—A)}I(UGC)

where Z* = (74, ..., Z,) and A = (X315, ..., X,.3) .
Prior distribution of ¢ is a normal distribution truncated at C.

7 (o) x ¢, (0’|0’0,G0_1) ,oeC

where p is the number of free parameters in the correlation matrix.

To draw from this distribution I use a MH step within the Gibbs sampler.

Convergence of the chain is assessed using the method proposed by Gelman
and Rubin (1992) with the modified correction factor proposed by Brooks and
Gelman (1998). One preliminary run of 15000 iterations, with OLS coefficients
as starting values, was used to construct starting values for three independent
chains. The starting values were extreme values chosen form the posterior dis-
tribution of the coefficients. The three independent chains, each with 15000
iterations and the initial run were used to compute the scale reduction factor.
We also evaluated the convergence criterion proposed by Geweke(1992) based on
a single chain, which uses spectral density estimates of the series. Both criteria
indicated that the chain converges fast to the stationary distribution.

We follow Chib and Greenberg (1998) in setting the parameters of the algo-
rithm. The prior distribution of § is multivariate normal with a mean vector
of 0 and a variance matrix of 100 times the identity matrix. The prior dis-
tribution of the elements of the correlation matrix is multivariate normal with
a mean vector of 0 and a variance matrix equal to 10 times the identity ma-
trix. The proposal density used to generate candidate values in the MH step is
q (¢|af) =s*g (¢ — of’) where ¢ is the standard normal distribution and s is
the step size. We use a step size s = 1/\/N
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5 Results

Our broad goal is to analyze the effect of land reform legislation on labor market
dynamics. In the previous sections we provide evidence that private farming is
in many respects a different type of employment. The results of the empirical
analysis allow us to provide a sharper picture of the role of agriculture in labor
market transformations. We provide evidence that private farming and the non-
agricultural sector are very different in nature and analyze the determinants of
employment in the agricultural sector. The dynamics of the labor reallocation
process is our main interest. The flows between the non-agricultural sector and
private farming are the most important but the three state model we employ
allows us a deeper analysis of the labor reallocation process. We analyze the
composition and the intensity of both the outflows from the industrial sector and
the inflows into agriculture. Finally, we determine if agriculture is a transition
or an absorbing state in the labor reallocation process.

Our empirical strategy entails several distinct elements. We start by esti-
mating the model slope and correlation coefficients. The results of the Gibbs
sampler are dependent draws from the joint distribution of the parameters of
the model. For each parameter, we report the moments of the posterior dis-
tribution, the numerical standard error of the estimated mean, which accounts
for dependence of successive draws, and evaluate the convergence of the MCMC
algorithm. We briefly discuss some implications of the results.

Next, we calculate the probabilities of three types of events:

1. Probability of being in a given state in each of the three years of the panel.
2. Probability of transition among states.
3. Conditional probability of transition among states.

The probabilities are calculated for 14 categories of individuals who differ
with respect to their gender and education. For each category, we estimate
the above probabilities at all ages between 16 and 65. In a three-period two-
state model, there are eight possible histories. The probability of a complete
history is the cumulative distribution function (CDF) of a trivariate normal dis-
tribution. To calculate the normal CDFs, we use the GHK smooth recursive
simulator (Geweke, 1989; Hajivassiliou, 1990; and Keane, 1994. Greene, 1997).
The probabilities corresponding to the eight possible histories are evaluated at
the posterior means®. The results are used to calculate the employment proba-
bilities, the transition probabilities, and the conditional probabilities. Most of
the discussion in this section is based on the analysis of these probabilities. To
summarize the large amount of information, and simplify the presentation, in-
stead of tabulating the probability values, we graph the age-probability profiles
for each type of event.

4We have also used an alternative approach for computing the probabilities: for all cate-
gories we computed the probabilities at each Gibbs sampler step, checked the convergence of
the quantities using Geweke’s single-chain convergence measure (CD). The results were very
similar with much higher computational cost.
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We estimate nine sets of coeflicients: one for every labor market state-year.
Tables 4.a-4.c, for employed in the non-agricultural sector, 5.a-5.c. for employed
in the agricultural sector, and 6.a.-6.c. for not employed, report the posterior
means, the posterior standard deviation (PSTD), and the numerical standard
errors (NSE) for the 8s and the scale reduction factors (R). The values of R
very close to 1 indicate convergence. The interpretation of the 8s is the same
as that in a linear regression model with dependent variable Z;;.

The effect of personal characteristics are similar for the agricultural sector
and non-employment and very different from employment in the non-agricultural
sector. This an indication that private farming is a different type of employ-
ment. Men are more likely to work in the non-agricultural sector and less likely
to work in private farming or be not-employed. The age profiles are concave for
the non-agricultural sector and convex for agriculture and non-employment. In
general a higher level of education or a higher level of specific skills (foreman,
vocational) improves the likelihood of working in the non-agricultural sector
and reduces the likelihood of working in agriculture and non-employment. The
effect of specific human capital has dramatically changed over time: the ab-
solute values of the coefficients have dropped dramatically for all three labor
market states. Individuals with these types of education have become relatively
more likely to be private farmers or not employed and less likely to work in the
industrial sector.

High correlation coefficients of the three error terms (tables 7.a - 7.c.) val-
idate the choice of a multivariate probit model for this application. Impos-
ing restrictions on the form of the correlation matrix (for example, estimating
the model as an independent probit model), would have led to incorrect infer-
ences. They also indicate a strong persistence in individual labor force histo-
ries. The sector displaying the least persistence is non-employment. The cross-
correlations are negative both for contemporaneous decisions and aver time. The
strongest negative correlations are between the non agricultural and agricultural
sectors reinforcing the finding that the two types of employment are very dif-
ferent. The correlation declining with time interval indicates the presence of
an autocorrelated component of the stochastic process governing employment
decisions, but different one-period correlation hints to a non-stationary process.
The non-stationarity does not come as a surprise given the fact that labor real-
location at the beginning of the transition period can hardly be regarded as an
equilibrium process.

The age-probability profiles for the three labor market states (figures 1, 2,
and 3) provide a rich picture of the Romanian rural labor market. Rural res-
idents start their life-time profiles either in non-employment or working in the
agricultural sector. The probability of working in the agricultural sector is
higher for low educated individuals. If they acquire higher education of specific
training they have a higher chance of finding a job outside agriculture. Regard-
less of education, women are more likely to stay at home. Women with a low
level of education have virtually no chance of finding a non-agricultural job and
eventually form the bulk of the agricultural employment. Most men spend some
of their life - more likely and for a longer period of time for those with higher
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education - in a non-agricultural job. Most of them - the proportion is higher
for those with lower education - retire into private farming. The significant
changes in the profiles over time are consistent with the increase in the size of
the private agricultural sector.

The age-probability profiles are concave for the non-agricultural sector (fig-
ure 1). Individuals with higher education and specific human capital have higher
profiles. They also maintain high employment probabilities for longer periods
of time. There is a striking difference between men and women. For all ages,
women have a much lower probability of holding a job in the non-agricultural
sector. The difference is higher for lower levels of education. For all levels of
education the age probability profiles have shifted down over time. The decrease
was more dramatic for women, specially for those with specific human capital.

Women are more likely to work in agriculture. For both genders and levels of
education, the probability of working in agriculture has increased over time. The
change was more significant for women, specially for those with specific skills.
Higher education and specific human capital reduce the probability of working
in agriculture. The shape of the profiles differs significantly across education and
gender. Both men and women start their life time profiles with relatively high
probabilities of working in agriculture. This probability is higher for individuals
with lower education but it is comparable for the two genders. As individuals
become older they are more likely to find jobs in the industrial sector, therefore,
the profiles dip during the prime labor market age. This is true for men in
all educational categories, but education plays a significant role:the profiles are
deeper for higher educated men. The same is true for women, with one notable
exception. Lower educated women show a persistent increase in the probability
of working in agriculture throughout their life-time. The maximum probability
is attained by older individuals. The maxima are higher for low education levels.
Even though men have experienced lower probabilities of working in agriculture
throughout their life-time, close to the retirement age they bounce back to levels
comparable to those of women.

Individuals with low education do not retire (figure 3), they continue to work
in agriculture. Women are less likely to work, the difference between profiles
being larger for individuals with specific human capital.

To study labor market dynamics, we use two instruments. The transition
probability (for example, P (NAG:, AG;_1), P (AG:, NAG;:_1)) gives an abso-
lute measure of the flows among labor force states. The conditional probability
(for example, P (NAG:|AGi_1), P (AG{{NAG;_1)) describes the speed of the
transition. A larger flow - more individuals moving between states - can be
caused by either a larger number of individuals in the origin state or a higher
probability (speed) of moving. Conditional probabilities are also good indicators
of individuals’ ability to adapt to labor market transformations.

Very few individuals with primary education work in the non-agricultural
sector and most of them are men. As a result, the probability of moving to agri-
culture is low - relatively higher for men - and the shape of the age probability
profile is heavily determined by the number of people working in agriculture
(figure 4). As the level of education increases, older individuals and women
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account for a larger part of the flows. Conditional probabilities strengthen this
finding (figure 5). For all levels of education and ages women are more likely
to move from the industrial sector to agriculture. Higher education and specific
skills reduce individuals’ vulnerability to this transition. Older individuals are
the most likely to move to agriculture if they lose their jobs.

Non-employment is playing a less important role than agriculture as destina-
tion of flows from the industrial sector. Transition probabilities are very low for
most educational categories (figure 6). Again women are more likely to lose their
jobs in the industrial sector and move into non-employment. A comparison of
conditional probabilities for the transitions from the non-agricultural sector to
agriculture (figure 5) and from the non-agricultural sector to non-employment
(figure 7) reveal that young individuals are more likely to become non-employed
if they lose their jobs, while older individuals will predominantly start working
in farming.

The inflows into agriculture driving the dramatic increase in the size of this
sector are coming from both industrial sector and non-employment (figures 4 and
8). Very young and very old movers into agriculture come from non-employment.
For most levels of education, prime age individuals are more likely to hold jobs
in the industrial sector and therefore this sector is the primary source. For
individuals with high levels of education, there is no significant distinction. For
them agriculture does not play an important role. Conditional on being non-
employed women are more likely to become employed in the agricultural sector,
for all ages and levels of education (figure 9).

Agriculture has become an absorbing state for low educated workers, and for
older workers with specific skills. At the same time, it represents a subsistence
buffer for prime age individuals with specific skills or high school education
who lose their jobs during restructuring on the industrial sector. The difference
between the transition probabilities are positive for men and women, for all ages
and levels of education. They are higher for women and older individuals (figure
10). These differences capture very well the net flows between the two sectors.
Conditional probabilities describe a person’s ability to return to the industrial
sector after losing his or her job and spending time in private farming. For
individuals with low levels of education (primary and gymnasium) agriculture
is an absorbing state regardless of gender and age. For individuals with high
levels of education (HIPLUS and university) agriculture plays the role of a buffer
state (figure 11). The chance of it becoming a long term occupation is small.
The story is different for individuals with specific skills. Older individuals with
specific skills and those with highschool education are likely to be absorbed into
agriculture if they lose their jobs, whereas prime age individuals will find it easy
to return to better quality industrial jobs. For all levels of education and ages,
women are more likely to find themselves stuck in agriculture after losing their
jobs in the non-agricultural sector.
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6 Conclusion

This paper studies the effect of land reform legislation on the labor force dy-
namics in the Romanian economy. Data on individual labor market histories
from the Romanian Labor Force Survey, collected shortly after the land reform
legislation was passed, provide an unique empirical framework. We use a ran-
dom utility model to represent individuals’ sequential labor market decisions.
Every time period, individuals choose among three states: employed in the non-
agricultural sector, employed in agriculture, and not employed. The resulting
multivariate probit model is estimated using Markov chain Monte Carlo meth-
ods. Our approach is novel in several respects. We use a three-dimensional
state space and allow for a general correlation structure both across contempo-
rary decision and across sequential decisions.

We argue that land reform has created a dual labor market in rural ar-
eas. We document the differences between agriculture and non-agricultural
sector in terms of definition, composition, status/size of establishment, under-
employed/job search behavior and access to social insurance. The empirical
analysis shows that employment in the non-agricultural sector and private farm-
ing are very different with respect to the effect personal characteristics on the
probabilities. The correlation coefficients indicate a strong persistence in in-
dividual labor market histories. The strong negative correlation between the
non-agricultural and agricultural sectors are consistent with unobserved char-
acteristics having opposite effects on the corresponding random utilities. Age,
gender, and education are strong determinants of the labor market history. High
level of education and specific skills improve the probability of working in the
non-agricultural sector. There has been, however, a dramatic change in the ef-
fect of specific skills, individuals in this category becoming increasingly likely to
move to agriculture. Gender has a strong and sweeping effect. For all ages and
levels of education, women are less likely to find a job in the industrial sector.
If they have a job, they are more likely to lose it and move to the agricultural
sector. They are also more likely to move from non-employment to employment.

From a dynamic point of view, agriculture plays a dual role. For prime
age individuals with specific skills and higher level of education agriculture rep-
resents a buffer state that provides a temporary source of income. For low
educated individuals and for older individuals in most educational categories,
agriculture is an absorbing state. The chances of returning to work in the non-
agricultural sector are very low. Agriculture plays no role for workers with high
level of education.

The findings are important from a policy point of view. Agriculture has
played an important role in taking people off the unemployment rolls and pro-
viding basic subsistence to a large proportion of rural residents. However, the
land ownership patterns and the overall low productivity make private farming,
at best, a source of precarious employment with low levels of income and dif-
ficult access to social insurance programs. Far from being a temporary state,
agriculture has become an absorbing state for certain categories of workers hid-
ing long-term unemployed and discouraged workers. Hence, active labor market
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policies need to be targeted towards bringing rural labor force back into the for-
mal sector. Policies designed to improve access to higher education for rural
residents are necessary to improve individuals’ labor market performance.
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Table 1. Sample composition

Urban residents

||| Rural residents

TOTAL
Gender

Education
Primary
Gymnasium
Vocational
High-school
Foreman
HIPLUS
University

Age
Mean

L.M. State

NAG93
AG93
NE93
NAGY4
AGY4
NE94
NAG95
AG95
NE95

Female
6340
Female
394
1739
991
2261
46
364
590
Female
35.42
Female
3869
60
2411
3691
92
2557
3695
122
2523

12594
Male
6254
Male
295
1184
1895
1443
419
223
795
Male
37.07
Male
4265
69
1920
4276
106
1872
4324
130
1800

Total
12594
Total
689
2923
2886
3659
465
587
1385
Total
37.08
Total
8134
129
4331
7967
198
4429
8019
252
4323

Female
4661
Female
1236
1953
455
862
9
74
72
Female
37.51
Female
1201
1781
1679
1092
2353
1243
1065
2353
1243

10241
Male
5580
Male
1049
1881
1588
780
113
53
116
Male
38.60
Male
2733
1467
1380
2699
1783
1098
2618
2019
943

Total
10241
Total
2285
3834
2043
1642
122
127
188
Total
38.11
Total
3934
3248
3059
3791
3870
2580
3683
4372
2186
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Transition matrices
Table 2a. Transition matrix 1993-1994
1994

NAG | AG NE Total

NAG | 3389 | 270 | 275 | 3934
1993 | AG 87 3021 | 140 | 3248
NE 315 579 | 2165 | 3059
Total | 3791 | 3870 | 2580 | 10241

Table 2b. Transition matrix 1994-1995

1995

NAG | AG NE Total

NAG | 3112 | 415 | 264 | 3791

1994 | AG 309 3163 | 398 | 3870

NE 262 794 | 1524 | 2580

Total | 3683 | 4372 | 2186 | 10241

Table 2¢. Transition matrix 1993-1995

1995

NAG | AG NE Total

NAG | 2997 | 569 | 368 | 3934

1993 | AG 238 2679 | 331 | 3248

NE 448 1124 | 1487 | 3059

Total | 3683 | 4372 | 2186 | 10241
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Table 2d. Complete labor force histories

Status

Observations

1993 | 1994 | 1995
1 | NAG | NAG | NAG | 2894
2 | NAG | NAG | AG 301
3 | NAG | NAG | NE 194
4 | NAG | AG NAG | 44
5 | NAG | AG AG 201
6 | NAG | AG NE 25
7 | NAG | NE NAG | 59
8 | NAG | NE AG 67
9 | NAG | NE NE 149
10 | AG NAG | NAG | 41
11 | AG NAG | AG 39
12 | AG NAG | NE 7
13 | AG AG NAG | 188
14 | AG AG AG 2556
15 | AG AG NE 277
16 | AG NE NAG | 9
17 | AG NE AG 84
18 | AG NE NE 47
19 | NE NAG | NAG | 177
20 | NE NAG | AG 7
21 | NE NAG | NE 63
22 | NE AG NAG | 77
23 | NE AG AG 406
24 | NE AG NE 96
25 | NE NE NAG | 194
26 | NE NE AG 643
27 | NE NE NE 1328
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Table 3.a

NAG93 | AG93 | NE93 | Total
Total 3934 3248 | 3059 | 10241
Male 2733 1467 | 1380 [ 5580
Female 1201 1781 1679 | 4661
Mean Age 37.81 43.30 | 32.97 | 38.11
Education
Primary 326 1270 | 689 2285
Gymnasium | 1064 1480 | 1290 | 3834
Vocational 1301 283 459 2043
Foreman 88 11 23 122
Highschool | 885 195 562 1642
HIPLUS 103 5 19 127
University 167 4 17 188
Self-empl. 82 1835
Family help | 12 1107
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Table 3.b

NAG94 | AG94 | NE94 | Total
Total 3791 3870 | 2580 | 10241
Male 2699 1783 1098 | 5580
Female 1092 2087 1482 | 4661
Mean Age 36.35 42.20 | 34.54 | 38.11
Education
Primary 289 1391 605 2285
Gymnasium | 980 1718 | 1136 | 3834
Vocational 1225 446 372 2043
Foreman 83 17 22 122
Highschool | 937 284 421 1642
HIPLUS 108 8 11 127
University 169 6 13 188
Self-empl. 104 1792
Family help | 15 1802
Regist. UE | 37 426 407
UE benefits | 27 385 365
Retired 9 381 440
Homemaker | 6 462 671
Second job | 904 131
Search 59 326
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Table 3.c

NAGY95 | AG95 | NE95 | Total
Total 3683 4372 | 2186 | 10241
Male 2618 2019 | 943 5580
Female 1065 2353 | 1243 | 4661
Mean Age 35.07 41.80 | 35.81 | 38.11
Education
Primary 253 1482 | 550 2285
Gymnasium | 955 1935 | 944 3834
Vocational 1199 545 299 2043
Foreman 74 29 19 122
Highschool | 938 360 344 1642
HIPLUS 99 14 14 127
University 165 7 16 188
Self-empl. 127 2360
Family help | 22 1822
Regist. UE | 64 441 341
UE benfits 37 366 305
Retired 16 471 481
Homemaker | 3 347 555
Second job | 1178 156
Search 57 438
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Table 4.a. Moments of the posterior distribution. Non-agricultural sector,

1993 .
Variable 1993
mean | PSTD [ NSE R
Const. -6.091 | 0.1577 | 0.0020 | 1.0008
Gender 0.732 | 0.0332 | 0.0001 | 1.0004
Age 0.257 | 0.0083 | 0.0001 | 1.0011
Age~2 -0.318 | 0.0109 | 0.0002 | 1.0011

Gymnasium | 0.535 | 0.0473 | 0.0006 | 1.0006
Vocational 1.361 | 0.0552 | 0.0003 | 1.0000

Foreman 1.326 | 0.1467 | 0.0016 | 1.0006
High school | 1.396 | 0.0589 | 0.0004 | 1.0001
HIPLUS 2.093 | 0.1598 | 0.0029 | 1.0026

University 2.193 | 0.1463 | 0.0035 | 1.0033

Table 4.b. Moments of the posterior distribution. Non-agricultural sector,

1994 .
Variable 1994
mean | PSTD | NSE R
Const. -4.710 | 0.1502 | 0.0025 | 1.0013
Gender 0.834 | 0.0334 | 0.0003 | 1.0005
Age 0.191 | 0.0082 | 0.0001 | 1.0005
Age~2 -0.252 | 0.0108 | 0.0001 | 1.0003

Gymnasium | 0.411 | 0.0490 | 0.0007 | 1.0011
Vocational 1.109 | 0.0554 | 0.0007 | 1.0008
Foreman 1.241 | 0.1427 | 0.0024 | 1.0013
High school | 1.344 | 0.0594 | 0.0010 | 1.0016
HIPLUS 2.286 | 0.1665 | 0.0032 | 1.0018
University 2.286 | 0.1521 | 0.0016 | 1.0005
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Table 4.c. Moments of the posterior distribution. Non-agricultural sector, 1995

Variable 1995

mean | PSTD | NSE R
Const. -4.267 | 0.1451 | 0.0008 1.0001
Gender 0.820 | 0.0330 | 0.0002 1.0001
Age 0.182 | 0.0080 | 2.8E-05 | 1.0003
Age~2 -0.255 | 0.0108 | 4.5E-05 | 1.0004

Gymnasium | 0.354 | 0.0493 | 0.0005 1.0008
Vocational 0.995 | 0.0550 | 0.0009 | 1.0013

Foreman 1.068 | 0.1400 | 0.0017 | 1.0006
High school | 1.210 | 0.0588 | 0.0011 1.0016
HIPLUS 1.860 | 0.1467 | 0.0019 1.0008

University 2.128 | 0.1388 | 0.0018 1.0009
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Table 5.a. Moments of the posterior distribution. Agricultural sector, 1993 .

Variable 1993

mean | PSTD | NSE R
Const. -0.026 | 0.1366 | 0.0012 [ 1.0004
Gender -0.278 | 0.0314 | 0.0003 | 1.0003
Age -0.013 | 0.0075 | 0.0001 | 1.0003
Age~2 0.038 | 0.0099 | 0.0001 | 1.0002

Gymnasium | -0.268 | 0.0396 | 0.0004 | 1.0005
Vocational -0.939 | 0.0521 | 0.0005 | 1.0004

Foreman -1.407 | 0.1794 | 0.0074 | 1.0089
High school | -1.049 | 0.0575 | 0.0005 | 1.0003
HIPLUS -1.834 | 0.2389 | 0.0003 | 1.0000

University -2.011 | 0.2426 | 0.0038 | 1.0019
Table 5.b. Moments of the posterior distribution. Agricultural sector, 1994 .

Variable 1994

mean | PSTD [ NSE R
Const. 0.461 | 0.1286 | 0.0012 | 1.0004
Gender -0.317 | 0.0304 | 0.0002 | 1.0001
Age -0.028 | 0.0071 | 0.0001 | 1.0011
Age~2 0.054 | 0.0094 | 0.0002 | 1.0014

Gymnasium | -0.257 | 0.0396 | 0.0004 | 1.0006
Vocational -0.764 | 0.0496 | 0.0007 | 1.0013

Foreman -1.237 | 0.1549 | 0.0039 | 1.0033
High school | -0.975 | 0.0541 | 0.0008 | 1.0012
HIPLUS -1.711 | 0.1992 | 0.0032 | 1.0016

University -1.942 | 0.2008 | 0.0045 | 1.0038
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Table 5.c. Moments of the posterior distribution. Agricultural sector, 1995 .

Variable 1995

mean | PSTD | NSE R
Const. 0.812 | 0.1234 | 0.0012 | 1.0004
Gender -0.379 | 0.0297 | 0.0002 | 1.0002
Age -0.045 | 0.0069 | 0.0001 | 1.0002
Age~2 0.078 | 0.0091 | 0.0001 | 1.0004

Gymnasium | -0.177 | 0.0391 | 0.0003 | 1.0001
Vocational | -0.660 | 0.0483 [ 0.0002 | 1.0000

Foreman -0.907 | 0.1346 | 0.0017 | 1.0007
High school | -0.873 | 0.0522 [ 0.0005 | 1.0006
HIPLUS -1.433 | 0.1651 | 0.0034 | 1.0021

University -1.955 | 0.1927 | 0.0039 | 1.0030
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Table 6.a. Moments of the posterior distribution. Not employed, 1993 .

Variable 1993

mean | PSTD | NSE R
Const. 4.110 | 0.1369 | 0.0027 | 1.0020
Gender -0.433 | 0.0313 | 0.0002 | 1.0004
Age -0.223 | 0.0076 | 0.0002 | 1.0032
Age~2 0.257 | 0.0101 | 0.0003 | 1.0034

Gymnasium | -0.166 | 0.0421 | 0.0003 | 1.0002
Vocational | -0.373 | 0.0519 [ 0.0006 | 1.0005

Foreman -0.039 | 0.1492 | 0.0018 | 1.0008
High school | -0.297 | 0.0542 | 0.0006 | 1.0006
HIPLUS -0.709 | 0.1616 | 0.0010 | 1.0001

University -0.795 | 0.1496 | 0.0017 | 1.0005

Table 6.b. Moments of the posterior distribution. Not employed, 1994 .

Variable 1994

mean | PSTD [ NSE R
Const. 2.688 | 0.1367 | 0.0032 | 1.0027
Gender -0.459 | 0.0320 | 0.0004 | 1.0006
Age -0.166 | 0.0077 | 0.0001 | 1.0016
Age~2 0.197 | 0.0102 | 0.0002 | 1.0014

Gymnasium | -0.030 | 0.0425 | 0.0007 | 1.0012
Vocational -0.215 | 0.0534 | 0.0014 | 1.0032

Foreman -0.065 | 0.1485 | 0.0019 | 1.0010
High school | -0.234 | 0.0550 | 0.0011 | 1.0019
HIPLUS -0.847 | 0.1876 | 0.0025 | 1.0015

University -0.724 | 0.1588 | 0.0044 | 1.0038
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Table 6.c. Moments of the posterior distribution. Not employed, 1995 .

Variable 1995

mean PSTD | NSE R
Const. 1.929 0.1314 | 0.0011 | 1.0005
Gender -0.383 0.0319 | 0.0002 | 1.0002
Age -0.140 0.0074 | 0.0001 | 1.0009
Age~2 0.171 0.0099 | 0.0001 | 1.0011

Gymnasium | -0.039 0.0426 | 0.0003 | 1.0001
Vocational | -0.210 0.0531 | 0.0007 | 1.0009

Foreman -1.7E-04 | 0.1503 | 0.0034 | 1.0025
High school | -0.176 0.0552 | 0.0003 | 1.0001
HIPLUS -0.480 0.1663 | 0.0032 | 1.0022

University -0.458 0.1438 | 0.0025 | 1.0019
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Table 7.a. The posterior means for correlation coefficients.

NAG93 NAGY94 NAGYI5 || AG93 AG94 AGY5 || NE93 NE94 NE95
NAG93 mean | 1 0.537 0.480 -0.323 -0.355 -0.359 || -0.256 -0.165 -0.093
NAG94 mean 1 0.505 -0.316 -0.372 -0.368 || -0.231 -0.195 -0.110
NAG95 mean 1 -0.276 -0.320 -0.399 | -0.215 -0.174 -0.131
AG93 mean 1 0.570  0.459 -0.286 -0.314 -0.259
AGY4 mean 1 0.501 -0.222  -0.320 -0.261
AGY95 mean 1 -0.101  -0.176 -0.299
NE93 mean 1 0.499 0.370
NE94 mean 1 0.415
NE95 mean 1
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Table 7.b. Moments of the posterior distribution. Correlation coeflicients .
Variable 1995

mean | PSTD | NSE R
NAG93-NAG94 | 0.537 | 0.0089 | 0.0002 | 1.0019
NAG93-NAGY95 | 0.480 | 0.0100 | 0.0002 | 1.0017
NAG93-AG93 -0.323 | 0.0133 | 0.0002 | 1.0018
NAG93-AG94 -0.355 | 0.0126 | 0.0002 | 1.0016
NAG93-AG95 -0.359 | 0.0120 | 0.0002 | 1.0012
NAG93-NE93 -0.256 | 0.0135 | 0.0004 | 1.0054
NAG93-NE94 -0.165 | 0.0145 | 0.0006 | 1.0074
NAG93-NE95 -0.094 | 0.0147 | 0.0004 | 1.0044
NAG94-NAG95 | 0.505 | 0.0095 | 0.0002 | 1.0026
NAG94-AG93 -0.316 | 0.0138 | 0.0003 | 1.0030
NAG94-AG94 -0.372 | 0.0124 | 0.0002 | 1.0018
NAG94-AG95 -0.368 | 0.0121 | 0.0002 | 1.0016
NAG94-NE93 -0.231 | 0.0139 | 0.0004 | 1.0045
NAG94-NE94 -0.195 | 0.0143 | 0.0006 | 1.0102
NAGY94-NE95 -0.110 | 0.0146 | 0.0005 | 1.0058
NAG95-AG93 -0.276 | 0.0141 | 0.0002 | 1.0017
NAG95-AG94 -0.320 | 0.0131 | 4.7E-05 | 1.0003
NAG95-AG95 -0.400 | 0.0119 | 0.0001 | 1.0006
NAG95-NE93 -0.215 | 0.0142 | 0.0005 | 1.0066
NAG95-NE94 -0.174 | 0.0144 | 0.0006 | 1.0077
NAG95-NE95 -0.131 | 0.0145 | 0.0005 | 1.0063
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Table 7.b. (continued) Moments of the posterior distribution. Correlation
coefficients .

Variable 1995

mean | PSTD | NSE R
AG93-AG94 | 0.570 | 0.0086 | 0.0001 | 1.0012
AG93-AG95 | 0.459 | 0.0105 | 0.0002 | 1.0025
AG93-NE93 | -0.286 | 0.0131 | 0.0004 | 1.0042
AG93-NE94 | -0.314 | 0.0133 | 0.0004 | 1.0056
AG93-NE95 | -0.259 | 0.0138 | 0.0003 | 1.0034
AG94-AG95 | 0.501 | 0.0096 | 0.0002 | 1.0016
AG94-NE93 | -0.222 | 0.0133 | 0.0003 | 1.0030
AG94-NE94 | -0.320 | 0.0128 | 0.0004 | 1.0064
AG94-NE95 | -0.261 | 0.0135 | 0.0004 | 1.0039
AG95-NE93 | -0.101 | 0.0136 | 0.0004 | 1.0052
AG95-NE94 | -0.176 | 0.0137 | 0.0005 | 1.0074
AG95-NE95 | -0.299 | 0.0129 | 0.0004 | 1.0052
NE93-NE94 | 0.499 | 0.0093 | 0.0001 | 1.0001
NE94-NE95 | 0.370 | 0.0114 | 0.0001 | 1.0006
NE94-NE95 | -0.415 | 0.0107 | 0.0001 | 1.0010
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Figure 1: Employment probability. Non-agricultural sector.
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Figure 2: Employment probability. Agricultural sector.
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Figure 3: Probability of not working.
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tion probability. NAG to AG
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Conditional probability. NAG to AG.

Figure 5
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tion probability. NAG to NE
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Vocational

Gymnasium

Conditional probability. NAG to NE.
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Transition probability. NE to AG

Figure 8
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Conditional probability. NE to AG

Figure 9
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Figure 10: Transition probability. Net flows NAG to AG
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Vocational

Gymnasium

Conditional probability. Net flows NAG to AG.
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