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Chapter 1

Introduction

Fifteen years of transition to market economy have been a chaotic and eventful pe-
riod for the countries of Central and Eastern Europe and the Baltic States (CEEB)!.
Brought by the breakdown of the Soviet Union in the very beginning of the 90’s, the
transition did not only mean the restructuring and reforming of the economy, but an
overall transformation affecting all spheres of the society and establishing new market
rules in relations between economic and social agents. The difficulty of building states
and markets simultaneously, weak political structure and legal base coexisting with
overall economic distortion (rapid inflation, falling output and increasing macroeco-
nomic instability), have been realities of transition witnessed by all countries of CEEB
region. In the labour market, transition was associated with intensive labour realloca-
tion between sectors of the economy, high inflows into unemployment and inactivity,
job shortage coexisting with an important mismatch (skill, geographical) between labor

supply and labour demand.

Despite the severity of transitional recession, in a short period of 15 years the CEEB

'Hereinafter we alternate the expressions - transition countries, accession countries or new EU
member states - when refereing to ten Central and Eastern European countries (including the Baltic
states), which have undergone the process of economic transition in the 90’s and have recently joint the
European Union - the Czech Republic, Estonia, Hungary, Latvia, Lithuania, Poland, Slovakia, Slovenia
as well as Bulgaria and Romania.
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countries have managed to stabilize the economy, displayed important economic growth
and were able to meet the accession requirement of the European Union (EU). The
success in managing transitional crisis in CEEB has often been attributed to the pro-
motion and efficient implementation of economic policy. In line with OECD suggestions
and further established European Employment Strategy (EES)?, a great importance in
mitigating the transition consequences in the labour market has been given to Active
Labour Market Policy (ALMP) measures, i.e. employment stimulating programs that
usually include direct job creation, wage subsidies to private sector, self-employment
promotion and labour training. Those were implemented in the countries of Central,

Eastern European and Baltic region starting from the early 90’s.

The main objectives of this thesis are (i) to assess the development of aggregate and
regional labour markets through the phases of late transition and EU accession on
the example of several new EU member states (Latvia, Estonia and Slovenia) and (%)
to investigate the role of active labour market policy programmes in moderating the

consequences of transitional shock and improving the performance of the labour market.

In this introductive chapter, we review the main transformations occurred in the labour
market of CEEB countries due to systematic changes, discuss the current situation in
the labour markets and point out the bottlenecks left as a transition heritage. We also
present the empirical evidence on the implementation of ALMP programmes in new
EU member states and discuss the potential role of these programmes in smoothing the
impact of transition and in improving the performance of the labour market. Finally,
we introduce the problematic of this thesis, review the core aspects and methodological

approach of the analysis.

2Initiated by Delors White Paper in 1993, the EES was established by the Amsterdam Treaty (1997)
and updated by the Lisbon European Council (2000). It makes employment promotion one of the key
objectives of the EU economic policy.
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1.1 Transition and labour markets in new EU member

states

We review in what follows the developments through transition as well as the current

situation in the labour market of new EU member states.

Despite the impressive contraction in the aggregate output in the initial
phase of transition, by year 2000 all countries displayed positive rates of

economic growth.

When speaking about the transition from a centrally planned to a free market econ-
omy in Central and Eastern Europe, a spectacular contraction in the aggregate output
is most frequently evoked. The majority of Central European countries were quite
successful in making a sustained progress in economic reform and displayed certain
improvement of economic performance starting from the mid 90’s (Czech Republic,
Hungary, Poland, Slovenia and Slovakia), while others have experienced longer (Bul-
garia and Romania) or sharper (Baltic states) transitional recession (see figure 1.1). The
differences in the course and outcomes of the transition process are often attributed to
strategies, scale and speed of economic change but also to the differences in political

organization across countries and in pre-transition economic conditions.

Labour markets have adjusted to transitional shock through employment,
but by 2005 the employment on population ratios in CEEB countries have
approached the EU-15 average.

The characteristic feature of labour market development in CEEB countries is that the
burden of the adjustment to transitional shock fell on employment, while for example in
the Commonwealth of Independent States (CIS) wages served as adjustment variable.
The differences in institutional settings are often held responsible for such divergence

(Boeri and Terrell [2002]).

Despite the substantial fall in employment, that induced high inflows into open unem-
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Figure 1.1: Growth in real GDP in new EU member states
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ployment? and inactivity and depressed national labour markets for at least a decade,
by the year 2005 employment rates on population have approached the EU-15 average

in the majority of countries (see figure 1.2).

The most desirable configuration of high participation and low unemployment, wit-
nessing successful transition and restructuring, was achieved in the Czech Republic,
the Baltic states and Slovenia?. The opposite case is presented by Poland and Bul-
garia. High unemployment and low participation of the labour force implies lower
employment level and witnesses the depressed state of the labour market. Here the
phenomenon of high discouragement of workers coexisting with high unemployment
may be related to a precarious situation of poor workers, who simply can not afford

staying out of labour force (Rutkowski [2006]). In Hungary and Romania, low activity

and low unemployment rates indicate high degree of discouragement among job seekers

3In this section we base our considerations on EUROSTAT data, mostly originating from national
Labour Force Surveys. This involves ILO definition when referring to unemployment or unemployed.
The comparisons with the EU are made using the average statistics for EU-15 (15 countries of the
European Union, prior to Eastern Enlargement in 2004 and in 2007).

1By 2005, the unemployment rates ranged from 6 percent in Slovenia to 16-18 percent in Poland
and Slovakia. The activity rates were around 60-62 percent in Hungary Romania, Bulgaria, and about
70 percent in all other countries, except Poland.
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Figure 1.2: Employment in new EU member states
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- due to limited job opportunities - and also suggests the over-development of the infor-
mal sector. In Slovakia the labour market is dynamic and while unemployment is hight,
workers keep looking for jobs. Such markets may probably turn into dynamic and well
performing ones (like in case the of Lithuania) but also face a risk of stagnation (like

in the case of Poland).

Unemployment rates, high in transition, are now declining towards EU-15
level. The major problems remain regional disparity and the duration of

unemployment.

In 2005, the share of long term unemployed® among job seekers was slightly above 40
percent in the EU. At the same time it was at least 10 percent higher in the Czech
Republic, Estonia and Lithuania; it ranged close to 60 percent in Poland and Romania

and it was extremely high in Slovakia (70 percent).

The process of adjustment to transitional shock has also created spatial inequalities in

512 months and more.
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terms of unemployment and access to jobs between rural and urban areas.

The capitals, which benefit from the concentration of foreign investment and favorable
climate for the creation of new firms and jobs, display high economic activity and
low unemployment rates. Rural and especially old industrialized areas, in contrast,
suffer from important job destruction due to the closure of outdated and inefficient
enterprisers. Low employment opportunities and high unemployment is typical of such

areas.

Substantial regional differences in unemployment rates still persist in CEEB countries
despite significant amelioration in economic performance. The unemployment rates
range from 5 to over 20 percent in Bulgaria in Slovakia, from 4-6 to around 15 percent
in the Czech Republic, Estonia and Latvia. Overall, however, the dispersion of regional
unemployment rates in CEEB and in other European countries is of a comparable level:

from 20 to 40 percent for NUTS2 in 2005.

Insufficient through transition and enhanced by recent economic growth,

labour demand stays low if compared to other European countries.

One of the main obstacles to employment growth in CEEB countries was related to
significant contractions in labour demand during transition. Even in 2005, after 15
years of transition, the job vacancy rates® are at least two times lower in Lithuania,
Slovakia, Slovenia, Bulgaria and Hungary than in EU-15. In Latvia and Czech Republic
less than 1.5 percent of jobs are vacant on average, and only in Romania and Estonia

job vacancy rates are comparable to those in the countries of EU-15 (2 percent)”.

In terms of allocation of vacant jobs across sectors, public administration, education
and health sectors display high vacancy rates (all countries except Czech Republic and
Slovenia). Weak wages in these sectors may be responsible for low unemployed interest

in offered vacancies. Other employing sectors are construction (Czech Republic, Slove-

5The percentage of vacant posts in total pool of posts (vacant and taken).

"Vacancy data should however be interpreted with caution: varying collection methods across coun-
tries (through official sources for some countries or business and labour market surveys for others) may
result in heterogenous coverage of labour market segments.
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nia, Lithuania and Hungary), financial intermediation and real estate (Czech Republic
and Slovenia), tourism (Slovenia) or hotel and restaurant sector (Bulgaria, Slovakia
and Slovenia), transport, storage and communication (Latvia and Lithuania). Job op-
portunities in agriculture are high in Bulgaria, Czech Republic, Hungary and Romania,

but limited in Slovakia and three Baltic states.

Intensive labour reallocation between the sectors of the economy has in-
duced an important skill mismatch between labour supply and labour de-

mand.
Figure 1.3: Employment development
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Source: EUROSTAT. Note: For the Czech Republic and Slovakia, change 1994-2006; for Hungary and
Slovenia, change 1995-2006; for Bulgaria, 2001-2004.

The reallocation of production and labour from agriculture and industry to services (see
figure 1.3) has resulted in an important mismatch between the obsolete or inappropriate

skills of workers and the requirements of the employers in new and developing sectors.

In Bulgaria, Latvia, Lithuania and Slovakia, most unemployed (over 40 percent of those

with an occupation) are low skilled blue collars®, while the job offers are mostly (over

8ISCO categories 8 and 9: plant and machine operators and assemblers, elementary occupations.
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40 percent) addressed to high skilled white collars? (around 40 percent). In Czech
Republic and Slovenia the matching pools are more balanced, but the workers seem
to be overqualified with respect to the labour demand: the proportion of white collars

among unemployed is higher than the one in proposed positions (see figure 1.4).

Figure 1.4: Occupational structure of unemployed and vacancy pools, 2005
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Source: EUROSTAT. Note: White collars represent occupations under ISCO categories 1 to 5. Blue
collars represent occupations under ISCO categories 6 to 9.

The restructuring has not only changed the structure of employment, but
also its nature: from permanent full time employment contracts to part-

time jobs and fixed term contracts.

By 2000, over 10 percent of employed in Lithuania, Latvia, Poland and Romania were
working part-time (for comparison in EU-15 this share is 17 percent). Over 5 percent
of workers had fixed term contracts in all countries except for Estonia and Romania (in
EU-15 this share was 13 percent). While the flexibility of labour market is generally
considered as favorable development, the surveys from transition countries (Hazans

[2005]) evoke that workers accept part-time or fixed term contracts due to the lack of

9ISCO categories 1 to 3: Legislators, senior officials and managers, professionals, technicians and
associate professionals.
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full time permanent jobs.

Insufficient labour demand has also contributed to the fact that many people have
turned to self employment. By 2000 every third Romanian worker, every fourth of
Bulgarian or Polish worker, every fifth-sixth Czech, Lithuanian or Slovenian worker
was self employed. The self employment rates are on average higher than the ones

observed in the EU-15 (about 14 percent).

The employment level and quality also suffer from the development of in-

formal markets.

By 2001, the size of shadow economy in CEEB economies was estimated to about 28
percent of GDP (going from 18 percent in Czech and Slovak Republics to almost 40
percent in Latvia and Estonia) and to about 23 percent of employment (up to 30 percent
in Latvia, Estonia and Bulgaria). Moving to the informal sector in the CEEB is mainly
related to tax evasion or overcoming labour market regulations. Moonlighting, when an
employment in informal sector complements legal employment is also common. Apart
from illegal employment (without an employment contract), underreporting of working
hours or perceived wages is a very common practice. Naturally, job security, social
payments, carrier opportunities and employer’s participation in development of human
capital of the employees are compromised and often left aside when the employment

contract is not legally supported.

1.2 Labour market institutions and ALMP

The unprecedented and sharp increase in the unemployment in the beginning of the
90’s revealed the inability of pre-existing labour market institutions to handle this type
of situation. The initial response of policymakers consisted in relaxing labour market
regulations to increase its flexibility; setting the unemployment benefit levels at gener-
ous levels in order to provide the adequate support to job seekers; introducing active

labour market policy programmes to stimulate depressed labour market, as suggested
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by OECD and European experience.

The transitional recession being longer and sharper than initially expected, authorities
have soon experienced a fiscal pressure and cut off benefit levels. Even nowadays, the
generosity of passive system in the majority of CEEB countries remains low comparing

to other EU members 10,

High unemployment and high social expenditure have likewise contributed to the fact
that taxes on labour were high during transition. Despite the fact that tax rates have
been decreased to allow higher employment, those still remain above the EU average
(Anspal and Vork [2007]). In a transition context, the flexibility in the labour market
often reflects the insufficient bargaining power of workers. Unions are in general weak:
both average union density and collective bargaining coverage are much lower in CEEB
than in EU (23 versus 43 percent for the former one and 72 versus 37 percent for the

latter).

A development of a new institutional element - active labour market policy - has initially
suffered from the lack of experience in the implementation, and high social expenditures
left little place for ALMP in labour market policy budget. As transition progressed,

substantial efforts were made in promoting this type of programmes.

Currently, the expenditure on active labour market polices in new EU member states is
only half as important as the one in EU-15 countries (0.54 versus 0.23 percent of GDP,
respectively). The cross country differences are substantial. Some countries devote
an important share of GDP to ALMP (Bulgaria and Poland), but others (Estonia,
Romania) allocate less funds. Some run a large set of various programs, but in others

the set of available programs is more restricted (Estonia, Romania, Hungary).

Another indicator of the extent of active labour market policy can be developed when

considering the share of unemployed persons participating in those programmes. In

108ee Anspal and Vork [2007] who establish a comparison of the generosity of passive labour market
policy, defining this latter in terms of expenditure (in percent of GDP) normalized by the per cent
unemployment rate.
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Figure 1.5: Expenditure and Participation in ALMP programmes
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Source: EUROSTAT. Notes: (1) Expenditure on ALMP is expressed in percent of GDP. (2) Partici-
pation is given as the ratio of average (monthly) inflows into the programmes to the average number
of unemployed.

terms of coverage, Hungary, Slovakia, Latvia, and Lithuania are at European level: here
about 4 percent of active job seekers participate in ALMP programmes. In Bulgaria the
participation indicator even exceeds the European average (6 percent), but in Poland ,
high expenditure on ALMP is mainly related to a high number of job seekers, and not

to their intense involvement in the programmes.

The allocation of funds and resources across different programme types has also varied,
and so did the implementation strategies. Heterogenous choices have been dictated
by the cross country patterns of labour market development. Thus skill mismatch in
the Baltic region accented training. The necessity to stimulate low labor demand and
to help individuals in coping with insufficient job opportunities, as in Slovakia and
Slovenia, or to integrate the discouraged workers in the labour market, as in Bulgaria

and Hungary, explain the dominant role of subsidized employment and self-employment
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enhancing programmes and direct job creations schemes.

In Lithuania and Slovenia the allocation of funds is balanced across 3 main programme

types (training, job subsidies and direct job creation).

As in EU-15, but at much more important scale, in Latvia and Estonia the focus
was placed on labour training: about 70 percent of all allocated funds are devoted in
these countries to the promotion of individual employability of the unemployed through

training.

In Lithuania training and public jobs receive equal attention, but in Bulgaria and
Slovenia the focus is mostly on direct job creation in the public sector (with second

option on wage subsidies in Slovenia).

By contrast, in the Czech Republic, Slovakia, Hungary and Romania the subsidized
employment in private sector and self-employment are privileged (second emphasis on
public jobs in Slovakia and Romania). In Poland the funds are mainly allocated to
the integration of disabled unemployed, while in terms of coverage training is the most

important measure.

1.3 Theoretical and empirical effects of ALMP

Active labour market policy is a central element of employment related economic policy
in both and founding and new EU member countries. We review in what follows the

expected theoretical and empirical effects on this type of measures.
Active labour market policy works through various channels!!.

First, they can increase the speed and the effectiveness of the matching process: by
reducing the skill (training programmes) or location (mobility programmes) mismatch
between labour supply and labour demand; by reducing the frictions related to infor-

mation imperfection (job placement programmes) in the labour market; by enhancing

' See Calmfors [1994], Calmfors et al. [2002] for a detailed exposition
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self confidence, motivation and search intensity of the unemployed (job seeker clubs) or
by making their search more efficient (job search assistance and counseling). It should
however be noted that in the short run ALMP can be associated with negative lock
in effect, implying that participation in a programme reduces the individual’s search
effort. In fact, the unemployed may be expected to devote less time and efforts to job

search while undergoing training or while being occupied at temporary public job.

Second, accelerated matching process increases the number of hires per time period,
thus reducing the average expected cost of vacancy posting. This can create incentives
for the firms to post more vacancies in the labour market, thus increasing labour

demand and pushing the employment level upwards.

Third, ALMP may be helpful in maintaining labour participation and preventing long
term unemployed from discouragement, thus increasing the employment on popu-

lation ratios!2.

Fourth, by enhancing human capital of programme participants or preventing it from
distortion ALMP may also have positive productivity effects and in the same time

contribute in reducing the risk of future unemployment for the participants.

Fifth, through the effects on employment, ALMP may generate positive income to state
budget through taxes and decrease its social expenses through reduced unemployment

benefit claims.

While aggregate effects of ALMP can be diverse,a priori positive on employment /pop-
ulation but ambiguous on wages, the programs may also have unintended effects on
other individuals than participants'®. Displacement, substitution and deadweight ef-
fects are the impacts often evoked when referring to the negative side of the ALMP

programimes.

2The employment on labour force ratio will naturally decline due to the increase in labour supply.

13Many interactions can occur: shorter expected vacancy duration and increased bargaining power
of the firm due to increased labor supply may induce a downward pressure on wages. Increased human
capital of programme participants increases their competitiveness and may result in higher reservation
wages, which may even offset employment effects. At the same time it may also be possible that
stronger competition for jobs reduces real wages.
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Displacement occurs when subsidized firms gain in competitiveness in the goods
market and crowd out the unsubsidized firms from the market. The employment is
therefore displaced from one type of firms to another, but this does not involve any net

employment creation.

Substitution, can be viewed as displacement within the firm: with the intention to
reduce labour costs, employers substitute nonsubsidized by subsidized workers, without

any additional creation of employment.

The deadweight loss occurs when the state finances the creation of jobs, that would

anyway be created and even in the absence of the programme.

One should however be reminded that apart from economic positive or negative effects,
ALMP programmes may have an important social impact: by proposing job opportu-
nity for those who have difficulties in integrating and performing at the labor market
(long terms unemployed, disabled, women after maternity leave, senior unemployed)
ALMP prevent social exclusion of these groups, maintains the motivation and mental

well being of the individuals.

While theoretical effects of ALMP programmes are promising, their actual efficiency in
stimulating labour market is often questioned. The experience of ALMP implementing
in European countries is long (especially in Nordic countries). The interest of poli-
cymakers and scholars in measuring the effectiveness has been increasing during past
decades and a certain number of evaluations have already been performed. Their re-
sults are however contrasting, depending on the type of the programs, the country and
the period of their implementation, as well as the groups of unemployed concerned.
For example, the impact of training programmes is sometimes reported negative (wel-
fare benefit recipients in Denmark (Bolvig et al. [2003]) or Norway (Loretzen and Dahl
[2005]), young unemployed in Finland (Hamalainen and Ollikainen [2004])), sometimes
positive (unemployed in Belgium (Cockx [2003]), West Germany (Lechner et al. [2004])
or Estonia (Leetmaa and Vork [2003])) and often insignificant. Also the results of eval-

uations concerning the impact of job creation schemes and subsidized employment are
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conflicting: positive for young unemployed in Belgium (Cockx and Gobel [2004]) or
long term unemployed in Germany (Eichler and Lechner [2002]), but insignificant for

other groups of German unemployed (Hujer et al. [2004]).

In front of such controversy, Kluve [2007] pools together the results of 95 evaluation
studies in Europe with the aim to detect systematic elements in the evaluation re-
sults. Apparently, there is a link between the type of the programme and its efficiency.
Training displays modest positive or insignificant effects, the efficiency of public direct
job creation is higher but also modest, while private sector incentives (wage subsidies
and start up loans) and services and sanctions programme (job search assistance and
counseling combined with sanctions for non-compliance) perform the best. In terms of
targeting, the programs focused on young unemployed seem to perform worse than the

policies designed for adults.

Indeed, the context of the transition countries is peculiar: apart from being designed as
a tool for unemployment and mismatch reduction, ALMP have also played the role of
reallocating mechanism from low productive to high productive sectors. Therefore one
can expect different results of evaluation. However, due to the lack of adequate data,
those are very rare: we can only list Leetmaa and Vork [2003] on Estonian data, and
Kluve et al. [2002] on data from Poland for microeconomic studies and Boeri and Burda
[1996], Munich et al. [1999] for Czech or Slovak Republics and Puhani [1999] for Poland
for macroeconomic studies. One of the aims of this thesis is to add a contribution to

the evaluations of ALMP in transition context.

1.4 Structure of the thesis

This thesis consists of three main parts: the first one assesses the functioning and the
efficiency of aggregate and regional labour markets in several countries of Central and
Fastern Europe, while the second and the third ones investigate, respectively, the role

of active policies in improving the performance in the labour market and in enhancing
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individual employability.

Chapter 2 performs the analysis of the labour market functioning in transition - EU
accession context through the estimation of aggregate matching functions on monthly
panel data (1999-2006) from regional labour offices of State Employment Agencies in
Latvia, Estonia and Slovenia. The relevance of the matching function approach for
labour market analysis and policy evaluation in Central and Eastern European coun-
tries lies in the ability to model the presence of frictions in the labour market and has
been supported by numerous studies employing this methodology (Burda [1993],Boeri
and Burda [1996], Profit [1997], Burda and Profit [1996], Munich et al. [1999], Galus-
cak and Munich [2005], Puhani [1999]). The existing literature however, seldom goes
beyond the basic matching function specification, which may omit some important
patterns and interactions in the process of worker-firm matching. We address the pos-
sible misspecification of the matching function in two ways. First, following Coles and
Smith [1998], Gregg and Petrongolo [2005] and Coles and Petrongolo [2003], we allow
for stock-flow specification of the matching process. Second, based on the evidence
from European labour markets (Burda and Profit [1996], Burgess and Profit [2001],
Ahtonen [2005]), we allow for spatial interactions between regions in terms of worker
and job flows, while standard matching functions assume that regional labour markets

(possibly heterogeneous), are isolated.

The results bring light on the dynamics of aggregate and regional labour markets in
selected new EU member states. They allow performing the diagnostics of labour
market efficiency in terms of worker-firm matching, exploiting regional and country
differences, the changes over time (we compare pre to post EU enlargement periods),
measuring the importance of spatial spill over effects in matching and examining the
sensibility of aggregate matching performance to the changes in labour supply and

labour demand.

Chapter 3 evaluates the macroeconomic impact of active labour market policy pro-

grams, in particular of labour training programme, on employment, by estimating the
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augmented matching function. When the matching function is augmented by the vari-
ables, which measure the participation of unemployed in active labour market policy
programs, it allows determining how the unemployed participation in such programs

improves this efficiency of the matching process at the aggregate level.

Monthly panel data (1999-2006) data from regional labor offices of the State Employ-
ment Agency of Latvia (SEAL) are used to evaluate the efficiency of unemployed occu-
pational training in Latvia and its regions. The correct specification of the matching
function is obtained by allowing for stock-flow patterns in the matching process. The
results will allow to quantify the aggregate outcomes of ALMP and to assess temporal
evolution is programme efficiency (by comparing pre EU accession to post accession
periods) or its regional distribution. The estimation results are further employed to

perform a costs-benefit analysis and investigate the financial feasibility of the program.

The above analysis assesses the aggregate impact of unemployed training, but does not
allow more careful evaluation of effects of programs on individual employability of job
seekers. In this order, the microeconomic evaluation of active labour market policy

programs is held in chapter 4.

We apply the ”propensity score matching” methodology developed by Rosenbaum and
Rubin (1983), Heckman, Lalonde and Smith (1999). This evaluation methodology con-
sists in contrasting two groups of individuals, treated and non-treated by programmes,
with otherwise similar characteristics in terms of gender, education, age, for exam-
ple. Then the difference in their labour market outcome in terms of re-employment is

considered.

Primary data files provided by the State Employment Agency of Latvia are used to
construct the individual database of unemployed and programme participants (381
844 job seekers in total). Available data allow evaluating the following programs: (i)
unemployed occupational training (vocational training, re-qualification and rising of
qualifications); (ii) state language training for non - Latvians; (iii) modular training

programme (training in foreign language, computer literacy, project management and
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business operation, driving).

We measure the impact of participation in each of those programs on the unemployed
chances to be employed within 6, 9, 12, 18 and 24 months after the date of registration
and assess temporal developments in programme efficiency by separating the unem-
ployed pool in three groups according to the year of registration with SEAL (2003,
2004 or 2005 - 2006).

Moreover, we examine heterogeneity in programme effect across different socio - demo-
graphic (gender, age, education) and regional groups. We also test the sensitivity of
our results to the so called "hidden” bias, related to the potential effect of unobservable
variables (motivation, for example) on treatment assignment and unemployed outcome

in the labour market.



Chapter 2

Matching and labour market
efficiency through transition and

EU accession

2.1 Introduction

During the phases of economic transformation - the transition from centrally planned
to market economy and the accession to the European Union - all countries of Central
and Eastern Europe, as well as the Baltic states, have witnessed remarkable changes in

the structure and functioning of national economies'.

First, the recession in the beginning of the 90’s and parallel restructuring seriously
limited the employment capacity of productive sectors, created high inflows into un-
employment and inactivity and, in addition, induced an important mismatch (skill,

geographical) between labour supply and labour demand.

' As mentioned we alternate the expressions - transition countries, accession countries or new EU
member states - when refereing to ten Central and Eastern European countries (including the Baltic
states), which have undergone the process of economic transition in the 90’s and have recently joint the
European Union - the Czech Republic, Estonia, Hungary, Latvia, Lithuania, Poland, Slovakia, Slovenia
as well as Bulgaria and Romania.

19
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Further, CEEB transition countries reached a substantial progress in reforms, stabilized
their economies and and displayed rapid economic growth. While aggregate unem-
ployment declined to reasonable levels, the development of regional markets followed
heterogenous paths, leading to strong disparities in terms of economic development,

working and living conditions and access to employment.

Finally, the accession to the EU in 2004 and 2007 have contributed to sustain the
economic growth and to improve social conditions. At the same time it also facilitated
labour mobility within the EU. Very high migratory flow of workers from new to old EU
member states, along persisting skill and qualification mismatch in the labour markets
of these former, raise a full set of new concerns related to a forthcoming shortage of

adequate labour in the region.

The aim of this chapter is to analyze the dynamics of aggregate and regional labour
markets through the last decade in several new EU member states. The analysis is
performed using the matching function approach, which since the 80’s has become one
of predominant stands in macroeconomics and labor economics. The matching function,
which formally relates available job seekers to vacant jobs in the labour market and
produces new hires as output, allows to account for the presence of frictions in the
labour market. Frictions typically arise from the existence in the labour market of some
inadequacy (in terms of information, geographical location, or qualifications) between
buyers (employers) and sellers (job seekers). In transition countries, where the structure
of the economy and the skills required to match with labour demand have significantly
changed through last 15 years, frictions are indeed important. The relevance of the
matching function approach for labour market analysis and policy evaluation in Central
and Eastern European countries has been supported by numerous studies employing
this methodology in transition context: Burda [1993], Boeri and Burda [1996], Profit
[1997], Burda and Profit [1996], Munich et al. [1999], Galuscak and Munich [2005] for
Czech and Slovak Republics, Puhani [1999] for Poland, Dmitrijeva and Hazans [2007]

for Latvia.
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The existing empirical literature, however, seldom goes beyond the basic matching func-
tion specification, despite the fact that the expanding literature has recently proposed a
number of extensions, allowing for a large variety of externalities, market imperfections

2. A likely reason why these wealth of

and particular forms of the matching process
theoretical tools have been under-utilized in the transition context is that data of rele-
vant quality have not been available to scholars. Thus, the simple matching function,
traditionally used for studies on transition economies, assumes the random matching
between the stocks of unemployed and vacant jobs. Meanwhile this standard matching
function may be misspecified: some recent developments by Coles and Smith [1998],
Gregg and Petrongolo [2005] and Coles and Petrongolo [2003] reveal the importance
of flow variables (inflows of new unemployed and jobs) in determining outflows from
unemployment. They show on U.K. data that the matching is realized between stocks
and flows, due to the existence of non-random patterns in the matching process. The
evidence from transition countries usually features very high vacancy turnover rates and
significant correlations between hires and new vacancies, hence giving rise to the ques-
tion on the true nature of the matching process. Can it be described by the standard
stock-stock matching function (used in the previous studies on transitional labour mar-
kets), or should a more detailed specification be called for? To answer this question and
to avoid the misspecification while performing the analysis of the aggregate efficiency
of the labour market, we will employ both stock-stock and stock-flow specifications of

the matching function.

Another misspecification of the matching process may come from the assumption that
regional labour markets, which in recent literature ar often considered as heterogenous,
are isolated. Meanwhile the evidence from European labour markets (see Burda and
Profit [1996], Burgess and Profit [2001], Ahtonen [2005]) shows that the interactions
between regions in terms of worker and job flows may be important. We address this

issue by allowing for spatial spillover effects in the process of worker-firm matching.

We estimate the matching functions using the data from Latvian and Slovenian regions,

2See Petrongolo and Pissarides [2001] for a detailed survey.
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as well as aggregated Estonian data. The estimation results allow performing the
diagnostics of labour market efficiency in terms of worker-firm matching, exploiting
regional and country differences, the dynamics and changes over time (we compare
pre to post EU enlargement periods), measuring the importance of spatial spillovers in
matching and also examining the sensibility of aggregate matching performance to the

changes in labor supply and labor demand.

The reminder of the chapter is organized as follows. Section 2.2 presents the stan-
dard matching function, gives more intuition on different types of matching (stock-flow
matching) and describes how spatial interactions between regions can be integrated
in the analysis of labour market efficiency (spatially augmented matching function).
Section 2.3 describes data and variables used in the analysis. Section 2.4 discusses
the estimation procedure, section 2.5 displays the results. Section 2.6 concludes and

provides policy suggestions.

2.2 The matching function

2.2.1 Standard matching function

In a labour market with search frictions (originating from information imperfections,
underdevelopment of insurance markets, low labour mobility, high individual hetero-
geneity, high qualification mismatch and other similar factors), both unemployed and
firms are involved in a costly and time consuming process of searching and finding the
appropriate match. This complex process can be summarized by a well-behaved match-
ing function, which acts like a production function for new hires and relates the outflows
from unemployment to employment (matches) M, in locality ¢ (region, district, mu-

nicipality)?® at period ¢ (week, month, quarter, year) to the numbers of unemployed job

3We alternate these notions further in the text when designing a geographically distinct areas within
a country. Such word manipulation should not introduce any source of confusion since in this chapter
we only use one level of regional disaggregation for each country.



2.2. THE MATCHING FUNCTION 23

seekers U; ; and available job vacancies V;; in the same location? and time.

When employing the simplest version of the matching function (i) one treats the pool
of unemployed and vacancies as homogenous, (7i) assumes that the beginning of month
stocks of unemployed and vacancies determine the outflows to employment, (7ii) consid-
ers regional markets as separated and (iv) supposes that firms and unemployed meet at
random. Denoting A;; a scale parameter, that captures different mismatch possibilities,
the simple matching function can be formalized as follows:

M = A;ymUiy, Vig), where my > 0,my >0 (2.1)

)

We specify the matching function by a Cobb-Douglas form?®.
My = A (Ui)* (Vig) (2.2)

After a logarithmic transformation of both sides, one obtains the regression equation,
where the mismatch parameter can be transformed in order to capture the efficiency
of matching over time (by including time fixed effects \;) ¢ and across regions (by
including region fixed effects p;), to include the effects of k various macroeconomic

factors and to allow for random variations in hiring:
InA;p = oo+ ps + N + ale&t +.o+ oszfot +eit
The resulting regression equation is the following:

In Miﬂg =ap+ayln U@t + ay In Vi,t + Oézlzil’t + ...+ OéZkZZ-k’t + u; + At + it (2.3)

4We introduce the presence of spatial inter-regional effects in section 2.2.3.

®Despite the absence of convincing micro-foundations for such functional form, it is widely used by
empirical research and has become ”standard” specification in the estimation of the matching function
(see Petrongolo and Pissarides [2001]).

5The details of how the time periods are controlled can be found in section 2.4, where the speci-
fications of estimated models are developed. Generally we include seasonal (quarterly) dummies and
annual trend.
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It can be rewritten in a more compact way as:
In M = ap+ Xirax + Zigaz + pi + M+ €ig (2.4)

Hence the vector X;; contains main explanatory variables of the matching function
Xit = [ In Uyt In Vi,t] and ax = | ay  ay/ contains the corresponding coefficients
to estimate. Similarly, the k-dimensional vector Z;; contains the variables used to
define the macroeconomic context Z; ; = | Zil’t Z;‘ft] and az = [ ay ... azl

contains the corresponding coefficients.

The parameters ap and ay can be interpreted as elasticities of matches (outflows
from unemployment to employment) with respect to the size of unemployment and
vacancy pools. Thus one percent increase in the number of unemployed, available for
matching in the beginning of the period would increase the number of matches (new
hires) realized during this period by ay percent. Using the definition of the elasticity,
ay = (OM/M)/(0U/U), it is possible - by multiplying the elasticity by (M/U) - to
define the marginal effect (OM/0U), that indicates the number of additional matches
produced if the stock of unemployed increases by one unity. The interpretation is

symmetrical with regard to the elasticity ay .

The estimated elasticities can also give a measure of the extent of externalities existing
in the matching process. In fact, ay measures the positive externality from searching
workers to firms and «y - the positive externality caused by firms on job seekers. By
contrast, (ay — 1) measures the negative externality (congestion) caused by the unem-
ployed on other unemployed persons and (ay — 1) the congestion caused by searching
firms on other firms. Higher elasticities imply thus less congestion and more positive

externalities (see Petrongolo and Pissarides [2001])".

"To see this point consider the average probability for the unemployed to find a job during a reference
time period (transition probability or hazard rate). This probability is given by hy = M/U. Similarly
the average probability of a vacancy to be filled in a reference period is hy = M/V. Using the Cobb-
Douglas form of the matching function it comes that hy = AUV "DV and hy = AUvV@v =1,
Therefore, wherever enlarging the pool of unemployed will rise the average job-finding probability is
defined by the sigh of dhy/OU and thus depends on (ay — 1). The effect of enlarged unemployment
pool on average vacancy transition rate Ohy /OU depends on ay.
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The empirical analysis of the matching function is quite similar to the one of the
production function and thus, wherever (ap + ay) exceeds, is less than, or equals
unity implies, respectively, increasing, decreasing or constant returns to scale. When
the returns to scale are constant, a proportional increase in inputs (unemployed and
vacancy number) augments the output (new hires) in the same proportion. But when

the returns to scale are decreasing, for example, output grows slower than input.

The diagnostics of the return to scale in the matching function is one of the central ques-
tions in the empirical analysis of worker-firm matching. On one hand, the homogeneity
(constancy of the returns to scale) ensures the existence of a unique equilibrium in a
model of equilibrium unemployment with endogenous search effort (see Petrongolo and
Pissarides [2001]), while increasing returns to scale make room for multiple equilibria.
On the other hand, the magnitude of the returns to scale allows to draw conclusions

on the aggregate efficiency of the matching process.

The empirically estimated matching functions often display constant or slightly de-
creasing returns to scale in developed countries. For example Burda and Wyplosz
[1994] report decreasing returns to scale for France, Germany, Spain and U.K., while
Pissarides [1986] and Layard et al. [1991] find constant returns for U.K. The results are
more diverse for transition countries and new EU member states. Instable and rapidly
changing macroeconomic context has certainly made its contribution - the results vary
across countries, but also across time: Burda [1993] finds decreasing returns to scale
in Czech Republic and Slovakia in time period from 1990 to 1992, while Munich et al.
[1999] show that for the period from 1979 to 1984 the returns to scale in matching are

rather increasing in this region.

2.2.2 Particular forms of the matching process: stock-flow matching

While the standard matching function, described above, is extensively used for labour
market diagnostics in various contexts, Coles and Smith [1998], followed by Gregg

and Petrongolo [2005] and Coles and Petrongolo [2003], suggest that a traditionally
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employed simple matching function, which treats matching process as random and de-
termines the outflow from unemployment by beginning of period stocks of unemployed
and vacancies, may be misspecified. Observing a very high vacancy turnover rate in
European labour markets (new vacancies are filled rapidly, within a reference period,
and do not appear in end - period stocks), the authors state and show on U.K. data that
not only stocks but also inflows of new vacancies and unemployed during the reference
period intensively participate in the matching process. Coles and Smith [1998], when
estimating a log-linear matching function, find that only the inflow of new vacancies,
but not the stock of vacancies, increases the job-finding rates for long-term unem-
ployed. Gregg and Petrongolo [2005] by estimating quasi-structural outflow equations
for unemployed and vacancies and allowing for higher exit rates of flows also provide

an empirical support to stock-flow matching.

Along with empirical evidence Coles and Smith [1998] also develop a theoretical model
which explains why trade in the labour market may result in matching between stocks
and flows. Basic intuition underlying this theoretical model is provided below, while a
more detailed exposition can be found in the original article by Coles and Smith [1998]

and in a matching function survey by Petrongolo and Pissarides [2001].

The key idea behind stock-flow matching relies on non-random patterns in unemployed
search. To understand why such patterns in search behavior will result in stock-flow
matching one should consider the unemployed who enters the unemployment pool. It
is assumed that upon his arrival at the marketplace the job seeker does not contact
employers at random (in contrast with traditional setting), but scans the bulk of adver-
tisements (journals, newspapers, TV, employment agencies and etc.) before deciding
where to apply. There are no frictions due to information imperfections, so unem-
ployed can locate at no cost all appropriate jobs and apply to them. Moreover, Coles
and Smith [1998] make a clear distinction between contact and stages in the hiring
process. They assume that the heterogeneity between jobs and unemployed implies a
positive probability that unemployed will not fit the requests of the employer. Thus

there are two possible outcomes for the unemployed that has contacted several employ-
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ers: (a) he may match with one of them or (b) he may remain unmatched. Let us

consider the implications of these outcomes:

(a) if the job seeker have been accepted by the employer, he will be hired and thus
outflow to employment. At the aggregate level, this job seeker is accounted in
unemployed flow (as we have assumed that he has just entered the unemployment
pool), while the job he has obtained has been accounted in vacancy stocks (as he
has consulted only available job proposals, i.e. already existing at the market, at
the moment of his arrival). Thus if the match is realized, it is a match between

the vacancy in stock and the job seeker in flow.

(b) if the unemployed remains unmatched it means that his match (the job he will fit
and that would suit him) does not exist in the market (recall that if job secker has
not been matched this is because he did not fit to any of selected employers, while
applications have been sent to all jobs that have been considered as appropriate).
Thus it is reasonable to suppose that the job seeker will wait for the inflow of
new job proposals and try to locate his “match” among them, ignoring the old
vacancies. In this case when the new vacancies will appear on the market, at
the beginning of the next period, the unemployed will be accounted in stocks
of unemployed and if he would find the appropriate job during this period, the

match will be realized between unemployed in stock and vacancy in flow.

Thus, when old vacancies would match with new unemployed or new vacancies would
match with old unemployed, at the aggregate level, we will observe stock-flow rather

than stock-stock matching.

If the economic agents adopt a selective search strategy the matching process is no
longer random. Gregg and Petrongolo [2005] and Coles and Petrongolo [2003] state
that a correctly specified matching function should include both beginning of month

stocks of unemployed and vacancies and their inflows during the month.

The stock-flow specification of the matching function has recently been employed by
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Dmitrijeva and Hazans [2007] on Latvian data and by Galuscak and Munich [2005] on
the data from Czech Republic. These studies show that in the context of a transition
economy the misspecification from omitting flow variables in the matching function
can be important and suggest a stock-flow matching function to be the only relevant
specification for describing a hiring process in these economies. However a stock flow
pattern in the matching may not result here from the differentiation between old versus
new vacancies by the unemployed, but from the dominant role of labour demand. In
transition economies labour demand is often low and the number of job vacancies is
smaller than the number of unemployed: the vacancies are thus filled very rapidly.
For example in Latvia, the size of the vacancy stock in the beginning of the month
is systematically smaller than the size of vacancy inflow during the month (see tables
2.6, 2.7). This suggests that most of vacancies are filled within one month and thus do
not appear in next month’s stock. Therefore the outflows from unemployment mainly
result from the matches realized between inflowing vacancies and previous period’s

unmatched unemployed (unemployed stock).

With regard to the estimation of the stock-flow version of the matching function, it is
suitable to retain a basic specification originally proposed by Coles and Smith [1998].

We use, as previously, a Cobb-Douglas form:
M= Ay (U{,gt)aSU (Uﬁe)aFU (Vii)asv (VZIE)QFV

Technically, we simply augment the traditional specification with variables describing
inflows of new unemployed and new opened job vacancies and estimate the following

log-linear relationship:

InM;y = ap + asy nUZ, + asy Vs + apy InUS + apy In Vi+ (2.5)

+alei1’t + ...+ oszZilft + i+ M ey

where agyy and agy are elasticities with respect to the size of the stocks U® and V7,
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while apy and apy measure the elasticities of outflows with respect to flow variables
UF and V¥. The function exposes constant returns to scale if (asy+asy+ary+ary)

equals unity.

The equation 2.5 can still be written as previously in a following compact form:
In M = ap+ Xiroax + Zigag + pi + M +€ig (2.6)

The vector X;; still englobe the main explanatory variables or the matching function,
but their number has now doubled (we include not only stocks but also inflows of
unemployed and vacancies): X;; = [ In Uft In Uft In VZSt In Vll“;] . The dimension
of the vector ay has also increased - it now contains four parameters to estimate o =
[ asy asy apy apy] - With this exception , all other components are equivalent

to those in equation 2.4.

Equations 2.3 and 2.5, corresponding to stock-stock and stock-flow versions of the
equation 2.6 - the empirical matching function - will be estimated on administrative
data from several new EU member states (Latvia, Estonia, Slovenia) and for several
time periods. The estimation results will allow performing the diagnostics of the labour
market functioning and monitoring its efficiency in terms of firm-unemployed matching
across different time periods and regions. We will address the particularities in the
matching process in former transition countries and discuss the stability of this process
through EU accession. We will also assess the sensibility of outflows from unemployment
to the changes in labour supply and labour demand. The results are displayed in section

2.5.

2.2.3 Spatially augmented matching function: regional spillovers

As previously discussed, an aggregate economy can rarely be considered as a single
market or a collection of homogenous micro-markets. When the process of job match-

ing is not homogenous across space, a common practice in empirical literature is to
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consider the aggregate labour market as a collection of spatially distinct and heteroge-
nous labour markets that can suffer from many frictions. A panel or cross section
of regions, municipalities, statistical or administrative units is therefore often used in

order to estimate the aggregate matching function 8.

Moreover, it is possible that the heterogenous micro-markets do not develop separately
but interact with each other. Economic conditions affecting one region may affect
the neighboring regions as well. Unemployed, that are searching for work are not
likely to restrict their search to one labour office district; they extend their search
to other districts as well. As both commuting and migration are possible outcomes
of the job search process of workers, spatial externalities are involved in the matching
process. Including a spatial dimension in the econometric analysis of matching function

is therefore a necessary step in the assessment of the process of worker-firm matching.

While job search across spatially distinct labour markets is brought in by a job search
models of migration (Hughes and McCormick [1994]), the individual decision to stay
or leave the home region is, however, completely ignored in the standard matching or
flow approach to labour market analysis (see Petrongolo and Pissarides [2001]). Burda
and Profit [1996] have pioneered in addressing this issue by developing a model of
non-sequential search over space and providing the empirical evidence of the relevance
of spatial interaction in job search for the Czech economy. Burgess and Profit [2001]
provide the evidence for existence of spatial externalities in job matching across travel-
to-work areas in the United Kingdom, while Petrongolo and Wasmer [1999] found
weak cross-regional spillovers for Britain and France. Recently, Lopez-Tamayo et al.
[2000] established the evidence for the relevance of the spatial dimension in matching
workers to vacant jobs for Spanish regions, while Fahr and Sunde [2006a] and Fahr
and Sunde [2006b] investigated spatial interactions in the matching process for West

German planning regions in the time period from 1980 to 1997.

When a standard matching model is extended in order to allow for spatial spillovers,

8See section 2.4 for more details.
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it can be referred to as a spatially augmented matching function. The key assumption
is that regional job matching does not only depend on local stocks (and inflows in
a stock-flow setting) of unemployed workers and job openings. Unemployed workers
from neighboring or other spatially distinct labour markets will compete with local job
searchers for vacant posts. Naturally, also local job seekers can apply for job vacancies

in neighboring areas. The spatially augmented matching function can be written:
In M;; = ap + Xipax + X0 + Zigaz + pi + M + €0y (2.7)

As previously, the vector X;; collects the main explanatory variables or the matching
function (stocks and flows of unemployed and vacancies), while the vector X ;¢ consists

of foreign versions of those variables and measures the spatial spillovers. Thus if
Xit=[1In Uft In Ulﬂ In Vlst In Vlf;]

then

Xi=[muz wuzf wvy v

External variables in X, are defined here as weighted averages of the corresponding
variable X;; observed over neighboring regions. Thus W being the spatial weights

matrix, X7, = W ® X;; or equivalently:

Ul*ts = ZN_l wi,jU»St and UZ-*f = Z 1waF

V;'Tts = Z] 1w”V and Vi = ZJ L wig Vi
We use a simple specification for weights w; ; = JZ-_ if regions ¢ and j are neighboring
and 0 otherwise. For each region i, J; is the number of contentent regions (we chose to
attribute the same weight to all neighbor). Two regions are considered neighboring if
they share a common border or if one of them is surrounded by the other, as it may
be the case when the administrative data distinguishes the cities and their surrounding

areas. Furthermore, we do not consider a region to be neighbor to itself.
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The magnitude of spatial spillovers

The magnitude of the effects of external variables may differ across regions. The asym-
metry in spatial spillovers may be related to the differences between local and foreign
unemployment rates. In fact, the job seekers tend to widen their search radius and
search more intensively in neighboring areas if local unemployment is high compar-
ing to the surrounding areas. Following Burgess and Profit [2001], the asymmetry in
spatial spillovers can be accounted for by using the unemployment rate ratio index
(URR), which is constructed as the ratio of local unemployment rate in the region
(as denominator) and a weighted average of the unemployment rates in neighboring
regions (as numerator). For a given region i, a high value of URR indicates that the
region ¢ is surrounded by municipalities where the unemployment is much higher than
local, while a low value of URR witnesses the opposite : the region i is surrounded
by a low unemployment area. The regions are then sorted according to URR and two
dummy variables are created: HR (high unemployment rate around) takes the value
of 1 for the regions in the top of the distribution (usually 10-15 %, we take 4 regions in
Latvia and 2 regions in Slovenia) and LR (low unemployment rate around) picks out
the regions from the bottom of the distribution (4 Latvian and 2 Slovenian regions).
When the basic spillover variables are multiplied by these dummies and included into
the model; we get:

In M; s = ao+ X pax + X[ + Xff{Ra}HR +XZtLRa}LR +Ziraz+pi+M+eir (2.8)

(2

Basic spillover is now decomposed in spillovers from high relative unemployment areas
(XZ{{R), low relative unemployment areas (X;tLR) and spillovers from the areas with

similar unemployment context (X},).

The magnitude of spillovers can also be related to the population density in the region
itself. In order to analyze such an asymmetry the basic spillover can be separated into
the spillovers to dense regions and spillovers to the rest of the regions. In this order

a dummy variable POP is constructed: it takes value one if the population density in
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the region ¢ is higher than the average in the country and 0 otherwise. The spillover
variables are multiplied by this indicator and included into the model. The estimated

matching function takes then the following form:

In M;; = ap + Xipax + X[ oy + X;fopaﬁgpop + Zigaz + pi + A+ €y (2.9)

The equations 2.7 - 2.9 can be rewritten in a more compact way as:
In M;, = ap + Xigax + Xjok + XY MY M 4 70y + i+ M+ 20 (210)

where vector X/, includes the basic spillover for the variables contained in the vector of

main explanatory variables X; ; and the vector collects the variables expressing

ka{lSYM
27

possible asymmetry of spillovers: XZ?S YM may be empty if the magnitude of the effects
is supposed invariant, X; ASYM — [ X HE - x=LE | if the effects are supposed to vary
with the unemployment context in neighboring areas, or X;fSYM = [XZf OP1 if these

rather depend on the local population density.

The equation 2.10 in different specifications (those are given in section 2.4) is estimated
on administrative data from two new EU member states (Latvia, Slovenia). The results

are displayed and discussed in section 2.5.

2.3 Data and Variables

Data used in this chapter originates from databases of State Employment Services of
three new EU member countries (State Employment Agency of Latvia (SEAL), Em-
ployment Service of Slovenia (ESS) and Estonian Labour Market Board (ELMB)?Y),
Central Statistical Bureau of Latvia and EUROSTAT. Latvian data covers 33 Latvian

administrative regions!® from January 1999 to July 2006 on monthly basis. Slovenian

9We would like to thank Grieta Tentere and Ilze Berzina from SEA, Viljem Spruk from ESS and
Aimi Kalvist from ELMB for cooperation in provision of necessary data.
ONUTS 4 level division
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data covers 12 regions corresponding to regional location of ESS offices'! for a period
from January 2000 to December 2006 on a monthly basis. Estonian data is geograph-
ically aggregated (it is only available for the whole country) and covers on a monthly

basis a period from January 2003 to December 2006'2.

The following variables are used in the analysis:

(i) the stock of unemployed U® which is given as the number of registered unem-
ployed at the beginning of the month; (ii) the flow of unemployed U which refers
to the number of individuals entering the registered unemployment pool during the
current month (new unemployed); (7ii) V*° the vacancy stocks at the beginning of
the month; (i) the vacancy flows V! given as the number of new job offers that have
been registered by National Public Employment Service (SEAL,ELMB, ESS) during
the month; (v) outflows or matches M measured by the number of registered unem-
ployed exiting to employment during a month; (vi) an additional labour demand
indicator Z which describes regional'® macroeconomic and labour market context. It
corresponds to the monthly growth in secondary employment - number of individuals
having not only principal but also secondary job!*. (vi) other regional indicators
including data on population density in regions, local unemployment rates and spatial

properties of the observation units.

More detailed description of variables, data coverage and sources is given in table 2.8 in
the appendix. The descriptive statistics on regional panel data and also on aggregate
data is summarized in tables 2.7 and 2.6. The maps indicating the geographical location
of Latvian and Slovenian regions are displayed by figures 2.4 and 2.5 in appendix. Let
us now clarify some points concerning definitions and patterns of certain variables as

well as relations between them.

"1n Slovenia regional division of ESS offices does not correspond exactly to the geographical sepa-
ration in statistical regions. However, it corresponds roughly to NUTS 3 level division.

12Time coverage for the data on secondary employment is shorter: until June 2006 for Latvia and
October 2006 for Estonia and Slovenia.

130r national, when regional data are not available.

141t is reasonable to suppose that macroeconomic context is more favorable, labour demand is higher
and access to employment to easier in the localities where high proportion of population is employed
at secondary job.
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2.3.1 Main components of the matching function: unemployed, va-

cancies and outflows to jobs

Unemployment data covers only registered job seekers (there is no information on non-
registered job seekers available on monthly basis). This may be thought as a serious
limitation of our analysis since empirical evidence from transition economies (see Boeri
[2001], Boeri and Terrell [2002], Hazans [2005]) reports high level of job-to-job transi-
tions and points out that employment pool in such countries is in large part sourced

by the flows of non-registered job-seekers and those out-of labour force.

This limitation, however, is unlikely to bias our results for several reasons. First, our de-
pendent variable (outflows from unemployment to employment) only concerns outflows
from the pool of registered unemployed. Second, in Latvia and Estonia, vacancy data
cover job announcements placed through Public Employment Service (SEAL in Latvia
and ELMB in Estonia) and thus in the first place available to registered unemployed.
For Slovenia the situation is slightly different: here all the employers are enforced by
law to register all free jobs at the Employment Service of Slovenia. Therefore data

cover all job vacancies in Slovenial®.

Another issue related is the adequacy between unemployed and vacancy data concerns
the qualification structure of the matching pools. For example in Latvia, the share of
registered unemployed with manual occupation is above 80 percent. On the other hand,
vacancies posted through State Employment Agency usually refer to low-qualification
jobs: 83 percent of reported vacancies concern manual jobs in Latvia (see Dmitrijeva
and Hazans [2007]). From this perspective, the matching function estimated in this
study refers to a segment of the labour market which to large extent excludes high

skilled blue collar occupations.

5However, ESS has several publication procedure types to distinguish across job vacancy types. For
example only job vacancies for which employer desires a public announcement are available to general
public. Employers can also indicate whether the cooperation with ESS is wanted in order to fill the
vacancy (the share is such vacancies is about 1/3 of all job vacancies).
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Figure 2.1: Mean outflow rate in Latvia (by region), Slovenia (by region) and Estonia
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Source: Author’s calculations based on data series from State Employment Agency of Latvia, Estonian
Labour Market Board and Employment Service of Slovenia. Reported rates are averages of transition
rates over available time period (see table 2.8).

Concerning the outflows from unemployment or matches, here (and in what follows) we

mean by outflow the reported outflows to jobs from the pool of registered unemployed!©.

Data reveal that outflow rates - ratio of the number of registered unemployed finding
jobs during a month to the beginning of month number of registered unemployed - were

comparable across three analyzed countries: on average 3 percent in Latvia, 5 percent

61t is possible that some outflows to jobs may not be reported to the Public Employment Service
by the ex-unemployed. While we do not have a reliable estimate of the scope of the problem (under-
reporting) in Estonia and Slovenia, in Latvia the problem has been fixed in 2003 by using information
from tax authorities. There is evidence that less than 25% of outflows to jobs in Latvia were not
reported. Plausibly, the rate of under-reporting was of the similar order in other countries and did not
vary significantly across districts and time periods, and hence we believe this problem does not cause
bias in our results.



2.3. DATA AND VARIABLES 37

in Slovenia and 6 percent in Estonia. The figure 2.1 displays mean transition rates for
each of the 33 regions of Latvia, for 12 regions of Slovenia and for Estonia (as a whole

country).

In Latvia the highest rate of outflows from unemployment to employment is observed
in the capital city Riga, in Saldus and Valkas districts, with 5 to 6 percent of registered
unemployed finding a job every month. As above mentioned, Estonia witnesses a 6
percent outflow rate while in Slovenia, Kranj, Ptuj, Nova Gorika , Koper and Velenje
regional offices of ESS top the distribution of transitions from unemployment to jobs

with 5 to 6 percent rates!'”.

The regions with the weakest performance in terms of
outflows to jobs are Ludzas Rezeknes and Daugavpils - three Latvian districts where
outflow rates do not exceed 2 percent for the period from 1:1999 to 07:2006. By
contrast in Slovenia, even in the worst performing areas (Maribor, Triborvje, Celje

regional offices of ESS) the mean outflow rate still exceeds 4 percent.

Figure 2.2 shows the aggregate dynamics of matches, unemployed and vacancy stocks
and flows in Latvia, Estonia and Slovenia. Outflows from unemployment (matches,
new hires) seem to be quite sensitive to the movements in vacancy inflows in Latvia

and to the movements in the inflow of new unemployed in Slovenia.

More intuition on the role of flow variables can be derived from table 4'8, which shows

the turnover rates and correlations between different variables.

"The distribution is certainly smoother across Slovenian regions, comparing to Latvia. It should,
however, be noted that the degree of spatial disaggregation of Latvian data is higher (NUTS 4 for
Latvia, and NUTS 3 for Slovenia).

18The correlations, displayed in Table 2.1 are calculated on the variables transformed in order to
remove heterogeneity in regional labour market size and to account for seasonal and trend effects in
variables. For Latvia and Slovenia the transformations are performed as follows. For each variable Xj .

the corresponding transformed variable AX i,; is constructed as follows: )?i,t = X/ Uft is variable
divided by region specific beginning of month stock of unemployed; )?” is annual mean of )?i,t for
every year j within each region i; X, is the average of annual means )A('” within each region %; and

AX i = X i — X i is the deviation of region specific annual averages from the X i. For Estonia only
national aggregated data is available. Therefore the correlations are calculated on the variables purified
for for seasonal and trend effects.
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Figure 2.2: The dynamics of unemployment, vacancies and outflows to employment
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Source: State Employment Agency of Latvia, Estonian Labour Market Board and Employment
Service of Slovenia. Data seasonally adjusted (X11).

In Latvia and Estonia, the correlation between matches and vacancy inflow is higher
than the one with vacancy stock. The correlation between the outflow to employment
and the inflow of new unemployed is high in Latvia, but low and statistically insignif-
icant in Estonia. In Slovenia, by contrast, both monthly inflow of unemployed and

inflow of new vacancies are correlated to the outflow from unemployment to jobs.
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The observed unemployed turnover rate (ratio of the inflow to the stock) is 0.09 in
Latvia, 0.13 in Estonia and 0.08 in Slovenia. Monthly inflows into unemployment in
Latvia, Estonia and Slovenia are actually important, but small relative to extremely
high stock of unemployed'®. In contrast, vacancy turnover rates are much higher:
aggregate vacancy turnover rate is 0.44 in Estonia and 1.29 in Latvia (while the rate
calculated on Latvian regional units exceeds 5)2°. This suggests that vacancies are
filled very rapidly in Latvia and Estonia, and especially in some of Latvian regions. The
above statement, reinforced by reported correlations between outflows to jobs and other
variables, confirms the importance of inflow variables (new vacancies, new unemployed)

in the process of demand-supply matching in the labour market, approving its relevance

for our analysis.

Table 2.1: Correlations and turnover rates

Latvia Estonia Slovenia
Correlations of number of matches (M) with :
Inflow of unemployed (U™ 0.46%%* 0.19 0.59%#*
Inflow of vacancies (V) 0.59%** 0.89%** 0.827%**
Stock of vacancies (V) 0.477%%* 0.76** -
Mean values of:
Vacancy monthly turnover rate (VI /V°) 5.69 (1.29) (0.44) -
Unemployed monthly turnover rate (U /U%)  0.09 (0.09) (0.13) 0.08 (0.08)
Monthly hiring rate (M/U¥) 0.03 (0.04) (0.06) 0.05 (0.05)

Source: Calculations based on data from Latvian State Employment Agency, Estonian Labour
Market Board and Employment Service of Slovenia. Notes: (1) Correlations are calculated on
the variables transformed in order to remove heterogeneity in regional labour market size as well
as for seasonal and trend effects in variables (see footnote below). (2) Calculations are made
on monthly data for the time periods covered with data (see table 2.8). (3) Reported turnover
rates are time averages of monthly rates (the length of available time period for each country
is specified in table 2.8). (4) Reported turnover rates are averages of regional rates, while the
rates calculated from aggregated data are reported in parentheses. (5) *** ** * _ correlations
significantly different from zero at 1,5,10 percent level respectively.

9This is due to high frequency of inflow data. Annual inflow into unemployment is indeed higher:
in year 2004, for example, both the stock of registered unemployed and yearly inflow were of the same
scale in three countries : about 6-7 percent of the population aged 15 to 64 years in Latvia, from 4 to
6 percent in Estonia and 7 percent in Slovenia.

20Tt is not possible to calculate the vacancy turnover rate for Slovenia since the data on vacancy
stocks is not produced by ESS, it only produces data on vacancy inflow.
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2.4 Estimation procedure

2.4.1 Estimated models

Let us first recall the relationships that we estimate in this study. In order to monitor
the main patterns and efficiency of the labour market in terms of worker-firm matching
in three new EU member states, we estimate the matching function given by equation
2.6. The developments on the stock-flow matching and the evidence supplied by de-
scriptive statistics raise the question of the relevance of the standard matching function
in the case of transition-accession economies. We address this issue by estimating the
equation 2.6 in both stock-stock and stock-flow settings. As mentioned above the dif-
ference lies in the specification of the main explanatory variables when estimating the
matching function (either only unemployed and vacancy stocks on RHS or both stocks

and inflows of unemployed and vacancies on RHS).

Estimated model 1: Standard matching function

In Mi,t =g+ XZ'JOéX + Zi,taZ + wi + )\t + Eit

for stock-stock Xi+ =[ InU;; InV;: | and for stock-flow X;; = [ In Uft In Uft In Vii In Viﬁ ]

Finally, we allow for interactions between the regions and estimate a spatially aug-

mented matching function, corresponding to the equation 2.10 in section 2.2.3.

Estimated model 2: Spatially augmented stock-flow matching function

In My = ap + Xirax + X ok + XszYMO&ASYM + Zitaz + pi + M+ egig

for context based asymmetry XYM = [ xrHR  x*LR ] for density based X;1°" M = [X;79F)
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2.4.2 Estimation procedure and related issues

When estimating the matching function from the data, several issues are to be controlled
for in order to avoid possible bias, which may be related to data contents and structure
(aggregation bias), to (mis)specification of estimated models or to built-in endogeneity

in the matching function.

Since Pissarides [1986], early studies on empirical matching functions were realized on
aggregate time series data (Layard et al. [1991] on British data, Blanchard and Dia-
mond [1989] on US data, Burda and Wyplosz [1994] on French, German, Spanish and
U.K. data). This is due to the fact that equilibrium unemployment theory (delivering
the matching function as its central element) aims at describing the macroeconomic
behavior of unemployment. In addition, it is easier to collect the aggregate (national)
data on hirings, unemployment and vacancies. However, such spatial aggregation is
only possible under the assumption that search frictions are homogeneous across the
observation units (regions, municipalities, TTWA 2!, for instance.) and therefore may
impose strong and presumably counter-factual assumptions on the form of the match-
ing function. Coles and Smith [1996] cross-sectional analysis on England and Wales has
revealed the importance of demographic factors in estimating the matching function
and cautioned researchers for the existence of regional heterogeneity, which was entirely
neglected by the studies on the aggregate time series data. The necessity to control for
spatial heterogeneities (both observable and unobservable) across observation units and
to correct possible aggregation bias, along with the substantial difficulty with making
inferences from the aggregate time series, has led many authors to shift their focus from
aggregate to geographically disaggregate data (panels or cross sections). Anderson and
Burgess [2000] estimate the matching function for four US states and 20 industries;
Burgess and Profit [2001] for 303 TTWA in U.K.; Burda and Profit [1996] and Boeri
and Burda [1996] for 76 districts of Czech Republic. The main parameters estimated

in the matching function are the elasticities of new hires with respect to unemployment

2ITTW stands for Travel To Work Areas.
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and vacancy pools. Those being affected by potential bias, the results from estimations
conducted on aggregate time series and the ones proceeded on panel data may diverge

with respect to the returns to scale in the estimated matching function.

While using cross section time series data (CSTS) for the estimation of the matching
function considerably reduces the possibility for spatial aggregation bias, it also enriches
the study with analysis opportunities: allows exploring spatial and time variations in
the matching. Nonetheless, using cross sectional time series data also requires an ap-
propriate estimation technique. CSTS typically exhibit non-spherical error structure,
which does not conform to OLS assumptions: there are high chances for the residuals to
be group-wise heteroscedastic, contemporaneously and serially correlated. Two meth-
ods can be used to bring necessary corrections: Parks-Kmenta method and Beck-Katz
PCSE method. Parks-Kmenta method performs the estimation by Generalised Least
Squares (GLS) and consists in applying two sequential transformations on the estimated
model. The first transformation removes the serial correlation, while second corrects
simultaneously for contemporaneous correlation and heteroscedasticity (see Beck and
Katz [1995]). Parks-Kmenta method has been revised by Beck and Katz [1995, 1996].
They confirm that GLS have optimal properties for CSTS data, but remark that GLS
can only be used when the variance-covariance matrix of errors is known. Otherwise
it should be estimated from the sample implying the use of Feasible Generalised Least
squares (FGLS) instead of GLS. Beck and Katz [1995, 1996] claim that although FGLS
uses the estimate of the error process (thus giving consistent and efficient coefficient
estimates), the FGLS formula for standard errors assumes variance-covariance matrix
of the errors to be known (and not estimated). As a result the application of FGLS
leads to downwards biased standard errors. Beck and Katz [1995, 1996] propose a less
complex method, retaining OLS parameter estimates (consistent but inefficient) and
replace OLS standard errors by panel-corrected standard errors (PCSE). In this study

the estimations based on both Parks-Kmenta and Beck-Katz methods are reported.

Another source of bias in the estimated coefficients of the matching function may be

related to temporal aggregation problem which arises when discrete time data are used
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to describe continuous time processes. Indeed, the matching function describes the pro-
cess that takes place continuously in spatially distinct locations (regions, municipalities,
TTWA), while discrete data for observation units are used to estimate the matching
function. Therefore flow variables (outflows from unemployment to employment, va-
cancy outflow from posted to filled) are estimated as functions of stock conditioning
variables (stock of unemployed, vacancies), which changes during the reference time
period. In addition, the dependent variable itself is mismeasured, since, for example,
the outflow from unemployment englobe the outflows from the stock of unemployed and
the outflow from the inflow into unemployment. For the time period, even as short as
as quarter this can lead to the outflow greater than the initial stock. One of the possible
solutions includes inflow variables on the RHS of the estimated matching function (as
a fraction of inflow added to the stock variables or as a part of a stock-flow matching
mechanism). Another solution to the temporal aggregation problem is purely mechan-
ical and consists in using as high disaggregate data as possible (high frequency data).
Benett et al. [1994] show that the size of the temporal aggregation bias in the estimated
matching elasticity is a linear function of the measurement interval and the bias is not
important when the frequency of the data is monthly or higher. Taking into account
the above issues, the data used for this study is the highest available highly disaggre-
gated in both spatial and time dimensions (monthly time series from regional units are

used), and we use the estimation techniques appropriate for such data structure.

Turning to other estimation issues, a common, but rarely highlighted in the related
literature, problem in empirical estimation of the matching function concerns possible
built-in endogeneity of explanatory variables. In fact, current and past outflows to
employment (matches) predetermine the stocks of unemployed and vacancies in the
beginning of the next period. In this case the assumption of the strict exogeneity of
regressors (conditional on the unobserved effect), does not hold. Meanwhile, matches
partially determine both current period’s errors and next period’s stocks of unemployed
and vacancies. Therefore errors are correlated only with future (but not current and

past) values of regressors, which imply that a weaker assumption on sequential ex-
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ogeneity of explanatory variables (conditional on unobserved effect) is still verified.
Following Wooldridge [2002], when the times series process is appropriately stable and
weakly dependent, it is possible to show that the inconsistency of using fixed effects is
of order 1/T under sequential exogeneity assumption. Thus, when T is large (which is
our case), the bias in fixed effect estimator is likely very small. Moreover, it can also
be shown under the same conditions, that for 1" > 2, fixed effect estimator can have
less bias than a first difference estimator, as N — oo (see Wooldridge [2002], p.302).
We therefore prefer fixed effects over first difference methods, in the estimation of the
matching function. Meanwhile, it seems that the size of the endogeneity problem is
minimal in application to our case. The descriptive statistics exercise on sample data
shows that the stock of unemployed Uft 1 has weaker correlation with current matches
M;; than with its’ other components (current inflows, outflows other that matches)
and the contribution of M;; to U; 41 relative to other contributing variables is also

weak.

The last point concerns the specification of the model. When important explanatory
variables or interactions are omitted in the specification the results are naturally biased.
To correctly specify the matching process, we estimate both stock-stock and stock-flow
matching models. We control for heterogeneity in observation units by including in
all estimated models regional fixed effects, annual time trend and seasonal (quarterly)
dummy variables. Region fixed effects capture unobserved region-specific factors, re-
move average region effect and focus the model on within region variation over time.
Time trend and seasonal dummies capture the effect of macroeconomic factors, remove
seasonality, and purify the between (inter-regional) component of variation from time
specific effects. In order to incorporate the macroeconomic and labour market con-
text, we use the additional indicator for labour demand, expressed as the growth in

secondary employment.

Eventually we allow for interactions between spatially separated units by adding spatial

spillovers in matching.
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Let us now turn to the detailed description of estimated specifications.

Stock-stock and stock-flow matching functions:

e Specification [I]: We first estimate the specification, which includes main ex-
planatory variables (stocks and flows of unemployed and vacancies), region dum-
mies (for Latvia 33 regions, reference region - Riga city; for Latvia pooled with
Estonia -34 regions, omitted region - Riga city; for Slovenia 12 regions, omitted
region is Celje(Savinjska)), time dummies (quarters, omitted first quarter) and

time trend (year).

e Specification [II]: baseline specification [I] augmented by the use of the ad-
ditional labour demand indicator. This indicator is expressed as the growth in
secondary employment. For Latvia and Latvia pooled with Estonia, the indicator
varies across regions and time (giving the changes in local labour demand), while

for Slovenia data is aggregate and the indicator varies only across time.

e Specification [ITI]: is only estimated for Latvia. To make sure the results are not
affected by influential observations related to capital city Riga - where unemployed
stock values are a lot higher than elsewhere - we run a previous specification
([I1]), but exclude Riga city from the sample (in this case Riga district is used as

a reference).

e Specification [VI]: is only estimated for Latvia. We use the time dimension of
the data in order to learn whether the changes in employment legislation have
affected matching efficiency in Latvia. In 1999-2003 several major changes, which
could have influenced labour supply (or search effort of unemployed) and labour
demand, have occurred. These regard the level of unemployment benefit and the
amount of legal minimum wage. The average level of unemployment benefit has
dropped by 15 percent in August 2000 (when benefit amount calculation rules

became harsher) and has raised by 15 percentage oints in February 2003 (when
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the ceiling on benefit amount was removed). The specification [VI] shows the
effect of changes in the unemployment benefit amount. It adds to the baseline
specification [II] two step dummy variables: one for the period after August 1st,

2000 and another for the period after February 1st 2003.

e Specification [V]: is only estimated for Latvia. Shows the effect of changes in
the minimum wage amount in Latvia. This amount was raised by 20 percent in
July 2001 and by 17 percent in January 2003, by 14 percent in January 2004, by
13 percent in January 2006. We add to specification [II] step dummy variables for
the above changes: first for the period after July 1st 2001, second for the period
after January 1st 2003, third for the period after January 1st 2004 and then the
fourth for the period after January 1st 2006.

For Latvia the specifications [I] - [V] are estimated both by GLS and PCSE, for both
stock-stock and stock-flow models and for three time periods: overall time period 1:1999
to 07:2006, time period prior the EU accession 1:1999 to 04:2004, time period after the
EU enlargement 05:2004 - 07:2006. This gives the total of 60 regressions, the results of

which are reported in tables 2.9 -2.14 (see appendix).

For Latvia pooled with Estonia, we estimate the specifications [I] and [II] by GLS and
PCSE for both stock-stock and stock-flow models and for three time periods (overall
time period 1:2003 to 07:2006, time period prior the EU accession 1:2003 to 04:2004,
time period after the EU enlargement 05:2004 - 07:2006). This gives the total of 24

regressions, the results being reported in tables 2.15 -2.16.

For Slovenia, we estimate the specifications [I] and [II] by GLS and PCSE for a semi
stock-flow models 22 and for three time periods (overall time period 1:2000 to 12:2006,
time period prior the EU accession 1:2000 to 04:2004, time period after the EU en-
largement 05:2004 - 12:2006). This gives the total of 12 regressions, the results being
reported in table 2.17.

22The model estimated for Slovenia, due to data availability problems, lies in between the stock-stock
and stock-flow models: it includes unemployed stocks and flows and only vacancy flows. Therefore it
will be referred to as a semi stock-flow model.
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The main results are compared in a synthetic result tables 2.2, 2.3 and 2.4.

Spatially augmented matching functions:

e Specification [VI]: The specification, without spillover effects but showing the
differences in matching efficiency in the areas bordering with other countries. For
Latvia 4 regions groups are distinguished, those on the border with Estonia (4
regions), with Russia (3 regions), with Byelorussia (3 regions), with Lithuania
(8 regions). The grouping will be maintained in all other spatial specifications.
For Slovenia 3 groups of regions are distinguished: those bordering with Italy (3
regions), with Croatia (7 regions) and with Austria (4 regions). The bordering
with Hungary is not considered as it only concerns 1 region. The grouping is not
maintained in other specifications: almost all regions of Slovenia are bordering
with some country, thus grouping is not being informative. Apart from grouping
the regions according to their location, this specification is idem to specification

[IT] above.

e Specification [VII]: The specification including spillover effects from neighbor-

ing regions.

e Specification [VIII]: The specification including spillover effects from neigh-
boring regions, and decomposing the overall spillover in the spillover from high
unemployment ratio areas, from low unemployment ratio areas and from the areas

with similar unemployment context.

e Specification [IX]: The specification including spillover effects from neighboring
regions, and decomposing the overall spillover in spillover to high density and

normal density areas.

For Latvia the specifications [VI] - [IX] are estimated by both GLS and PCSE, for a
stock-flow models, for three time periods (total, prior the EU accession and after the
EU enlargement). This gives the total of 24 regressions, the results being reported in

tables 2.18 -2.20.
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For Slovenia, we estimate the specifications [VI] - [IX] by GLS and PCSE for a semi
stock-flow model and for three time periods (total, before and after the EU accession).

This gives the total of 24 regressions, the results being reported in tables 2.21 -2.21.

The main results are compared in a synthetic result table 2.5%3.

2.5 Estimation results

We can now turn to the discussion of the estimation results. As above mentioned,
we estimate the matching function in three settings representing stock-stock matching
function, stock-flow matching function and a spatially augmented stock-flow matching

functions.

While all estimation results can be found in annex tables, we provide a summary of

regression results in tables 2.2, 2.3 and 2.4 below 4.

Table 2.2: Estimation results: stock-stock matching function.

Latvia Latvia pooled with Estonia
Period : Total Before EU After EU Total Before EU After EU
Dep.var: In Matches GLS GLS GLS GLS GLS GLS
(outflows from registered [I1] [11] [11] [11] [I1] [I1]
unemployment to employment)
In unemployed (stock) 0.737TF** 0.948%F% 1.026F%* 0.686%F* 0.878FF* 0.927FF*
[0.066] [0.078] [0.189] [0.090] [0.186] [0.154]
In vacancies (stock) 0.029%%%* 0.003 0.025%%* 0.014 0.017 0.023%
[0.007] [0.009] [0.012] [0.010] [0.016] [0.012]
Indicator for 0.79T*** 0.886%F* -0.014 0.723%%%* 1.129%%* 0.108
local labour demand [0.069] [0.071] [0.326] [0.152] [0.162] [0.306]
Time trend (annual) 0.032%F* 0.012%%* 0.169%F* 0.112%%% 0.145%F% 0.162%F%
[0.004] [0.005] [0.028] [0.011] [0.023] [0.026]
Constant -64.871FF% -27.481%% -342.7TT3%** -224.9 -292.9 -327.8
[8.604] [11.122] [56.924] [21.744] [46.226] [53.468]
Regional dummies (test) 1504FFF 1192%F¥ 1294%F¥ 1504%F* T11TFF* 1374FF*
Quarterly dummies (test) 102%** 4HHx G4H* QTHH* 66+ ** B7HH*
Returns to scale 0.77 0.95 1.05 0.70 0.90 0.95
Constant returns to scale, test 11.96%** 0.39 0.07 11k** 0.32 0.11
Observations 2738 1954 784 1304 493 811
Regions 33 33 33 34 34 34

Generally, the absence of region and time specific effects is always rejected. All reported
tests indicate the presence of serial correlation and groupwise heteroscedasticity in

disturbances, both in traditional stock-stock and stock-flow matching functions for all

23 As previously we report here the results of estimation of the preferred specification (VIIT).
2470 synthesize, we display here only the results of estimations for a preferred specification (specifi-
cation [I1]).
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countries, while the autocorrelation in Slovenian data seems to be much weaker that in

the data concerning the Baltic states.

Table 2.3: Estimation results: stock-flow matching function.

Latvia Latvia pooled with Estonia
Period : Total Before EU After EU Total Before EU After EU
Dep.var: In Matches GLS GLS GLS GLS GLS GLS
(outflows from registered [I1) [11] [11] [I1) [11] [11]
unemployment to employment)
In unemployed (stock) 0.681FF* 0.94T7F¥* 0.926%F% 0.587F** 0.802%F% 0.821%F%
[0.062] [0.074] [0.180] [0.089] [0.177] [0.142]
In unemployed (flow) 0.047% 0.037 0.049 0.142%%% 0.223%%%¥ 0.04
[0.029] [0.033] [0.054] [0.040] [0.055] [0.050]
In vacancies (stock) 0.030%** 0.002 0.037*** 0.021%%¥ 0.01 0.035%%%¥
[0.007] [0.008] [0.012] [0.010] [0.015] [0.012]
In vacancies (flow) 0.203%F%* 0.206%F* 0.198%F% 0.195%F* 0.236%F% 0.206%F*
[0.011] [0.013] [0.020] [0.016] [0.026] [0.020]
Indicator for 0.7T49%** 0.825%%% -0.152 0.598%F*% 0.869%F* 0
local labour demand [0.066] [0.067] [0.298] [0.147] [0.156] [0.279]
Time trend (annual) 0.017*** 0.009% 0.130%%%* 0.087*** 0.093%%* 0.118%%%¥
[0.004] [0.005] [0.027] [0.011] [0.023] [0.025]
Constant -36 -22.2 -264.3 -176 -190 -240
[8.098] [10.414] [55.648] [21.779] [44.882] [50.911]
Regional dummies (test) TE2FFF TA5FFF 632FFF TI3¥FF 509%FFF 694FFF
Quarterly dummies (test) TH*AK THEHH 43%* 68*** S1HH* 4%
Returns to scale 0.96 1.19 1.21 0.95 1.27 1.10
Constant returns to scale, test 0.33 5.92%%* 1.1 0.32 2.1 0.42
Observations 2737 1953 784 1304 493 811
Regions 32 32 32 34 34 34

Considering the main components of the matching function, the estimation results show

that in Latvia and Estonia the outflows from unemployment are driven by matches

between the stock of unemployed and the inflow of new vacancies. These variables

have positive and statistically significant impact on the number of matches, while the

estimated effect of the vacancy stock is statistically insignificant in most specifications

and the effect of the inflow of unemployed is relatively weak. Also in Slovenia the

Table 2.4: Estimation results: semi stock-flow matching function.

Slovenia
Period : Total Before EU After EU
Dep.var: In Matches GLS GLS GLS
(outflows from registered [11] [11] [I1]
unemployment to employment)
In unemployed (stock) : 0.581%F% 0.661%F% 0.929%F%
[0.095] [0.152] [0.217]
In unemployed (flow): 0.234%F% 0.237F¥* 0.238%F%
[0.031] [0.043] [0.044]
In vacancies (flow): 0.595%%* 0.688%** 0.399%%*
[0.037] [0.060] [0.061]
Indicator for 0.278%% 0.131 1.230%%*
labour demand [0.111] [0.129] [0.244]
Time trend (annual) -0.033%%% -0.037F%* 0.021
[0.005] [0.008] [0.017]
Constant 61.08%%* 67.28%FF -49.76
[10.804] [17.141] [34.974]
Regional dummies (test) 246FFF 148%F* TRFFF
Quarterly dummies (test) 154%** 109*** 50***
Returns to scale 1.41 1.59 1.57
Constant returns to scale, test 15%%* 13%%* 6**
Observations 972 612 360
Regions 12 12 12
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matching process is better described by a stock- flow matching function, rather than
by a traditional stock-stock one. The stock of unemployed and the inflow of vacancies
very intensively participate in match creation, but, in contrast with the Baltic states,
also the inflow of unemployed plays an important role in explaining the outflows from

unemployment.
The efficiency of the matching process

The aggregate efficiency of the matching process can be analyzed by considering the

returns to scale of the estimated matching function.

Generally, constant returns to scale can not be rejected when examining the non-
augmented matching functions on Latvian data and the pooled data from Latvia and
Estonia. However, the returns to scale are higher when employing a stock -flow version
of the matching function. By contrast, in Slovenia, the returns to scale in the matching

function are rather increasing.

The degree of homogeneity of the matching function (expressing returns to scale) is
slightly increasing over time in Latvia: comparing to the earlier period of time, returns
to scale are higher after Latvia’s accession to the EU. When the matching function is
estimated on pooled Latvian-Estonian data or on Slovenian data the returns to scale

are decreasing over time.

Regarding the effect of the changes in employment legislation, which have been eval-
uated for Latvia, the results suggest a negative relationship between the generosity of
labour market institutions and the performance of the economy in terms of matching.
Higher unemployment benefits reduce search intensity (effort) of the unemployed, while
higher minimum wage reduce the pool of available jobs. The effect on the number of

outflows from unemployment is therefore negative.
Labour supply and labour demand

The role of labour supply (demand) in creation of new matches in the labour market can

be analyzed by considering the elasticity of outflows from unemployment to employment
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with respect to unemployed (vacancy) stocks and inflows. We will use the results of the
estimation for the stock-flow matching function for Latvia (table 2.3, columns 2 and 3)

and semi stock-flow matching function for Slovenia (table 2.4, columns 2 and 3).

Consider first the results for Latvia in the period before EU enlargement (estimation
period from 1:1999 to 04:2004). Generally the elasticity of outflows with respect to
the size of unemployed pool (stock) varies around 0.95 across various specifications
(table 2.13). The estimation results of a preferred specification (II) (table 2.3, 3rd
column) show that one percent increase in unemployed stock, raises the outflow from
unemployment by 0.947 percent. In the period from 1:1999 to 4:2004 the average
number of unemployed in Latvia (see table 2.6) was 98.8 thousand people: one percent
increase in unemployed stock is equivalent to adding 988 extra persons to the number
of unemployed. Similarly, the number of outflows from unemployment was 3303 on
average and a 0.947 percent increase is equivalent to 31 extra matches per month. One
new match can thus be created in the labour market if the number of unemployed

increases by 988/31=32 persons (on average by 1 in each of Latvian regions).

The elasticity of outflows with respect to the inflow of unemployed is relatively weak
(around 0.05) and often statistically insignificant, suggesting that Latvian unemployed

are rarely re-employed within the first month after their registration with SEAL.

We now consider the role of job vacancies in creation of new matches in Latvia. The
elasticity of outflows with respect to the stock of vacancies varies around 0.03 (table
2.13) and is equal to 0.002 in the above considered specification (table 2.3, 2nd column).
Increasing the vacancy stock by 1 percent, 30 additional vacancies (see table 2.6), will
result in a 0.002 percent increase in monthly outflow from unemployment, equivalent
to 0.07 new matches. Weak elasticity of vacancy stock is closely related to a very high
vacancy rotation in Latvian labour market: the majority of inflowing vacancies are
filled within a month and remaining vacancies are in most part unsuitable for matching

(due to their low quality or narrow specialization).

On the contrary, the elasticity of hiring with respect to new (inflowing) vacancies is
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always statistically significant and varies around 0.2. Using the above specification
(table 2.3, 3rd column), it can be concluded that if the number of new job vacancies
increases by 42 (1 percent), the number of new matches will increase by 7 (0.206
percent). Thus for creating one new match the number of new job offers should be
increased by 6: outflows are quite sensitive to the changes in the number of new job

offers (inflows)??.

Summing up the characteristics of the matching process in the period before EU en-
largement in Latvia: 6 additional new vacancies (inflowing) are equivalent, in terms
of match creation, to 32 additional unemployed in stock. One new vacancy is thus
equivalent to 5 unemployed. We can conclude that generally, in that period the role of
labour demand in creating new matches has been much more important than the role

of labour supply.

The dynamics of the role of labour supply and labour demand in the matching process
can be analyzed by comparing the estimation results for two time periods: before and
after the May 1st 2004. While even after the EU enlargement labour demand still
dominates labour supply in Latvian labour market, the results feature the development
of a new trend: after Latvia’s accession to the EU the role of labour demand in the
matching process becomes weaker, but the role of labour supply increases (partially
due to high migratory outflows of Latvian workers to other EU member states, see

Rutkaste [2006]).

After the 1st May 2004 the effect of new vacancies on match creation decreases (staying
though statistically significant), while the vacancy stock variable, that previously did
not have any explanatory power, becomes statistically significant. The elasticity of the
outflow with respect to the inflow of new unemployed increases suggesting that the

matching process is becoming more and more sensitive to the changes in labour supply.

25Tt might be thought that the results contrast the statistics on very high vacancy turnover rates
in Latvia. Some precisions should be brought in this respect: our results only refer to the matches
between new vacancies and registered unemployed, while total vacancy outflows (appearing in turnover
data) are likely to be sourced by the matches with employed, unregistered job seekers or with those
from out-of-labour force.
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Replicating the previous calculations it can be shown that in the period from 5:2004
to 7:2006 one new (inflowing) vacancy was worth three unemployed (in terms of match

creation).

The indicator for local labour demand has in general a positive and significant effect
on the outflows from unemployment, but in the period after Latvia’s accession to the
EU this factor looses its statistical significance. This suggests that more job vacancies
are now placed through SEAL and the role of registered vacancies in determining the
outflow to employment from the pool of registered unemployed also becomes more

important.

When Estonia is included into the estimation sample the results stay qualitatively the
same: main components of the matching function are stock of unemployed and inflow
of new vacancies. In both periods before and after EU enlargement the labour demand
dominates labour supply, but the role of labour demand weakens over time (one vacancy
is worth seven unemployed when considering the time period before 1st May 2004, while

after this date, one vacancy is equivalent to three unemployed).

Let us now discuss the pattern and dynamics in worker-firm matching in Slovenia.
As mentioned above, the data on vacancy stocks is not produced by the Employment
Service of Slovenia. The other three components of the matching function -the stock
of unemployed, the inflow of unemployed and the inflow of new vacancies - intensively

participate in determining the outflow from unemployment to jobs.

In the period before the EU enlargement the role of labour demand has been impor-
tant. Omne additional match could be created in Slovenia by increasing the stock of
unemployed by 34 persons, by adding 7 new individuals into the inflow of unemployed
or by posting only 4 new vacancies. Thus in terms of match creation one vacancy can
be compared to 9 unemployed in stock or to (almost) 2 inflowing unemployed. The
trend towards shifting the dominance in match creation from demand to supply side is
even more pronounced in Slovenia than it is in the Baltic States. After 1st may 2004,

the number of additional unemployed (stock) necessary for increasing hires by one is
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21, while the number of required additional vacancies is now 9. One vacancy has as

much importance in match creation as 2 unemployed.
Regional heterogeneity in matching

The efficiency of matching significantly vary across space. Figure 2.3 displays the effi-
ciency of matching in various Latvian (including Estonia in the panel) and Slovenian
regions. The comparison is based on regression coefficients derived when estimating
the stock-flow matching function (in preferred specification [II]) on a panel of Latvian
regions and Estonia (in this case the comparison is made with Riga city) and sepa-
rately on a panel of Slovenian regions (in this case the reference region is Ljubljana).

Generally speaking the lowest matching efficiency has been observed in Liepaja, Jel-

Figure 2.3: Regional efficiency of matching in Latvia, Estonia and Slovena
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Source: Author’s calculations based on data series from State Employment Agency of Latvia,
Estonian Labour Market Board and Employment Service of Slovenia. Time periods is available
time period covered with data (see table 2.8).

gava, Rezeknes and Daugavpils cities, Ludzas, Daugavpils and Rezeknes regions. Most
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of these regions are located in depressed eastern part of Latvia and display the low-
est levels of development and economic activity. The highest efficiency characterized
Valkas, Saldus, Limbazhu regions. The results confirm that, while in general the per-
formance in these regions is better than the one in the capital city Riga, the efficiency
gap (in favor of three regions) seems to decrease with time. In Estonia, the match-
ing efficiency is not different from the one in the capital city of Latvia (Riga). In
Slovenia, the regional distribution in terms of matching efficiency does not vary sig-
nificantly over time. The central region of Ljubljana is not performing better than on
average. The regions with the weakest performance in terms of matching are Celje and
Maribor and those with the best performance are Tribovolje and Sevnica. Whereas
Maribor and Celje areas display the highest unemployment rates in the country (13
to 14 percent in January 2006), the unemployment indicators in Trivolje and Sevnica
areas are also above national’s average (12 percent in these areas versus 10,5 national
average in January 2006). At the same time, Celje and Maribor areas are situated at
Koper-Ljubljana-Maribor development axis and contain the above average developed
municipalities in terms population, economic activity, social conditions, while Trivolje
and Sevnica mostly contain below average developed municipalities. In terms of spe-
cialization, Trivolje is industrial region, but Sevnica has agricultural orientation. It is
therefore difficult to attribute higher matching efficiency in Trivolje and Sevnica to any

of the above factors.

Regional differences in matching may be explained by several other factors: heterogene-
ity in unemployed skills and their adequacy to labour demand, differences in unemploy-
ment involvement in various active labour market policy programs, varying efficiency of
such programmes, or, also, differences in skills and efficiency of staff in different SEAL
regional units (which are in charge of job placements and unemployed assignment to

ALMP programmes).

Numerous studies have also tried to relate the regional performance in terms of match-
ing to population density in the region. Coles and Smith [1996] state that in the areas

with dense pool of unemployed and firms, traders would be in a close proximity and
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thus enjoy communication with less effort and at lower costs. Therefore matching pro-
cess would be faster and unemployed/vacancy transition rates consequently higher in
the regions with dense population of workers and firms. Kano and Ohta [2005], by
contrast, find the empirical evidence for matching efficiency to be decreasing with pop-
ulation density. They argue that in dense areas, the heterogeneity of both firms (in
terms of hiring standards and wage structures) and unemployed (in terms of skills and

reservation wages) is high and matches are therefore more difficult to arise.

Investigating the role of population density in the matching process from our sample,
it turns that in Latvia regional distribution of matching efficiency is not related to
population density in the regions, while in Slovenia matching efficiency seems to be

lower in dense areas.

The economic activity and the efficiency of the labour market can also be related to
the geographical position of the region. For example the regions bordering with other
countries may perform better than central regions, because of their involvement in in-
tensive cross-border cooperation (trade, transit or other exchange activities between
countries). At the same time, those regions, can also perform worse that the average,
because of their remoteness from big cities, insufficient infrastructure, etc. We have
examined this issue by introducing in the estimated specification of the matching func-
tion the dummy variables grouping the Latvian and Slovenian districts according to
their geographical position wvis-a-vis to other countries. The results show that both in
Latvia and Slovenia, closeness to the border negatively affects the efficiency of match-
ing, whereas this effect seems to become weaker in Slovenia after the accession to the

EU (at least at Italian and Austrian borders).
Spatial effects

We now turn to the discussion of the estimation results of spatially augmented matching
function. Due to the structure of available data, the spatial effects can only be estimated

for Latvia and Slovenia.

When spatial interactions are allowed for in the estimated matching function, the
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Table 2.5: Estimation results: Spatially augmented matching function.

Latvia Slovenia
Period : Total Before EU After EU Total Before EU After EU
Dep.var: In Matches GLS GLS GLS GLS GLS GLS
(outflows from registered [VIII] [VIII] [VIII] [VIII] [VIII] [VIII]
unemployment to employment)
In unemployed (stock) : 0.749%F% 0.932%F% 0.862%F* 0.718%F* 0.812%F% 1.107F%*
0.07 0.085 0.212 0.1 0.147 0.245
In unemployed (flow): 0.022 0.013 0.027 0.028 0.025 0.067
0.032 0.036 0.06 0.051 0.067 0.071
In vacancies (stock): 0.022%%%* 0.004 0.032%%*
0.007 0.008 0.012
In vacancies (flow): 0.184%F% 0.186%F% 0.198%F% 0.372%FF¥ 0.438FF* 0.271%F%
0.011 0.013 0.02 0.048 0.062 0.073
Indicator for Iocal 0.762%F¥ 0.802%%* -0.133 0.288%** 0.013 1.257F**
labour demand 0.065 0.066 0.29 0.11 0.125 0.24
Time trend (annual) 0.003 -0.001 0.076%* -0.032%¥%* -0.017%* 0.002
0.004 0.005 0.032 0.007 0.01 0.019
Constant -6.8 -1.0 -154%%% 53.4%%%¥ 21.1 -14.7
8.811 11.486 66.256 14.926 21.667 39.529

Neighbouring region variables
Overall spillover effect

In (W x unemployed (stock) ) [ED) [ED)
In (W x unemployed (flow) ) +) +) +) +)
In (W x vacancies (stock) (+)
In (W x vacancies (flow) +) () &) ) ) )

Spillovers from high unemployment ratio areas
In (W x unemployed (stock) (+)
In (W x unemployed (flow) (-) ()
In (W x vacancies (stock) (+)
In (W x vacancies (flow) (-)

Spillovers from low unemployment ratio areas
In (W x unemployed (stock) (+) )
In (W x unemployed (flow) (-)
In (W x vacancies (stock) (-)
In (W x vacancies (flow) (+)

Effects from high population density areas

POP x In (W x unemployed (stock) ) -
POP x In (W x unemployed (flow) (+) () (-) ()
POP * In (W x vacancies (stock)
POP * In (W x vacancies (flow) (-) (<) (-)
Regional dummies (test) 385FF* 389FFF 331F** 218FFF 170FF* 55FFF
Quarterly dummies (test) TQXH* TEHH* 23%** 136%*** TR 53%**
Returns to Scale 0.67 1.02 2.00 1.76 1.64 1.95
Constant returns to scale, test 0.81 0 1.81 1.85 0.69 0.57
Observations 2679 1898 781 972 612 360
Regions 33 33 33 12 12 12

matching process can be specified as unemployed stock-vacancy flow matching for both
countries. For Latvia the specification remains robust to the introduction of new spatial
variables. For Slovenia, by contrast, there is a qualitative change in the results: the
inflow of new unemployed, which previously has intensively contributed to determining
the flow of new hires, has now lost its explanatory power due to the inclusion of spatial

effects.

Spatial spillovers exist and are statistically significant in both countries. In Latvia
the inflow of new vacancies in the neighboring areas positively affects local outflows
to employment, while the increase in foreign unemployment decreases local outflows
to jobs (mostly in the time period before Latvia’s accession to EU), suggesting that
unemployed search indeed and actively in the neighboring areas. This finding is in

line with the results brought by Ahtonen [2005] for Finland and witnesses the effect of
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congestion caused by job seekers from neighboring areas. The foreign stock of vacancies
and inflow into unemployment have positive influence on the matches, but this effect
is not robust to specification choice and is mostly present in the time period before

Latvia’s accession to the EU.

In Slovenia, the foreign variable, that always increases local outflows to jobs is the
inflow into the pool of unemployed workers. Together with the positive influence of
foreign stock of unemployed (not always, but in most cases, statistically significant)
this suggests the existence of positive externalities relied to increased number of traders
at the "market place”, which can presumably reduce the search costs for unemployed
and employers. The posting of job offers in neighboring areas also positively influences
local exits from unemployment, but especially in the pre-EU period when the role of

labour demand was more important.

Regarding the asymmetry of spatial effects, in Slovenia the positive influence of new
vacancies in surrounding regions is even stronger if these neighboring areas also display
an unemployment rate much lower than the domestic one . However this asymmetry is
only observed in the time period before the EU enlargement. The same applies to the
asymmetry found in the effect of the inflow of unemployed from the areas with high
unemployment rate and in the effect of the stock of unemployed from low unemployed

regions: these are only statistically significant in the period before May 2004.

In Latvia, the asymmetry of spillovers seems to be weak. Meanwhile, spillovers from
foreign unemployed inflow seems to be lower whenever the unemployment situation in

the neighboring area is different from the domestic one (disregarding the sense).

As to the effects of population density, when the region itself is dense the foreign inflow
of vacancies lowers local matches in Latvia, while in Slovenia this effect is observed for

unemployed inflow.
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2.6 Conclusions

We investigate the process of worker-firm matching in three new EU member states

(Latvia, Slovenia and Estonia) by estimating the aggregate matching function.

We first assess the correct specification of the matching process. Recent developments
in related literature by Coles and Smith (1998), Gregg and Petrongolo (2002) and
Coles and Petrongolo (2003) suggest that traditionally estimated matching functions,
which determine the outflows from unemployment by beginning of period stocks of
unemployed and vacancies, may be misspecified. They show that not only stocks but
also flows of unemployed and vacancies intensively participate in the matching process.
Following this intuition, which is enforced by the descriptive statistics on our data and
recent empirical findings of Dmitrijeva and Hazans [2007], we estimate both stock-stock

and stock-flow matching functions.

When estimating the matching function in its traditional stock-stock setting either on
Latvian or on combined Latvian and Estonian data, we find that the stock of vacancies
has no explanatory power. The elasticity of outflows from unemployment with respect
to the number of vacant jobs in stock is low, in contrast with the results for many West
European countries, but similarly to other Central and Eastern European transition
countries (see Munich et al. [1999]). The estimation including both stocks and flows as
explanatory variables confirms our intuition for the presence of stock-flow patterns in
the matching process: the key determinants of outflows to employment are the stock

of unemployed and the inflow of new vacancies.

The theory underlying the stock-flow matching, derived from Coles and Smith (1998),
suggests that such patterns result from the non-random nature of the matching pro-
cess. Ome of the main assumptions concerns the presence of systematic elements in
the behavior of unemployed: they only consider new job proposals (ignoring the old)
when searching for jobs. Although our estimations confirm that matching in Latvia

and Estonia is realized between the stocks of unemployed and the flows of new vacan-
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cies, it is difficult to derive the straightforward conclusion on the non-randomness of
matching process. Another look on vacancy data highlights that in Latvia the majority
of vacancies are new vacancies. Most of these are filled rapidly (within one month) and
the remaining stock is therefore insignificant, which implies a high vacancy turnover
rate. We believe, therefore, that stock-flow patterns in matching in Latvian and Esto-
nian labour market do not result from differentiation between old versus new vacancies
by the unemployed, but from dominant role of labour demand. Generally speaking
the above findings suggest a stock-flow setting to be the only relevant for describing a
matching process in a high unemployment - low labour demand environment, typical

for the transition countries.

Also in Slovenia the matching process is better described by a stock-flow matching
function, than by a traditional stock-stock function. Similarly to Baltic States, stock of
unemployed and the inflow of vacancies participate very intensively in match creation
in Slovenia. Meanwhile, the inflow of unemployed, which does not play an important
role in matching process in Latvia, significantly contributes to explaining the outflows

from unemployment in Slovenia.

Thus, while the patterns of the matching process are different between the Baltic states
and Slovenia, in both cases a stock-flow matching function is the most appropriate for

describing this process.

Comparing the aggregate efficiency of the matching process, Slovenian labour market
seems to be less subject to frictions, comparing to the Baltic States. This is supported
by the fact that the returns to scale in the matching function are constant in Latvia and
Estonia and increasing in Slovenia. Regarding the temporal dynamics, the efficiency of
the labour market in terms of worker-firm matching is increasing over time in Latvia

but seems to decrease in Estonia and Slovenia.

The improvement in the efficiency of matching over time in Latvia can be partially
explained by increasing efficiency of active labour market policy programs. It can also

point to the reduction of macroeconomic mismatch and imbalances (better adequacy
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to labour demand of education and skills of Latvian population, higher labour mobility,

ect.) or / and on the development of other factors, that speed up the matching process.

In Latvia, Estonia and Slovenia the role of labour demand in creating new hires is very
important. However, the results also feature the development of a new trend: after the
EU accession the role of labour demand in the matching process becomes weaker, but
the role of labour supply substantially increases. This trend is the most pronounced in

Slovenia.

Cross-region comparisons reveal that matching efficiency has been heterogenous across
space. In Latvia matching is least efficient in depressed eastern part of Latvia (Rezek-
nes and Daugavpils cities, Ludzas, Daugavpils and Rezeknes regions) and in Liepaja
and Jelgava cities, while the highest efficiency characterized Valkas, Saldus, Limbazhu
regions. In Estonia, the matching efficiency is not different from the one in the capital
city of Latvia (Riga). In Slovenia the regions with the weakest performance in terms
of matching are Celje and Maribor and those with the best performance are Tribovolje

and Trevnica.

In Latvia regional distribution of matching efficiency can not be attributed to the
population density in the regions, but in Slovenia matching efficiency seems to be lower

in the areas, where the population density is high.

Following Burda and Profit [1996], Burgess and Profit [2001], Ahtonen [2005] we also
allow for spatial interactions in the matching process. We estimate spatially augmented
matching function on Latvian and Slovenian data and show that spatial spillovers exist
and are statistically significant in both countries. In Latvia the inflow of new vacancies
in the neighboring areas positively affects local outflows to employment, while the
increase in foreign unemployment decreases local outflows to jobs (mostly in the time
period before Latvia’s accession to EU), suggesting that unemployed widen their search
to the neighboring areas. In Slovenia local outflows to jobs increase with the inflows

into unemployment in neighboring regions.

Since the magnitude of spatial spillover effects can vary across regions, we investigate
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whether it is affected by the unemployment rate difference between local and neighbor-
ing regions. We also analyze wherever the spillovers to the regions with high population

density are different from the ones to other regions.

While in Latvia the asymmetry of spillovers is weak, in Slovenia the extent of spillovers
seem to vary depending on economic context in neighboring regions. The effects, how-

ever, are statistically significant only in the period before EU enlargement.

Population density also matters for the magnitude of a spillover for some variables:
foreign inflow of vacancies lowers local hires in dense regions of Latvia, while in Slovenia
local matches are negatively affected by the inflow of new unemployed in neighboring

regions, if local population density is higher than national average.
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2.7 Appendices

Table 2.6: Descriptive statistics, aggregated data

Variable Mean S.d. Min Max  Obs. | Mean
Latvia 1:1999 - 07:2006 (a) (b)
Matches 3377 527 2520 4832 91 3303 3554
Stock of unemployed 94733 10951 73333 121760 91 98801 85092
Inflow of unemployed 8901 953 6699 11679 91 9095 8442
Stock of vacant jobs 4596 3166 1721 16378 91 2985 8417
Inflow of vacant jobs 4725 1139 2575 7829 91 4216 5931
Secondary job 51416 10544 36324 72089 90 45551 65852
Estonia 1:2003 - 12:2006 (a) (b)
Matches 1601 398 674 2435 48 1756 1523
Stock of unemployed 27902 9205 11989 43606 48 37518 23094
Inflow of unemployed 3730 1289 1352 7348 48 4926 3133
Stock of vacant jobs 4968 2389 1707 9210 48 2249 6327
Inflow of vacant jobs 1928 788 623 3804 48 1197 2293
Secondary job 21572 2841 16700 29200 46 23275 20663
Slovenia 1:2000 - 12:2006 (a) (b)
Matches 4537 899 2172 7279 84 4521 4562
Stock of unemployed 97045 7548 78303 116243 84 101788 89339
Inflow of unemployed 7522 1876 4353 11770 84 7353 7796
Inflow of vacant jobs 14076 3116 9098 22699 84 12139 17223
Secondary job 24009 6939 12700 37300 82 19702 31473

Notes: Variables are aggregated for all regions, frequency - monthly. Means (a) and (b) refer to

mean values of the variables for two time periods: (a) - before April 2004, (b) - after this date.
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Table 2.7: Descriptive statistics on panel data (regions)

Variable Mean Variation S.d. Min Max | Obs.
Latvia: time period 01:1999 - 07:2006

Matches (Outflows 102 overall 170 5 1478 | Nit 3003

from unemployment between 169 20 1027 Ni 33

to employment) within 37 -200 553 Nt 91

Stock of unemployed 2871 overall 3029 419 26369 | Nit 3003

between 3000 551 18089 | Ni 33
within 670 -908 11151 | Nt 91

Inflow of unemployed 270 overall 405 30 3567 | Nit 3003
between 404 54 2447 Ni 33
within 75 -415 1390 | Nt 91

Stock of vacant jobs 139 overall 681 0 11566 | Nit 3003
between 562 2 3258 Ni 33
within 398 -1961 8448 | Nt 91

Inflow of vacant jobs 143 overall 440 0 4767 | Nit 3003

between 427 16 2507 Ni 33
within 131 -973 2403 | Nt 91
Secondary job 2751 overall 8842 191 72089 | Nit 2970
between 8778 274 51416 | Ni 33
within 1857  -12341 23424 | Nt 90
Slovenia: time period 01:2000 - 12:2006

Matches (Outflows 378 overall 236 45 1216 | Nit 1008
from unemployment between 221 163 866 Ni 12
to employment) within 104 -76 870 Nt 84
Stock of unemployed 8087 overall 5235 2507 24121 | Nit 1008

between 5375 2991 19406 | Ni 12
within 947 3846 12802 | Nt 84

Inflow of unemployed 627 overall 413 123 2365 | Nit 1008
between 381 261 1515 Ni 12
within 193 24 1477 Nt 84

Inflow of vacant jobs 1173 overall 1181 138 7431 | Nit 1008
between 1166 288 4633 Ni 12
within 383 -806 3971 | Nt 84

Secondary job 24009 overall 6900 12700 37300 | Nit 984
between Ni 1
within Nt 82

Notes: (1)N;+ - total observation number; N; - number of regions; Ny - number of time periods
(months). (2) Between variation is constructed by calculating the means over time for every region
(77); Within variation represents the deviation of individual observations from region’s average
(zi+ — 77 + T) and can naturally be negative.



Table 2.8: Data description and sources

Variable Country ‘ Nr. of months ‘ Nr. of regions Description Source
Matches Latvia 91 (01:1999-07:2006) | 33 (regional units of SEAL) | Outflows from registered SEAL
Estonia 48 (01:2003-12:2006) | 1 (aggregate data) unemployment to employment. ELMB
Slovenia 84 (01:2000-12:2006) | 12 (regional units of ESS) ESS
Stock of unemployed | Latvia 91 (01:1999-07:2006) | 33 (regional units of SEAL) | End-month stock of registered SEAL
Estonia 48 (01:2003-12:2006) | 1 (aggregate data) unemployed. ELMB
Slovenia 84 (01:2000-12:2006) | 12 (regional units of ESS) ESS
Inflow of unemployed | Latvia 91 (01:1999-07:2006) | 33 (regional units of SEAL) | Monthly inflow into registered SEAL
Estonia 48 (01:2003-12:2006) | 1 (aggregate data) unemployed. ELMB
Slovenia 84 (01:2000-12:2006) | 12 (regional units of ESS) ESS
Stock of vacant jobs | Latvia 91 (01:1999-07:2006) | 33 (regional units of SEAL) | End-month stock of vacant jobs, SEAL
Estonia 48 (01:2003-12:2006) | 1 (aggregate data) posted through SEAL/ELMB ELMB
Slovenia Not available (ESS does not perform accounting of vacancy stocks) ESS
Inflow of vacant jobs | Latvia 91 (01:1999-07:2006) | 33 (regional units of SEAL) | Monthly inflow of new vacancies, SEAL
Estonia 48 (01:2003-12:2006) | 1 (aggregate data) posted through SEAL/ELMB. ELMB
Slovenia 84 (01:2000-12:2006) | 12 (regional units of ESS) Total monthly inflow of new vacancies ESS
(registration with ESS is obligatory).
Secondary job Latvia 90 (01:1999-06:2006) | 33 (regional units of SEAL) | Average number of employed SCBL
Estonia 46 (01:2003-10:2006) | 1 (aggregate data) at secondary job. EUROSTAT
Slovenia 82 (01:2000-10:2006) | 1 (aggregate data) EUROSTAT
Unemployment rates | Latvia 1 (12:2005) 33 (regional units of SEAL) | Regional unemployment rate SEAL
Slovenia 12 (01:2006-12:2006) | 12 (regional units of ESS) ESS
Population density Latvia 1 (12:2005) 33 (regional units of SEAL) | Regional unemployment rate CSBL
Slovenia 1 (annual for 2005) 12 (statistical regions ) SORS

Notes: (1) SEAL: State Employment Agency of Latvia; ELMB: Estonian Labour Market Board; ESS: Employment Service of Slovenia; CSBL:
Central Statistical Bureau of Latvia; SORS: Statistical Office of the Republic of Slovenia. (2) Secondary job data: Original monthly data is only
available for Latvia for the period 1999 2003, in all other cases quarterly data is interpolated to monthly.
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Table 2.9: Latvia - Estimation results: stock-stock matching function (time period 01:1999 - 07:2006)

Dep. variable: In Matches GLS GLS GLS GLS GLS PCSE PCSE PCSE PCSE PCSE
(outflows from registered [1] [I1] [I11] [1V] V] [1] [I1] [I11] [1V] V]
unemployment to employment)
In unemployed (stock) 0.727*** 0.737*** 0.759%** 0.747*** 0.769%** 0.746%*** 0.759%** 0.764%** 0.775%** 0.805%**
[0.068] [0.066] [0.068] [0.066] [0.065] [0.115] [0.107] [0.106] [0.101] [0.098]
In vacancies (stock) 0.025%** 0.029*** 0.030%** 0.027*** 0.015%* 0.022%* 0.026*** 0.026%** 0.024%* 0.012
[0.007] [0.007] [0.007] [0.007] [0.007] [0.010] [0.010] [0.010] [0.010] [0.009]
Indicator for local 0.797*** 0.799%** 0.792%%* 0.810*** 0.770%** 0.771%%* 0.763*** 0.783***
labour demand [0.069] [0.070] [0.069] [0.069] [0.134] [0.134] [0.134] [0.132]
Time trend (annual) 0.033%** 0.032%** 0.033%** 0.036%** 0.028%** 0.032%** 0.032%** 0.032%** 0.036%** 0.029%**
[0.004] [0.004] [0.004] [0.004] [0.004] [0.011] [0.010] [0.010] [0.010] [0.010]
Constant -65.64%%* -64.87%%* -66.93%** ST1.91*** -57.65%%* -65.22%%* -65.01%** -66.15%%* -T2.98%%* -59.23%%*
(8.979] (8.604] (8.695] (8.929] [9.126] [22.492] [19.596] [19.534] [19.889] [21.238]
UBA 1 (after 01,/08/2000) 0.039% 0.044
[0.022] [0.061]
UBA 2 (after 01/02/2003) -0.081*** -0.086
[0.021] [0.059]
MWAL (after 01/07/2001) -0.02 -0.022
[0.021] [0.058]
MWAZ2 (after 01/01,/2003) ~0.103%** -0.109%
[0.022] [0.060]
MWAS3 (after 01/01,/2004) -0.014 -0.033
[0.023] [0.063]
MWA4 (after01/01,/2006) 0.163%%* 0.174%*
[0.030] [0.083]
Regional dummies (test) 1372%%% 1504%**% 99g*** 1635%** 1743%*** 2333%** 2805%** 1375%** 3008%** 3282%**
Quarterly dummies (test) TYHAK 102%** 110%** 112%** 117H** 11%* 16%** 17H** 18%*** 20%**
Returns to Scale 0.75 0.77 0.79 0.77 0.78 0.77 0.78 0.79 0.80 0.82
Constant returns to scale, test 13%*%* 11.96%** 9.31%** 11.47%%* 10.65%** 4¥* 4.03%* 3.82% 3.89% 3.45%
Observations 2769 2738 2648 2738 2738 2769 2738 2648 2738 2738
Regions 33 33 32 33 33 33 33 32 33 33
Coefficient of determination R2 0.87 0.87 0.87 0.87 0.88
Heteroscedasticity, test 898.6%** 892 ** 643%** 88GH** 820%**
Autocorrelation, test 20.9%** 20.10%** 19.59%** 19.52%** 18.98%***
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Table 2.10: Latvia - Estimation results:

stock-stock matching function (time period 01:1999 - 04:2004)

Dep. variable: In Matches GLS GLS GLS GLS GLS PCSE PCSE PCSE PCSE PCSE
(outflows from registered [1] [I1] [I11] [v] [V] [1] [11] [I11] [1V] V]
unemployment to employment)
In unemployed (stock) 0.936%** 0.948%%* 0.983%** 1.003%** 0.901%%* 0.980*** 0.991%%* 1.005%** 1.050%** 0.949%%*
[0.083] [0.078] [0.080] [0.081] [0.079] [0.145] [0.126] [0.125] [0.121] [0.121]
In vacancies (stock) 0.003 0.003 0.004 0.004 0.002 -0.004 -0.003 -0.003 -0.003 -0.005
[0.009] [0.009] [0.009] [0.009] [0.009] [0.010] [0.010] [0.010] [0.010] [0.010]
Indicator for local labour demand 0.886%** 0.889%** 0.872%** 0.894*** 0.841%%* 0.842%** 0.827*** 0.843**%*
[0.071] [0.071] [0.071] [0.070] [0.131] [0.130] [0.130] [0.129]
Time trend (annual) 0.014%* 0.012%* 0.012%%* 0.021*%* 0.01 0.014 0.012 0.012 0.021 0.009
[0.006] [0.005] [0.005] [0.006] [0.007] [0.016] [0.012] [0.012] [0.013] [0.016]
Constant -30.59%* -27.48%* -28.13%* -44.19%%* -22.69 -31.02 -27.28 -27.61 -45.253%* -19.93
[12.200] [11.122] [11.156] [12.478] [14.523] (31.833] [24.663] [24.485] [27.101] [32.721]
UBA 1 (after 01,/08/2000) 0.047%* 0.059
[0.020] [0.051]
UBA 2 (after 01/02/2003) -0.036* -0.037
[0.021] [0.055]
MWAT1 (after 01/07/2001) 0.004 0.007
[0.020] [0.052]
MWA2 (after 01/01,/2003) ~0.051%* -0.043
[0.024] [0.063]
MWA3 (after 01/01/2004) 0.074%% 0.084
[0.035] [0.089]
Regional dummies (test) 1027%** 1192%** TRE*** 1251%%* 1261%** 2459%** 2878%** 1331%%* 3067*** 3034%**
Quarterly dummies (test) HHHK 84HH* 92HHK 91H*** g HHE Cla 16%** 17 18%** 18%**
Returns to Scale 0.94 0.95 0.99 1.01 0.90 0.98 0.99 1.00 1.05 0.94
Constant returns to scale, test 0.53 0.39 0.03 0.01 1.50 0.03 0.01 0.00 0.15 0.21
Observations 1954 1954 1890 1954 1954 1954 1954 1890 1954 1954
Regions 33 33 32 33 33 33 33 32 33 33
Coefficient of determination R2 0.89 0.90 0.90 0.90 0.90
Heteroscedasticity, test 468.1%** 551%** 534%** 542%** 571¥**
Autocorrelation, test 14, 7%** 13.57%** 13.02%** 13.39%** 13.25%%*
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Table 2.11: Latvia - Estimation results: stock-stock matching function (time period 05:2004 - 07:2006)

Dep. variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered [1] [I1] [I11] V] [1] [11] [I11] V]
unemployment to employment)
In unemployed (stock) 0.965*** 1.026%** 1.082%** 1.157%%* 1.086%** 1.130%** 1.151%%* 1.198%**
[0.188] [0.189] [0.194] [0.195] [0.311] [0.316] [0.317] [0.321]
In vacancies (stock) 0.020%* 0.025** 0.023* 0.023%* 0.018 0.021 0.02 0.019
[0.012] [0.012] [0.012] [0.012] [0.015] [0.015] [0.015] [0.015]
Indicator for local labour demand -0.014 -0.02 -0.055 0.253 0.256 0.209
[0.326] [0.328] [0.325] [0.469] [0.470] [0.461]
Time trend (annual) 0.137*%* 0.169%** 0.186%** 0.137*%* 0.169%** 0.197*%* 0.204%%* 0.165%**
[0.026] [0.028] [0.029] [0.030] [0.059] [0.063] [0.064] [0.078]
Constant -276.92%** -342.7T¥** -376.44%** -278.92%%* -341.59%** -399.76%** -413.49%%* -335.67**
[54.509] [56.924] [59.359] [61.062] [120.446] [128.056] [129.060] [157.550]
MWA4 (after01,/01,/2006) 0.107*%* 0.093
[0.040] [0.125]
Regional dummies (test) 1344%** 1294%** 952%** 1352%** 485169%** 22081*** 1206%** 1502%**
Quarterly dummies (test) 60*** 64*** TOxHH 68*** Cla 10%* 1% 11%*
Returns to Scale 0.99 1.05 1.10 1.18 1.10 1.15 1.17 1.22
Consant returns to scale, test 0.01 0.07 0.29 0.83 0.11 0.23 0.29 0.46
Observations 815 784 758 784 815 784 758 784
Regions 33 33 32 33 33 33 32 33
Coefficient of determination R2 0.93 0.94 0.93 0.94
Heteroscedasticity, test 347.7F** 338%** 258%** 397¥**
Autocorrelation, test 8. TH** 7.86%** T.6THFH* 8.06***

89

ADNHIDIAAH LHMHVIN HNO09dVT ANV DONIHD.LVIN ¢



Table 2.12: Latvia - Estimation results: stock-flow matching function (time period 01:1999 - 07:2006)

Dep. variable: In Matches GLS GLS GLS GLS GLS PCSE PCSE PCSE PCSE PCSE
(outflows from registered [1] [11] [I11] [v] [V] [1] [I1] [I11] [1V] V]
unemployment to employment)
In unemployed (stock) 0.658%%* 0.681%%* 0.699%** 0.673*%* 0.713%%* 0.713%%* 0.730%** 0.735%%* 0.730%%* 0.767T*%*
[0.063] [0.062] [0.064] [0.062] [0.061] [0.102] [0.096] [0.096] [0.092] [0.089]
In unemployed (flow) 0.049* 0.047* 0.034 0.048%* 0.062%* 0.003 0.004 0.001 0.004 0.02
[0.029] [0.029] [0.029] [0.029] [0.029] [0.046] [0.043] [0.043] [0.043) [0.042]
In vacancies (stock) 0.027*** 0.030%** 0.030%** 0.026*** 0.017%* 0.022%%* 0.025*** 0.026*** 0.022%* 0.012
[0.007] [0.007] [0.007] [0.007] [0.007] [0.009] [0.009] [0.009] [0.009] [0.008]
In vacancies (flow) 0.209%** 0.203%%* 0.202%%* 0.203*%* 0.199%%* 0.190*** 0.188%%* 0.188%%* 0.189%%* 0.184%%*
[0.011] [0.011] [0.011] [0.011] [0.011] [0.016] [0.015] [0.015] [0.015] [0.014]
Indicator for local 0.749%** 0.748%%* 0.748*%* 0.762%** 0.737*** 0.737*** 0.734%** 0.750%**
labour demand [0.066] [0.066] [0.066] [0.065] [0.118] [0.118] [0.117] [0.116]
Time trend (annual) 0.016%*** 0.017%%* 0.018%%* 0.019%%* 0.015%%* 0.021%** 0.021** 0.021%** 0.023%%* 0.019%*
[0.004] [0.004] [0.004] [0.004] [0.004] [0.010] [0.008] [0.008] [0.008] [0.009]
Constant -34.74%%* -36.01%%* -38.021%** -39.74%%* -32.40%** -43.83%* -44.34%%* -45.31%%* -49.00%** -40.88%*
(8.372] [8.098] [8.179) [8.460] [8.649) [19.714] [17.031] [16.995] [17.294] [18.445]
UBA 1 (after 01/08/2000) 0.017 0.017
[0.021] [0.053]
UBA 2 (after 01/02/2003) -0.083%** -0.097*
[0.020] [0.051]
MWAT1 (after 01/07/2001) 0.004 -0.007
[0.020] [0.050]
MWA?2 (after 01/01/2003) -0.096*** -0.108%*
[0.021] [0.052]
MWAS3 (after 01/01/2004) -0.017 -0.028
[0.022] [0.054]
MWA4 (after01/01/2006) 0.139%%%* 0.148%*
[0.028] [0.072]
Regional dummies (test) T14HH* TE2¥H* 654%** TRYHFH* 831 *** 1220%** 1268*** 901 *** 1340%** 1441%**
Quarterly dummies (test) 52*AK THEHH 8OH** T*HK 12 S gx* 14 15%** 15%** 17H**
Returns to Scale 0.94 0.96 0.96 0.95 0.99 0.93 0.95 0.95 0.94 0.98
Constant returns to scale, test 0.68 0.33 0.26 0.55 0.02 0.4 0.25 0.25 0.31 0.03
Observations 2768 2737 2647 2737 2737 2768 2737 2647 2737 2737
Regions 33 32 33 33 33 33 32 33 33 33
Coefficient of determination R2 0.87 0.87 0.87 0.88 0.88
Heteroscedasticity, test 980. 7T*** 1011%** TO9*** 974X ** 97 3¥**
Autocorrelation, test 20.6%** 20.09%** 19.54%** 19.47*** 18.97***
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Table 2.13: Latvia - Estimation results: stock-flow matching function (time period 01:1999 - 04:2004)

Dep. variable: In Matches GLS GLS GLS GLS GLS PCSE PCSE PCSE PCSE PCSE
(outflows from registered 1] [I1] [I11] (V] vl (1] [I1] [111] [Iv] V]
unemployment to employment)
In unemployed (stock) 0.931%** 0.947*** 0.985*** 0.979%** 0.938*** 0.971*** 0.988*** 1.001%** 1.025%%* 0.971%**
[0.078] [0.074] [0.075] [0.075] [0.074] [0.129] [0.114] [0.113] [0.109] [0.110]
In unemployed (flow) 0.038 0.037 0.024 0.04 0.041 -0.005 -0.001 -0.005 0.001 -0.001
[0.034] [0.033] [0.033] [0.033] [0.033] [0.052] [0.046] [0.046] [0.046] [0.046]
In vacancies (stock) 0.002 0.002 0.003 0.003 0.001 -0.007 -0.006 -0.006 -0.006 -0.007
[0.009] [0.008] [0.008] [0.008] [0.008] [0.010] [0.009] [0.009] [0.009] [0.009]
In vacancies (flow) 0.216%*** 0.206*** 0.202%%* 0.207*%* 0.207*%* 0.187*%* 0.182%%* 0.180*** 0.183*%* 0.182%%*
[0.013] [0.013] [0.013] [0.013] [0.013] [0.019] [0.017] [0.017] [0.017] [0.017]
Indicator for 0.825%%* 0.825%%* 0.818%%* 0.834%%* 0.801%** 0.801%%* 0.791%%* 0.803%%*
local labour demand [0.067] [0.067] [0.067] [0.066] [0.115] [0.115] [0.114] [0.114]
Time trend (annual) 0.010%* 0.009* 0.009%* 0.018%** 0.016** 0.011 0.01 0.01 0.019%* 0.014
[0.005] [0.005] [0.005] [0.006] [0.007] [0.014] [0.010] [0.010] [0.011] [0.014]
Constant -23.337%* -22.159%%* -23.081%** -40.247%%%* -36.175%** -25.943 -23.773 -23.959 -43.558%* -31.183
[11.266] [10.414] [10.452] [11.527] [13.638] [27.856] [21.299] [21.181] [23.109] [28.339)]
UBA 1 (after 01,/08,/2000) 0.027 0.034
[0.018] [0.043]
UBA 2 (after 01/02/2003) -0.062%** -0.067
[0.019] [0.047]
MWAT1 (after 01/07/2001) 0.018 0.013
[0.018] [0.044]
MWA2 (after 01/01/2003) -0.078%** -0.071
[0.023] [0.055]
MWA3 (after 01/01,/2004) 0.005 0.035
[0.033] [0.077]
Regional dummies (test) 668%** TA5H** 628%** TTOX** T59¥** 1281%** 1468%** 1012%** 1528%** 1546%**
Quarterly dummies (test) 50%** TH¥H* 1H** 8O*** 66*** 9¥* 17H** 18%** 19%** 16%**
Returns to Scale 1.19 1.19 1.21 1.23 1.19 1.15 1.16 1.17 1.20 1.15
Constant returns to scale, test HH* 5.92%* 7.05%* 7.96 5.4%* 1.02 1.69 1.89 2.86* 1.48
Observations 1953 1953 1889 1953 1953 1953 1953 1889 1953 1953
Regions 33 32 33 33 33 33 32 33 33 33
Coefficient of determination R2 0.90 0.91 0.91 0.91 0.91
Heteroscedasticity, test 652.4%** TTYHH* TH5¥** T93¥H* 815%**
Autocorrelation, test 14.9%%* 14.24%%* 13.7%%* 13.96%** 13.88%**
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Table 2.14: Latvia - Estimation results: stock-flow matching function (time period 05:2004 - 07:2006)

Dep. variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered 1] [11] [111] V] (1] [I1] [I11] V]
unemployment to employment)
In unemployed (stock) 0.867*** 0.926*** 0.972%%* 1.037%** 1.014%** 1.053%** 1.070%** 1.112%**
[0.177] [0.180] [0.183] [0.187] [0.277] [0.281] [0.281] [0.288]
In unemployed (flow) 0.062 0.049 0.044 0.046 0.021 0.008 0.005 0.004
[0.052] [0.054] [0.055] [0.054] [0.090] [0.092] [0.092] [0.091]
In vacancies (stock) 0.033*** 0.037*** 0.036*** 0.034%** 0.032** 0.036*** 0.035** 0.034%**
[0.011] [0.012] [0.012] [0.012] [0.013] [0.014] [0.014] [0.014]
In vacancies (flow) 0.205*** 0.198%** 0.201%*** 0.197*** 0.194%** 0.192%** 0.193*** 0.192%**
[0.019] [0.020] [0.020] [0.020] [0.026] [0.027] [0.027] [0.027]
Indicator for local labour demand -0.152 -0.169 -0.188 0.175 0.173 0.135
[0.298] [0.300] [0.296] [0.411] [0.411] [0.403]
Time trend (annual) 0.102%** 0.130*** 0.141%%* 0.100*** 0.127** 0.151%*** 0.156*** 0.121%*
[0.026] [0.027] [0.028] [0.029] [0.051] [0.054] [0.054] [0.066]
Constant -209.287%** -264.281%*%* -287.838%%* -206.659%** -260.087** -308.200%** -318.329%%* -248.947*
[53.243] [55.648] [57.351] [59.298] [103.708] [109.544] [109.979] [133.363]
MWA4 (after01/01/2006) 0.095%** 0.085
[0.037] [0.108]
Regional dummies (test) 642%** 632%** 570*** 638%** 13214%** 39894%** 5482%** 6876H**
Quarterly dummies (test) 42%¥%* 43%%* 48F*** 46*** 7.T* g¥* g¥* 9¥*
Returns to Scale 1.17 1.21 1.25 1.31 1.26 1.29 1.30 1.34
Constant returns to scale, test 0.73 1.1 1.55 2.33 0.79 0.92 1.01 1.22
Observations 815 784 758 784 815 784 758 784
Regions 33 32 33 33 33 32 33 33
Coefficient of determination R2 0.94 0.94 0.94 0.94
Heteroscedasticity, test 380.8%** 423%** 407*** 475%**
Autocorrelation, test 8. 1F* 7.44%** 7.18%** 7.5¥R*
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Table 2.15: Latvia and Estonia - Estimation results: stock-stock matching function

Time period 01:2003 - 07:2006

Time period 01:2003 -04:2004

Time period 05:2004 - 07:2006

Dep.var: In Matches GLS GLS PCSE PCSE GLS GLS PCSE PCSE GLS GLS PCSE PCSE
(outflows from registered (1] [I1] [1] [I1] (1] [I1] [1] [I1] (1] [I1] [1] [I1]
unemployment to emp.)
In unemployed (stock) 0.658%** 0.686*** 0.665%** 0.691*** 0.848%%* 0.878*** 0.957 0.985*%* 0.853*** 0.927*** 0.979*** 1.046%**
[0.091] [0.090] [0.180] [0.171] [0.211] [0.186] [0.000]  [0.289] [0.154] [0.154] [0.252] [0.256]
In vacancies (stock) 0.007 0.014 0.001 0.006 0.008 0.017 -0.009 -0.003 0.018 0.023* 0.015 0.018
[0.010] [0.010] [0.013] [0.013] [0.017] [0.016] [0.000]  [0.019] [0.012] [0.012] [0.015] [0.015]
Indicator for 0.723%** 0.737*** 1.129%%* 0.876*** 0.108 0.335
local labour demand [0.152] [0.266] [0.162] [0.281] [0.306] [0.424]
Time trend (annual) 0.104*** 0.112%%* 0.114%** 0.121%%* 0.140%** 0.145%*%* 0.128 0.139%* 0.130*** 0.162%** 0.162%** 0.192%%*
[0.011] [0.011] [0.029] [0.028] [0.026] [0.023] [0.000]  [0.076] [0.025] [0.026] [0.058] [0.062]
Constant -208.9 -224.9 -228.1 -243.4 -282.2 -292.9 -258.6 -280.5 -261.7 -327.8 -327.1 -387.6
[21.744] [21.744] [59.512] [57.846] [51.429] [46.226] [0.000]  [152.829] [51.072] [53.468] [117.937] [126.408]
Regional dummies (test) 1508%** 1504%** 6199%** 6123%** 1004%** 1111%%* 9720%** 1417%%* 1374%%* 47379%** 29653%**
Quarterly dummies (test) 83¥** QrHH* 10%* 14%%% 41¥%* 66%** 8¥* G2¥** G7H** g¥* 10%*
Returns to scale 0.66 0.70 0.67 0.70 0.86 0.90 0.95 0.98 0.87 0.95 0.99 1.06
CRS, test 13%%% 11%%* 3.5% 3.2% 0.46 0.32 0 0.69 0.11 0 0.06
Observations 1335 1304 1335 1304 493 493 493 493 842 811 842 811
Regions 34 34 34 34 34 34 34 34 34 34 34 34
Coef. of det. R2 0.94 0.94 0.96 0.97 0.96 0.96
Heteroscedasticity, test 649.0%** 608.5%** 685.1%** 1130.1%** 337.7F** 314.4%**
Autocorrelation, test 10.0%** 9.4%%* 2.2%* 1.6% 8.7HH* 7.8%F*
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Table 2.16: Latvia and Estonia - Estimation results: stock-flow matching function

Time period 01:2003 - 07:2006

Time period 01:2003 -04:2004

Time period 05:2004 - 07:2006

Dep.var: In Matches GLS GLS PCSE PCSE GLS GLS PCSE PCSE GLS GLS PCSE PCSE

(outflows from registered 1] [11] 1] [11] 1] [I1] [1] [I1] (1] [I1] [1] [I1]

unemployment to emp.)

In unemployed (stock) 0.552%%* 0.587*** 0.618*** 0.640%** 0.786%*** 0.802*** 0.852%** 0.884%%* 0.755%%* 0.821*%* 0.915%** 0.976***
[0.090] [0.089] [0.167] [0.161] [0.194] [0.177] [0.260] [0.254] [0.140] [0.142] [0.227] [0.229]

In unemployed (flow) 0.153%%* 0.142%%* 0.122%* 0.115* 0.253%%* 0.223%%* 0.260%** 0.245%%* 0.048 0.036 0.008 -0.001
[0.040] [0.040] [0.067] [0.065] [0.057] [0.055] [0.089] [0.083] [0.049] [0.050] [0.086] [0.087]

In vacancies (stock) 0.016* 0.021%%* 0.01 0.015 0.004 0.011 -0.007 -0.003 0.031%*** 0.035*** 0.030%** 0.034**
[0.009] [0.010] [0.011] [0.012] [0.016] [0.015] [0.018] [0.018] [0.011] [0.012] [0.013] [0.014]

In vacancies (flow) 0.203%*** 0.195%** 0.194%** 0.190%** 0.255%%* 0.236*** 0.225%** 0.213*%* 0.213*%* 0.206*** 0.199%** 0.197***
[0.016] [0.016] [0.023] [0.023] [0.026] [0.026] [0.039] [0.037] [0.019] [0.020] [0.026] [0.027]

Indicator for 0.598%%* 0.600%** 0.869%** 0.640*** 0.004 0.268

local labour demand [0.147] [0.239] [0.156] [0.246] [0.279] [0.374]

Time trend (annual) 0.080%*** 0.087*** 0.093*** 0.099%** 0.085%** 0.093*** 0.082 0.089 0.091%** 0.118%%* 0.118%%* 0.143*%*
[0.011] [0.011] [0.026] [0.025] [0.024] [0.023] [0.074] [0.063] [0.024] [0.025] [0.050] [0.053]

Constant -162.6 -176 -187.3 -200.2 -174.8 -190.2 -168.6 -184.3 -186.1 -240.1 -239.7 -291
[21.596] [21.779] [52.852] [51.606] [48.169] [44.882] [147.377) [126.489] [48.434] [50.911] [101.583] [107.810]

Regional dummies (test) T11HR** T13¥** 3347¥** 2803*** 472%** 509%** 8473%** 18725%** TO5¥** 694%** 17576%*** 5444%%*

Quarterly dummies G2¥** 68*** g 12%** 35%** H1H** 4.66 7.8% 41x** 42%% 7.2% 8**

(test)

Returns to scale 0.92 0.95 0.94 0.96 1.30 1.27 1.33 1.34 1.05 1.10 1.15 1.21

CRS, test 0.6 0.32 0.11 0.06 2.1 2.1 1.4 1.54 0.1 0.42 0.44 0.8

Observations 1335 1304 1335 1304 493 493 493 493 842 811 842 811

Regions 34 34 34 34 34 34 34 34 34 34 34 34

Coef. of det. R2 0.92 0.93 0.97 0.97 0.96 0.96

Heteroscedasticity, test 543.0%** 504.0%** 1172.4%%% 1977.5%%* 367.2%%* 367.6%**

Autocorrelation, test 9.8%** 9.5¥** 2. 5%F* 2.2%* 8.0%** T.4HHF
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Table 2.17: Slovenia - Estimation results:

semi stock-flow matching function

Time period 01:2000 - 12:2006

Time period 01:2000 -04:2004

Time period 05:2004 - 12:2006

Dep.var: In Matches GLS GLS PCSE PCSE GLS GLS PCSE PCSE GLS GLS PCSE PCSE
(outflows from registered [1] [11] [1] [I1] [1] [11] [1] [I1] [1] [I1] [1] [11]
unemployment to emp.)
In unemployed (stock) 0.559%%* 0.581%%* 0.570%%* 0.597*%* 0.683%** 0.661%%* 0.720%%* 0.701%%* 0.662%*%* (,929%%** (0, E688** (.902%**
[0.094] [0.095] [0.110] [0.105] [0.152] [0.152] [0.182] [0.183] [0.195] [0.217] [0.348] [0.350]
In unemployed (flow) 0.200%** 0.234%** 0.193%** 0.227*%* 0.231%** 0.237*** 0.231%** 0.236*** 0.184*** (,238%** (,171%* 0.227%*
[0.031] [0.031] [0.063] [0.064] [0.043] [0.043] [0.082] [0.082] [0.043] [0.044] [0.095] [0.095]
In vacancies (flow) 0.593%** 0.595%** 0.582%** 0.584*%* 0.698%** 0.688%** 0.685%** 0.67T*** 0.372%%* (,399%%* (,352%** (,363%**
[0.037] [0.037] [0.068] [0.068] [0.059] [0.060] [0.089] [0.088] [0.061] [0.061] [0.103] [0.104]
Indicator for 0.278%%* 0.264 0.131 0.113 1.230%** 1.185*
labour demand [0.111] [0.282] [0.129] [0.305] [0.244] [0.691]
Time trend (annual) -0.029%** -0.033%%* -0.029%* -0.032%** -0.035%%* -0.037*** -0.038%* -0.040%** 0.019 0.021 0.023 0.027
[0.005] [0.005] [0.011] [0.011] [0.008] [0.008] [0.018] [0.019] [0.017] [0.017] [0.042] [0.042]
Constant 53.85%%* 61.08%** 53.021%* 60.061%** 62.76%** B67.28%** 69.16* 72.74% -41.82 -49.76 -50.8 -59.99
[10.957] [10.804] [22.684] [22.353] [16.845] [17.141] [36.995] [37.499] [35.246]  [34.974]  [84.717]  [85.668]
Regional dummies (test) 236%** 246%** 179%** 182%** 154%%* 148%%* 118%** 119%** TOX** TR¥H* 122%%* 115%%*
Quarterly dummies 142%%* 154%%* 26%** 209%¥* 108*** 109%** 23%** 24%%* 34k 50%** 4.82 7.1%
(test)
Returns to scale 1.35 1.41 1.34 1.41 1.61 1.59 1.64 1.61 1.22 1.57 1.21 1.49
CRS, test 11%%* 15%%% 6** 10%** 15%** 13%%% 11%%* 10%** 1.11 6** 0.29 1.53
Observations 996 972 996 972 612 612 612 612 384 360 384 360
Regions
Coef. of det. R2 0.91 0.91 0.91 0.91 0.96 0.97
Heteroscedasticity, test 92.1%%* 96.6%*** 50.8%** 55.1%** 37.8%** 80.5%**
Autocorrelation, test 0.60 0.20 1.3* 1.5% 2.1%* 2.1%*
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2.7. APPENDICES 75
Table 2.18: Latvia - Estimation results: Spatially augmented stock-flow
matching function (time period 01:1999 - 07:2006).
Dep. Variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered [vI [VII] [VIII] [1X] [vI] [VII] [VIII] [1X]
unemployment to employment)
In unemployed (stock) 0.681*** 0.721%%* 0.749%** 0.721%%* 0.730%*** 0.750%** 0.753*** 0.770%**
0.062 0.068 0.07 0.07 0.096 0.083 0.083 0.086
In unemployed (flow) 0.047* 0.03 0.022 0.03 0.004 -0.011 -0.02 -0.008
0.029 0.032 0.032 0.032 0.043 0.037 0.037 0.037
In vacancies (stock) 0.030*** 0.023*** 0.022%** 0.023*** 0.025*** 0.018%* 0.017** 0.017%*
0.007 0.007 0.007 0.007 0.009 0.008 0.008 0.008
In vacancies (flow) 0.203*** 0.186*** 0.184%** 0.183*** 0.188%** 0.172%%* 0.171%** 0.166***
0.011 0.011 0.011 0.011 0.015 0.013 0.013 0.013
Indicator for local 0.749%%* 0.749%%* 0.762%** 0.736*** 0.737*** 0.740%** 0.750%** 0.729%%*
labour demand 0.066 0.065 0.065 0.065 0.118 0.112 0.112 0.11
Time trend (annual) 0.017*** 0.002 0.003 (8] 0.021%** 0.005 0.006 0.004
0.004 0.004 0.004 0.004 0.008 0.009 0.009 0.009
Constant -36.0%** -4.2 -6.8 -0.4 -44.3%%* -11.7 -12.4 -6.7
8.098 8.825 8.811 8.864 17.031 18.087 17.924 17.576
Indicators for common border with:
Estonia 0.279 -0.1 -0.017 -1.236 -0.438%** 0.089 0.145 -1.434
0.201 0.161 0.164 1.258 0.131 0.293 0.294 1.528
Russia -0.644%** -0.256%** 0.794 -0.395%** -0.01 -0.563%** -0.542%** -0.566%**
0.07 0.075 1.904 0.091 0.25 0.069 0.07 0.071
Byelorussia 0.16 -0.161 -0.784 -1.549 -0.611%** -0.003 -0.403%* -1.586
0.17 0.132 1.891 1.27 0.07 0.197 0.197 1.6
Lithuania -0.085 -0.545%** 0.127 -0.448%** -0.199 -0.831%** -0.553%* -2.151
0.178 0.112 1.912 0.069 0.256 0.096 0.239 1.569
Neighbouring region variables
Overall spillover effect
In (W x unemployed (stock)) -0.274%** -0.301%** -0.271%** -0.276%* -0.265* -0.286*
0.095 0.104 0.105 0.141 0.143 0.161
In (W x unemployed (flow)) 0.075* 0.139%** 0.058 0.082 0.144%* 0.079
0.043 0.049 0.053 0.067 0.076 0.079
In (W x vacancies (stock)) 0.033*** 0.042%** 0.015 0.032** 0.041%** 0.011
0.009 0.011 0.013 0.014 0.017 0.019
In (W x vacancies (flow)) 0.118%** 0.118%** 0.200*** 0.122%%* 0.125%** 0.213***
0.014 0.016 0.021 0.019 0.021 0.029
Additional spillovers from high unemployment ratio areas
In (W x unemployed (stock)) 0.151 0.16
0.242 0.25
In (W x unemployed (flow)) -0.203%* -0.233%*
0.099 0.106
In (W x vacancies (stock)) 0.014 0.013
0.021 0.023
In (W x vacancies (flow)) -0.026 -0.014
0.033 0.035
Additional spillovers from low unemployment ratio areas
In (W x unemployed (stock)) -0.001 -0.338
0.228 0.248
In (W x unemployed (flow)) -0.181%* -0.163
0.107 0.117
In (W x vacancies (stock)) -0.096%*** -0.106%***
0.026 0.029
In (W x vacancies (flow)) 0.037 0.011
0.044 0.049
Effects from high population density areas
POP x -0.101 -0.11
In (W x unemployed (stock)) 0.147 0.185
POP x 0.026 0.039*
In (W x unemployed (flow)) 0.018 0.021
POP x 0.017 -0.018
In (W x vacancies (stock)) 0.072 0.088
POP x -0.136%** -0.151%**
In (W x vacancies (flow)) 0.026 0.032
Regional dummies (test) 536%*** 392%** 385%** 3TLHH* 910%** T32%HE 574X** 596%***
Quarterly dummies (test) THEHH T4HEH TYHHK T2HHX 14 16%** 16%** 16%**
Returns to Scale 0.96 0.91 0.67 0.76 0.95 0.89 0.30 0.72
Constant returns to scale, test 0.33 0.85 0.81 2.8% 0.25 0.41 2.6 2.31
Observations 2737 2679 2679 2679 2737 2679 2679 2679
Coefficient of determination R2 0.87 0.88 0.88 0.89
Heteroscedasticity, test 1010.6%** 992.6%** 953.2%** 967.3%**
Autocorrelation, test 20.1%%* 18.3%%* 18.2%%* 18.6%%*
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2. MATCHING AND LABOUR MARKET EFFICIENCY

Table 2.19: Latvia -

Estimation results:

matching function (time period 01:1999 - 04:2004).

Spatially augmented stock-flow

Dep. Variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered [vI [VII] [VIII] [1X] [vI] [VII] [VIII] [1X]
unemployment to employment)
In unemployed (stock) 0.947*** 0.973*** 0.932%** 0.976*** 0.988%** 0.968%** 0.899%** 0.961***
0.074 0.083 0.085 0.085 0.114 0.105 0.105 0.107
In unemployed (flow) 0.037 0.017 0.013 0.016 -0.001 -0.018 -0.027 -0.016
0.033 0.035 0.036 0.035 0.046 0.042 0.042 0.042
In vacancies (stock) 0.002 0.003 0.004 0.003 -0.006 -0.006 -0.006 -0.007
0.008 0.008 0.008 0.008 0.009 0.009 0.009 0.009
In vacancies (flow) 0.206*** 0.188%** 0.186*** 0.185*** 0.182%** 0.164%** 0.162%** 0.160***
0.013 0.013 0.013 0.013 0.017 0.016 0.016 0.016
Indicator for local 0.825%%* 0.795%%* 0.802%%* 0.789%** 0.801%%* 0.775%%* 0.789%%* 0.768%%*
labour demand 0.067 0.066 0.066 0.066 0.115 0.11 0.109 0.108
Time trend (annual) 0.009%* 0.003 -0.001 0.003 0.01 0.006 0.002 0.005
0.005 0.005 0.005 0.005 0.01 0.011 0.011 0.011
Constant -22,2%% -10.3 -1.0 -9.6 -23.8 -16.8 -8.8 -15.8
10.414 11.383 11.486 11.521 21.299 22.694 22.655 22.455
Indicators for common border with:
Estonia 0.312%* 0.303 -3.976 0.886 0.573 -0.019 0.382 1.864
0.187 0.186 2.425 1.452 0.359 0.139 0.358 1.77
Russia 0.375* -0.082 4.111%* 0.249 -0.475%%* 0.078 6.468** -0.353%%*
0.212 0.089 2.414 1.446 0.071 0.309 2.617 0.128
Byelorussia -0.537*** -0.486%** -4.330%* 0.303 0.122 -0.486%** -6.998%** 1.418
0.071 0.091 2.43 1.465 0.256 0.142 2.629 1.848
Lithuania 0.18 0.13 3.899 0.402 -0.637%** -0.112 -0.237 -0.499%%*
0.204 0.206 2.406 1.444 0.095 0.299 0.296 0.113
Neighboring region variables
Overall spillover effect
In (W x unemployed (stock)) -0.187* -0.186 -0.206%* -0.086 -0.028 -0.137
0.11 0.121 0.122 0.162 0.172 0.182
In (W x unemployed (flow)) 0.075 0.116** 0.058 0.086 0.13 0.068
0.05 0.057 0.061 0.074 0.085 0.087
In (W x vacancies (stock)) -0.011 -0.018 -0.034%* -0.013 -0.019 -0.036
0.012 0.015 0.017 0.015 0.019 0.022
In (W x vacancies (flow)) 0.114%%* 0.116%*** 0.154%** 0.118%** 0.120%*** 0.169***
0.016 0.019 0.024 0.022 0.025 0.032
Additional spillovers from high unemployment ratio areas
In (W x unemployed (stock)) 0.513%* 0.5
0.296 0.318
In (W x unemployed (flow)) -0.118 -0.172
0.118 0.131
In (W x vacancies (stock)) 0.061** 0.061**
0.027 0.029
In (W x vacancies (flow)) -0.009 0.003
0.043 0.045
Additional spillovers from low unemployment ratio areas
In (W x unemployed (stock)) -0.465 -0.792%*
0.307 0.332
In (W x unemployed (flow)) -0.105 -0.085
0.124 0.138
In (W x vacancies (stock)) -0.051 -0.062
0.038 0.042
In (W x vacancies (flow)) 0.035 0.009
0.053 0.059
Effects from high population density areas
POP x 0.026 0.173
In (W x unemployed (stock)) 0.172 0.212
POP x 0.042%* 0.049*
In (W x unemployed (flow)) 0.023 0.027
POP x 0.044 0.054
In (W x vacancies (stock)) 0.083 0.1
POP x -0.069%** -0.086%**
In (W x vacancies (flow)) 0.031 0.037
Regional dummies (test) 599*** 401%** 389%** 349%** 9gTH** TTHHHE 581 *** 48THH*
Quarterly dummies (test) THEHH TYHHH TEHH* T8HHH 17, 2] H* 21 *H* 22Kk
Returns to Scale 1.19 1.17 1.02 1.19 1.16 1.21 0.69 1.35
Constant returns to scale, test 6** 2.6 0 1.36 1.69 1.13 0.33 2.58
Observations 1953 1898 1898 1898 1953 1898 1898 1898
Coefficient of determination R2 0.91 0.92 0.90 0.91
Heteroscedasticity, test TT9.5%** 765.7THF** 735.0%** T27.9%**
Autocorrelation, test 14.2%%* 13.5%%* 13.4%%* 13.7%%*
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Table 2.20: Latvia - Estimation results: Spatially augmented stock-flow
matching function (time period 04:2004 - 07:2006).
Dep. Variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered [vI [VII] [VIII] [1X] [vI] [VII] [VIII] [1X]
unemployment to employment)
In unemployed (stock) 0.926%** 0.838%** 0.862%** 0.846*** 1.053%** 1.027%** 1.034%** 1.023%**
0.18 0.208 0.212 0.211 0.281 0.258 0.259 0.26
In unemployed (flow) 0.049 0.014 0.027 0.048 0.008 -0.035 -0.027 0.002
0.054 0.06 0.06 0.06 0.092 0.07 0.07 0.069
In vacancies (stock) 0.037*** 0.032%** 0.032%** 0.036*** 0.036*** 0.029%** 0.028** 0.036***
0.012 0.012 0.012 0.012 0.014 0.013 0.013 0.013
In vacancies (flow) 0.198%** 0.192%%* 0.198%** 0.199%** 0.192%%* 0.189%** 0.190*** 0.190***
0.02 0.02 0.02 0.019 0.027 0.025 0.026 0.025
Indicator for local -0.152 -0.179 -0.133 -0.107 0.175 0.158 0.199 0.067
labour demand 0.298 0.289 0.29 0.285 0.411 0.401 0.401 0.379
Time trend (annual) 0.130*** 0.079%** 0.076** 0.052 0.151%%* 0.096 0.094 0.086
0.027 0.032 0.032 0.033 0.054 0.064 0.063 0.061
Constant -264.3%** -160.3%** -154.3%* -102.1 -308.2%** -195.8 -190.4 -168.3
55.648 66.866 66.256 67.677 109.544 131.227 129.554 124.072
Indicators for common border with:
Estonia 1.182%* -0.487** 7.751% -6.037** 0.193 0.489 0.433 -8.063**
0.538 0.199 4.303 2.983 0.326 0.728 0.745 3.479
Russia 0.679 0.532 -7.696%* -5.77T0** 0.315 -0.206 -0.162 -0.189
0.548 0.547 4.374 2.902 0.598 0.206 0.209 0.271
Byelorussia -1.034%** -0.962%** 7.397* -1.043%*%* -0.621%** -0.087 -0.052 -0.701
0.195 0.226 4.348 0.261 0.108 0.408 0.417 0.479
Lithuania 0.86 0.541 -7.694%* -5.812%* 0.548 -0.13 -0.107 -8.262%*
0.583 0.582 4.37 2.931 0.688 0.31 0.31 3.322
Neighbouring region variables
Overall spillover effect
In (W x unemployed (stock)) -0.159 -0.377 -0.106 -0.32 -0.477 -0.135
0.29 0.301 0.318 0.386 0.399 0.423
In (W x unemployed (flow)) 0.049 0.076 -0.036 0.083 0.128 0.022
0.081 0.094 0.098 0.142 0.156 0.16
In (W x vacancies (stock)) 0.035%* 0.028 0.024 0.031 0.028 0.014
0.019 0.024 0.026 0.026 0.032 0.038
In (W x vacancies (flow)) 0.097*** 0.114%** 0.273*%* 0.096*** 0.106*** 0.295%**
0.024 0.029 0.038 0.032 0.036 0.058
Additional spillovers from high unemployment ratio areas
In (W x unemployed (stock)) 0.102 0.048
0.367 0.369
In (W x unemployed (flow)) 0.08 -0.013
0.167 0.176
In (W x vacancies (stock)) 0.024 0.018
0.038 0.042
In (W x vacancies (flow)) -0.117%* -0.084
0.05 0.054
Additional spillovers from low unemployment ratio areas
In (W x unemployed (stock)) 1.051%* 0.723
0.5 0.552
In (W x unemployed (flow)) -0.203 -0.329
0.191 0.202
In (W x vacancies (stock)) 0.005 -0.01
0.053 0.061
In (W x vacancies (flow)) 0.098 0.073
0.074 0.082
Effects from high population density areas
POP x -0.745%* -0.935%*
In (W x unemployed (stock)) 0.342 0.376
POP x 0.032 0.042
In (W x unemployed (flow)) 0.036 0.041
POP x 0.119 0.017
In (W x vacancies (stock)) 0.136 0.164
POP x -0.262%** -0.294%**
In (W x vacancies (flow)) 0.046 0.061
Regional dummies (test) 404%** 386%** 331%%* 384%** 8393%** 4408%** 4301%** 8755%**
Quarterly dummies (test) 43%* 22Kk 23*H* 20%** g** 5.1 5.3 5.38
Returns to Scale 1.21 1.10 2.00 0.43 1.29 1.10 1.44 0.28
Constant returns to scale, test 1.1 0.11 1.81 2.31 0.92 0.04 0.25 2.04
Observations 784 781 781 781 784 781 781 781
Coefficient of determination R2 0.94 0.95 0.94 0.93
Heteroscedasticity, test 422.9%** 373.1%%* 523.7%** 198.0%***
Autocorrelation, test T.4%H* 6.3%%* 6.0%** 5.9%%*
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Table 2.21: Slovenia - Estimation results: Spatially augmented semi-stock-

flow matching function (time period 01:2000 - 12:2006).

Dep. Variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered [VI) [vII] [VIII] [IX] [vI] [vII] [VIII] [IX]
unemployment to employment)
In unemployed (stock) 0.581%*%* 0.675%*%* 0.718%** 0.700*** 0.597*** 0.695*** 0.741%%* 0.718%*%*
0.095 0.091 0.1 0.094 0.105 0.092 0.099 0.095
In unemployed (flow) 0.234%** 0.023 0.028 0.015 0.227*%* 0.002 0.008 -0.005
0.031 0.05 0.051 0.051 0.064 0.045 0.046 0.045
In vacancies (flow) 0.595% %% 0.375%*%* 0.372%%* 0.373*%* 0.584%** 0.350*** 0.347*** 0.349%%*
0.037 0.048 0.048 0.048 0.068 0.045 0.045 0.045
Indicator for local 0.278%* 0.292%%* 0.288*** 0.291%%* 0.264 0.298 0.295 0.296
labour demand 0.111 0.109 0.11 0.109 0.282 0.269 0.269 0.268
Time trend (annual) -0.033%** -0.033%** -0.032%%* -0.033*%* -0.032%%* -0.034%* -0.033%* -0.034%*
0.005 0.007 0.007 0.007 0.011 0.013 0.014 0.013
Constant 61.752%%* 56.170%** 53.411%** 56.825%** 60.723%** 57.108%* 54.318%* 58.627%*
10.769 14.481 14.926 14.501 22.365 27.685 28.673 27.865
Indicators for common border with:
Italy -0.398%** -0.385%%*
0.044 0.072
Croatia -0.139%** -0.138%**
0.041 0.046
Austria -0.092 -0.092
0.065 0.075
Neighbouring region variables
Overall spillover effect
In (W x unemployed (stock)) 0.393** 0.433** 0.540%*** 0.410%* 0.459%* 0.523%*
0.158 0.187 0.186 0.225 0.271 0.24
In (W x unemployed (flow)) 0.279%** 0.291%** 0.378%%* 0.314%** 0.334%** 0.407***
0.059 0.062 0.07 0.082 0.085 0.096
In (W x vacancies (flow)) 0.366%** 0.362%** 0.379%** 0.401%*** 0.393*** 0.399%**
0.059 0.063 0.069 0.097 0.101 0.112
Additional spillovers from high unemployment ratio areas
In (W x unemployed (stock)) -0.402 -0.433
0.397 0.273
In (W x unemployed (flow)) -0.062 -0.092*
0.081 0.056
In (W x vacancies (flow)) 0.016 0.024
0.103 0.072
Additional spillovers from low unemployment ratio areas
In (W x unemployed (stock)) 0.011 -0.01
0.279 0.234
In (W x unemployed (flow)) -0.047 -0.056
0.084 0.067
In (W x vacancies (flow)) 0.043 0.043
0.111 0.095
Effects from high population density areas
POP x -0.344 -0.313
In (W x unemployed (stock) 0.235 0.192
POP x -0.161%*** -0.167***
In (W x unemployed (flow) 0.059 0.049
POP x -0.035 -0.007
In (W x vacancies (flow) 0.074 0.067
Regional dummies (test) 177H** 249%** 218%** 247*** 146%** 247x** 162%** 213%**
Quarterly dummies (test) 154%** 138%*** 136%** 140%** 209%** 27HHK 26H** 27HHK
Returns to Scale 1.41 2.11 1.76 1.85 1.41 2.17 1.76 1.90
Constant returns to scale, test 15%** 34HHH 1.85 13%** 10*** 13%** 2.69 THEH
Observations 972 972 972 972 972 972 972 972
Coefficient of determination R2 0.91 0.89 0.89 0.87
Heteroscedasticity, test 96.6%*** 32.3%** 30.4%%* 36.0%**
Autocorrelation, test 0.20 0.80 0.80 0.90
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Table 2.22: Slovenia - Estimation results: Spatially augmented semi-stock-
flow matching function (time period 01:2000 - 04:2004).
Dep. Variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered [VI) [vII] [VIII] [IX] [vI] [vII] [VIII] [IX]
unemployment to employment)
In unemployed (stock) 0.661*** 0.770%%* 0.812%*%* 0.861*** 0.701*** 0.819%%* 0.863*** 0.887***
0.152 0.142 0.147 0.147 0.183 0.146 0.145 0.149
In unemployed (flow) 0.237*** -0.002 0.025 -0.017 0.236*** -0.017 0.009 -0.031
0.043 0.066 0.067 0.066 0.082 0.063 0.065 0.063
In vacancies (flow) 0.688%** 0.472%%* 0.438*** 0.467T*** 0.67T7*** 0.449%%* 0.420*** 0.445%%*
0.06 0.062 0.062 0.062 0.088 0.062 0.063 0.062
Indicator for local 0.131 0.007 0.013 -0.003 0.113 0.005 0.007 -0.007
labour demand 0.129 0.127 0.125 0.126 0.305 0.285 0.28 0.284
Time trend (annual) -0.037*** -0.017%* -0.017* -0.014 -0.040%** -0.018 -0.018 -0.016
0.008 0.01 0.01 0.01 0.019 0.019 0.019 0.019
Constant 68.162%** 19.191 21.105 17.063 73.653%* 21.252 23.893 21.15
17.068 21.409 21.667 21.55 37.46 39.463 39.462 39.625
Indicators for common border with:
Italy -0.533%%* -0.523%%*
0.066 0.094
Croatia -0.181%** -0.188%**
0.055 0.062
Austria -0.172%* -0.190*
0.097 0.114
Neighbouring region variables
Overall spillover effect
In (W x unemployed (stock)) 0.486%* 0.789%** 0.958%** 0.493 0.836** 0.908**
0.253 0.279 0.305 0.364 0.396 0.411
In (W x unemployed (flow)) 0.247*** 0.288*** 0.394%** 0.289%** 0.340*** 0.428%**
0.082 0.085 0.097 0.107 0.109 0.127
In (W x vacancies (flow)) 0.595%** 0.486*** 0.456*** 0.608*** 0.487*** 0.452%*
0.095 0.107 0.131 0.154 0.166 0.195
Additional spillovers from high unemployment ratio areas
In (W x unemployed (stock)) -0.957 -1.086%***
0.618 0.411
In (W x unemployed (flow)) -0.183%* -0.194%**
0.107 0.071
In (W x vacancies (flow)) 0.312 0.270*
0.22 0.155
Additional spillovers from low unemployment ratio areas
In (W x unemployed (stock)) -0.758%* -0.866%*
0.427 0.359
In (W x unemployed (flow)) -0.157 -0.179%*
0.102 0.089
In (W x vacancies (flow)) 0.544%%* 0.514%%*
0.202 0.19
Effects from high population density areas
POP x -0.950%* -0.922%%*
In (W x unemployed (stock)) 0.384 0.342
POP x -0.220%** -0.233%**
In (W x unemployed (flow)) 0.077 0.07
POP x 0.215 0.276%*
In (W x vacancies (flow)) 0.154 0.143
Regional dummies (test) 115%** 172%%* 170%** 170%** 117H** 147%** 126%** 136%**
Quarterly dummies (test) 109%** THEHH TTHAK THEHH 24 %K% 17H** 18%** 18%***
Returns to Scale 1.59 2.57 1.64 2.16 1.61 2.64 1.41 2.21
Constant returns to scale, test 13%** 30%*** 0.69 12%** 10*** 12%** 0.41 6**
Observations 612 612 612 612 612 612 612 612
Coefficient of determination R2 0.91 0.92 0.92 0.90
Heteroscedasticity, test 55.1%%* 16.1 13.9 17.8
Autocorrelation, test 1.5% 2.7%K* 3.0%%* 2.8%%*
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Table 2.23: Slovenia - Estimation results: Spatially augmented

flow matching function (time period 04:2004 - 12:2006).

semi-stock-

Dep. Variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered [VI) [vII] [VIII] [IX] [vI] [vII] [VIII] [IX]
unemployment to employment)
In unemployed (stock) 0.929%%* 1.110%** 1.10Q7%%** 1.088%** 0.902%** 1.026%** 0.992%%* 0.992%%*
0.217 0.233 0.245 0.235 0.35 0.217 0.234 0.216
In unemployed (flow) 0.238%** 0.062 0.067 0.044 0.227%* 0.032 0.036 0.019
0.044 0.068 0.071 0.069 0.095 0.061 0.064 0.062
In vacancies (flow) 0.399%** 0.277*%* 0.271*%* 0.288%** 0.363*** 0.247*%* 0.234%*%* 0.257*%*
0.061 0.071 0.073 0.072 0.104 0.065 0.067 0.065
Indicator for local 1.230%** 1.260%** 1.257%** 1.260%** 1.185%* 1.252% 1.258%* 1.254%*
labour demand 0.244 0.239 0.24 0.238 0.691 0.663 0.667 0.661
Time trend (annual) 0.021 0.002 0.002 0.003 0.027 0.003 0.003 0.004
0.017 0.019 0.019 0.019 0.042 0.048 0.048 0.048
Constant -48.953 -8.148 -14.668 -9.477 -59.276 -10.962 -18.586 -11.505
34.902 38.541 39.529 38.403 85.594 97.479 98.783 97.366
Indicators for common border with:
Italy -0.142%* -0.108
0.065 0.103
Croatia -0.205%** -0.181
0.086 0.134
Austria -0.224 -0.188
0.139 0.224
Neighbouring region variables
Overall spillover effect
In (W x unemployed (stock)) -0.503 -0.551 -0.615 -0.419 -0.558 -0.398
0.334 0.356 0.484 0.651 0.648 0.739
In (W x unemployed (flow)) 0.189** 0.175%** 0.306*** 0.248%* 0.233%* 0.338%**
0.082 0.087 0.104 0.123 0.125 0.144
In (W x vacancies (flow)) 0.247** 0.233** 0.243* 0.255 0.245 0.248
0.101 0.108 0.13 0.185 0.19 0.209
Additional spillovers from high unemployment ratio areas
In (W x unemployed (stock)) -0.181 0.026
0.796 0.558
In (W x unemployed (flow)) -0.01 -0.029
0.11 0.076
In (W x vacancies (flow)) 0.035 0.044
0.168 0.114
Additional spillovers from low unemployment ratio areas
In (W x unemployed (stock)) 0.585 0.909
0.846 0.58
In (W x unemployed (flow)) 0.113 0.097
0.133 0.09
In (W x vacancies (flow)) 0.101 0.098
0.192 0.136
Effects from high population density areas
POP x 0.134 -0.076
In (W x unemployed (stock)) 0.538 0.377
POP x -0.152%* -0.141%*
In (W x unemployed (flow)) 0.086 0.065
POP x -0.025 -0.02
In (W x vacancies (flow)) 0.124 0.089
Regional dummies (test) 4THHE TH¥H* 55¥** THHHE 49%H*K 123%** 59¥** 110%**
Quarterly dummies (test) 50%** H2HHE 53*H* 5HHHE 7.1* 8g** 8** 8g**
Returns to Scale 1.57 1.38 1.95 1.31 1.49 1.39 2.33 1.22
Constant returns to scale, test 6** 1.31 0.57 0.58 1.53 0.23 1.25 0.08
Observations 360 360 360 360 360 360 360 360
Coefficient of determination R2 0.97 0.96 0.96 0.96
Heteroscedasticity, test 80.5%** 55.5%%* 53.2%%* 60.0%***
Autocorrelation, test 2.1%* 2.0%* 2.1%* 2.0%*
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Explanatory notes for tables 2.9 -2.23:

(1) GLS: Model estimated by Generalized Least Squares method. PCSE: Model estimated
by Panel Corrected Standard Errors method.

(2) [1] - [V]: specifications (see section 2.4 for details); All models include regional and time
(quarterly) dummies and time (annual) trend. Local labor demand indicator: growth in
local (within region) secondary employment for Latvia and Estonia, growth in aggregate
(national) secondary employment for Slovenia.

(3) UBA 1 - UBA 2 are time dummies for changes in unemployment benefit amount (UBA):
UB1 1=1 starting from 1/08/2000 when UBA dropped from 50 to 43 Ls, UBA 2=1 starting
from 01/02/2003 when UBA raised from 43 to 50Ls.

(4) MWA 1 - MWA 4 are time dummies for changes in minimum wage amount: MWA 1=1
starting from 1/07/2001, when minimum wage raised from 50 to 60 Ls, MWA 2=1 starting
from 01/01/2003 when MWA raised from 60 to 70 Ls, MWA 3=1 starting from 01,/01/2004
when MWA raised from 70 to 80 Ls, MWA 4=1 starting from 01,/01/2006 when MWA raised
from 80 to 90 Ls.

(5) Constant returns to scale (CRS), test: test for constant returns to scale in estimated
matching function. Ho: asy + arpy+ asy + apy=1 in stock-flow specification. Ho:
asy + agy =1 in stock-stock specification. Ho: agsy + apy+ apy=1 in semi stock-flow
specification (Slovenia).

(6) [VI] - [IX] - specifications for a spatially augmented matching function (see section 2.4
for details); For Latvia, includes the indicators of common border with one of the following
countries: Estonia, Russia, Byelorussia, Lithuania. For Slovenia, includes the indicators of
common border with one of the following countries: Croatia, Italy, Austria. All models in-
clude regional and time (quarterly) dummies and time (annual) trend. Local labor demand
indicator: growth in local (within region) secondary employment for Latvia and Estonia,
growth in aggregate (national) secondary employment for Slovenia. The indicators for com-
mon border are included to all specifications for Latvia and to specification [VI] only for
Slovenia.

(7) Constant returns to scale, test: test for constant returns to scale in estimated matching
function. For spatially augmented matching function the returns to scale are measured as a
sum of estimated elasticities of all main variables (local and foreign).

(8) Heteroscedasticity, test: modified Wald test for group wise heteroscedasticity (Greene
2000, pp.598).

(9) Autocorrelation, test - Baltagi test for autocorrelation.

(10) Standard errors in parentheses, for PCSE models standard errors corrected for het-
eroscedasticity,cross sectional correlation and panel specific AR1 are reported.

(11) *#k ** F _ estimates significantly different from zero at 1,5,10 percent level respectively.
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Figure 2.4: Latvian regions by unemployment rate in 2002

Fieure 2.5: Slovenian regions. hv FESS offices

Source: State Employment Agency of Latvia and Employment Service of Slovenia.



Chapter 3

Matching and macroeconomic
effects of labour market policy

3.1 Introduction

Transition from centrally planned to market economy has confronted all Central and
Eastern European and Baltic countries with a number of new challenges. Among them
is the problem of dealing with high and persistent unemployment. High inflows into
unemployment coexisted with very low re-employment, this latter being blocked by
insufficient labour demand in new developing sectors and high skill mismatch between
labour supply and labour demand. In line with OECD suggestions and European ex-
perience a great importance has been given to Active Labour Market Policy (ALMP),
1.e. employment stimulating programmes that usually include direct job creation, job
subsidies, self-employment promotion, as well as labour training and re-qualification
schemes. While the theoretical suitability of those programmes to transition context is
obvious, their actual efficiency (both at macroeconomic and individual levels) crucially
depends on correct targeting and implementation quality and is therefore often ques-
tioned. We aim to bring more light on this issue by performing the evaluation of active
labour market policy programmes in case of Latvia, one of the transition economies
which have recently joint the European Union. Our focus is on training oriented pro-

grams, which appear to be the main element of ALMP portfolio (in terms of allocated
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funds and participation) in a number of new EU member states and especially in the

Baltic region.

The evaluation is performed both from the macroeconomic and microeconomic perspec-
tives. We start here with the evaluation of aggregate effects of ALMP on transitions
from unemployment to jobs through the estimation of an augmented matching function
on cross section data from Latvian districts'. The microeconomic (individual) effects

are investigated in chapter 4.

We describe the main developments in ALMP implementation in Latvia in section 3.2.
The evaluation methodology is exposed in section 3.3, data, variables and estimation
related issues are treated in sections 3.5 and 3.6. Section 3.7 displays the estimation

results, while section 3.8 concludes.

3.2 Active labour market policy in Latvia

Active labour market policies are implemented in Latvia by the Ministry of Welfare
through the State Employment Agency of Latvia (SEAL). Figure 3.1 displays the de-

velopments in ALMP participation and expenditures over the last decade.

The expenditure on active labour market policy programmes in Latvia varied around
0.10 - 0.15 percent of GDP, which is substantially lower than in EU-15 countries (0.5
percent of GDP in 2005), but is in line with the majority of new EU member states (0.20
percent of GDP on average). A decline in the ALMP expenditure (both in volume and
as GDP share) is observed between 2002 and 2004. This was mainly due to budgetary
reasons: in the anticipation of the possibility to involve the means of ESF (European
Social Fund) in funding active labour market policy after Latvia’s accession to the
EU, the national budget was reduced. Starting from 2004 over 75 percent of ALMP

expenditures were covered by ESF funding.

Very high participation in ALMP in 2005 is a purely statistical phenomenon, it is

133 NUTS 4 districts, as in chapter 2.
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Figure 3.1: Unemployment, ALMP expenditure and participation
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related to the reorganisation of SEAL activities. Starting from 2005 the training on job
search methods and the consultations in carrier guidance and professional orientation
(undergone by almost all unemployed) are proposed not only by SEAL, but also by
contracted training institutions. In this case the participation in one of above activities
is considered as short term training and is accounted under ”Measures to Increase
Competitiveness” (MIC), a programme, which also includes some longer training (state

language, computer literacy, management, driving).
The following four types of active labour market policy programmes are generally pro-

posed to unemployed by the State Employment Agency of Latvia:

e Occupational training of unemployed: vocational training, re-training and

raising of qualifications.

e Measures to increase competitiveness: (i) short term training on carrier

guidance and professional orientation, training on job search methods; (ii) mod-
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ular training in state language (Latvian) and in other skills (foreign language,

computer literacy, business related skills, driving).

e Temporary job schemes: short term employment in public sector, promotes
working culture and experience and facilitates the insertion in the labour market

of those who face difficulties with adapting to the requirements of labour demand.

e Measures for disadvantaged groups (youth, pre-retirement age unemployed,
long-term unemployed, disabled, woman after maternity leave): subsidized em-
ployment schemes, various training programmes and, since 2001, social enterprizes

in the labour market to employ the less competitive unemployed.

In terms of expenditure, the main efforts of SEAL are oriented towards increasing the
knowledge and skills of unemployed via training and encouraging unemployed to acquire
new professions and find permanent jobs. In 2005, the major part of ALMP budget
(almost 80 percent) was allocated to the implementation of unemployment training and
the measures for competitiveness promotion among unemployed. The expenditure and

corresponding participation trends are displayed by figure 3.2.

In Latvia, Estonia and Lithuania such a pattern is typical (more than a half of active
labour market policy budget is usually devoted to labour training), while in the Czech
Republic, Hungary, Bulgaria, Poland and Slovenia subsidized employment and direct

job creation have mostly been promoted.

The dominant role of training programmes in the Baltic countries can be explained by
the unemployment patterns in this region characterised by a strong mismatch between
the old skills of the labour force and the nmew requirements of employers. In Latvia,
most of the registered unemployed have general secondary or professional secondary
education (two thirds in 2001 and 2002). At the same time, for the majority of them
the education has been obtained before 1992 in the framework of a centrally-planned
and industry oriented Soviet system. Apart from the need for update of often obsolete

labour skills, jobs in manufacturing and services (sectors which employ about 90 percent



3.2. ACTIVE LABOUR MARKET POLICY IN LATVIA 87

Figure 3.2: Training expenditure and participation
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of Latvian wage-earners) often require at least basic knowledge of state and foreign
languages, basic computer skills or skills in the work with office equipment. And these
are largely absent among Latvian unemployed. A survey conducted among Latvian
unemployed in February 2006 (see SEAL [2006]) reveals that almost 30 percent of
unemployed do not have an occupation or have not worked or updated skills in their
occupation within last 5 years. Over 30 percent of unemployed consider their skills in
Latvian language as absent or very limited. About 60 and 75 percent of unemployed
lack any computer skills or are not familiar with elementary office equipments (fax,
coping machine), respectively. Finally, only 6 percent of unemployed evaluate their

knowledge of English language as good.

In such context, the promotion of any of above mentioned skills can increase employ-
ability of job seekers. The occupational training stands however as the programme
with the highest potential: while developing skills in a certain occupation, it indirectly

promotes other related skills (communication and language, dealing with computer or
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other office equipment).

In this chapter we focus on the aggregate efficiency of occupational training programme
in adjusting the skills of unemployed to labour demand, while the individual effects of
this and other training programmes (modular training in state language and in other

skills) will be evaluated in chapter 4.

3.3 The matching function as policy evaluation tool

The matching function?, reflecting the efficiency of the labour market, can be used as
a simple and efficient tool for policy evaluation. The approach consists in testing for a
positive relationship between the policy variables (expenditure, participation) and the
number of new hires arising in the labour market. The underlying idea is that active
labour market policy programmes can speed up the matching process by enhancing
the search intensity® of the unemployed or by adjusting their skills to the structure of
labour demand. Becoming more ”suitable” for employers and searching for jobs more
intensively, programme participants find jobs more rapidly. At the aggregate level, this
results in an increased number of new hires realized in the labour market during a

reference period of time.

A model including policy variables among the possible determinants of job matches is

referred to as the augmented matching function.
It can be written as*:

M = Am(yU,V) (3.1)

where U denotes the search effective stock of unemployed. The average search effec-

tiveness of the unemployed v is no longer considered as homogenous across individuals

2The matching function relates available job seekers to vacant jobs and produces new hires as output.
Its extensive use in labour market analysis is relied to its ability to model frictions. See more details
in chapter 2.

3When speaking about search intensity we mean unemployed search effort and implicitly his com-
petence in search methods.

1We suppress region and time indices for now.
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and it is assumed to be positively affected by the participation in active labour market
policy programmes (Lehmann [1995], followed by Puhani [1999], Hagen [2003], Hujer
et al. [2002]). For example the unemployed who have completed training are assumed

to have higher search effectiveness if compared to their non-trained peers.

Search effectiveness can be seen as the ability of unemployed to find a match in a
reference period. Search effectiveness is an increasing and concave function of (7) search
intensity of the unemployed (his effort and competence in searching jobs), and (i) his

adequacy (in terms of skills) to the labour demand.

Participation in ALMP (especially in training programs) may increase search effective-
ness of an unemployed individual in several ways: (i) by enhancing motivation and
competence, which leads to more intensive search. (7i) by increasing the set of suitable

jobs.

One might argue that, apart from direct effects of training, another reason for a more
intense search may be that after programme completion unemployed also screen va-
cancies that they have missed during training period. However, this effect could be
considered as negligible in Baltic region because, as highlighted by the analysis of the
matching process (chapter 2), in Latvia and Estonia only new vacancies significantly

contribute to match creation in the labour market.

In order to integrate the participation in ALMP programme in our analysis we relax
the assumption of homogeneous unemployment pool, assume that different unemployed
groups can have varying search effectiveness and then decompose the search effective

stock of unemployed U

Let R be the number of available active labour market policy programme combina-
tions, then the total number of unemployed can be divided in (1 + R) groups. First
group contains the unemployed that do not participate in any of available programs:
we denote the share of such unemployed in total number of unemployed by ~g. The re-

maining unemployed form R groups according to their participation in different ALMP
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programmes®. The share of unemployed belonging to the group r in total number of

unemployed is denoted by v, (r =1,2,3, ...... ,R). Naturally (vo+v1+72+...+v7r=1)

r=R
or equivalently (vo =1— > 7).

r=1
We denote by ¥, (r =1,2,3,...... , R) the search effectiveness of the unemployed who
participate in one of active labour market policy programmes r, and by 1y the search
effectiveness of those who participate in none of the programs. Theoretically g <
1, should hold. This is tested empirically when estimating the augmented matching

function.

Now the search effective stock of unemployed can be decomposed as:

YU = YoyU + iU + ... + vryrU (3.2)

When denoting the r programme participants’ relative search effectiveness by 6, =

¥y /1o, the equation 3.2 can be written as :

r=R r=R
YU =[1=> %+ > ylthoU (3.3)
r=1 r=1

The augmented matching function is obtained from equation 3.1 by replacing the term

YU, 4 by its expression from 3.3.

When precising the form of the matching function (for example Cobb-Douglas M =
U V), normalizing the search effectiveness of non-trained unemployed to 1 (g = 1)
and applying the logarithmic transformation on the both sides, one obtains the equation
3.4, where the parameters, including 6, (programme’s r impact on unemployed search

efficiency) can be estimated from the data.

r=R r=R
lnM:lnA—l—ozUan—l—aVan—l—aUln[l—Z%—I—Z&%] (3.4)
r=1 r=1

Estimation results would thus allow to determine wherever unemployed participation

5For example in case when only two programme types are available from State Employment Agency
(A and B), the unemployed that have completed one or both of them may be divided in 3 groups: those
that have completed a programme A only, a programme B only and both programmes A and B. The
combination of programmes A and B can be considered as a separate program.
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in the programme increases the number of transitions to jobs at the aggregate level.

3.4 Evaluation of unemployed training: application to Lat-
vian case

The policy evaluation approach, described above, is based on the inclusion of economic
policy variables in the matching function and the data on participation in active labour
market policy programmes used when implementing this approach should be conform to
certain requirements. For example, it is important to insure that, within the framework
of the same programme, the contents and duration of the treatment is sufficiently

homogenous.

We aim to assess the aggregate effects of ALMP in transition context on the example
of Latvia. The available data from SEAL regional units (data structure is described in
section 3.5) for the period from 1999 to 2006 provides the information on two major
training oriented active labour market policy programmes in Latvia: unemployed oc-
cupational training (OT) (vocational training, re-training and rising of qualifications);
"Measures to Increase Competitiveness” among unemployed (MIC). Only the data on
unemployed occupational training is conform to the above requirement - as specified
above MIC include some training (state and foreign language, computer literacy), but
also include carrier guidance and orientation. Since the aggregate data does not allow
to distinguish between these sub-types of MIC, we focus herein on the effects of the
OT program, which is also the most important among ALMP in Latvia in terms of

expenditure.

As mentioned above, we integrate the participation in training programmes in the
analysis by supposing that the unemployed pool is composed by a fraction v of trained
individuals and a fraction (1 — =) of untrained. Assuming that trained individuals have

the search effectiveness 1 and non-trained 7 , we can represent the search-effective
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stock of unemployed at the beginning of each time period ¢t and in region i as follows:

YU = %igbrUss + (1 = vit) UNTUi (3.5)

Let us denote the ratio of two search effectiveness (trained and non-trained) by 6 =
r /YNt . Including ¢U; ¢ into a Cobb-Douglas type matching function, normalizing
the search effectiveness of non trained unemployed to unity and taking logarithms of

both sides would give:

In My = apt+au nUsgtay InVig+ap n(149:(0-1))fagn Zi .o ZF+ i+ dteig
(3.6)
The mismatch parameter is transformed in order to capture the efficiency of matching
over time (by including time fixed effects )\;)%, across different regions (by including
region fixed effects ;), to include the effects of k various macroeconomic factors and

to allow for random variations in hiring:
InA;; = oo+ s + N + aleil’t + ..+ oszfot + Eit-

Equation 3.6, can be rewritten in a more compact way when collecting the main
components of the matching function (unemployed, vacancies) in a vector X;; =
[ InU;; InV;,] ,the k variables used to define the macroeconomic context in a vector

Ziw=12zl, .. ZF]-
InM;; =ap+ Xizax +ayn(l+7+(0 — 1)) + Ziaz + i + M + it (3.7)

The vector ax = [ ay ay]’ contains the coefficients, corresponding to the variables

in the vector X;;, while ayz = | az ... agkl corresponding to those in vector Z; ;.

The analysis performed in the chapter 2 indicates that the matching process in Latvia
is better described by a stock-flow, rather than by a stock-stock matching function.
In order to avoid misspecification, we will include unemployed and vacancy inflows to

the set of main explanatory variables of the matching function. In this case X;; =

); includes seasonal (quarterly) dummies and annual trend.
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[anft aniﬂ anii 1nV£] ,ax = [ asy asy apy apy] and the equation

3.7 turns to:
InM;; =ap+ Xirax +asyIn(l 440 — 1)) + Ziaz + pi + M+ €it (3.8)

The equation 3.8 (the augmented stock-flow matching function) will be estimated on
Latvian data. The impact of unemployed training programme on the matching process
can be evaluated by the use of the semi-elasticity of outflows with respect to the share

of trained unemployed. This semi-elasticity, denoted by 7 is measured by:
0= OlnM /9y = (asu (0 — 1)/(1 +~(6 — 1)) (3.9)

Positive and statistically significant RHS of equation 3.9 would suggest that training

facilitates the matching process and increases outflows from unemployment.

The estimation of the augmented matching function on regional administrative data has
already been employed in European context. Burda and Lubyova [1995], Svejnar et al.
[1995], Boeri and Burda [1996] work on the data from 76 Czech and 38 Slovak districts,
(Lehmann [1995], Gora et al. [1996]), Puhani [1999] use regional data from 49 Polish
voidodships, but Dmitrijeva and Hazans [2007] from 33 Latvian districts, Steiner and
al. [1998] and Hagen [2003] use data on 35 Labour Offices in East Germany, but Hujer
et al. [2002], Hujer and Zeiss [2003] on 141 regions of West Germany. The differences
across these studies mostly regard the variables used to express the extents of active
labour market policy (expenditure and expenditure per capita, participants, inflows
and outflows of participants, share of participants in unemployment pool, ect.), the
specification of the matching function (simple, stock-flow or spatially augmented), the
estimation strategies (pooled regression, fixed or random effect models, dynamic panel

models, ect).
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3.5 Data and Variables

Data used in our analysis of macroeconomic efficient of unemployed training originates
from the regional data base of the State Employment Agency of Latvia”. It covers 33
Latvian administrative regions (NUTS 4) for a period from January 1999 to July 2006,

on a monthly basis.

3.5.1 Main components of the matching function

The variables standing for the main components of the matching function - the stock
of unemployed U?®, the flow of unemployed U’ the vacancy stocks V° , the vacancy
flows VI | the outflows from registered unemployment to employment M - as well as an
additional macroeconomic context indicators - growth in regional secondary employ-
ment - originate from the same data set and have the same properties, that the data
used for the empirical analysis of the matching function in chapter 2. The reader can
therefore refer to the appropriate sections of chapter 2 for description of variables and
sources (table 2.8), descriptive statistics (tables 2.7 and 2.6) and the discussion on the

main patters of these variables (section 2.3).

Let us recall briefly that unemployment data only refer to registered job seekers, while
vacancy data cover only job announcements placed through SEAL, i.e. available in the
first place to registered unemployed. The dependent variable (outflow to employment)
also concerns the outflow from the pool of registered unemployed. The coherence
between the matching pools (unemployed, vacancies) and the output (matches or hires)
is therefore respected. In addition, the participation in ALMP programme evaluated
herein (occupational training) is also conditional on the registration with the State

Employment Agency.

With respect to qualification structure, both registered unemployed and vacancies

posted through SEAL mainly regard the pool of manual and low-qualification jobs

I would like to thank Grieta Tentere and Ilze Berzina from the Latvian State Employment Agency
for cooperation in provision of necessary data.
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(see table 3.1 below).

Table 3.1: Composition of vacant jobs and unemployed by occupation

Vacancies (flow) Unemployed (stock)
Year Non-manual ‘ Manual Non-manual ‘ Manual
2000 21.5 78.5 20.1 79.9
2001 15.2 84.8 19.1 80.9
2002 15.6 84.4 18.8 81.2
2003 16.4 83.6 18.0 82.0

Source: State Employment Agency of Latvia. Notes: (a) "Manual”: ISCO categories 5-9.
”Non-manual”: ISCO categories 1-4. (b) ”Manual” for vacancies also includes military
professions, but for unemployed - military professions and those without any declared

occupation; (c) For year 2003 data covers only the first 6 months.

At the same time manual jobs include, among others, service workers and shop and
market workers, craft and related trades workers, plant and machine operators and
assemblers. All these jobs require a certificate in state language. Many of these jobs
nowadays require also computer skills. A significant part of occupational training pro-
motes, in addition to occupation specific skills, the related skills in state of foreign

language or computer literacy and thus regard directly manual workers &.

As mentioned above, to evaluate the effects of training programmes on aggregate effi-
ciency of the labour market, the matching function must be augmented with the share
of trained unemployed. We use therefore a corresponding policy variable v;;. The

construction and properties of this variable are presented in what follows.

3.5.2 Policy variable

The policy variable 7;; - a share of trained individuals among the total number of
unemployed (at the beginning of each month) - is not directly available from SEAL
aggregate data. We therefore face several options concerning the use of this variable:
(i) we can obtain its correct value from other sources (individual data, if available)

or/and (ii) we can construct its proxy from available aggregate data.

8Moreover, Hazans (2005, section 3D) shows that in Latvia, among all job-seekers, propensity to
use services of the State Employment Agency is decreasing in educational attainment.
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Correct value of the variable v from individual data. The information allowing
to calculate the share of trained unemployed in the unemployment pool is rarely deliv-
ered by the aggregate data. Meanwhile it can easily be calculated from the database
containing individual records on unemployed and ALMP programme participants. Such
database was only recently (2006) constructed for Latvia®, it covers the time period
from January 2003 to August 2006, but the main aggregates (number of unemployed,
inflows and outflows from the pool) extracted from this dataset take reasonable values
starting from January 2004 only. We therefore extract the values of the number of
trained unemployed in each region and at the beginning of each month and run the
estimations with the correct version of the variable 7;; for the time period after the

EU accession (starting from April 2004).

Construction of a proxy variable PTU. Aggregate data enables us to observe the
following variables: for month ¢ and region 7, C'T; ; is the number of persons completing
training programs, while T'E; ; is the number of trained individuals that have transited
to jobs 10 during ¢. If the number of trained unemployed at the beginning of our sample
period T'U; o would be known, we would simply add to this number CT;; and subtract
TFE;; every month, in order to obtain the number of persons, who have been trained,

but are still unemployed at time t.

Since TU; o was not available 1 we have used the difference between the number of
persons completing training programmes and the number of trained unemployed who
have outflowed to employment over a long enough period (a year) as a proxy for the

number of trained unemployed.

9The construction of such data set was realized by the author in the framework of research project
on "Reasons and duration of unemployment and social exclusion in Latvia” initiated by the Ministry
of Welfare of Latvia and founded by ESF (European Social Fund). This individual data set is also used
for microeconomic evaluation of unemployed training, carried in Chapter 3 of this thesis.

19 Available data from this set informs (on monthly basis) how much of the persons that have shifted
into employment during the current month, have ever participated in training or re-qualification pro-
grams. But we can not distinguish when exactly respective individuals have been trained - this month
or two years ago.

' At least not for the total estimation period 1:1999 -6:2007 and not until beginning of 2007, as
explained above
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Let CCT;; be a cumulated (over all past periods) sum of unemployed who have com-
pleted a training programme in the region ¢, and let CTFE;; be the cumulated sum
of trained individuals that have outflowed to jobs in the same region. Hence TU;; =
CCT;; — CTE;; is a proxy for the number of trained persons who, at the beginning of
given month, are still unemployed. In our estimations we use PTU; ; = TU; ;/U; ; which
is the proxy for the share of trained individuals in the unemployment pool. We con-
struct this policy variable starting from 1:1998, but perform estimations on the period

starting from 1:1999, to have a reasonable proxy for initial share of trained unemployed.

It is quite likely that at the end of estimation period, we over-evaluate the policy
variable, by accounting in TU;; for the trained unemployed who have transited to

other labour market states (non-activity, participation in other programs).

To control for this issue we adopt the following strategy: we use the approximated share
of trained unemployed (PTU) to estimate the augmented matching function in a time
period from 1999 to 2006 (overall and separated by the the EU accession date), but use
the correct value of the the share of trained unemployed extracted from the individual
dataset (variable 7) to perform the robustness check for the latest estimation period -

after May 1st 2004.

The descriptive statistics on constructed proxy PTU;; and its elements, as well as for

the correct variable v; ; are given in the table 3.3 in appendix.

Actually, the share of trained unemployed in the total number of unemployed does not
exceed 10 percents, i.e. v;; is significantly lower than indicated by the proxy variable
PTU;; , we use for macroeconomic evaluation. However the regional and time variations
in this variable are correctly reflected by the aggregate data and thus the results based
on a corrected value of the variable «; ; are very similar to the ones obtained when using

its proxy (differences are only marginal).

Figure 3.3 reflects a potential relationship between regional monthly outflow-to-job
rates and the share of trained unemployed in the pool (variables are averaged over

time). Several groups of districts can be distinguished in this respect:
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Figure 3.3: Outflow rate and participation in training by region
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e Valkas and Talsu regions, as well as the capital city Riga, display both the highest
outflow rates (above 5 percent), and the highest involvement of unemployed in
training programmes (the share of trained unemployed lies between 3.5 and 5

percent in these areas).

e By contrast, in the districts located in the depressed Eastern part of Latvia
(Daugavpils and Rezeknes) the rates of exit to employment are very weak (be-
tween 1 and 2 percent) and, at the same time, the participation of unemployed
in re-qualification and skills-upgrading programmes is also relatively low (below

2 percent).

e In districts of Preilu, Kraslavas and in the city of Rezekne, training programmes

seem to be substantially promoted (participation rates above 4 percent), but the
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performance in term of exit rates is relatively weak (between 2 and 3 percent).

e In the regions of Saldus, Tukuma and Limbazhu the involvement of unemployed
in training is weak (between 2 and 3 percent), while the observed exit rates are

higher than country-average.

e In all other regions of Latvia, the monthly rates of transition to employment are
between 3 and 5 percent, while the participation in training is between 2 and 5

percent.

While it is difficult to draw any conclusions on the relationship between regional transi-
tion to employment rates and the degree of unemployed involvement into training from
the general picture, it seems that this relationship is sligtly positive among the most de-
favorised, in terms of unemployment, Latvian districts (Balvu, Daugavpils, Kraslavas,
Ludzas, Preilu, Rezeknes, where the unemployment rates are high compared to national
average). This suggests that unemployed training might, at least in part, contribute
to increase the outflow to jobs in some of Latvian districts. These conclusions are of

course preliminary - a more rigorous analysis is performed in the next section.

3.6 Estimation procedure and related issues

The data structure being similar to the one used in chapter 2, the same treatment
issues apply. Spatial disaggregation and frequency of the data are high, which mitigates
potential aggregation biases. Estimation are performed using Park-Kmenta (GLS) and
Beck and Katz (PCSE) procedures to bring necessary corrections to non-sphericity
problems typically arising in Cross Section Time Series (CSTS) data. We use regional
and time fixed effects to correct for heterogeneity in observation units and to minimize
the potential biais from the build-in endogeity in the matching function (details in

chapter 2, section 2.4).

Let us turn to the estimation issues related to policy evaluation through the augmented

matching function.
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In general, the majority of studies that perform policy evaluations use expenditure on
ALMP or number of current participants in ALMP (as policy variables). These studies
are often concerned by the problem of endogeneity. The ALMP variable is likely to
be endogenous since local labour market offices may raise their expenditures on these
programmes if labour market situation becomes worse (Hagen [2003])). However this
serious problem does not seem to concern our study as in the PTU variable we ac-
count for unemployed that have completed training. Training programme last about
3-4 months. Thus if the authorities react to worsening in current labour market situa-
tion and increase expenditures on ALMP programmes (and number of participants) at
period t, these new participants will only appear in our variable ~; 114 or PTU; 414 (i.e.
in four months). Thus there is no link between current decrease of hires and increase

in our policy variable.

Another issue, which is often of concern in evaluation studies, mostly at the microe-
conomic level, is the possibility of selection bias (see Heckman et al. [1999]). In fact,
administrators at employment offices may have incentives to select more able unem-
ployed into training programmes and in this case the evaluated impact of retraining is
overestimated since it captures (i) the causal (positive) effect of training and (ii) abil-
ity based selection (also positive) effect since outflow rate of unemployed with higher
ability is higher. We will control for this issue when performing the microeconomic

evaluation of unemployed training in chapter 4.

When performing policy evaluation with aggregate data (which is the case here) the
selection issue can be addressed only partially. On one hand, it can be useful to use
the information on regional distributions of unemployed in terms of education. We
do not possess such data on monthly basis for a time period long enough to perform
the corrected estimation, but can derive some qualitative conclusions from the data
available for February 2006. The structure of the pool of unemployed in terms of
education is not homogeneous across Latvian regions (the share of unemployed with
basic education or lover education level varies from 22 percent in the city of Rezekne

to 47 percent in Jelgavas region). Meanwhile the distribution of regions in terms of
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educational level of unemployed does not reflect the regional distribution nor in terms of
outflows to jobs (see figure 3.4 below) nor in terms of matching efficiency (see estimation

results in section 3.7) .

Figure 3.4: Unemployed in Latvian regions by education level
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Source: Author’s calculations based on the data from State Employment Agency of Latvia. Note:
Data refers to February 2006.

On the other hand, when observation units are regions rather than individuals, and

region fixed effects are present (which is our case), the selection issue is less of a problem.
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One cannot only attribute positive effect of training on regional outflows to selection of
better individuals into training programs. In addition, most training involves promotion
of occupation specific (equipment related) or general (e.g. state or foreign language,
computer) skills. It is unlikely that without these skills the same persons would be
equally able to find jobs. We therefore believe that our aggregate results are not

compromised by possible selection bias.

Another econometric issue appearing in the current study, is the non-linearity of equa-
tion 3.8 in the unknown parameter 6 (relative search efficiency of trained unemployed).
We have chosen the following method for liberalization: we estimate each model (see
specifications below) for different values of 6, going from 0 to 10 with a step of 0.01,
and we keep the value #* of #, which maximizes the likelihood function'?. Depending
on specification and estimation method 6* varies between 1.4 and 2.45 (when esti-
mating with the proxy of the share of trained unemployed) or between 2.7 and 3.4
(when estimating with correct version of this variable). Mean value of 6* is 2.1,
implying that trained unemployed are on average 2.1 times more efficient in their
search than untrained ones. As a next step we estimate the equation 3.8 replacing
(InUiy + In(1 + (0 — 1)) by G = (InU;; + In(1 + v;4(0* — 1))), where 6* is the

likelihood maximizing value of # for a given model.

In order to rule out the possibility that any region-specific unobserved component in
the variable 7;; may not be removed when including the linear fixed effects p;, we
assume that 6 (the relative search effectiveness of trained unemployed) is homogenous
across regions. The contents and duration of courses under the occupational training
programme being similar across regions, this assumption seems reasonable. When 6
is assumed homogenous across regions the regional heterogeneity in ;; is removed by
mean deviation transformation and the regional difference in outcomes of training can
be attributed to better information, better performance of SEA staff when making job

and training offers or other unobserved factors.

12The graphs displaying log likelihood as a function of # can be found in the appendix.
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Specifications: augmented stock-flow matching function:

Let us now turn to the detailed description of estimated specifications. Those are
similar to the ones used for the estimations of the matching function for Latvia in

chapter 2.

e Specification [I]: The baseline specification, which includes main explanatory
variables (stocks and flows of unemployed and vacancies) and the additional
labour demand indicator (growth in secondary employment), policy variable, re-
gion dummies (reference region - Riga city), time dummies (quarters, omitted

first quarter) and time trend (year).

e Specification [II]: To make sure the results are not affected by influential ob-
servations related to capital city Riga (where unemployed stock values are a lot
higher than elsewhere), we run previous specification ([I]) but exclude Riga city

from the sample (in this case Riga district is used as reference).

Further, we make use of time dimension of the data in order to learn whether the
changes in employment legislation have affected matching efficiency in Latvia. In
1999-2006 several major changes, which could have influenced labour supply (or
search effort of unemployed) and labour demand, have occurred. These regard

the level of unemployment benefit and the amount of legal minimum wage.

e Specification [III]: The average level of unemployment benefit has dropped
by 15 percents in August 2000 (when benefit amount calculation rules became
harsher) and has raised by 15 percents in February 2003 (when the ceiling on
benefit amount was removed). The specification [III] shows the effect of changes
in unemployment benefit amount. It adds to the baseline specification [I] two
step dummy variables: one for the period after 1st August 2000 and another for

the period after 1st February 2003.

e Specification [IV]: Shows the effect of changes in minimum wage amount in

Latvia. This amount was raised by 20 percent in July 2001 and by 17 percents
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in January 2003, by 14 percent in January 2004, by 13 percent in January 2006.
We add to the specification [I] step dummy variables for the above changes: first
for the period after 1st July 2001, second for the period after 1st January 2003,
third for the period after 1st January 2004 and then the fourth for the period
after 1st January 2006.

The policy-augmented stock flow matching function is specifications [I] - [IV] is esti-
mated on Latvian data by GLS and PCSE methods, for three time periods - total time
period 1:1999 to 7:2006, time period before the EU accession 1:1999 to 4:2004, time
period after the EU enlargement 5:2004 - 7:2006. For the last time period after EU
accession the estimations are performed with both approximated and correct share of
trained unemployed. This gives the total of 32 regressions, the results being reported

in tables 3.4 - 3.7 in the appendix.

3.7 Estimation results

We can now turn to the discussion of estimation results. All results being displayed in
the appendix, we present here a synthetic table 3.2, collecting the results of estimation

of specification [I] over different time periods.
Matching process

Regarding to the main components of the matching function, the results are in line with

the ones obtained in chapter 2 when estimating a non-augmented matching function.

Generally, constant returns to scale can not be rejected when estimating the matching
function for total time period (1:1999 to 7:2006), but are rather increasing when time
periods are split into before-after EU accession. The absence of region and time specific
effects is always rejected. The matching process in Latvia follows a stock-flow pattern;
stock of unemployed and the inflow of new vacancies being the main variables determin-
ing the outflows from unemployment to employment. The labour demand dominates

labour supply in match creation, but the role of labour supply is increasing over time.
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The negative relationship between the generosity of labour market institutions and the

performance of the economy in terms of matching is also confirmed. The elasticity

Table 3.2: Estimation results: augmented stock-flow matching function

Total Before EU After EU After EU (c)

Variables, parameters: GLS GLS GLS GLS

Dep.var: In outflows [1] [1] [1] [1]

In unemployed (stock) : 0.856FFF 1.068%%* 1.526FF* 1.041F%*
[0.075] [0.081] [0.263] [0.185]

In unemployed (flow): 0.050% 0.041 0.054 0.046
[0.028] [0.032] [0.053] [0.053]

In vacancies (stock): 0.027F** 0 0.034%%¥ 0.034%%¥
[0.007] [0.008] [0.011] [0.011]

In vacancies (flow): 0.204%%% 0.206%%* 0.200%%%* 0.195%%*
[0.011] [0.013] [0.020] [0.020]

Indicator for Tocal labour demand 0.742%F¥ 0.815%F% -0.105 -0.191
[0.065] [0.067] [0.294] [0.297]

Time trend (annual) 0.001 -0.009%** 0.093*** 0.113%*%*
[0.003] [0.004] [0.021] [0.023]

Constant -5.1 11.6 -197.2%%* -232.8%%*
[6.611] [8.930] [43.520] [48.261]

Regional dummies (test) TH3FFF T24FFE 67TFFE 632%FFF

Quarterly dummies (test) 62%** 5Q*** 40*** 40***

Relative search effectiveness

of trained unemployed: 0x 2.02 1.81 2.45 3.32

Semi-elasticity of new matches with respect

to the proportion of trained unemployed : n

evaluated at mean value of ~ 0.72%* 0.75%** 1.56%** 2.24%**

Returns to Scale 1.14 1.32 1.81 1.32

Constant returns to scale, test 3.0%* 14%%* [l 2.45

Observations 2737 1953 784 784

Regions 33 33 33 33

Heteroscedasticity, test T031FF* 836FFF 490FFF 425FFF

Autocorrelation, test 20.4%** 14, 5%** 7.8%** 7.5%HK

Notes: (c) indicates that the estimations were performed with correct value of variable
~ - the share of trained unemployed in the pool of unemployed workers. All other
details can be found in explanatory notes to tables 3.4 - 3.7 in the appendix.
of outflows with respect to unemployed pool increases over time and is above one for

both before and after EU accession time periods'®, while the elasticity with respect to

vacancy inflow is around 0.20.
Effects of unemployed training

Turning to the policy evaluation issues, our results display positive and statistically
significant impact of the share of trained unemployed on outflows to employment. These
results are robust with respect to chosen specification and do not differ significantly
with the respect to estimation time period or the variable chosen to reflect the share of

trained unemployed (approximated or correct value, see section 3.6 for more details).

13Caluscak and Munich [2005] also find the elasticity of outflows to be higher then one. In our
estimations of a standard (non-augmented) matching function (results are not reported, but available
on request) this elasticity is about 0.9. In case of augmented matching function the elasticity is higher
since it applies not only to the stock of unemployed (InUj ) but to the term G = InUs; ¢ +In(1+;+ (0" —
1), which, conditional on normalization of search effectiveness of non-trained unemployed ¢¥n7 to 1,
represents the search effective stock of unemployed. It seems reasonable to find in this case the higher
elasticity of outflows from unemployment.
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The effect of unemployed training on aggregate outflows from unemployment is evalu-
ated using the estimated semi-elasticity of outflows with respect to the share of trained
unemployed. This semi-elasticity is obtained from equation 3.9, using the estimation
results and the period’s average value for the proxy of the share of trained unemployed
(0.21 in the time period from 1:1999 to 7:2006, 0.18 from 1:1999 to 4:2004 and 0.29 from
5:2004 to 7:2006) or the correct value of the share of trained unemployed (0.034 in the
time period from 5:2004 to 7:2006). The results of estimation with the correct variable
~ display even higher efficiency of unemployed training programs: the semi-elasticity
of matches with respect to the share of trained unemployed varies, in the period 5:2004
-7:2006, from 1.92 to 2.40 conditional on specification (for comparison it varies from

1.11 to 1.64, when estimating with the proxy of the variable v, table 3.6).

Let us interpret the results using the semi-elasticity, obtained from the estimations with
correct value of the share of trained unemployed. Those will refer to the time period
after May 1st 2004. In this case the semi - elasticity, evaluated at v = 0.034, equals
2.24 (table 3.7, 2nd column, specification [I]).

The variable v being defined as the proportion of trained unemployed in the total
number of unemployed, the semi-elasticity can be interpreted as follows: when the share
of trained unemployed in the beginning of the month increases by one unity - which in
our case is one percentage point, meaning an increase from 3.4 to 4.4 percents or by 851
extra trained persons, see table 2.6, column 8) - the number of matches, created within
the following month, increases by 2.24 percent or by 85 units (3554*0.024). Thus one
new match may be created by additionally training 851/85 = 10 unemployed. According
to the data from SEAL, in the period from 2004 to 2006, the average per head cost of
unemployed training was around 679 Lats'*. In the same period of time (2004-2006)
the average GDP per employed was 8803 Lats annually or 733 Lats monthly. Therefore
the expenses of training 10 additional unemployed, would be covered if the additionally
matched unemployed keep the job for at least 9 months (6790/733). Thus the expenses

on training can easily be covered at the macroeconomic level.

1 Latvian Lat makes approximately 1.49 Euros.
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Our results support a substantial role of training programmes in fighting unemployment
while the available macroeconomic studies on other transition economies do not seem

15 Positive effects of different (including

to have reached the consensus on this issue
non-training) ALMP programmes are found by Burda and Lubyova [1995], Svejnar
et al. [1995], Boeri and Burda [1996] in Czech Republic and Burda and Lubyova [1995]
in Slovakia. A positive impact of training is pointed out by Steiner and al. [1998] in
Eastern Germany, by Puhani [1999] in Poland and by Dmitrijeva and Hazans [2007] in
Latvia. Meanwhile, other studies conducted on Poland (Lehmann [1995], Gora et al.

[1996]), East or West Germany (Hagen [2003], Hujer et al. [2002], Hujer and Zeiss

[2003]) do not find any significant impact of unemployed training programs.

It should be noted, however, that all above listed studies operate with the traditional
matching function (not stock-flow) and most of them choose the expenditure on ALMP
as explanatory variable when evaluating the efficiency of policy programmes. These
methodological differences can be responsible for conflicting findings. Another reason
can be cross-country differences in composition of the pool of unemployed and the

structure of labour demand.
Regional heterogeneity

Both the efficiency of the matching process and the efficiency of unemployed training
varies across Latvian districts. Figure 3.5 displays the efficiency of matching (both with
and without controlling for the effect of training programs) in various Latvian districts

and in comparison with capital city Riga.

Both before and after Latvia’s accession to the EU, the lowest matching efficiency
has been observed in Daugavpils, Rezeknes and Ludzas districts and in the cities of
Rezekne and Liepaja. The highest efficiency characterized Valkas, Saldus, Limbazhu
and Ventspils districts.

'5See Puhani [1999] for a more detailed survey on the results of macroeconomic policy evaluations
in transition countries. Regarding the microeconomic studies, the positive role of training is reported
systematically for the OECD and transition countries (see Fay [1996] for OECD countries, Betcherman
et al. [2004] for OECD, transition and development countries, Leetmaa and Vork [2003] for Estonia,
Kluve et al. [1999] for Poland).
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In the time period before 1st May 2004, the matching performance in those regions was
significantly different (worst for the former group and better for the latter) than in the
capital city Riga. Other districts displayed the results, which are similar to the one for
Riga city. After 1st May 2004, this was the case of all districts, except Valkas.

Regional differences in matching can be explained by several factors: heterogeneity in
unemployment involvement in training, varying efficiency of the programs, or, also,
differences in skills and efficiency of staff in different SEA regional units. Some of this
heterogeneity can be removed when controlling for unemployed participation in training

programme in the estimated model (augmented matching function).

The results of estimation of the augmented matching function reveal that the gap in
matching efficiency between Riga city and other districts is higher when the taking into
account the magnitude of unemployed involvement in training. In this case, none of the
districts perform significantly worst than Riga city. In turn, the range of districts which
perform significantly better have increased: 20 districts out of 32 in the time period
prior to EU enlargement and all regions, except Ludzas, after the EU enlargement.
This suggests that in some districts - Tukuma, Ogres, Valmieras, Liepajas, Jelgavas,
where the involvement in occupational training is the lowest, but performance indicators
increase significantly when taking the participation in ALMP into account- the overall
matching efficiency can be improved by increasing the involvement of unemployed in

training programmes.
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3.8 Conclusions and policy perspective

The objective of this chapter was to investigate the aggregate effects of active labour
market policy. We consider the potential of unemployed training (a measure aiming to
reduce skill and qualification mismatch between labour supply and labour demand) in

increasing outflows from unemployment to jobs.

To quantify these effects, we estimate an augmented matching function on monthly
cross section data from Latvia and used the share of trained unemployed to measure

the extent of policy intervention in each of Latvian districts.
The main results are the following:

First, we confirm our previous findings on a stock-flow patterns in the matching process

in Latvia and on the dominance of labour demand in the creation of new matches.

Second, we find that the effect of unemployed occupational training on aggregate out-
flow from unemployment, evaluated through the estimated semi-elasticity of outflows
with respect to the share of trained unemployed, is positive and statistically signifi-
cant. Unemployed participation in training increases thus the number of transitions

from unemployment to jobs.

Third, the calculations based on estimation results reveal that the monthly number of
new matches (hires) realized in the labour market can be increased by one unity by
additionally training 10 unemployed. A simple cost-benefit comparison based on the
data on average training costs, one hand, and the data on average productivity of em-
ployed in terms of GDP per head, on the other hand, reveals that training programmes
can be easily be covered on the aggregate level if the average job tenure in the country

reaches 9 months.

Several conclusions with regard to active labour market policy programmes can be
derived based on these results. The important role played by the new job vacancies in

the outflows from unemployment, suggests intensive use of programmes susceptible to
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promote the creation of new jobs (subsidized jobs, credits to self-employed etc.). At the
same time and despite the driving role of labour demand, training has an important
effect on unemployment reduction. Given financial feasibility of this programme at
the aggregate level and given the potentiality of important social effects (reducing
discouragement and social exclusion) the further promotion of training programmes is

strongly suggested.
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3.9 Appendices

Table 3.3: Descriptive statistics, aggregated data

[ Variable | Mean Variation S.d. Min Max Obs. Mean* |
Latvia 1:1999 - 07:2006
Outflows from training 20 overall 37 0 729 Nit 3003 664
between 28 3 168 Ni 33
within 25 -140 581 Nt 91
Outflows of trained 12 overall 21 0 209 Nit 3003 411
between 19 2 113 Ni 33
within 9 =77 108 Nt 91
Trained unemployed 21 overall 12 1 79 Nit 3003 21
(proxy PTU), in% between 8 9 42 Ni 33
within 8 -14 66 Nt 91
Latvia 1:1999 - 04:2004
Outflows from training 21 overall 40 0 729 Nit  2T12 686
between 29 3 178 Ni 33
within 28 -149 572 Nt 64
Outflows of trained 13 overall 22 0 209 Nit 2112 426
between 20 2 122 Ni 33
within 10 -85 100 Nt 64
Trained unemployed 18 overall 9 1 52 Nit 2112 18
(proxy PTU), in% between 7 6 35 Ni 33
within 6 -10 35 Nt 64
Latvia 5:2004 - 07:2006
Outflows from training 19 overall 29 0 242 Nit 891 607
between 24 3 145 Ni 33
within 17 -111 116 Nt 27
Outflows of trained 11 overall 17 0 148 Nit 891 379
between 15 2 93 Ni 33
within 7 -51 67 Nt 27
Trained unemployed 29 overall 13 11 79 Nit 891 30
(proxy PTU), in% between 12 14 59 Ni 33
within 5 16 53 Nt 27
Trained unemployed 3.4 overall 1.9 0.2 1T.3  Nit 891 3.5
(correct gamma), in % between 1.1 1.7 5.6 Ni 33
within 1.6 -0.3 9.5 Nt 27

Notes: (1) Outflows from training stand for the number of unemployed which have completed
training program during the considered month. (2) Outflows of trained stand for the number of
unemployed which have previously completed training program (unconditionally of the date of
completion) and have found jobs during the considered month. (3) Trained unemployed stand for
the number of individuals, that have previously completed training program (unconditionally of
the date of completion) and are at the end the considered month still unemployed. (4) Statistics
are calculated on regional panel data on monthly frequency. (5) Meanx stands for the mean of
the variable, when data are aggregated over all regions. (6)N;+ - total observation number; N; -
number of regions; N¢ - number of time periods (months). (7) Between variation is constructed by
calculating the means over time for every region (Z;); Within variation represents the deviation of
individual observations from region’s average (x;+ — Z; + =) and can naturally be negative.



Table 3.4: Latvia - Estimation results: augmented stock-stock matching function (time period 01:1999 -
07:2006)

Dep. variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered 1] [11] [I11] [Iv] 1] [11] [111] [Iv]
unemployment to employment)
In Unemployed (stock): 0.856*** 0.867*** 0.828%** 0.829%** 0.857*** 0.861%** 0.842%** 0.853*%*
[0.075] [0.076] [0.073] [0.070] [0.107] [0.107] [0.101] [0.097]
In Unemployed (inflow): 0.050* 0.036 0.051%* 0.064** 0.007 0.002 0.007 0.023
[0.028] [0.029] [0.029] [0.029] [0.043] [0.043] [0.042] [0.042]
In Vacancies (stock) 0.027%*%* 0.028%%* 0.025*%* 0.016** 0.024%** 0.024%%* 0.021%%* 0.011
[0.007] [0.007] [0.007] [0.007] [0.009] [0.009] [0.009] [0.008]
In Vacancies (inflow) 0.204%** 0.202%** 0.203*** 0.200*** 0.188%** 0.188%** 0.189%** 0.185*%*
[0.011] [0.011] [0.011] [0.011] [0.015] [0.015] [0.015] [0.014]
Local labour demand indicator 0.742%%* 0.742%%* 0.741%%* 0.756%** 0.731%%* 0.730%** 0.727*%* 0.744%*%*
[0.065] [0.066] [0.066] [0.065] [0.118] [0.118] [0.117] [0.115]
Time trend (year) 0.001 0.003 0.004 0.003 0.009 0.009 0.013 0.01
[0.003] [0.003] [0.003] [0.004] [0.008] [0.008] [0.008] [0.009]
Constant -5.048 -9.161 -12.396%* -10.247 -20.808 -21.899 -28.422% -23.839
[6.611] [6.791] [7.018] [7.691] [15.879] [15.883] [16.226] [17.852]
UBAT (after 01/08/2000) 0.019 0.019
[0.020] [0.052]
UBAZ2 (after 01/02/2003) -0.07T*** -0.092%
[0.019] [0.050]
MWAT1 (after 01/07/2001) -0.002 -0.012
[0.020] [0.050]
MWAZ2 (after 01/01/2003) -0.095%%* -0.107**
[0.021] [0.052]
MWAS3 (after 01/01/2004) -0.021 -0.03
[0.022] [0.054]
MWA4 (after 01/01/2006) 0.125%%%* 0.138%
[0.028] [0.072]
Regional dummies (test) TH3¥** 629%*** TTYH** 811¥** 1256*** 8BTHH* 1329%** 1422%%%
Quarterly dummies (test) 62*H* [igeie 66*** TIHAE 13%* 13%** 14%%* 16%**
Relative search effectiveness
of trained unemployed: 0x 2.02 1.93 1.91 1.73 1.73 1.72 1.64 1.52
Semi-elasticity of new matches with
respect to proportion of trained unemployed: n
evaluated at v=0.21: 0.72%** 0.67*** 0.63%** 0.52%** 0.54%** 0.54%** 0.47%%* 0.40%**
Returns to scale 1.14 1.13 1.11 1.11 1.08 1.08 1.06 1.07
Constant returns to scale (test) 3.0* 2.7* 1.89 2.08 0.43 0.43 0.29 0.47
Observations 2737 2647 2737 2737 2737 2647 2737 2737
Regions 33 32 33 33 33 32 33 33
Coef. of. det R2 0.88 0.88 0.89 0.89
Heteroscedasticity, test 1031%%* TAG¥** 9RY*** 989***
Autocorrelation, test 20.39%** 19.82%%* 19.77%%* 19.25%%*
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Table 3.5: Latvia - Estimation results: augmented stock-flow matching function (time period 01:1999 - 04:2004)

Dep. variable: In Matches GLS GLS GLS GLS PCSE PCSE PCSE PCSE
(outflows from registered [1] [11] [I11] [1V] [1] [I1] [I11] [Iv]
unemployment to employment)
In unemployed (stock) : 1.068%** 1.093%** 1.078%** 1.033%** 1.070%** 1.080%** 1.091%** 1.033%**
[0.081] [0.082] [0.081] [0.080] [0.122] [0.121] [0.116] [0.116]
In unemployed (flow): 0.041 0.028 0.043 0.044 0.001 -0.003 0.002 0.001
[0.032] [0.033] [0.033] [0.033] [0.046] [0.046] [0.046] [0.046]
In vacancies (stock): 0o 0.001 0.001 0 -0.007 -0.007 -0.006 -0.008
[0.008] [0.008] [0.008] [0.008] [0.009] [0.009] [0.009] [0.009]
In vacancies (flow): 0.206%** 0.202%%* 0.206*** 0.207*%* 0.182%%* 0.181%%* 0.183%%* 0.183*%*
[0.013] [0.013] [0.013] [0.013] [0.017] [0.017] [0.017] [0.017]
Indicator for local labour demand 0.815%%* 0.816%** 0.811%** 0.827*** 0.794%** 0.795%** 0.786*** 0.798%**
[0.067] [0.067] [0.067] [0.066] [0.115] [0.115] [0.114] [0.114]
Time trend (annual) -0.009%** -0.006 0.002 0.002 -0.003 -0.002 0.009 0.004
[0.004] [0.004] [0.005] [0.006] [0.010] [0.010] [0.011] [0.014]
Constant 11.57 6.348 -10.55 -9.823 0.562 -0.635 -23.25 -12.15
[8.930] [9.163] [10.239] [12.561] [20.211] [20.164] [22.378] [27.663]
UBA 1 (after 01/08,/2000) 0.026 0.035
[0.018] [0.043]
UBA 2 (after 01/02/2003) -0.054%%* -0.062
[0.019] [0.047]
MWAT (after 01/07/2001) 0.013 0.008
[0.018] [0.044]
MWAZ (after 01/01,/2003) ~0.075%** -0.068
[0.023] [0.054]
MWAS (after 01/01,/2004) 0.002 0.034
[0.033] [0.077]
Regional dummies (test) T24%%* 605%*** T50*** T39HHE 1397*** 966+ ** 1470%*** 1482%**
Quarterly dummies (test) 59*H* 67HE 66*** S4HHE 15%** 16%** 17H** 14k
Relative search effectiveness of trained unemployed: 6% 1.81 1.68 1.64 1.63 1.54 1.51 1.41 1.42
Semi-elasticity of new matches with
respect to the proportion of trained unemployed :n
evaluated at v=0.18 0.75%** 0.66%*** 0.62%** 0.58%** 0.53%** 0.5%%* 0.42%** 0.4%%*
Returns to Scale 1.32 1.32 1.33 1.28 1.25 1.25 1.27 1.21
Constant returns to scale, test 14%%* 14%x* 14%%* 11%** 3.5%%* 3.6% HAHE 2.7%
Observations 1953 1889 1953 1953 1953 1889 1953 1953
Regions 33 32 33 33 33 32 33 33
Coef.of det.R2 0.91 0.91 0.91 0.91
Heteroscedasticity, test 836*** 803*** 830*** 85T7H**
Autocorrelation, test 14.5%%* 13.9%** 14.2%%% 14.1%%*
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Table 3.6: Latvia - Estimation results: augmented stock-flow matching function (time period 05:2004 - 07:2006)

Dep. variable: In Matches GLS GLS GLS PCSE PCSE PCSE
(outflows from registered (1] [11] [Iv] 1] [11] [Iv]
unemployment to employment)
In Unemployed (stock): 1.526%%* 1.605%%* 1.482%%* 1.450%** 1.472%%* 1.416%%*
[0.263] [0.269) [0.249] [0.351] [0.352] [0.345]
In Unemployed (inflow): 0.054 0.047 0.049 0.005 0.002 0.002
[0.053] [0.054] [0.054] [0.092] [0.092] [0.091]
In Vacancies (stock) 0.034%** 0.032%%* 0.032%** 0.032%* 0.031** 0.031**
[0.011] [0.012] [0.012] [0.014] [0.014] [0.014]
In Vacancies (inflow) 0.200*** 0.203*** 0.199%** 0.194%** 0.195%** 0.194%**
[0.020] [0.020] [0.020] [0.027] [0.027] [0.027]
Local labour demand indicator -0.105 -0.117 -0.134 0.194 0.194 0.162
[0.294] [0.295] [0.293] [0.403] [0.403] [0.397]
Time trend (year) 0.093*** 0.104%** 0.077*** 0.107%** 0.112%%* 0.092
[0.021] [0.022] [0.026] [0.046] [0.046] [0.063]
Constant -197.2%%* -218.6%*** -165.1%%* -224.4%* -234.3%* -193.6
[43.520] [45.011] [53.313] [93.522] [94.009] [126.937]
MWA4 (after 01/01,/2006) 0.073%* 0.064
[0.036] [0.106]
Regional dummies (test) GTTHHH 592%** 673%%* 14334%%* 6064%** 12911%%*
Quarterly dummies (test) 40*** 45%* 44x%* * * 8%
Relative search effectiveness
of trained unemployed: 6% 2.45 2.45 2.09 2.3 2.29 2.02
Semi-elasticity of new matches with
respect to proportion of trained unemployed: n
evaluated at v=0.29 1.56%** 1.64%** 1.23%%* 1.37%%* 1.38%** 1.111%%*
Returns to scale 1.81 1.89 1.76 1.68 1.7 1.64
Constant returns to scale, test [elolo 10%%* gHA* 3.4%K% 3.6%%* 3. 1kk*
Observations 784 758 784 784 758 784
Regions 33 32 33 33
Coef. of det. R2 0.94 0.94 0.94
Heteroscedasticity, test 490%** 479%** 502%**
Autocorrelation, test 7.8%** 7.5¥E* 7.8%F*
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Table 3.7: Latvia - Estimation results: augmented stock-flow matching function (time period 05:2004 - 07:2006).
Robustness check with corrected value of PTU variable

Dep. variable: In Matches GLS GLS GLS PCSE PCSE PCSE

(outflows from registered 1] [11] [IV] 1] [I1] (V]

unemployment to employment)

In unemployed (stock) : 1.041%** 1.099%** 1.128%** 1.120%** 1.142%** 1.160%**
[0.185] [0.190] [0.192] [0.262] [0.263] [0.273]

In unemployed (flow): 0.046 0.04 0.044 0.005 0.002 0.002
[0.053] [0.054] [0.054] [0.092] [0.092] [0.091]

In vacancies (stock): 0.034*** 0.033*** 0.032%** 0.032%* 0.031** 0.031%**
[0.011] [0.012] [0.012] [0.014] [0.014] [0.014]

In vacancies (flow): 0.195%** 0.198%** 0.194%%* 0.191%** 0.192%** 0.191%%*
[0.020] [0.020] [0.020] [0.027] [0.027] [0.027]

Indicator for local labour demand -0.191 -0.209 -0.222 0.142 0.14 0.112
[0.297] [0.299] [0.295] [0.409] [0.409] [0.402]

Time trend (annual) 0.113%** 0.124%%%* 0.091*** 0.126%** 0.131%** 0.104
[0.023] [0.024] [0.027] [0.048] [0.048] [0.064]

Constant -232.777k** -254.081%*%* -188.114%%* -259.156%%* -268.556%%* -215.120%*
[48.261] [49.589] [55.460] [97.484] [97.733] [127.847]

UBA 1 (after 01/08/2000)

UBA 2 (after 01/02/2003)

MWAT1 (after 01/07,/2001)

MWAZ2 (after 01/01/2003)

MWA3 (after 01/01,/2004)

MWA4 (after01,/01/2006) 0.083%* 0.073

[0.037] [0.107]

Regional dummies (test) 632%%* 578*H* 637*** 40272%** 6735%** 13455%**

Quarterly dummies (test) 40%** 45%** 44Hx 7.2% 7.6* 8**

Relative search effectiveness of trained unemployed: 6x 3.32 3.36 2.81 3.17 3.19 2.78

Semi-elasticity of new matches with

respect to the proportion of trained unemployed: n

evaluated at v = 0.034 2.24%%* 2.40%** 1.92%** 2.26%** 2.33%%* 1.95%**

Returns to Scale 1.32 1.37 1.40 1.35 1.37 1.38

Constant returns to scale, test 2.45 3.2% 3.6% 1.52 0.67 1.7

Observations 784 758 784 784 758 784

Regions 33 32 33 33

Coefficient of determination R2 0.95 0.95 0.94

Heteroscedasticity, test 425%%* 415.9%** 488.1%**

Autocorrelation, test T.5HHK T.3HEH T.6FF
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118 3. MATCHING AND MACROECONOMIC EFFECTS OF LABOUR MARKET POLICY

Explanatory notes for tables 3.4 -3.7:

(1) GLS: Model estimated by Generalized Least Squares method. PCSE: Model estimated
by Panel Corrected Standard Errors method.

(2) [1] - [IV]: specifications (see section 3.6 for details); All models include regional and time
(quarterly) dummies and time (annual) trend. Local labor demand indicator: growth in
local (within region) secondary employment. (3) UBA 1 - UBA 2 are time dummies for
changes in unemployment benefit amount (UBA): UB1 1=1 starting from 1/08/2000 when
UBA dropped from 50 to 43 Ls, UBA 2=1 starting from 01,/02/2003 when UBA raised from
43 to 50Ls.

(4) MWA 1 - MWA 4 are time dummies for changes in minimum wage amount: MWA 1=1
starting from 1/07/2001, when minimum wage raised from 50 to 60 Ls, MWA 2=1 starting
from 01/01/2003 when MWA raised from 60 to 70 Ls, MWA 3=1 starting from 01,/01/2004
when MWA raised from 70 to 80 Ls, MWA 4=1 starting from 01,/01/2006 when MWA raised
from 80 to 90 Ls.

(5) Constant returns to scale (CRS), test: test for constant returns to scale in estimated
matching function. Ho: asy + apy+ asy + apy=1 in stock-flow specification.

(6) 0" is the value of parameter @ (relative search effectiveness of trained unemployed), used
in estimations (the likelihood maximizing value 6 for each model).

(7) The semi-elasticity of outflows with respect to the share of trained unemployed 7 is
calculated from equation 3.8 using estimated coeflicients. 7 is evaluated at period’s respective
mean value of the share of trained unemployed (proxy or correct value). Proxy: for the
period 1:1999 -07:2006, v=0.21; for the period 1:1999 -04:2004, v=0.18; for the period
5:2004 -07:2006, v=0.29. Corrected value: for the period 5:2004 -07:2006, y=0.034.

(8) Heteroscedasticity, test: modified Wald test for group wise heteroscedasticity (Greene
2000, 598).

(9) Autocorrelation, test - Baltagi test for autocorrelation.

(10) Standard errors in parentheses: for PCSE models standard errors corrected for het-
eroscedasticity,cross sectional correlation and panel specific AR1 are reported.

(11) *Hk 4 * _estimates significantly different from zero at 1,5,10 percent level respectively.



Chapter 4

Microeconomic effects of labour
market policy

4.1 Introduction

The analysis of the matching process between job seekers and job vacancies, carried in
chapters 2 and 3, allows performing the diagnostics of labour market functioning and
measuring how the active labour market policies affect the efficiency of the matching
process at the aggregate level. Meanwhile it does not allow a more careful evaluation
of the effects of the programmes on job seeker individual employability. Consequently,

the microeconomic evaluation of ALMP programs is performed in this chapter.

We apply the ”propensity score matching” (PSM) methodology developed by Rosen-
baum and Rubin [1983], and Heckman et al. [1999]. This evaluation methodology
consists in contrasting two groups of individuals, treated and non-treated by programs,
with otherwise similar characteristics, for example in terms of gender, education, age.
Then the difference in their labour market outcome in terms of re-employment and

future earnings is considered.

This approach is recognized as one of the most efficient in microeconomic evaluation of
active labour market policy programs and is extensively applied to policy intervention

analysis in European countries. Hamalainen and Ollikainen [2004] for Finland, Brodaty
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120 4. MICROECONOMIC EFFECTS OF LABOUR MARKET POLICY

et al. [2002] for France, Caliendo et al. [2005a], Caliendo et al. [2005b], Lechner [1999b]
for Germany, Loretzen and Dahl [2005] or Raaum et al. [2003] for Norway, Fredriksson

and Johansson [2003] for Sweden are several among multiple studies’.

Nevertheless, with the exception of the work of Leetmaa and Vork [2003] on Estonian
data, and Kluve et al. [2002] on data from Poland, this approach is rarely applied to
the analysis of transition or accession countries, mainly due the lack of the adequate

data. For Latvia, this will be the first microeconomic evaluation of policy intervention.

Primary data files provided by the State Employment Agency of Latvia (SEAL) are
used to construct the individual database of unemployed and programme participants
(381,844 job seekers in total), registered by SEAL as unemployed in the period be-
tween January 2003 and August 2006. Available data allows evaluating the following
ALMP programmes: (i) unemployed occupational training (vocational training, re-
qualification and rising of qualifications); (74) modular training in state language for
non - Latvians; (i77) modular training in other skills (foreign language, computer liter-
acy, project management and business operation, driving). We measure the impact of
participation in each of those programmes on the unemployed chances to be employed
within 6, 9, 12, 18 and 24 months after the date of registration. We assess temporal
evolution in programme efficiency by separating the unemployed pool in three groups

according to the year of their registration with SEAL (2003, 2004 or 2005 - 2006).

Moreover, large number of observations allows to examine heterogeneity in programme
effect across different socio-demographic (gender, age, education) and regional groups.
We also test the sensitivity of our results to a so called ”"hidden” or ”covert” bias,
related to the potential effect of unobservable variables (motivation, for example) on
unemployed participation in evaluated programmes and his/her outcome in the labour

market.

The reminder of this chapter is organized as follows. Section 4.2 gives more details on

the evaluated measures and completes the descriptives on participation in the ALMP

'See Kluve [2007]for a detailed review
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programmes in Latvia (given in chapter 3) with the information derived from individual
data. The evaluation methodology is presented in section 4.3. Section 4.4 describes
the construction of working dataset, introduces the main definitions retained to form
treatment and control groups and describes estimation strategy. Evaluation results are
displayed and discussed in section 4.5, while section 4.6 concludes and derives policy

suggestions.

4.2 Evaluation context

The aim of this chapter is to evaluate the efficiency of unemployed training programmes,
proposed by the State Employment Agency of Latvia, on individual employability of
participants. Our focus is on the programmes oriented towards increasing the knowl-
edge and skills of unemployed wvia training: occupational training programme (OT)
and two types of modular training: language training (MLT) and modular training in
other skills (MOT). The individual data used in this chapter (see details in section 4.4)
gives the possibility to derive additional information on programme participation and

to assess the socio-demographic profile of the participants.

In total over 12 percent of Latvian unemployed, registered with the SEAL between
January 2003 and August 2006, completed one of three training programs, mentioned

above.

About half of participants (5.4 percent of Latvian unemployed) were involved in oc-
cupational training (OT)2. This programme is implemented in Latvia since the be-
ginning of the 90’s and is the most important in terms of allocated funds. The design
of the programme allows either obtaining a new profession (vocational training and
re-qualification involves 75 percent of participants in occupational training) or up-
grading skills in a current occupation (raising of qualifications involves 25 percent of
participants). The average duration of the programme is between 4 and 6 months

and educational programs are selected by SEAL according to the demand in the labor

2The programme evaluated from macroeconomic perspective in chapter 3 of this thesis.
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market (inquired through employer’s surveys).

Since 2003 the SEAL also organizes modular training: a short-term (50 to 150 hours)
training oriented towards the improvement of various basic and comprehensive skills
necessary for successful integration in the labour market. Modular training is im-
plemented in the framework of a larger ”Measures to Increase Competitiveness” pro-
gramme (MIC), which also includes professional orientation sessions and consultations
on job search methods (short programmes undergone by the majority of job seekers).
The aggregate data used in the previous chapters does not allow to distinguish be-
tween various sub-types of MIC, making impossible the macroeconomic evaluation of
this measure. Individual data, by contrast, gives such possibility and enables us to
include modular training in the set of evaluated training programmes. Between Jan-
uary 2003 and August 2006 over 6 percent of all registered unemployed participated in
modular training. State Employment agency proposes two types of modular training:

language training (MLT) and modular training in other skills (MOT).

Language training is an educational course in state language (Latvian), which is
proposed to the unemployed for whom Latvian language is not native. For the record,
those compose almost 50 percent of all registered unemployed, but more than half of
them do not possed a certificate of proficiency in Latvian language or have the certificate
of low level of proficiency. Such certificate is delivered by respective authorities after
an examination. For school leavers the examination is provided in the framework of
graduation tests, while for older individuals examination sessions are organized in major
cities by the CCDE (Center for Curriculum Development and Examinations, operating
under the Ministry of Education of Latvia). For the majority of professional jobs, jobs
in public sector and jobs in services, the certificate of proficiency (or a certificate of
proficiency of a certain level) is a necessary requirement for employment (also at legal
level). Therefore the absence of such certificate (or certification of lowest proficiency
level) often forms an obstacle to employment: concerned unemployed make therefore a

target group for language training programme.
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Modular training in other skills (MOT) covers training in foreign language (En-
glish, German); computer literacy or improving of computer skills; training in project
management, accounting, record keeping, marketing or business operation; receipt of

driving licence and qualification (various categories plus tractor driving).

Among all unemployed involved in modular training between years 2003 and 2006,
18 percent completed Latvian language training, 4 percent were involved in business
related training (project management, accounting, record keeping), whereas the re-
maining participants were involved in foreign language training, computer skill related
training or driving related training (about 25 percent of participants in each). For 2
percent of unemployed involved in modular training programme language training was
combined with other types of modular training, whereas 14 percent of participants have

also completed occupational training.

Generally speaking, the highest involvement of unemployed in various training pro-
grammes is observed in Vizdeme and Latgale regions, but the lowest - in Riga region
(the region surrounding capital city Riga). The participation of unemployed in training
programmes is quite similar across urban and rural areas (see figure 4.1). Meanwhile,
the unemployed living outside major cities or regional centers are more involved in

modular training and less in occupational training.

The participation in training programmes is higher among female unemployed, compar-
ing to males (see table 4.1). In the time period between 2003 and 2006, over 7 percent
of females were involved in occupational training and almost 8 percent in various mod-
ular training programmes (MLT and MOT). By contrast, only 6 percent of males have

undergone either occupational or modular training.

With respect to the age of the unemployed, the participation of unemployed above 45
years of age in training programmes is the lowest for both occupational and modular
training. Only 2.1 percent of unemployed in pre-retirement age (over 55) have under-
gone occupational training and only 3 percent were involved in language or other types

of modular training. The participation rates were relatively homogenous within the
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Figure 4.1: Unemployed participation in ALMP, by place of residence

Percents

Riga Riga regionVidzeme Kurzeme Zemgale Latgale Urban Rural

[ ] OT occupational training
[1 MOT modular training, excluding language courses

Source: Individual data set constructed from the records of SEAL. Note: Participation is defined
in percent of the total number of unemployed in respective region or area.

following age groups - below 25 years, 25 to 34 years, 35 to 44 years: 6 percent for
occupational training and 7 percent for various types of modular training in each of

these groups.

The participation in training seems to increase with the level of educational attainment:
the unemployed with basic education or lower education level display the weakest par-
ticipation rates, but those with secondary education or above are the most involved in

occupational and modular training.

The situation with the proficiency in state (Latvian) language is alarming. About 13
percent of unemployed, registered between the beginning of 2005 and August of 2006,
did not possess a certificate of proficiency in Latvian language and 12 more percent
had a certificate of low level of proficiency. Recent analysis of unemployment risks
and duration by Hazans et al. [2007] shows that those are the groups of unemployed,

which, other things equal, have the lowest job finding probabilities, comparing to native
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Figure 4.2: Unemployed participation in ALMP, by level of proficiency in Latvian
language

Percents

None Low Middle High Native All

[ OT occupational training
[ MT modular training, excluding language courses

Source: Individual data set constructed from the records of SEAL. Notes: Proficiency levels: None
- No Latvian language proficiency certificate; Low - Certified low level of proficiency in Latvian;
Middle - Certified low level of proficiency in Latvian; High - Certified high level of proficiency in
Latvian; Native - Native speaker or graduated from the institution where the courses were held in
Latvian; All - All proficiency groups together.

speakers or those with high level of proficiency. The involvement of such unemployed
in language training is naturally high (3 percent versus 1 percent on average across
all unemployed), but their participation in other training programmes is very low (see
figure 4.2). This is mostly due to the fact that occupational and other skill related
training courses are provided in Latvian language and the majority of non-Latvians are
not able (or are not sure about their ability) to undergo an educational programme in

a non-native language.

In what follows, we will evaluate the efficiency of above mentioned programmes (occupa-
tional training, modular training in state language and modular training in other skills)
in promoting employment among the participants and will assess the heterogeneity of

the effects across various socio - demographic groups.
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4.3 Evaluation methodology: Propensity score matching

4.3.1 Theoretical issues

The microeconomic evaluation of active labour market policy programmes with non-
experimental data is realized within the potential outcome framework of Roy-Rubin
model (Roy [1951], Rubin [1974]). The main building blocks of the model are individ-

uals, treatment and potential outcomes.

We consider the participation in one particular programme versus non involvement:
each unemployed ¢ from the population of size N faces two exhaustive and exclusive
states of nature - participation and non participation. We denote by T; the variable
expressing unemployed participation status: 7; = 1 for the unemployed who complete
the programme (in the evaluation literature those are often referred to as treated) and
T; = 0 for those who did not participate in the programme (untreated unemployed).
Let Y; be the variable that reflects the unemployed i outcome (result, response) in the
labour market. For example, the outcome can be unemployment length or unemployed
labour market status at a certain moment of time (say 9 months after registration) or

also, his monetary outcome in terms of wage in future job.

It is assumed that participation in the ALMP programme (variable T;) affects unem-
ployed outcome in the labour market (variable Y;). This assumption is further verified
empirically. The variable Y;(7;) reflects the potential labour market outcome, given
the participation status of the unemployed: Y;(1) is the potential outcome if the un-
employed completes the evaluated programme and Y;(0) the potential outcome in the
opposite case. The causal effect of the treatment can be defined for each unemployed

1 as the difference of these two potential outcomes:
Ci = Yi(1) - Yi(0) (4.1)

The fundamental evaluation problem is that individual can only be in one treatment

state at a time (either participate in the programme or not). In other words, it is not
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possible to simultaneously observe 7; = 1 and 7; = 0, as well as Y;(1) and Y;(0). The

observed outcome can be written as follows:
Y, = TY:(1) + (1 - T)Y;(0) (4.2)

For treated unemployed (7; = 1) only a realization of Y;(1) is observable (the variable
(1 — T;) in the equation 4.2 will take the null value), while for untreated unemployed
one can only observe the realization of Y;(0). The unobserved outcome is termed a

counterfactual outcome?.

Due to this observation (missing data) problem, neither the individual causal effect of
the treatment, nor its distribution over the population of unemployed can be identified.
It is common therefore to focus on some features of the impact distribution, such as its
mean. The focus is shifted from the evaluation of individual effects to the assessment

of population average effects.

The average effect of the programme on the total population of unemployed - ATE for
Awverage Treatment Effect - is defined as:

C=EN(1)-Y(0)] = E[Y(1)] - E[Y(0)] (4.3)

The average effect of the programme on those who have not participated in it - ATN

for Average Treatment effect on Non-treated - can be expressed as:
Co = E[Y (1) = Y(0)|lr=0] = E[Y (1)|1r=0] — E[Y (0)|7=0] (4.4)

Nevertheless, for policy evaluation it is more interesting to focus on ATT (Awverage
Treatment effect on Treated) - the effect on those who actually have benefited from the

treatment. It can be written as follows:

Cr = EY(1) =Y (0)|lr=1] = E[Y (1)|7=1] — E[Y (0)|7=1] (4.5)

3The notion of potential outcome supposes that the effect of the treatment on each individual is
not affected by the participation decision on any other individuals, i.e. the pair of potential outcomes
(Yi(1), Yi(0)) for individual ¢ is independent of the treatment of other individuals. This assumption
(Stable Unit Treatment assumption from Rubin [1980]) guarantees that the average treatment effect
can be estimated independently of the size and composition of treated population.
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The first component of equation 4.5 is observable and thus can be evaluated from
the data: this is the average outcome of the unemployed belonging to the group of
programme participants, denoted T group”. By contrast, the second term of the
equation, expressing the potential outcome of treated unemployed in the absence of the
programme can not be directly observed: it should be estimated. Theoretically, one
could use the data on the labour market outcome in the group of those unemployed
who did not participate in the programme, denoted ”C” group, as counterfactual in-

formation. In this case, the following assumption should be made:
EY(0)lr=1] = E[Y(0)|r=0] = E[Y(0)] (4.6)

This assumption supposes that in the absence of the programme both treated and
untreated individuals would witness the same labour market outcome. In other words,
we suppose that ”T” and ”C” group individuals are identical in terms of all possible
characteristics, other than treatment. All individuals have therefore the same chances
to participate in the programme, which means that treatment is assigned on a random

basis.

If the assumption 4.6 is verified, then the Average Treatment effect on Treated Cy can
be evaluated by comparing the empirical mean of outcome variable Y; between two

groups of unemployed (treated and untreated).
A = E[Y (1)[r=1] = E[Y(0)|7=0] = C1 (4.7)

The difference of empirical means A is often termed as "naive” estimator, since it does
not take into account such important aspects as selection or self-selection into treat-
ment. In reality the assumption 4.6 rarely holds since treated and untreated individuals
are not identical. The heterogeneity comes from various socio-demographic or other
factors, observable or potentially unobservable. Those factors may affect both the prob-
ability that a given unemployed participates in the programme and his/her outcome
at the labour market. For example public temporary job programmes focus on those

who have the lowest chances to find jobs by themselves due to insufficient or inadequate
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education, qualification or due to the lack of other skills. On the other hand the ”"cream
skimming” behavior is also common: for achieving better performance results, the staff
of the State Employment Agency may tend to select the most motivated and skilled in-
dividuals into training programmes. Displaying high learning ability and good chances
to complete the programme, those individuals have indeed the highest chances to be
employed, even without training. Finally, the subjective anticipation on programme

benefits may affect unemployed own motivation and willingness to participate.

When any of the above is the case, one speaks about the selection bias, which com-
promises the assumption on the equity of potential outcomes of treated and untreated
individuals in the absence of the programme (4.6) and introduce bias in ”naive” esti-

mator A:
A = E[Y(1)|r=1] = E[Y(0)|r=1] + E[Y (0)|r=1] — E[Y(0)|7=0] = C1 + Brr  (4.8)

The selection bias can be measured by By = E[Y (0)|7=1] — E[Y (0)|7=0]

Thus, when ”T” and ”C” unemployed groups (treated, control) are not homogeneous
with respect to a set of observable individual characteristics X, the difference in labour
market outcomes between these two groups can not be attributed only to the effect of
the treatment (ALMP programme). This problem can however be solved by comparing
the individuals with the same (or similar) characteristics (gender, age, education, for
instance). Searching for similar individuals (twins) across " T” and ”C” groups is called

"matching” or ”pairing”.

When treated and untreated unemployed are similar in terms of observable individual
characteristics X, then those characteristics can not affect the unemployed chances
to be treated and thus do not affect the variable T'. It can thus be assumed that,
conditional on a set of characteristics X the outcomes (Y(1), Y(0)) are independent of
programme participation:

(Y(1),Y(0) LI T|X (4.9)

Being in the heart of evaluation studies, the assumption 4.9 is known under various



130 4. MICROECONOMIC EFFECTS OF LABOUR MARKET POLICY

names: CIA for Conditional Independence Assumption (Lechner [1999a]), ITA for Ig-
norable Treatment Assumption (Rosenbaum and Rubin [1983]), or also unconfoundness

assumption.

Using CIA, it now can be assumed that ”T” and ”C” group unemployed would have

same labour market outcomes in the absence of the program:
E[Y (0)lr=1,x] = E[Y (0)|r=0,x] (4.10)

When conditioning on a set of individual characteristics X, the average programme

effect on participants C7(ATT) can be written as follows:
C1 = EY (D|r=1] = E[Y(0)lr=1] = Ex(E[Y (D)|r=1.x] = E[Y (0)lr=1x]lr=1) (4.11)
And using CIA:

Cr = Ex(E[Y (1)|r=1,x] = E[Y (0)|r=0,x]l7=1) = Ex (E[Y|r=1,x] = E[Y|r=0,x]l7=1)
(4.12)
The effect C can thus be evaluated by analyzing similar (twin) individuals belonging

to ”T” and ”C” groups and comparing their respective labour market outcomes.

Practice, however, turns to be more complicated than theory: the greater is the number
of characteristics included in X - the higher the difficulty to find twins across ”T” and
”?C” groups. The dimension of conditioning may be reduced if instead of the set of
variables X one uses a variable which summarizes the effect of X on 7. Rosenbaum
and Rubin [1983] suggest using the probability of treatment (probability to participate

in the programme), conditional on individual characteristics X.
m(X) = Pr(T =1|X) = Pr(T|X) (4.13)

The probability 7(X) is often referred to as the propensity score.

The use of such balancing score does not compromise the CIA assumption (see Rosen-
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baum and Rubin [1983] or Dehejia and Wahba [2002]).
(Y/(1),Y(0)) I[X = Y(1),Y(0)) HT|m(X) (4.14)
Using the propensity score, the effect C1(ATT) can be written as:

C1 = Erx)(E[Y (D)lr=1,xx)] = E[Y (0)|7=0,x(x)]lT=1) (4.15)

Therefore, the effect of the treatment can be evaluated by using the propensity score to
identify "twins” among treated and untreated individuals and by comparing the mean
outcomes between ”T” and ”C” groups in matched sub-samples. However, in order to
ensure the comparability between treated and untreated individuals, there must be a

sufficient overlap between the propensity scores in two groups of unemployed:
0<m(X)<1 (4.16)

This overlap condition is also knows as common support condition (we will return to

this issue in what follows).

4.3.2 Practical implementation

In practice the microeconomic evaluation of ALMP programs by ”propensity score

matching” can be realized in two steps.

e First, one determines the propensity scores by estimating for each individual
(observation) the probability to be treated, conditional on a set of observable

characteristics X. It is usually done by using probit or logit models.

e Second, using estimated propensity score, one determines the average treatment

effect, by performing the following steps:

— Matching: for each treated unemployed (programme participant), one iden-
tifies ”twins” - the unemployed from the control group with the same propen-

sity score.
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— Estimation of the effect: the effect of the programme (difference between
the average outcome of programme participants and their ”twins” from the

group of control) is estimated for each value of the propensity score.

— Estimation of average treatment effect: the average of the effects, condi-

tioned on the values of propensity scores, is calculated.

Several decisions are made during the implementation: choosing matching algorithm,
imposing the common support condition, deciding on the repeated use of the same
observations. Various controls should be performed after implementation: assessing
matching quality or testing the sensitivity of the results to a so called "hidden” or

”covert” bias. We briefly discuss these issues in what follows.

Common support and trimming. In order to realize precise matching ”T” and
”C” group individuals should have comparable propensity scores. Therefore, after
estimating the propensity scores, it is useful to identify the propensity score intervals
for each of ?T” and ”C” groups, to define an interval common for both groups (common
support) and to use for matching only the individuals who display the propensity
scores belonging to this common interval. Usually the propensity score, which is the
probability to participate in the program, is higher in ”T” group. The common interval
will therefore lay between the minimum value of the propensity score in ”T” group to

its maximal value in ”C” group.

It can occur that even inside the common support interval for some ”T” group indi-
viduals there is no corresponding ”C” group individuals with the same or close value
of the propensity score. Therefore, one can analyze the density of propensity score
distribution and withdraw from the sample the observations associated with the lowest
density of the propensity score. This procedure is called trimming. It is common to

withdraw 2-5 percent of ”T” group individuals.

Matching algorithms. While matching is realized using the mono-dimensional vari-
able 7(X), it may still be difficult to find for a treated individual a ”"twin” from the

control group with exactly the same value of the propensity score. Several matching
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algorithms can be used in order to address this problem: stratification on propensity

score, nearest neighbor matching, caliper/radius or Kernel matching.

Nearest neighbor is the most straightforward and commonly used method. It proposes
for a given ”T” group individual to consider as twins those ”C” group individuals that
have the closest propensity scores. It is possible when realizing matching that some of
control group individuals have already been used as "twins”. If such individuals are
withdrawn from the control group after being used, the control group becomes smaller
and it might become more difficult to find matches for the following ”T” group individ-
uals. In this case the order in which the individuals are picked for pairing, influences
the possibility to find an appropriate match. The researcher should therefore ensure
the random ordering of individuals in the sample or (as most commonly used) to allow
replacement (i.e. repeatedly use the same control observations if necessary). Such deci-
sion involves, however, a trade-off between bias and variance (Smith and Todd [2005]):
when replacement is allowed the probability of finding the most appropriate ”twin”
increases, reducing bias between the ”T” and ”C” groups and improving matching
quality, but meanwhile the number of different controls used to construct a comparison

group shrinks, hence increasing the variance of the matching estimator.

Nearest neighbor matching does not necessarily mean that there may be only one neigh-
bor for every treated individual. One can use oversampling and identify several closest
neighbors for each ”T” group individual. In this case the variance-bias tradeoff involves
lower variance (more counterfactuals in control group) but higher bias and lower quality
of matching. In addition, as remarked by Caliendo and Kopeinig [2005], when using
oversampling, one also has to decide on the number of allowed matching partners and

on the way of weighting them, when constructing counterfactual information.

Caliper and Radius matching methods consider as twins those ”C” group individuals
which display the closest propensity scores and are also located within a given distance
(caliper) from the propensity score of the considered individual ”T”. This restricted

version of nearest neighbor method, proposed by Cochran and Rubin [1973], is helpful
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in the situations when the researcher is concerned by matching quality and has reasons
to suppose that the nearest neighbor can still be located far away. Another version of
caliper matching is radius matching, suggested by Dehejia and Wahba [2002]. They
propose to use as counterfactuals, not one but all untreated individuals located within
a given radius from the treated individual. As oversampling, described above, it gives
reduced variance of estimates but at the same time the risk of bad matches is also
reduced by imposing the maximum distance between treated individuals and their

"neighbors”.

Stratification or interval matching method proposes to realize matching between ”T”
and ”C” group individuals based on the intervals of propensity score values (Rosenbaum
and Rubin [1984]). Therefore the common support of the propensity score is separated
into a set of intervals (stratas). Then, within each interval, the mean difference in
outcomes between treatment and control group is calculated. A weighted average of
the interval impact estimates (weighted according to the share of treated population in
each interval) is further used to construct overall average impact estimate. The choice
of interval length or, equivalently, the number of intervals, is crucial when implementing
this method. Following Cochran and Chambers [1965] and further Imbens [2004] for
propensity score matching, using five sub-classes is often enough to remove most of the
bias associated with all covariates. Meanwhile it is useful to check, first, whether the
propensity score is balanced within each stratum (Aakvik [2001]), and second, in case
propensity score is balanced, whether the covariates are balanced (Dehejia and Wahba

[1999]).

Kernel method is one of the most recently developed matching estimators. It constructs
a match for every "T” group individual as a weighted average of all ”C” group individ-
uals. Weights are defined according to the distance, in terms of propensity scores and
Kernel functions, between each individual from the control group and the ”T” group
individual for which the match is constructed. The use of more information to con-
struct counterfactuals obviously reduces variance of the estimates, while the fact that

all (both ”good” and "bad”) matches are used to construct counterfactual information,
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increases bias. As Caliendo and Kopeinig [2005] note, the proper imposition of com-
mon support condition is of major importance when implementing Kernel matching.
The choice of the Kernel function and the bandwidth is subjective to the researches.
However, one should take into account that the choice of the bandwidth parameter
involves a tradeoff between a small variance and unbiased estimate of density function

(see Caliendo and Kopeinig [2005] for a review).

Matching quality. When matching is completed one can address its quality. Let us
recall that the conditioning is realized on the propensity score, and not directly on a set
of covariates X. Therefore it is useful to verify the ability of the matching procedure to
balance the relevant covariates across treatment and comparison groups. This can be
done by estimating the standardized bias before and after matching. Following Rosen-
baum and Rubin [1985] and Sianesi [2002], for each covariate in X the standardized
bias is defined as the ratio (in percent) of the difference of the sample means in the
treated and comparison sub-samples and the square root of the average of the sample
variances in both groups. Thus bias before and after matching are defined as:
0 X1 - Xy

V(Vi(X) + Vo(X))/2

X1 — Xou

V(X)) + Vo (X))/2

BBefore(X) =

Bafter(X) =100

The bias before matching is calculated on full treated and control group sub-samples
(variables X; and X denoting respective sample means), while bias after matching is
calculated on matched sub-samples of treated and their respective twins (sample means

denoted by X1y and Xo).

For a set of covariates, median absolute standardized bias before and after matching
may be compared. The total reduction of bias after matching is only possible in case of
exact matching, but for propensity score matching the matching quality is considered as
sufficient in most empirical studies when a standardized bias is below 3 or 5 percent. In

case where some covariate, say variable Xp, is responsible for most of the bias between
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”T” and ”C” groups, one could think of implementing a combined matching algorithm:
exact matching on variable X g and propensity score matching on the rest of covariates.
Technically, this turns to realize a propensity score matching on sub samples, separated
by the values of the variable Xp. In addition such separation also allows assessing effect

heterogeneity within respective groups.

Matching quality can also be analyzed by re-estimating the propensity scores on the
matched sample (as proposed by Sianesi [2002]) and comparing pseudo R2 and the
results of the tests for the joint significance of the regressors in the estimated model
before and after matching. Obviously, if the quality of matching (twin search) is high,
none of the regressors explains the probability of treatment after matching, implying
R2 (pseudo) close to zero and P-value of the test for joint significance of the regressors

close to one.

Covert bias. The evaluation method described above is based on the unconfounded-
ness assumption, which states that, conditional on observable characteristics contained
in X, treatment is assigned at random. However, a presence of an unobservable vari-
able which simultaneously affects assignment into treatment and the potential outcome
makes room for a "hidden bias”. Clearly with non-experimental data it is impossible to
quantify the magnitude of selection bias induced by such unobserved variable. In turn,
it is possible to measure, using sensitivity analysis, the robustness of evaluation results
with respect to deviations from the unconfoundedness assumption. Following Rosen-
baum [2002] one can determine how strongly should the unobserved variable affect the
selection in order to alter the significance of estimated treatment effect. We briefly
expose the approach, while a more detailed exposition can be found in Rosenbaum
[2002], Aakvik [2001] and Becker and Caliendo [2007]. Assume that the participation
probability of the individual ¢ depends on both a set of observed characteristics X; and
the unobservable variable u;. Then m; = 7(X;,u;) = Pr(T = 1|X;,u;) = F(B8X; +vyu,),
where ( reflects the impact of observable characteristics on selection into programme,
whereas v measures the effect of unobservable variable u; on selection or participation

decision. If there is no hidden bias, v = 0 and the participation is determined solely by
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observable characteristics X;. In contrast, if the study is not free of hidden bias, two in-
dividuals similar in terms of observable characteristics X will have different chances to

participate in the programme. For example, if the function F is the logistic distribution,

the odd ratio of two individuals 7 and j is given by: ($Z5-)/( — j) = :;((11::32 g = Zg}fﬁzz;
and, if 4 and j are similar in terms of observable characteristics X and only differ in

terms of unobserved variable u: (e#Xit7ui) /(efXitrui) = er(wi=u)),

Thus the difference in the odds of 7 and j in receiving the treatment depends on their
unobserved heterogeneity (u; — u;), and on the magnitude of the impact that the
unobserved variable has on selection (if v = 0 odds are the same). Following Aakvik
[2001], who proposes to simplify the analysis by treating the unobserved variable as a
dummy variable, taking either the null value (if there is no bias) or the unit value (in
the opposite case), the variable ¢”, which we denote as I', can be seen as a measure
of departure from the situation free of bias. As shown by Rosenbaum [2002], the odd
ratio that either one of the individuals ¢ or j will receive treatment has the following

bounds:

P
Both individuals have the same probability to participate in the programme if I' =
e?’ = 1. Otherwise, if I' = 2 for example, two individuals which are apparently similar
in terms of X could differ in their odds of receiving the treatment by factor of 2.
Increasing I' and examining the implication for the significance of estimated treatment
effects would give the insight on the robustness of the evaluation results with respect to
potential "hidden bias”. Obviously, if only a slight departure from a bias free situation

(T close to unity) is sufficient to turn the treatment effects into insignificant, the results

should be interpreted with caution®.

4This situation does not witness on the presence of a hidden bias or on the fact that the results are
in fact insignificant. It just alarms the researcher that the robustness of treatment effects to possible
bias is low.
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4.4 Dataset, definitions

4.4.1 Dataset construction

Microeconomic evaluation may only be realized using the individual unemployed data: a
dataset containing the information on socio-demographic attributes of the unemployed
as well as observation-specific information on labour market history and participation
in active labour market policy programmes. Since such data set was until recently
non-existent for Latvia, we use primary (untreated) data files provided by the State
Employment Agency of Latvia to construct the individual database of unemployed and

programme participants °.

The resulting data set gives information on 381 844 job seekers (including programme
participants), registered as unemployed in the time period between January 2003 and
August 2006. Apart from delivering the information on a large set of individual charac-
teristics of the unemployed - gender, age, ethnicity, place of residence by municipality,
major and complementary education, occupation before registration with SEAL, work
experience in major or other occupations - it also gives the information on labour mar-
ket history (unemployment length, direction of outflow from unemployment), allows to
identify the history of participation in any of existing ALMP programmes and even

enables distinguishing among several programme sub-types.

For evaluation purposes we need to define the treatment and comparison groups. We
separately evaluate each of three unemployed training programmes, i.e. occupational
training (OT), modular training in state language (MLT) and modular training in other

skills (MOT). For each of these programmes, the treatment group is composed of

5The construction of individual database of unemployed and programme participants from primary
records of SEAL was only recently (beginning of 2007) completed, with the participation of the author,
in the framework of research project on ” Reasons and duration of unemployment and social exclusion
in Latvia” initiated by the Ministry of Welfare of Latvia and founded by ESF (European Social Fund).
The contents and structure of primary data files, as well as the information of the procedure of building
a unified data set and examination of its adequacy with respect to aggregate data can be the reports
to this project or on request from the authors. but those are available on request. All primary data
files as well as the resulting data set are the property of the SEAL. Any requests concerning the use of
these data should be addressed directly to this organization.
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unemployed completed the programme®. Due to insufficient number of observations we
do not evaluate any combination of the above programs and, in order to avoid evalu-
ating mixed effects, withdraw from the sample the individuals which have completed
more than one of the three evaluated programs or more than one of proposed ALMP

programmes in general.

The comparison group would consist of individuals who did not participate in either
one of evaluated programs. We also withdraw from the control group those who partic-
ipated in subsidized job creation programme or in public temporary work programme
(not evaluated here but having potentially important effects on individual employabil-
ity). At the same time, we allow in both treatment and control groups the participation
in the following programmes: information and professional orientation sessions, con-
sultations on job search methods, interview and CV writing, consultation of jurist or
psychologist. These programs are very short (several hours), they are undergone by

the majority of the unemployed and therefore should not alter the evaluation results.

Another important step is the definition of the outcome variable. Since we ana-
lyze the employment effects of the programmes we retain as the outcome variable a
binary variable capturing the outflow to regular employment at different time horizons
(6, 9, 12, 18, 24 months after registration). For example the outcome variable at 6
month horizon takes the unit value for individuals being employed within full 6 months
since registration with the SEAL (in other words with unemployment duration below
7 months and outflow direction to employment) and zero otherwise. We will refer to

time horizon for outcome variable as THO.

As mentioned above, we limit the treatment group to those unemployed who have
completed the evaluated programme, thus excluding from the sample the individuals

who at the time of evaluation are still engaged in programmes. However this exclusion

5We thus exclude from the sample the individuals who started the programme but for various reasons
did not complete it. While it can be argued that those can still benefit from the effect of the program,
we are unable to distinguish the reason of interruption (and those reasons can be very different) and
choose to avoid another source of unobserved heterogeneity between treatment and control groups. In
addition it should be noted that a major part of unemployed (over 80 percent) completes training.
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is not total, but is conditional on time horizon chosen for the outcome variable. For
example, for time horizon of 6 months, the unemployed still undergoing programmes at
the end of the 6th month of unemployment will be withdrawn from the sample. Instead
they will be included in the sample for programme evaluation at a longer time horizon,

say 9 months, when the programme will most probably be completed.

The estimation sample is also reduced by the presence of the censure at the 31 August
2006. In general about 25 percent of the sample are censured. We therefore exclude
those from the analysis, but, again, conditional on the time horizon chosen for the
outcome variable. For the evaluation horizon of 6 months, we would withdraw all
those registered in unemployment after 28 February 2006; for the evaluation horizon
of 9 months - those registered after 31 December 2005, and so on. This may seem an
important reduction, but in the same time the unemployed withdrawn due to censure
are quite alike to all other unemployed in the group; therefore such measure should not

alter our results.

The above limitations leave us with a reduced, but sufficiently large sample. For the
evaluation of occupational training we dispose a control group of 250,792 individuals
and a treatment group of 9 773 unemployed (at THO of 12 months). In order to
access temporal developments in programme efficiency, but also with the aim to reduce
calculation time, the sample is further split in three sub-samples according to the year
of unemployed registration with SEAL: 2003 (81 903 controls and 2 947 participants),
2004 (85 668 controls and 2 759 treated) or 2005 - 2006 (83 221 controls and 4 040

participants).

The evaluation of modular training in state language is only performed for the period
2005-2006. Training in state language is implemented in the framework of modular
training since 2003 (before it was implemented in other setting), but in the first two
years of implementation the number of treated unemployed was insufficient for evalua-
tion. In addition, modular training in state language is a targeted programme focused

on the unemployed with insufficient knowledge of Latvian language. We therefore
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exclude from the sample native Latvians or those who have graduated from the edu-
cational institution with education provided in Latvian (we suppose those are fluent).

This leaves us with the sample of 40588 controls and 1311 participants.

As to the evaluation of modular training in other skills, it can be evaluated starting from
2004. We separate the total number of unemployed in two sub-samples according to
the year of unemployed registration with SEAL: 2004 (85668 controls and 2130 treated)
or 2005-2006 (83221 controls and 5202 participants).

4.4.2 Characteristics of treatment and comparison groups

The descriptive statistics on the estimation sample separated by participation status
is given in tables 4.2 -4.3 in the appendix. The application of the matching estimator,
used in our analysis, is especially appealing when the groups of treated and untreated
individuals are not homogenous in terms of socio-demographic characteristics. Oth-
erwise a sample mean difference ("naive” estimator) would be sufficient to evaluate
the treatment effect of the programme. The analysis of the descriptive statistics on
the sample of programme participants and non participants reflect that the hetero-
geneity between the two groups is important, suggesting the presence of selection into

programimes.

The highest deviation between programme participants and non-participants is in terms
of gender. For all evaluated measures, the sample of untreated individuals is well
balanced (almost half-half), whereas the sample of programme participants consists in

majority of females (over 60 percent).

Another source of deviation is ethnicity: Latvians represent about 50 percent of all
untreated unemployed, while among programme participants’ from 65 to 70 percent.
As suggested above, low participation of non-Latvians may be related to the fact that

most training programmes are provided in Latvian language, which is non-native (and

"We mean here occupational training and those types of modular training that are not related to
state language, since language training is targeted on non-Latvians.
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often unspoken) for such unemployed.

In terms of age, the share of prime age individuals (24 to 44 years old) is almost iden-
tical among trained and untrained unemployed (about 50 percent). At the same time,
programme participants are on average younger than their untrained peers: among
treated one can find a higher proportion of unemployed below 24 years old (except for

those in modular training) and smaller proportion of senior unemployed.

In terms of education the imbalance mostly concerns the unemployed with the edu-
cation below basic: representing about 7-10 percent of the control group, those rarely
participate in training. This may be due to the low learning ability or to the lack of in-
terest towards learning in this group. It can also reflect the subjective selection criteria
of SEAL staff. The proportion of the individuals with higher education is systemat-
ically higher among programme participants, and this is especially true for modular
training. This is most probably related to the contents of the programme: it proposes,
among other, training in business organization, project management, book keeping or

computer literacy - skills that make a good complement to higher education.

With regard to the profession, the unemployed with elementary occupation or without
any occupation® are under-represented among programme participants, while service
workers, shop and market sales workers are over-represented. Meanwhile the share of
unemployed without work experience is higher among programme participants, com-

paring to non-participants.

When considering occupational training, the share of unemployed residing in urban
areas is comparable across the groups of treated and untreated individuals, while urban
residents are clearly more represented among participants in language training and less

among the participants in other skill related modular training (especially in 2005-2006).

In terms of regions, most imbalance between the groups of treated and untreated un-
employed arises with respect to Riga city - the share of unemployed residing in this

area is much lower among programme participants.

8See below the definition of main variables.
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4.4.3 Matching variables

After defining the estimation samples, we estimate the propensity scores. The follow-
ing variables are used to define socio-demographic characteristics of the unemployed:

gender, age, ethnicity, education, work experience, place of residence, inflow months.

With regard to the age, unemployed are divided in 5 age groups: below 25, 25-34,
35-44, 45-54, over H5.

Ethnicity is defined according to the major groups of Latvian population: Latvian, Rus-
sian or other (Ukrainian, Byelorussian, Lithuanian, Estonian, among others). When
evaluating modular training in state language (which is focused on non-Latvians) the
level of proficiency in Latvian language is used instead of ethnicity. The level of pro-
ficiency is defined according to the certificate of proficiency (none, low, middle, high),

delivered by respective authorities after an examination.

The education of the unemployed is defined according to 7 levels: less than basic, basic

general, basic vocational, secondary general, professional after secondary, higher.

The profession is defined as the occupation at previous job (for those who have worked
prior to registration with SEAL) or profession by education (certified by the diploma
or graduation certificate, but not necessarily supported by work experience). We also
define a complementary variable reflecting work experience; we consider as experienced
those unemployed, who have worked prior to registration with SEAL and those who
were able to indicate a profession (not necessarily certified) in which they have ever

worked. All other unemployed are considered as those without work experience.

Place of residence is defined by aggregating the municipality of residence of the unem-
ployed by districts (for occupational training) or regions (for modular training). Dif-
ferent levels of aggregation are due to very uneven distribution of observations in some

sub-samples. Aggregation in districts results in 33 units? (7 cities and 26 districts),

INUTS 4 level division.
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while aggregation in regions results in 6 units'" (Riga city separated from surrounding
Riga region and 4 other regions of Latvia - Kurzeme, Latgale, Zemgale, Vidzeme). We
also introduce a complementary variable displaying wherever the area of residence of
the individual is urban (cities and district centers) or rural (all other areas). This al-
lows to control for the differences between two types or areas in terms of programme

accessibility and quality as well as in terms of economic activity in the region.

We also use the month of registration with SEAL for the estimation of propensity
scores and realizing matching. This allows to introduce a control for seasonality and

the effects of other macroeconomic factors.

4.4.4 Estimation strategy

The number of observations in the control group being high, we perform matching
using nearest neighbor method, with replacement but without oversampling (one-to-
one matching). In order to insure sufficient quality of pairing, we impose a maximal
distance (caliper) of 1 percent between treated individuals and their "twins”. We
impose the common support condition and withdraw from the sample such treated
individuals, who’s propensity scores are in low density zones (2 percent). We also run
a variety of quality and sensitivity tests in order to assess the robustness of the results.
The standard errors are calculated using the analytical expression for the variance of

the nearest neighbor estimator!!.

As mentioned above, the sample is split in 3 sub-samples, according to the year of
unemployed registration with SEAL: 2003, 2004 or 2005-2006. All three sub-samples

are used for the evaluation of occupational training programme; for modular training

ORoughly corresponding to NUTS 3 level division.

"The analytical expression for the nearest neighbor matching estimator (generalized to radius match-
ing) is ATT = C1 = <7 Y er Y7o — ~r djec w; Y and its analytical variance is Var(Ci) =
ﬁ Dier Var(Y) + W Zjec(wjz-)Var(YjC) with N7 a number of treated individuals in matches
sample, Y7 and Y¢ the outcomes of treated and control individuals, respectively (see Becker and
Ichino [2002]).

The bootstrap on standard errors was neither feasible (due to high calculation time implied by a large
sample) nor recommended (Abadie and Imbens [2006] show that the bootstrap fails to work for nearest
neighbor matching estimator.
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in state language we use 2005-2006 sub-sample and for evaluating modular training in

other skills we use 2004 and 2005-2006 sub-samples.

As it can be derived from the comparison of treatment and control groups above,
those are rather heterogeneous in terms of gender, age, ethnicity, education, region of
residence. Matching estimators based on exact pairing are efficient in reducing such
heterogeneity, whereas when pairing (matching) is based on propensity scores, the
bias from observable heterogeneity is not always completely eliminated. In order to
address this issue, we additionally perform the group specific analysis within the most
heterogenous groups (it can also be seen as exact matching on certain of characteristics,
combined with propensity score matching on all remaining variables). In addition, such
procedure of separate within group analysis allows comparing the estimated treatment
effects across various socio-demographic groups of unemployed and thus assessing effect

heterogeneity.

For the evaluation of occupational training, the analysis has been separately performed
on 20 sub-samples defined according to the following characteristics: gender (2 groups),
age (3 groups: below 25, 25 to 44, over 44), ethnicity (3 groups: Latvians, Russians,
unemployed of other ethnicity), region of residence (6 groups: Riga city, Riga region,
Kurzeme, Latgale, Zemgale, Vidzeme), education (4 groups: basic or less, secondary
general, secondary vocational or professional after secondary, higher) and work experi-

ence (2 groups).

For the evaluation of modular training in state language, the analysis has been sepa-
rately performed on 13 sub - samples, defined according to gender (2 groups), level of
proficiency in Latvian language (3 groups: low, middle level of proficiency or without
certificate), education (4 groups, as above), work experience (2 groups) and area of

residence (2 groups: urban, rural).

For the evaluation of modular training in other skills the analysis has been separately

performed on 20 sub - samples, defined similarly to those for occupational training.

In order to insure the appropriate observation number for inter-group analysis, the
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respective sub samples were not separated by the year of unemployed registration with
SEAL. We pool all unemployed registered in the period between January 2003 and
August 2006, while the year and the month of their registration is, as previously, used

for estimation of propensity scores and pairing.

4.5 Empirical results

Let us now turn to the empirical results of evaluation. We first review the estima-
tion of propensity scores, giving information on factors that influence the participation
in training programmes. Further, we discuss the estimated treatment effects (overall
and within various socio-demographic groups) and assess matching quality and the

sensitivity of the results to potential covert bias.

4.5.1 Selection into programmes

The propensity scores for all models were estimated using probit models, where the de-
pendent variable is a binary variable for participation status and explanatory variables
are socio-demographic characteristics of the unemployed, as defined above. The results

are displayed in table 4.4 in the appendix.

Generally speaking, women have higher probability to participate in both occupational
and modular training. The unemployed of 45 years of age and older have low chances
to be selected into one of these programmes, while the youngest unemployed (below 25
years old) have the highest chances to participate in occupational training. Compared
to Latvians, unemployed with other ethnicity have lower probability to participate in
occupational training and in those types of modular training which are not oriented

towards improving the proficiency in Latvian language.

The involvement in training is increasing with the level of educational attainment: those
with the education level below basic have the lowest probability to participate, while the

unemployed with higher education are the ones most likely to participate. Generally,
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this would witness the selection of the most ”able to learn” individuals into programs.
However taking into account that the majority of Latvian unemployed obtained their
education before 1992, in the framework of old industry oriented system, it may also
be argued that even the most educated individuals may need to change or to upgrade

their qualifications, and thus benefit from training programmes.

Senior officials, managers, technicians, associate and other professionals as well as
clerks, service, shop and market sales workers have the highest probability to par-
ticipate in all skill related training (occupational training and modular training, except
language courses), whereas craft and related trades workers have relatively high chances
to be involved in occupational training. Those without any occupation, surprisingly
have the lowest chances to participate in occupational training, but high probability
to undergo modular training (both language and skill related). When comparing those
who have never worked to those who have already participated in the labour market,
unemployed with work experience are less involved in occupational training and more
in skill related modular training (modular training, excluding language). The unem-
ployed from rural areas have weaker access to programs, their probability to participate

is significantly lower comparing with those residing in the cities and district centers.

Within different socio - demographic groups the results are qualitatively the same.
Women and young unemployed (below 25) enjoy higher chances to be involved in occu-
pational training, whereas the probability to undergo a training programme is always
the lowest among the unemployed older than 45 years (except for those with higher
education), among the non-Latvians and those with the lowest education level (below
basic), those residing in rural areas (except for Riga region inhabitants). The involve-
ment in training is increasing in education level, except for the young unemployed, the
residents of Latgale region and those without work experience. Within these groups un-
employed with basic or secondary general education have high chances to participate
in training relative to the unemployed with secondary vocational education. Higher
education increases the probability to participate in training for males, for the unem-

ployed over 45 years of age, for non-Latvians, for unemployed with work experience
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and for Riga and Latgale region residents. In contrast, for the youngest unemployed,

it decreases the involvement probability.

4.5.2 Treatment effects

Let us now turn to the results of programme evaluation, being displayed in tables 4.5

- 4.10 in the appendix.

Generally, the matching quality is sufficiently high for the results to be interpreted
with confidence. Figures 4.8 and 4.9, displaying the distribution of propensity scores
across treatment and comparison groups, suggest that the overlap between two groups
is sufficient to ensure a large common support and appropriate quality of matching. The
result tables (4.5 to 4.7), displaying along with treatment effect the tests for covariate
balancing, suggest that matching procedure was successful in reducing the imbalances
between treatment and control groups: median bias after matching does not exceed 3
percent. Moreover, re-estimating the propensity scores on the matched data, confirms
that none of observable socio-demographic covariates explains participation status after
matching, also suggesting that the selection bias has been successfully removed by

pairing procedure.

Figure 4.3 below compares the average employment outcomes - a shift from unemploy-
ment to employment within 6, 9, 12, 18 and 24 months since registration with SEAL
- of trained (treated) and untrained (controls) individuals'?. The results are displayed
separately for each of training programmes (OT, MLT MOT) and are sorted by the
year of inflow into unemployment programs (2003, 2004 or 2005-2006).

The results suggest that occupational training (OT) is helpful in adjusting unemployed
skills to the requirements of the employers and increases job finding rate among the
participants. On average the job finding rate of those who have completed the pro-

gramme is 1.4 -1.5 times higher than for those unemployed who did not participate in

2Hereinafter we will alter the terms employment index, job finding index or rate when referring to
the mean employment outcomes in the treatment and control groups.
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the programme.

The employment indexes are increasing over time among both trained and untrained
unemployed, but faster for programme participants'®. This suggests that also the
average effect of the programme (the difference between the outcomes of trained and
untrained), which characterizes the effectiveness of occupational training, also increases

over time.

Interesting conclusions may be drawn when comparing the evaluation results, performed
by different methods: "naive” estimator, parametric and non-parametric matching es-
timator (see table 4.10). As above mentioned, "naive” estimator is a simple difference
of means between the groups of treated and untreated individuals. Nonparametric
matching estimator is the group mean difference between treated and untreated in
the matched sample (ATT). It allows to take into account the observed heterogeneity
between programme participants and nonparticipants, without assuming a particular
form of relationship between treatment and outcome variables. The parametric estima-
tor, in turn, would assume the linear relationship between these two variables. We use
for parametric analysis a simple probit model, with binary dependent variable corre-
sponding to an outcome variable used in nonparametric evaluation (employment index
at time horizon of 6, 9, 12, 18 or 24 months) and a set of covariates including a dummy
variable T reflecting participation status of the unemployed and the socio-demographic
characteristics used in propensity score estimation and pairing'*. In this case, the esti-
mated coefficient of the treatment variable T', allows to derive an approximation of the

treatment effect, which can be compared to the results of nonparametric evaluation.

The results displayed in table 4.10 indicate that there is a strong selection into occu-
pational training: the "naive” estimator gives higher differences than matching esti-

mator, showing that the treated have on average better performance than non treated

3Compare for example, the job finding outcomes for the unemployed registered in 2003 and those
inflowed in 2005-2006: the group mean of the outcome variable at THO of 9 months has increased by
12 percentage points (from 33 to 45 percent) for treated unemployed and by 7 percentage points (from
24 to 31 percent) for untreated.

47 Najve” estimator can also be seen as parametric estimator without controlling for the socio-
demographic characteristics.
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or equivalently, that the most successful individuals are participating in programmes.
Meanwhile, the selection can mainly be explained by observable variables: sensitivity

of the results to hidden bias is low.

The results suggest that for occupational training in general, only a very important
departure from a bias-free situation would alter the significance of the treatment effects.
For example at THO of 12 months the treatment effects would turn into insignificant
only if the odds in receiving treatment of two individuals, similar with respect to
observable characteristics, differ by a factor exceeding 1.5. At higher time horizons,
the critical value for this factor is far above 2. The results can therefore be considered

as robust vis-a-vis to potential ”hidden bias”.

The results of parametric and non-parametric estimators are pretty close, which usually
witnesses on the fact that the interaction between treatment and outcome variables
may be explained by a linear model. However, when the regressors are all qualitative
variables (which is our case) the linear function can be seen as an approximation of a
non-linear function by interval, which explains the similarity between parametric and
nonparametric results in our case. The figure 4.4 displays the average affect of OT
programme (ATT) in different socio-demographic groups of unemployed. We compare
the average effect of the programme on the job finding indexes at 12 month horizon

(for other time horizons the results are qualitatively similar).

The effect of occupational training does not vary significantly with respect to the gender
and is similar for Latvians and Russians, but is stronger for the unemployed with
other ethnicity. With respect to the age, youngest unemployed (below 25 years of
age) enjoy higher returns to training. The effect of occupational training decreases
with the level of educational attainment and is higher for the unemployed without
work experience. From regional perspective, the highest difference between treated
and untreated individuals is observed in Kurzeme and Zemgale regions, but the lowest

in Riga city.
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Job-finding rate

Job-finding rate

Job-finding rate

Figure 4.3: Policy evaluation results, by year of inflow into unemployment

Source: Author’s calculations on SEAL individual data. Notes: Occupational training (OT),
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Figure 4.4: Average effect of OT programme in different groups of unemployed
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Source: Estimation results. Notes: The table displays the estimated ATT in different socio-
demographic groups at 12 months time horizon.

As to the effects of modular training in state language, the results are puzzling. At
short time horizons (6 and 9 months since registration), the untreated individuals have
higher employment indexes than programme participants. This negative difference
is statistically significant at short time horizon, but the effect turns to positive but
insignificant at longer time horizons. The robustness to hidden bias'® seems to be
sufficiently high to rule out the possibility that the result is due to strong unobserved
difference between programme participants and their untrained peers. We therefore
conclude that the participation in modular language training along is not sufficient to

significantly increase the employment opportunities of unemployed.

As for the other types of modular training (MLT), the difference between programme

15Sensitivity analysis is only performed for statistically significant effects.



4.5. EMPIRICAL RESULTS 153

participants and non participants is negative or insignificant at short time horizons,
but becomes positive and significant in the long run (starting from the time horizon of

18 months). The impact of the programme is thus positive, but weak.

The figures 4.5 - 4.6 display the average affect of modular training (language train-
ing and other modular training) programmes in different socio-demographic groups of

unemployed. The effect at 18 months horizon is displayed.

Figure 4.5: Average effect of MLT programme in different groups of unemployed
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Source: Estimation results. Notes: The table displays the estimated ATT in different socio-
demographic groups at 18 months time horizon.

With regard to modular training in state language, while the overall effect is very
weak and in most cases not statistically significant, it seems to be higher among men
and among unemployed without work experience, comparing to women and those with
work experience, respectively. The unemployed without any certificate of proficiency
in Latvian language, seem to benefit more from language training, although the effect

is not statistically significant. The only group where language training significantly
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increases job finding rate among participants the group of rural area inhabitants.

Figure 4.6: Average effect of MOT programme in different groups of unemployed
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With regard to other types of modular training (foreign language, computer literacy,
etc.), the effect at 18 months THO is significant in both gender groups, but higher
among women. The efficiency of the programme is decreasing with age and with the
level of educational attainment and is higher among the unemployed without work
experience, comparing to those who have previously worked. The returns to training
are also higher among Latvians, while for the unemployed with any other ethnicity
the difference between participants and nonparticipants is not statistically significant.
When separating the unemployed according to the region of residence, the modular

training has significant effect in Riga, Vidzeme and Kurzeme regions.

The above conclusions rise the following questions. To which extent are training pro-
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grammes well targeted? Is there an empirical relationship between targeting of the pro-
gramme and its efficiency? Figure 4.7 explores the interaction between two variables,
based on the estimation results for various socio-demographic groups. The targeting
of the programme can be analyzed by constructing the involvement or participation
index L;: for each socio-demographic group ¢ the share of i group unemployed among

programme participants is normalized by the share of the group in the total population

(L; = ;\Fiéﬁ) When L; is below unity, it means that the group 7 is under-represented
among programme participants (their share among participants is lower than on average
among all unemployed). On the contrary, when L; exceeds unity, the group i is a target
group for the programme (the unemployed are over-represented among participants).
In these terms, the occupational training programme is targeted on females, young un-
employed, Latvians, unemployed with higher education but without work experience,
those residing in Vidzeme or Latgale regions. The modular training in state language
is targeted, evidently, on the unemployed without any knowledge of Latvian language
or with low level of proficiency, but also on females, unemployed with higher education,
and those without work experience. As for the other types of skill related training, the

targeting is very much similar to the one for occupational training programme.
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Figure 4.7: Participation and programme efficiency
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The efficiency of the programme in a given socio-demographic group can be analyzed by

considering the difference in the labour market performance of programme participants

and their ”twins” from the control group. Neither the overall picture, nor the analysis

by programme types is indicating on the positive relationship between targeting of the

programme and its efficiency. Instead, data suggests that the best performing groups

are not always the best represented.
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4.6 Conclusions and policy suggestions

This chapter aims evaluating the employment effects of three training oriented ALMP
programmes implemented by Latvian State Employment Agency: (OT) unemployed
occupational training (vocational training, re-qualification and rising of qualifications);
(MLT) modular training in state language for non - Latvians; (MOT) modular training
in other skills (training in foreign language, computer literacy, project management

and business operation, driving).

The microeconomic evaluation of unemployed training programmes is performed on an
individual dataset constructed from primary data files provided by the SEAL. Matching
estimator (propensity score matching) is used to measure the employment effects of the

policy intervention.

The results support the positive effect of unemployed occupational training on the
employment opportunities of participants. This finding joins the results of microecono-
metric evaluation of unemployed training in other European counties (using propensity
score matching or other evaluation methods). Our evaluation is also in line with the
results of the macroeconomic evaluation (performed in chapter 3), which shows that
unemployed intensive involvement in occupational training allows to increase aggregate

outflows from unemployment to employment.

As macroeconomic analysis, a microeconomic evaluation also highlights the fact that

the efficiency of this programme increases over time.

A recent study on unemployed socio-psychological portrait (SEAL [2006]) shows that
up to 60 percent of unemployed are ready to learn new professional skills. Meanwhile
only 10 percent of them actually undergo SEAL occupational training. In addition,
the same study indicates that many of registered unemployed do not have any certified
profession or recent working experience (within the last 5 years). For these individuals
occupational training can not be replaced (but can be complemented) by other compet-

itiveness stimulating measures (related to the promotion of language, communication,
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computer and other skills).

Therefore, further promotion of unemployed occupational training, while in-
creasing the flexibility of SEAL in adjusting the contents of training courses to current

requirements of employers, can be recommended.

Separate within socio-demographic group analysis, performed in order to examine
group-specific and regional effect heterogeneity of occupational training shows that
the returns to training are homogenous with respect to the gender of the unemployed
or their ethnicity (if comparing Latvians and Russians), but are heterogeneous in terms
of their age (highest among the youngest unemployed), education or work experience
(higher for less educated or experienced unemployed) or place of residence (highest in
Kurzeme and Zemgale regions). It is difficult to establish an empirical relationship
between the targeting of the programmes and its efficiency. While one of the best per-
forming groups - youngsters - is also the most involved in the programme, other groups
of unemployed displaying high returns to training - those with basic education or less
and Kurzeme region residents - are not sufficiently represented among programme par-

ticipants.

As to the evaluation of modular training, the results suggest low efficiency of training
in state language and of modular training in other skills, comparing to the impact of
occupational training. The language training programme (MLT) does not seem to in-
crease significantly the employment opportunities of the participants, while other types
of modular training have a positive, but weak effect, which only becomes statistically

significant from 18 months time horizon.

The insignificant impact of language training may be explained by the fact that this
training does not involve any certification procedure at the end. Meanwhile the certifi-
cate of proficiency is often required by the employers. Therefore the implementation of
a certification procedure after modular training in state language should be

considered.

In addition, a target group for this programme (unemployed without language profi-



4.6. CONCLUSIONS AND POLICY SUGGESTIONS 159

ciency certificate or those with the lowest level of proficiency) very weakly participates
in other SEA training programs. Nevertheless low transitions to employment in general
in this group suggest that the obstacles for succeeding in the labour market for such
unemployed may not only be related to the lack of language skills, but also to inad-
equate level of education, qualifications or other basic and comprehensive skills. For
such unemployed, and for the unemployed at high unemployment risk in general, lan-
guage training should be more often combined with occupational training

or modular training in computer skills, management, driving and so on.

The non-language modular training has a positive effect on re-employment of par-
ticipants, but the effect is weak and only appears in the long term (after a year of
unemployment). As for modular training in state language, other types of modular
training do not deliver a certificate. The possession of the certificate is less of an issue
when it is not related to the proficiency in state language, meanwhile the employers
may still have doubts on the quality of the training provided by SEAL and the effective

capacity of the participants to perform at the work place.

In such a case, it could be interesting to introduce a combined training/practice
at the work place programme. This programme may consist of usual training

programme which is followed by a work/internship period with an employer.

The main advantage of this kind of programme is to combine the provision of practice
in the skills, acquired through training, and the reduction of a ”"fear factor” for both
unemployed and the employers: employer can observe wherever the unemployed meets
the requirements of the job, while worker can develop necessary social skills and self-

confidence.

When combined training programme is designed as partially subsidized, employer en-
joys benefits from employing the apprentice at reduced cost. In addition, combined
training programme is closely monitored by SEAL: which therefore also acts as an

insurer for both the employer and the worker.

Some steps in accessing the implementation of such combined training programs have
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already been made. In particular, the Law on the Support for Unemployed Persons and
Persons Seeking Employment has recently been amended by Saema (March 29, 2007).
The amendment concern the promotion of type of new active labour market policy
programs: the employee-tryout at the work place, which enables the employer to verify
in practice the unemployed correspondence to necessary requirements, the training at

the work place and other combined training programs.
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4.7 Appendixes

Table 4.1: Unemployed participation in training oriented ALMP programmes

Occupational Modular training
training
Total Total Language Other
(0T) MT (MLT) (MOT)
Total 5.4 6.2 1.1 5.1
Gender

Male

Female

Age

24 or less

25 34

35 44

45 54

55 and more

Ethnicity

Latvian

Russian

Other

Proficiency in Latvian language

No proficiency certificate

Certified low level of proficiency
Certified middle level of proficiency
Certified high level of proficiency

Native speaker

Education

Educational level less than basic

Basic education

Vocational education (without secondary)
General secondary education
Professional secondary education
Professional after general secondary
Higher education

Work experience

No

Yes

Place of residence

Urban (city or district center)

Rural

Regions

Riga

Riga region

Vidzeme

Kurzeme

Zemgale

Latgale
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Notes: (1) The table displays the share (in %) of programme participants (those who have completed
training) in respective gender, age, ect. group (unemployed registered in 2003-2006). Occupational training
(OT) includes training for the the groups at high risk of long-term unemployment. (2) Modular language
training (MLT) includes training in Latvian language for non Latvians. (3) Other types of modular training
(MOT) include training in foreign language (English, German), computer literacy, training in project
management, accounting and sales, as well as training for driving licence of A or B category. (4) Native
speakers include Latvians and those non-Latvians who have graduated from the institution where the
courses were held in Latvian.
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Table 4.2: Occupational training. Descriptive statistics on estimation sample
(employment within 12 months from registration)

Occupational training

Year of registration 2003 2004 2005-2006

Controls Treated | Controls Treated | Controls Treated
Total 81903 2947 85668 2759 83221 4040
in % of Total
Gender
Male 48 39 48 26 49 28
Female 52 61 52 74 51 72
Age
24 or less 20 28 20 24 21 31
25-34 26 27 27 28 26 27
35-44 25 26 24 25 23 23
35-54 22 16 22 20 21 16
55 and more 8 3 9 4 9 3
Ethnicity
Latvian 49 68 49 64 49 64
Russian 36 23 35 25 34 23
Other 15 9 16 11 17 13
Education
Less than basic 10 1 7 0 9 0
Basic general 18 13 20 15 20 21
Basic vocational 3 2 2 1 2 1
Secondary general 25 30 27 30 27 31
Secondary vocational 36 40 36 41 33 35
Professional after secondary 0 0 0 0 0 0
Higher 8 13 9 12 9 11
Profession
Military 0 1 0 0 0 0
Legislators, senior officials and managers 3 4 3 4 3 3
Professionals 4 6 4 5 4 5
Technicians and associate professionals 6 10 6 9 7 7
Clerks 5 8 5 10 6 9
Service workers and shop and market sales 18 23 17 24 17 22
workers
Skilled agricultural and fishery workers 2 2 3 2 2 1
Craft and related trades workers 16 14 16 12 15 14
Plant and machine op. 13 9 13 8 12 8
Elementary occupations 23 16 23 16 22 18
Did not work or missing information 8 8 10 9 13 13
Work experience
Without 12 17 14 16 18 23
With 88 83 86 84 82 77
Area
Urban 63 63 62 67 64 62
Rural 37 37 38 33 36 38
Regions
Riga city 29 26 29 32 31 25
Riga region 14 16 14 11 14 10
Vidzeme 10 11 10 11 10 12
Kurzeme 14 13 15 11 14 13
Zemgale 13 12 13 12 13 14
Latgale 20 22 19 23 18 25
Month of registration
January 11 5 10 3 14 16
February 9 5 8 4 11 12
March 8 6 10 5 11 9
April 8 7 8 4 9 7
May 8 8 7 4 9 6
June 7 9 8 4 9 7
July 8 13 8 7 7 8
August 8 11 8 9 8 10
September 9 12 9 12 6 8
October 9 10 8 15 5 7
November 8 9 8 18 5 6
December 9 6 8 14 5 4

Notes: (1) Urban areas include cities and district centers.
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Table 4.3: Modular Training: Descriptive statistics on estimation sample
(employment within 12 months from registration

Modular training
Other than language Language
Registration in 2004 2005 - 2006 2005 - 2006
Controls  Treated | Controls Treated | Controls Treated

Total 85668 2130 83221 5202 40588 1311
in % of Total
Gender
Male 48 27 49 31 48 27
Female 52 73 51 69 52 73
Age
24 or less 20 19 21 27 18 17

- 27 33 26 32 25 24
35-44 24 24 23 23 24 29
35-54 22 18 21 14 23 23
55 and more 9 5 9 4 10 7
Ethnicity
Latvian 49 69 49 70
Russian 35 21 34 19
Other 16 10 17 10
Proficiency in Latvian
No certificate of proficiency 31 45
Low level 26 36
Middle level 34 18
High level 9 1
Education
Less than basic 7 1 9 2 11 7
Basic general 20 11 20 16 16 13
Basic vocational 2 1 2 1 2 2
Secondary general 27 26 27 26 28 26
Secondary vocational 36 41 33 39 34 38
Professional after secondary 0 0 0 0 0 0
Higher 9 19 9 15 8 14
Profession
Military 0 0 0 0 0 0
Legislators, senior officials and managers 3 5 3 5 3 3
Professionals 4 8 4 6 3 6
Technicians and associate professionals 6 11 7 11 6 7
Clerks 5 9 6 8 5 6
Service workers and shop and market sales 17 26 17 25 17 13
workers
Skilled agricultural and fishery workers 3 2 2 2 1 1
Craft and related trades workers 16 10 15 11 18 18
Plant and machine op. and assemblers 13 7 12 7 11 9
Elementary occupations 23 15 22 14 23 22
Did not work or missing information 10 7 13 11 13 14
Work experience
Without 14 11 18 18 19 24
With 86 89 82 82 81 76
Area
Urban 62 61 64 54 79 84
Rural 38 39 36 46 21 16
Regions
Riga city 29 15 31 13 43 39
Riga region 14 14 14 16 10 15
Vidzeme 10 16 10 17 3 1
Kurzeme 15 18 14 15 8 10
Zemgale 13 18 13 18 9 10
Latgale 19 20 18 20 26 25
Month of registration
January 10 4 14 12 14 15
February 8 4 11 10 12 14
March 10 5 11 10 11 14
April 8 5 9 8 10 10

ay 7 6 9 8 9 9
June 8 7 9 9 8 7
July 8 9 7 9 7 7
August 8 9 8 11 8 10
September 9 11 6 9 7 7
October 8 12 5 5 5 4
November 8 14 5 5 5 3
December 8 15 5 3 4 2

Notes: (1) Urban areas include cities and district centers. (2) When evaluating language courses, those
fluent in Latvian or native speakers are excluded from the sample.
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Table 4.4: Estimation of propensity scores with probit models

Occupational training Modular training
Language Other Other
Registered in 2003 2004 2005-2006 2005-2006 2004 2005-2006
Observations 84877 88427 86621 40963 87798 88329
Constant 1. 727k** -2.318%%* -1.654%%* -2.095%%* -2.595%%* -1.609%**
[0.074] [0.082] [0.066] [0.094] [0.080] [0.051]
Gender (vs. Male)
Female 0.0687*** 0.390%** 0.401%%* 0.541%%* 0.327%%* 0.274%%*
[0.019] [0.021] [0.018] [0.030] [0.023] [0.016]
Age (vs. 25-34)
Below 25 0.135%%* 0.104%%* 0.149%%* 0.013 -0.041 0.024
[0.026] [0.027] [0.022] [0.043] [0.030] [0.020]
35-44 0. 03 0.017 -0.004 -0 02 -0. 083*** -0. 123***
[0.024] [0.025) 0023 | [0.038] o027 fo.020]
45-54 -0. 095*** -0.019 -0.125%%* 124*** -0. 125*** 271***
[0.027] [0.027] [0.024] [0 039] [0.029] [0 022]
Over 55 -0.352%%* -0.316%%* -0.405%** -0.221%%* -0.277*** -0.438%%*
[0.048] [0.045] [0.040] [0.055] [0.046] [0.035]
Education (vs. Secondary vocational)
Less than basic -1.011%%* -1.621%%* -1.345%%* -0.367*** -0.724%%* -0.555%%*
[0.066] [0.211] [0.107) [0.056] _ [0.077] [0.041]
Basic general -0.161%** -0.135%%* 0.032 -0.288%%* 0.280%** -0.209%**
[0.029] [0.029] [0.024 [0.047 [0 034] _[0.024)
Basic vocational -0.165%** -0.233%** -0.172%* -0.219%* -0. 236*** 217***
[0.060] [0.078] [0.068] [0.105] _ [0.088) [ 62]
Secondary general 0.051%* -0.039* 0.057*** -0.123%%* 070*** -0. 087***
[0.022] [0.023] [0.020] [0.036] [0 023 [0-019]
Professional after secondary 0.016 -0.05 0.103
[0.150] [0.245] [0.206] [0 234l< [0 193]
Higher 0.079%* 0.01 0.086*** 0.423%** 0.248*** 0.151%**
[0.033] [0.034] [0.031] [0.051] [0.034] [0.027]
Ethnicity (vs. Latvian)
Russian -0.383%%* -0.358% %% -0.340%** -0.8347%%* -0.8334%%*
[0.022] [0.022] [0.020] 0.025 0.018
Other -0.388%** -0.341%%* -0.268*** -0.299%** -0.320%**
[0.030] [0.030] [0.025] [0.033] [0.023]
Proficiency in Latvian (vs. Middle)
No certificate of proficiency 0.736%%*
[0.039]
Low level 0.621%***
[0.039]
High level -0.705%%*
[0.092]
Profession (vs. Elementary occupations)
Military 0.298%* 0.102 0.099 0.087 0.275 0.22
[0.128] [0.188] [0.181 [0.508] [0.175] [0.153]
Legislators, senior officials and managers 0.167*%* 0.242%%* 0.089 0.216%* 0.320%*** 0.340%%*
[0.049] [0.052] [0.048] [0. OSGL [0.053] [0.041]
Professionals 0.195%%* 0.128%* 0.007 0. 267* * 0.296%** 0.253*%*
[0.047] [0.051] [0.046] [0.078] [0.051] [0.040]
Technicians and associate professionals 0.226%*** 0.218%** -0.016 0.185%%* 0. 297* * 0.283%**
[0.038] [0.040] [0.036] [0.063] [0.042] [0.032]
Clerks 0.238%** 0.266%** 0.166*** 0.095 0. 297* * 0.273%**
[0.039] [040391‘ [040341‘ [0.063] [0.043] [0.033]
Service workers and shop and market sales workers 0.152%%%* 0.161*%* 0.045 -0.067 0.231%*%* 0.255%%*
[0.029] [0.030] [0.026] [0.047] [0.033] [0.024]
Skilled agricultural and fishery workers -0.027 0.014 -0.119%* -0.15 -0.115 0.044
[0.066] [0.067 [0.067] [0.134] [0.077] [0.057]
Craft and related trades workers 0.069%** 0.106*** 0.059%* 0.057 0.048 0.063**
[0.031] [0.033] [0.029] [0.043] [0.038] [0.028]
Plant and machine operators and assemblers 0.001 0.063* -0.028 0.019 0.001 0.011
[0.035] [0.037] [0.032] [0.051 [0.042] [0.030]
Without profession or missing inf. -0.064 0.04 -0.202%%* 0.131 0.247*%* 0.199%%*
[0.051] [0.053] [0.041] [0.071] [0.063] [0.040]
Work experience (vs. None)
-0.181%** -0.046 -0.217%%* 0.054 0.185%%* 0.052*
[0.036] [0.038] [0.030] [0.053] [0.047] [0.029]
Region (vs. Riga district)
Riga (city) -0.079*** 0.131%** 0.084*%* -0.418%%* -0.360*** -0.424%%*
[0.030] [0.034] [0.030] [0.046] [0.038] [0.027]
Vidzeme -0.065* 0.115%%* 0.257*%* -0.638%** 0. 261* * 0.244%%*
[0.034] [0.038] [0.033] [0.110] [0.037] [0.026]
Kurzeme -0.093%** 0.003 0.132%%* -0.250%%* 0. 139* * -0.003
[0.032] [040371( [04032L [0.058] [0. 0361‘ [0.026]
Zemgale -0.033 0.125%%* 0.227*%* -0.170Q%%* 0.222%%* 0.163***
[0.033] [040361‘ [0.031] [0.056] [0.036] [0.025]
Latgale 0.110%%* 0.333%%* 0.447*%* -0.219%%* 0.176%%* 0.130%%*
[0.029] [0.033] [0.029] [0.046] [0.036] [0.025]
Area (vs. Urban)
Rural areas -0.162%%* -0.214%%* 0.100%** -0.332%%* -0.180%** -0.069***
[0.030] [0.032] [0 027] [0.039] [0.023] [0.017]

Notes: Table displays the results of probit model estimation, where the dependent variable is participation in the
program. Sample used is the employed for the evaluation of programme effects on the re-employment within 12
months from the registration with SEAL (for other time horizons the results hold qualitatively). For evaluation
of OT programme the propensity scores were calculated by separating place of residence in 33 districts (for
presentation simplicity, we display here separation in 6 regions). The month of inflow into unemployment was
included in all models when estimating propensity scores, but are not displayed here. (2) Urban areas include
cities and district centers. (3) When evaluating language courses, those fluent in Latvian or native speakers are
excluded from the sample.
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Figure 4.8: Evaluation of occupations training (OT) programs

Distribution of propensity scores for treatment and control groups
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Source: Evaluation results. Evaluation performed by PSM (Propensity Score Matching) for several groups
of unemployed, according to the year of inflow into registered unemployment (2003, 2004 or 2005-2006)
and for different outcome variables (employment within 6,9,12,18,24 months since registration).
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Figure 4.9: Evaluation of modular training (MLT, MOT) programs
Distribution of propensity scores for treatment and control groups

MLT- Registration in 2005-2006 MOT-Registration in 2004 MOT- Registration in 2005-2006
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Source: Evaluation results. Evaluation of MLT (language training) performed by PSM for unemployed
registered in 2005-2006. Evaluation of MOT (other modular training) performed by PSM separately for
unemployed registered in 2004 and for those registered in 2005-2006. Evaluation of MLT and MOT is
effectuated for different outcome variables (employment within 6,9,12,18,24 months since registration).



Table 4.5: Evaluation results: Occupational training (OT)

Sample Results Covariate Balancing Sensitivty to hidden bias
Subsample Year THO NOC NOC Treated Controls Differ. S.E. T-stat R2 LR P > x2 Median| Q-MH for Crit. val.
Treated Controlg (pseudo) Bias r=1 for T'
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) an (12) (13) (14) (15) (16)

BEFORE (Unmatched) 2003 6 1475 73276 0.22 0.16 0.06 0.01 6.35 0.107 1545 0.000 7.5
AFTER (Matched, ATT) 2003 6 1446 73276 0.22 0.18 0.04 0.02 2.34 0.008 33 0.999 1.7 2.43 1.15 - 1.40
BEFORE (Unmatched) 2003 9 2447 81903 0.33 0.20 0.13 0.01 15.74 0.095 2098 0.000 6.5
AFTER (Matched, ATT) 2003 9 2399 81903 0.33 0.23 0.10 0.01 7.16 0.007 48 0.970 1.5 7.33 1.60 - 1.75
BEFORE (Unmatched) 2003 12 2974 81903 0.50 0.26 0.24 0.01 28.7 0.080 2067 0.000 5.4
AFTER (Matched, ATT) 2003 12 2915 81903 0.50 0.32 0.17 0.01 12.99 0.009 70 0.417 1.9 13.34 n.i
BEFORE (Unmatched) 2003 18 3259 81903 0.61 0.29 0.32 0.01 38.97 0.075 2074 0.000 5.3
AFTER (Matched, ATT) 2003 18 3194 81903 0.60 0.37 0.24 0.01 18.58 0.006 56 0.846 1.1 19.01 n.i
BEFORE (Unmatched) 2003 24 3394 81903 0.62 0.30 0.32 0.01 40.45 0.075 2129 0.000 5.3
AFTER (Matched, ATT) 2003 24 3327 81903 0.62 0.37 0.25 0.01 20.04 0.007 62 0.694 1.8 20.56 n.i
BEFORE (Unmatched) 2004 6 1059 79746 0.24 0.18 0.06 0.01 5.38 0.131 1478 0.000 6.7
AFTER (Matched, ATT) 2004 6 1038 79746 0.24 0.20 0.04 0.02 2.26 0.014 40 0.996 2.1 1.93 1.10 - 1.40
BEFORE (Unmatched) 2004 9 2028 85668 0.36 0.23 0.13 0.01 13.24 0.118 2282 0.000 6.0
AFTER (Matched, ATT) 2004 9 1988 85668 0.36 0.26 0.10 0.02 6.18 0.008 44 0.989 1.6 6.16 1.45 - 1.70
BEFORE (Unmatched) 2004 12 2759 85668 0.49 0.29 0.19 0.01 21.67 0.110 2700 0.000 5.8
AFTER (Matched, ATT) 2004 12 2704 85668 0.49 0.37 0.12 0.01 8.18 0.008 61 0.713 1.5 9.12 n.i
BEFORE (Unmatched) 2004 18 3417 85668 0.59 0.32 0.27 0.01 32.93 0.095 2765 0.000 5.4
AFTER (Matched, ATT) 2004 18 3351 85668 0.58 0.38 0.20 0.01 15.96 0.007 61 0.668 1.4 17.12 n.i
BEFORE (Unmatched) 2004 24 3465 85111 0.63 0.32 0.31 0.01 37.6 0.091 2656 0.000 5.3
AFTER (Matched, ATT) 2004 24 3396 85111 0.63 0.39 0.24 0.01 18.99 0.006 54 0.887 0.8 19.80 n.i
BEFORE (Unmatched) 2005-2006 3093 94795 0.26 0.22 0.04 0.01 5.51 0.096 2626 0.000 5.3
AFTER (Matched, ATT) 2005-2006 3032 94795 0.26 0.23 0.03 0.01 2.51 0.008 67 0.703 1.4 2.59 1.10 - 1.25
BEFORE (Unmatched) 2005-2006 3967 87040 0.45 0.29 0.16 0.01 21.28 0.094 3076 0.000 4.7
AFTER (Matched, ATT) 2005-2006 9 3888 87040 0.45 0.32 0.13 0.01 11.56 0.007 75 0.423 1.3 12.00 1.70 - 1.90
BEFORE (Unmatched) 2005-2006 12 4040 82581 0.59 0.36 0.23 0.01 29.8 0.093 3031 0.000 4.3
AFTER (Matched, ATT) 2005-2006 12 3960 82581 0.59 0.40 0.19 0.01 16.8 0.005 54 0.956 1. 17.47 n.i
BEFORE (Unmatched) 2005-2006 18 3942 80173 0.68 0.38 0.30 0.01 37.92 0.095 3021 0.000 4.4
AFTER (Matched, ATT) 2005-2006 18 3864 80173 0.68 0.44 0.25 0.01 21.41 0.006 66 0.723 1.3 21.74 n.i
BEFORE (Unmatched) 2005-2006 24 3860 79688 0.70 0.38 0.31 0.01 39.31 0.094 2936 0.000 4.1
AFTER (Matched, ATT) 2005-2006 24 3783 79688 0.70 0.43 0.27 0.01 23.09 0.007 7 0.380 1.6 23.26 n.i

Note: see explanatory notes after table 4.7.
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Table 4.6: Evaluation results: Modular training (MLT and MOT)

Subsample Year THO NOC NOC Treated Controls Differences.E. T-stat R2 LR P > x2 Median| Q-MH for Crit. val.
Treated Controlp (pseudo) Biais = for T’
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (15) (16)
Language training (MLT)
BEFORE (Unmatched) 2005-2006 6 1176 45740 0.10 0.19 -0.09 0.01 -7.84 0.109 1194.4 0.000 7.2
AFTER (Matched, ATT) 2005-2006 6 1153 45740 0.10 0.18 -0.08 0.01 -5.58 0.007 23.4 0.998 1.6 5.78 1.75 - 2.00
BEFORE (Unmatched) 2005-2006 9 1352 41827 0.19 0.25 -0.06 0.01 -5.34 0.114 1368.2 0.000 9.2
AFTER (Matched, ATT) 2005-2006 9 1325 41827 0.19 0.24 -0.05 0.02 -3.11 0.008 27.8 0.985 2.6 3.00 1.20 - 1.50
BEFORE (Unmatched) 2005-2006 12 1311 39652 0.31 0.32 -0.02 0.01 -1.17 0.123 1429.8 0.000 9.0
AFTER (Matched, ATT) 2005-2006 12 1285 39652 0.31 0.33 -0.02 0.02 -1.12 0.008 29.6 0.963 2.4 1.01 n.s
BEFORE (Unmatched) 2005-2006 18 1240 38419 0.37 0.35 0.03 0.01 2.11 0.128 1412.8 0.000 9.1
AFTER (Matched, ATT) 2005-2006 18 1216 38419 0.37 0.35 0.02 0.02 1.13 0.009 28.7 0.973 1.9 1.52 n.s
BEFORE (Unmatched) 2005-2006 24 1212 38158 0.38 0.35 0.04 0.01 2.58 0.127 1377.1 0.000 8.8
AFTER (Matched, ATT) 2005-2006 24 1188 38158 0.38 0.36 0.03 0.02 1.22 0.011 36.9 0.801 2.9 1.42 n.s
Other types of modular training (MOT)
BEFORE (Unmatched) 2004 6 1094 85668 0.21 0.18 0.03 0.01 2.74 0.135 1582.5 0.000 16.1
AFTER (Matched, ATT) 2004 6 1073 85668 0.21 0.21 0.00 0.02 0.05 0.007 20.5 0.997 1.6 0.02 n.s
BEFORE (Unmatched) 2004 9 1707 85668 0.25 0.23 0.02 0.01 2.18 0.120 2011.9 0.000 15.1
AFTER (Matched, ATT) 2004 9 1673 85668 0.25 0.27 -0.01 0.02 -0.91 0.005 23.9 0.985 1.4 0.81 n.s
BEFORE (Unmatched) 2004 12 2130 85668 0.36 0.29 0.06 0.01 6.44 0.116 2331.1 0.000 12.1
AFTER (Matched, ATT) 2004 12 2089 85668 0.36 0.35 0.01 0.02 0.62 0.006 34.7 0.745 1.4 0.67 n.s
BEFORE (Unmatched) 2004 18 2531 85668 0.41 0.32 0.09 0.01 10.08 0.108 2476.9 0.000 11.5
AFTER (Matched, ATT) 2004 18 2481 85668 0.41 0.37 0.05 0.01 3.12 0.004 26.3 0.964 1.6 3.39 1.15 - 1.25
BEFORE (Unmatched) 2004 24 2556 85111 0.44 0.32 0.11 0.01 12.04 0.105 2428.4 0.000 11.1
AFTER (Matched, ATT) 2004 24 2505 85111 0.44 0.39 0.05 0.01 3.09 0.005 34.1 0.769 1.9 3.49 1.15 - 1.30
BEFORE (Unmatched) 2005-2006 4839 95341 0.18 0.22 -0.04 0.01 -6.81 0.098 3807.1 0.000 8.6
AFTER (Matched, ATT) 2005-2006 4743 95341 0.18 0.23 -0.05 0.01 -6.15 0.003 42.1 0.712 1.0 6.02 1.30 - 1.45
BEFORE (Unmatched) 2005-2006 5333 87586 0.28 0.30 -0.01 0.01 -2.28 0.100 4091.7 0.000 9.2
AFTER (Matched, ATT) 2005-2006 5227 87586 0.28 0.32 -0.04 0.01 -3.77 0.003 41.2 0.745 1.1 3.74 1.15 - 1.30
BEFORE (Unmatched) 2005-2006 12 5202 83127 0.39 0.36 0.03 0.01 4.87 0.101 3986.8 0.000 9.6
AFTER (Matched, ATT) 2005-2006 12 5098 83127 0.39 0.40 0.00 0.01 -0.24 0.004 53.1 0.252 1.1 0.36 n.s
BEFORE (Unmatched) 2005-2006 18 4918 80719 0.46 0.38 0.07 0.01 10.41 0.099 3732.1 0.000 8.2
AFTER (Matched, ATT) 2005-2006 18 4820 80719 0.46 0.41 0.05 0.01 4.31 0.002 29.8 0.982 1.2 4.40 1.15 - 1.25
BEFORE (Unmatched) 2005-2006 24 4834 80234 0.47 0.39 0.08 0.01 11.16 0.100 3693.6 0.000 8.3
AFTER (Matched, ATT) 2005-2006 24 4738 80234 0.46 0.42 0.04 0.01 4.01 0.004 50.6 0.373 1.4 4.13 1.15 - 1.25

Note: see explanatory notes after table 4.7.
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Table 4.7: Evaluation results within groups: Occupational training (OT)

Sample Results Covariate Balancing

Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) (1) (8) ) (10) a1y (12 (13) (14)

Gender: Males
BEFORE (Unmatched) 6 1842 117721 0.23 0.18 0.05 0.01 5.02 0.103 1954 0.000 5.6
AFTER (Matched, ATT) 6 1807 117721 0.23 0.21 0.02 0.01 1.72 0.012 61 0.996 1.6
BEFORE (Unmatched) 9 2645 121691 0.37 0.24 0.13 0.01 15.47 0.089 2286 0.000 5.8
AFTER (Matched, ATT) 9 2593 121691 0.37 0.28 0.09 0.01 6.81 0.010 70 0.978 1.7
BEFORE (Unmatched) 12 3000 119843 0.50 0.29 0.20 0.01 23.72 0.079 2242 0.000 5.0
AFTER (Matched, ATT) 12 2940 119843 0.49 0.33 0.16 0.01 12.3 0.008 66 0.992 1.2
BEFORE (Unmatched) 18 3200 118837 0.59 0.32 0.27 0.01 32.35 0.074 2179 0.000 4.7
AFTER (Matched, ATT) 18 3136 118837 0.59 0.35 0.23 0.01 18.47 0.007 57 0.999 1.2
BEFORE (Unmatched) 24 3220 118385 0.61 0.32 0.29 0.01 34.19 0.072 2135 0.000 4.6
AFTER (Matched, ATT) 24 3156 118385 0.61 0.35 0.26 0.01 20.85 0.009 78 0.899 1.5

Gender: Females
BEFORE (Unmatched) 6 3785 136789 0.25 0.19 0.07 0.01 10.65 0.120 4184 0.000 6.2
AFTER (Matched, ATT) 6 3710 136789 0.25 0.22 0.03 0.01 2.94 0.008 81 0.867 1.4
BEFORE (Unmatched) 9 5797 132291 0.40 0.25 0.16 0.01 27.46 0.097 4686 0.000 5.2
AFTER (Matched, ATT) 9 5682 132291 0.40 0.29 0.11 0.01 11.85 0.006 91 0.612 1.0
BEFORE (Unmatched) 12 6773 129680 0.55 0.31 0.24 0.01 40.55 0.084 4524 0.000 4.4
AFTER (Matched, ATT) 12 6638 129680 0.55 0.38 0.17 0.01 18.66 0.006 120 0.060 1.0
BEFORE (Unmatched) 18 7418 128278 0.65 0.34 0.31 0.01 53.88 0.074 4245 0.000 3.9
AFTER (Matched, ATT) 18 7270 128278 0.65 0.40 0.24 0.01 28.35 0.005 110 0.180 1.1
BEFORE (Unmatched) 24 7499 127688 0.67 0.35 0.32 0.01 57.48 0.070 4085 0.000 3.7
AFTER (Matched, ATT) 24 7350 127688 0.67 0.41 0.26 0.01 31.06 0.006 126 0.026 0.9

Age: Below 25
BEFORE (Unmatched) 6 1669 49238 0.26 0.17 0.09 0.01 8.98 0.134 1969 0.000 6.2
AFTER (Matched, ATT) 6 1636 49238 0.26 0.17 0.09 0.02 5.86 0.017 77 0.823 1.7
BEFORE (Unmatched) 9 2437 50927 0.42 0.21 0.21 0.01 24.27 0.121 2406 0.000 6.0
AFTER (Matched, ATT) 9 2389 50927 0.42 0.22 0.21 0.01 14.76 0.017 113 0.089 1.6
BEFORE (Unmatched) 12 2746 50295 0.52 0.25 0.27 0.01 31.03 0.110 2371 0.000 5.8
AFTER (Matched, ATT) 12 2692 50295 0.52 0.27 0.25 0.01 18.51 0.013 95 0.415 2.0
BEFORE (Unmatched) 18 2941 50038 0.59 0.26 0.32 0.01 38.6 0.101 2299 0.000 5.7
AFTER (Matched, ATT) 18 2883 50038 0.59 0.29 0.30 0.01 22.37 0.011 87 0.657 1.4
BEFORE (Unmatched) 24 2955 49970 0.60 0.27 0.34 0.01 40.2 0.100 2287 0.000 5.6
AFTER (Matched, ATT) 24 2896 49970 0.61 0.29 0.32 0.01 23.88 0.007 57 0.999 1.5

Age: From 25 to 44
BEFORE (Unmatched) 6 2821 130239 0.24 0.20 0.05 0.01 6.26 0.114 3102 0.000 6.1
AFTER (Matched, ATT) 6 2765 130239 0.25 0.23 0.01 0.01 1.03 0.009 68 0.971 1.2
BEFORE (Unmatched) 9 4312 126392 0.39 0.26 0.13 0.01 19.21 0.092 3502 0.000 5.1
AFTER (Matched, ATT) 9 4226 126392 0.39 0.30 0.09 0.01 8.49 0.005 60 0.997 1.0
BEFORE (Unmatched) 12 5045 124205 0.54 0.33 0.22 0.01 31.87 0.082 3491 0.000 4.5
AFTER (Matched, ATT) 12 4945 124205 0.54 0.40 0.14 0.01 13.16 0.005 70 0.969 0.9
BEFORE (Unmatched) 18 5530 123088 0.64 0.35 0.29 0.01 44.53 0.074 3380 0.000 3.6
AFTER (Matched, ATT) 18 5420 123088 0.65 0.42 0.23 0.01 22.73 0.005 81 0.833 1.0
BEFORE (Unmatched) 24 5589 122646 0.67 0.36 0.31 0.01 47.9 0.072 3304 0.000 3.5
AFTER (Matched, ATT) 24 5478 122646 0.67 0.43 0.24 0.01 24 0.006 98 0.337 1.0
Age: 45 and above

BEFORE (Unmatched) 6 1137 74195 0.23 0.17 0.06 0.01 5.71 0.120 1415 0.000 8.8
AFTER (Matched, ATT) 6 1115 74195 0.23 0.19 0.05 0.02 2.65 0.016 50 0.999 2.2
BEFORE (Unmatched) 9 1693 76300 0.36 0.23 0.13 0.01 12.48 0.116 1894 0.000 7.1
AFTER (Matched, ATT) 9 1661 76300 0.35 0.27 0.08 0.02 4.79 0.011 52 0.999 1.5
BEFORE (Unmatched) 12 1982 74660 0.53 0.30 0.23 0.01 21.82 0.109 2007 0.000 6.2
AFTER (Matched, ATT) 12 1944 74660 0.53 0.39 0.14 0.02 8.46 0.011 58 0.999 1.4
BEFORE (Unmatched) 18 2147 73626 0.64 0.33 0.31 0.01 29.59 0.107 2091 0.000 5.5
AFTER (Matched, ATT) 18 2105 73626 0.64 0.43 0.21 0.02 13.35 0.009 54 0.999 1.5
BEFORE (Unmatched) 24 2175 73094 0.67 0.34 0.33 0.01 31.7 0.104 2058 0.000 5.7
AFTER (Matched, ATT) 24 2132 73094 0.67 0.44 0.22 0.02 14.25 0.009 52 0.999 1.5
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Evaluation results within groups: Occupational training (OT) - cont.

Sample Results Covariate Balancing

Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) (7) (8) 9) (10) a1y (12) (13) (14)

Ethnicity: Latvian
BEFORE (Unmatched) 6 3632 128391 0.26 0.21 0.04 0.01 6.32 0.108 3595 0.000 7.5
AFTER (Matched, ATT) 6 3560 128391 0.26 0.23 0.03 0.01 2.93 0.008 76 0.926 1.3
BEFORE (Unmatched) 9 5478 124623 0.41 0.27 0.14 0.01 22.45 0.086 3927 0.000 5.9
AFTER (Matched, ATT) 9 5369 124623 0.41 0.30 0.11 0.01 11.36 0.005 80 0.867 0.9
BEFORE (Unmatched) 12 6366 122435 0.56 0.34 0.22 0.01 35.96 0.075 3810 0.000 5.0
AFTER (Matched, ATT) 12 6240 122435 0.56 0.38 0.18 0.01 19.24 0.004 77 0.921 0.9
BEFORE (Unmatched) 18 6894 121287 0.65 0.36 0.29 0.01 48.9 0.068 3649 0.000 4.7
AFTER (Matched, ATT) 18 6757 121287 0.65 0.40 0.25 0.01 28.1 0.004 81 0.841 0.9
BEFORE (Unmatched) 24 6945 120820 0.67 0.37 0.31 0.01 52.04 0.066 3558 0.000 4.7
AFTER (Matched, ATT) 24 6807 120820 0.67 0.41 0.26 0.01 29.58 0.005 87 0.721 1.0

Ethnicity: Russian
BEFORE (Unmatched) 6 1352 86273 0.22 0.16 0.06 0.01 5.73 0.117 1640 0.000 6.6
AFTER (Matched, ATT) 6 1325 86273 0.21 0.19 0.03 0.02 1.62 0.014 50 0.999 2.0
BEFORE (Unmatched) 9 2009 89215 0.34 0.21 0.14 0.01 14.71 0.111 2133 0.000 5.6
AFTER (Matched, ATT) 9 1969 89215 0.35 0.25 0.10 0.02 6.46 0.012 67 0.986 1.7
BEFORE (Unmatched) 12 2333 87710 0.47 0.27 0.20 0.01 21.47 0.096 2082 0.000 4.9
AFTER (Matched, ATT) 12 2287 87710 0.48 0.35 0.13 0.02 8.28 0.012 75 0.915 1.7
BEFORE (Unmatched) 18 2563 86849 0.56 0.30 0.27 0.01 29.02 0.090 2088 0.000 4.8
AFTER (Matched, ATT) 18 2512 86849 0.57 0.37 0.20 0.01 13.81 0.008 57 0.999 1.7
BEFORE (Unmatched) 24 2598 86435 0.59 0.30 0.29 0.01 31.57 0.087 2053 0.000 4.8
AFTER (Matched, ATT) 24 2547 86435 0.59 0.38 0.22 0.01 15.07 0.011 76 0.895 1.6

Ethnicity: Other
BEFORE (Unmatched) 6 643 39101 0.26 0.16 0.10 0.01 6.73 0.137 903 0.000 6.5
AFTER (Matched, ATT) 6 631 39101 0.26 0.18 0.08 0.02 3.2 0.033 57 0.994 2.6
BEFORE (Unmatched) 9 955 40101 0.38 0.21 0.17 0.01 12.28 0.126 1147 0.000 6.4
AFTER (Matched, ATT) 9 936 40101 0.38 0.25 0.13 0.02 5.77 0.021 54 1.000 2.6
BEFORE (Unmatched) 12 1074 39335 0.52 0.28 0.24 0.01 17.64 0.113 1122 0.000 5.5
AFTER (Matched, ATT) 12 1054 39335 0.52 0.31 0.21 0.02 9.57 0.026 77 0.906 2.8
BEFORE (Unmatched) 18 1161 38936 0.62 0.30 0.33 0.01 23.84 0.105 1100 0.000 5.5
AFTER (Matched, ATT) 18 1138 38936 0.63 0.37 0.26 0.02 12.4 0.022 68 0.983 2.1
BEFORE (Unmatched) 24 1176 38775 0.64 0.30 0.34 0.01 24.87 0.103 1092 0.000 5.3
AFTER (Matched, ATT) 24 1153 38775 0.64 0.35 0.29 0.02 14.28 0.015 48 0.999 1.9

Education: Basic or less
BEFORE (Unmatched) 6 1150 69596 0.24 0.13 0.11 0.01 10.6 0.179 2109 0.000 7.0
AFTER (Matched, ATT) 6 1127 69596 0.24 0.16 0.08 0.02 4.79 0.016 50 0.999 2.2
BEFORE (Unmatched) 9 1644 75368 0.40 0.17 0.23 0.01 23.93 0.180 2863 0.000 6.7
AFTER (Matched, ATT) 9 1612 75368 0.40 0.19 0.21 0.02 12.86 0.014 64 0.989 1.6
BEFORE (Unmatched) 12 1857 74191 0.49 0.21 0.29 0.01 29.89 0.164 2868 0.000 6.9
AFTER (Matched, ATT) 12 1820 74191 0.50 0.22 0.28 0.02 17.49 0.012 59 0.997 1.7
BEFORE (Unmatched) 18 2020 73510 0.57 0.22 0.35 0.01 36.6 0.158 2944 0.000 6.4
AFTER (Matched, ATT) 18 1980 73510 0.58 0.25 0.33 0.02 21.27 0.011 61 0.996 1.4
BEFORE (Unmatched) 24 2030 73189 0.59 0.23 0.37 0.01 38.55 0.156 2920 0.000 6.3
AFTER (Matched, ATT) 24 1991 73189 0.60 0.23 0.37 0.02 24.42 0.011 63 0.992 1.5
Education: Secondary general

BEFORE (Unmatched) 6 1677 67346 0.24 0.18 0.06 0.01 6.22 0.120 1892 0.000 6.9
AFTER (Matched, ATT) 6 1644 67346 0.25 0.21 0.04 0.02 2.43 0.011 50 0.999 1.6
BEFORE (Unmatched) 9 2556 67196 0.38 0.24 0.14 0.01 16.5 0.106 2314 0.000 6.1
AFTER (Matched, ATT) 9 2505 67196 0.39 0.29 0.10 0.01 7.05 0.009 64 0.984 1.2
BEFORE (Unmatched) 12 2964 66002 0.52 0.31 0.21 0.01 24.64 0.095 2311 0.000 4.5
AFTER (Matched, ATT) 12 2905 66002 0.52 0.36 0.17 0.01 12.41 0.008 61 0.993 1.4
BEFORE (Unmatched) 18 3209 65397 0.63 0.33 0.29 0.01 34.19 0.084 2184 0.000 4.8
AFTER (Matched, ATT) 18 3146 65397 0.63 0.39 0.24 0.01 17.92 0.008 66 0.974 1.3
BEFORE (Unmatched) 24 3239 65098 0.65 0.34 0.31 0.01 36.22 0.082 2135 0.000 4.5
AFTER (Matched, ATT) 24 3175 65098 0.65 0.40 0.25 0.01 19.68 0.006 49 0.999 1.0
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Evaluation results within groups: Occupational training (OT) - cont.
Sample Results Covariate Balancing
Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) (1) (8) ) (10) a1y (12 (13) (14)
Education: Secondary professional
BEFORE (Unmatched) 6 2118 89256 0.25 0.20 0.05 0.01 5.76 0.101 2041 0.000 6.2
AFTER (Matched, ATT) 6 2076 89256 0.25 0.21 0.04 0.01 2.69 0.009 52 0.999 1.4
BEFORE (Unmatched) 9 3239 89022 0.39 0.27 0.13 0.01 15.85 0.079 2226 0.000 5.8
AFTER (Matched, ATT) 9 3175 89022 0.39 0.29 0.10 0.01 8.39 0.008 71 0.932 1.3
BEFORE (Unmatched) 12 3787 87355 0.54 0.34 0.20 0.01 25.36 0.070 2217 0.000 4.0
AFTER (Matched, ATT) 12 3712 87355 0.54 0.38 0.16 0.01 13.12 0.008 77 0.829 1.3
BEFORE (Unmatched) 18 4112 86364 0.64 0.37 0.27 0.01 34.87 0.063 2118 0.000 3.8
AFTER (Matched, ATT) 18 4030 86364 0.64 0.41 0.23 0.01 19.74 0.007 77 0.861 1.3
BEFORE (Unmatched) 24 4155 85975 0.66 0.38 0.29 0.01 37.42 0.061 2059 0.000 3.8
AFTER (Matched, ATT) 24 4072 85975 0.66 0.41 0.25 0.01 22.06 0.008 86 0.666 1.4
Education: Higher
BEFORE (Unmatched) 6 682 21501 0.25 0.29 -0.04 0.02 -2.16 0.079 484 0.000 5.6
AFTER (Matched, ATT) 6 669 21501 0.24 0.28 -0.03 0.03 -1.36 0.026 48 0.999 2.9
BEFORE (Unmatched) 9 1003 22005 0.41 0.38 0.03 0.02 1.88 0.070 577 0.000 4.7
AFTER (Matched, ATT) 9 983 22005 0.40 0.40 0.00 0.02 0.18 0.018 50 0.999 2.0
BEFORE (Unmatched) 12 1165 21653 0.59 0.48 0.12 0.02 7.67 0.059 542 0.000 4.7
AFTER (Matched, ATT) 12 1142 21653 0.59 0.55 0.04 0.02 1.8 0.021 67 0.957 2.5
BEFORE (Unmatched) 18 1277 21579 0.68 0.50 0.18 0.01 12.82 0.056 556 0.000 4.5
AFTER (Matched, ATT) 18 1252 21579 0.68 0.53 0.15 0.02 7.29 0.018 62 0.986 2.1
BEFORE (Unmatched) 24 1295 21535 0.71 0.50 0.20 0.01 14.29 0.055 545 0.000 4.8
AFTER (Matched, ATT) 24 1270 21535 0.71 0.54 0.17 0.02 8.33 0.013 45 0.999 1.8
‘Work experience: Without
BEFORE (Unmatched) 6 1172 36682 0.22 0.11 0.12 0.01 12.78 0.186 1940 0.000 6.7
AFTER (Matched, ATT) 6 1149 36682 0.22 0.15 0.08 0.02 4.45 0.023 73 0.902 2.2
BEFORE (Unmatched) 9 1695 37103 0.38 0.13 0.25 0.01 29.75 0.184 2567 0.000 6.5
AFTER (Matched, ATT) 9 1662 37103 0.38 0.18 0.20 0.02 11.97 0.021 97 0.390 2.2
BEFORE (Unmatched) 12 1881 36408 0.46 0.15 0.31 0.01 35.85 0.170 2557 0.000 6.3
AFTER (Matched, ATT) 12 1844 36408 0.46 0.22 0.24 0.02 14.52 0.017 85 0.766 1.8
BEFORE (Unmatched) 18 1984 35910 0.53 0.16 0.37 0.01 42.9 0.159 2473 0.000 5.9
AFTER (Matched, ATT) 18 1945 35910 0.53 0.23 0.30 0.02 18.95 0.018 98 0.375 2.2
BEFORE (Unmatched) 24 1972 35688 0.55 0.16 0.39 0.01 44.62 0.159 2453 0.000 6.1
AFTER (Matched, ATT) 24 1933 35688 0.55 0.24 0.31 0.02 19.1 0.021 112 0.085 2.0
‘Work experience: With
BEFORE (Unmatched) 3 1455 223905 0.25 0.20 0.05  0.01 87T 0.110 4850 0.000 68
AFTER _ (Matched, ATT) 6 4366 223905 0.25 0.24 0.02  0.01 1.68 0.006 74 0.958 1.0
BEFORE (Unmatched) 9 6747 217261 0.40 0.26 0.14 _0.01 _ 24.76 0.001 5505 0.000 5.7
AFTER (Matched, ATT) 9 6613 217261 0.40 0.30 0.10 0.01 11.48 0.004 79 0.898 0.9
BEFORE (Unmatched) 12 7892 213497 0.55 0.33 0.22 0.01 40.51 0.082 5555 0.000 4.7
AFTER (Matched, ATT) 12 7735 213497 0.55 0.40 0.15 0.01 18.19 0.004 92 0.629 0.9
BEFORE (Unmatched) 18 8634 211587 0.65 0.36 0.29 0.01 55.53 0.076 5502 0.000 4.3
AFTER (Matched, ATT) 18 8462 211587 0.65 0.42 0.23 0.01 29.1 0.004 88 0.710 0.9
BEFORE (Unmatched) 24 8747 210767 0.67 0.36 0.31 0.01 59.26 0.074 5412 0.000 4.0
AFTER (Matched, ATT) 24 8573 210767 0.67 0.43 0.25 0.01 31.66 0.004 101 0.360 0.9
Region: Riga city
BEFORE (Unmatched) 6 1530 74395 0.23 0.22 0.01 0.01 1.12 0.107 1602 0.000 8.0
AFTER (Matched, ATT) 6 1500 74395 0.23 0.28 -0.06 0.02 -3.37 0.005 19 0.999 0.9
BEFORE (Unmatched) 9 2262 74965 0.38 0.28 0.10 0.01 10.34 0.096 1970 0.000 7.0
AFTER (Matched, ATT) 9 2217 74965 0.38 0.36 0.02 0.02 1.44 0.003 22 0.999 1.0
BEFORE (Unmatched) 12 2659 73987 0.56 0.37 0.18 0.01 19.3 0.091 2094 0.000 5.4
AFTER (Matched, ATT) 12 2606 73987 0.56 0.51 0.05 0.02 3.23 0.004 32 0.999 0.9
BEFORE (Unmatched) 18 2857 73660 0.66 0.40 0.27 0.01 28.45 0.086 2088 0.000 4.6
AFTER (Matched, ATT) 18 2800 73660 0.66 0.54 0.13 0.01 9.05 0.003 26 0.999 0.8
BEFORE (Unmatched) 24 2879 73624 0.68 0.40 0.28 0.01 30.03 0.085 2076 0.000 4.7
AFTER (Matched, ATT) 24 2822 73624 0.68 0.55 0.13 0.01 9.37 0.003 21 0.999 0.7
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Evaluation results within groups: Occupational training (OT) - cont.

Sample Results Covariate Balancing
Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) (7) (8) 9) (10) a1y (12) (13) (14)
Region: Riga region
BEFORE (Unmatched) 6 632 33504 0.22 0.19 0.03 0.02 1.62 0.097 612 0.000 10.6
AFTER (Matched, ATT) 6 620 33504 0.21 0.23 -0.02 0.02 -0.73 0.014 24 0.999 2.2
BEFORE (Unmatched) 9 988 35385 0.38 0.25 0.12 0.01 8.84 0.097 882 0.000 8.3
AFTER (Matched, ATT) 9 969 35385 0.38 0.27 0.11 0.02 4.99 0.016 43 0.992 2.2
BEFORE (Unmatched) 12 1173 34688 0.56 0.32 0.24 0.01 17.15 0.087 897 0.000 7.3
AFTER (Matched, ATT) 12 1150 34688 0.56 0.35 0.20 0.02 9.64 0.009 29 0.999 2.2
BEFORE (Unmatched) 18 1270 34501 0.69 0.34 0.35 0.01 25.57 0.082 902 0.000 6.1
AFTER (Matched, ATT) 18 1245 34501 0.68 0.36 0.33 0.02 16.6 0.009 30 0.999 1.2
BEFORE (Unmatched) 24 1286 34452 0.71 0.34 0.36 0.01 26.89 0.080 891 0.000 5.2
AFTER (Matched, ATT) 24 1261 34452 0.71 0.37 0.34 0.02 17.37 0.009 33 0.999 1.6
Region: Vidzeme
BEFORE (Unmatched) 6 651 22944 0.30 0.20 0.10 0.02 6.15 0.117 695 0.000 9.7
AFTER (Matched, ATT) 6 638 22944 0.29 0.26 0.04 0.03 1.46 0.026 45 0.944 2.5
BEFORE (Unmatched) 9 987 24462 0.45 0.27 0.19 0.01 12.9 0.096 800 0.000 8.5
AFTER (Matched, ATT) 9 968 24462 0.45 0.31 0.14 0.02 6.16 0.018 49 0.953 2.2
BEFORE (Unmatched) 12 1107 24014 0.60 0.32 0.27 0.01 18.93 0.083 756 0.000 8.1
AFTER (Matched, ATT) 12 1085 24014 0.59 0.35 0.24 0.02 11.22 0.013 40 0.996 1.9
BEFORE (Unmatched) 18 1204 23736 0.68 0.36 0.33 0.01 23.13 0.072 691 0.000 6.8
AFTER (Matched, ATT) 18 1180 23736 0.68 0.40 0.28 0.02 13.78 0.013 43 0.991 2.0
BEFORE (Unmatched) 24 1216 23638 0.70 0.36 0.34 0.01 24.13 0.068 658 0.000 6.3
AFTER (Matched, ATT) 24 1192 23638 0.70 0.38 0.33 0.02 16.13 0.012 40 0.997 2.2
Region: Kurzeme
BEFORE (Unmatched) 6 653 31239 0.30 0.18 0.12 0.02 7.88 0.094 597 0.000 7.7
AFTER (Matched, ATT) 6 640 31239 0.30 0.19 0.11 0.02 4.42 0.019 33 0.999 3.0
BEFORE (Unmatched) 9 1061 36137 0.47 0.23 0.23 0.01 17.61 0.111 1073 0.000 7.7
AFTER (Matched, ATT) 9 1040 36137 0.46 0.27 0.19 0.02 8.96 0.013 38 0.999 2.0
BEFORE (Unmatched) 12 1249 35558 0.62 0.28 0.34 0.01 25.89 0.100 1087 0.000 7.0
AFTER (Matched, ATT) 12 1225 35558 0.62 0.33 0.29 0.02 14.67 0.008 27 0.999 1.6
BEFORE (Unmatched) 18 1387 35263 0.74 0.31 0.44 0.01 34.63 0.094 1110 0.000 6.2
AFTER (Matched, ATT) 18 1360 35263 0.74 0.36 0.39 0.02 21.03 0.010 39 0.999 1.8
BEFORE (Unmatched) 24 1410 35137 0.77 0.31 0.46 0.01 36.93 0.092 1099 0.000 6.1
AFTER (Matched, ATT) 24 1382 35137 0.77 0.36 0.41 0.02 23.02 0.011 43 0.997 1.7
Region: Zemgale
BEFORE (Unmatched) 6 724 31810 0.27 0.16 0.11 0.01 7.72 0.140 969 0.000 8.7
AFTER (Matched, ATT) 6 710 31810 0.27 0.17 0.10 0.02 4.46 0.017 33 0.999 2.2
BEFORE (Unmatched) 9 1099 33626 0.41 0.21 0.20 0.01 15.66 0.134 1309 0.000 7.6
AFTER (Matched, ATT) 9 1078 33626 0.41 0.21 0.21 0.02 10.21 0.009 28 0.999 1.9
BEFORE (Unmatched) 12 1268 33090 0.50 0.25 0.25 0.01 19.94 0.116 1255 0.000 6.3
AFTER (Matched, ATT) 12 1243 33090 0.50 0.24 0.25 0.02 13.15 0.010 34 0.999 1.9
BEFORE (Unmatched) 18 1408 32827 0.56 0.27 0.30 0.01 24.63 0.107 1259 0.000 5.6
AFTER (Matched, ATT) 18 1380 32827 0.56 0.29 0.28 0.02 14.63 0.014 52 0.951 2.1
BEFORE (Unmatched) 24 1431 32745 0.58 0.27 0.31 0.01 25.56 0.105 1253 0.000 5.7
AFTER (Matched, ATT) 24 1403 32745 0.57 0.27 0.31 0.02 16.52 0.012 46 0.986 1.5
Region: Latgale
BEFORE (Unmatched) 6 1437 47432 0.22 0.14 0.08 0.01 8.49 0.151 1956 0.000 10.1
AFTER (Matched, ATT) 6 1409 47432 0.22 0.16 0.06 0.02 4.11 0.010 39 0.999 1.9
BEFORE (Unmatched) 9 2045 48470 0.34 0.19 0.16 0.01 17.55 0.141 2411 0.000 8.9
AFTER (Matched, ATT) 9 2005 48470 0.34 0.19 0.15 0.01 10.39 0.008 42 0.998 1.8
BEFORE (Unmatched) 12 2317 47351 0.43 0.23 0.20 0.01 22.76 0.126 2362 0.000 7.5
AFTER (Matched, ATT) 12 2271 47351 0.43 0.26 0.18 0.01 11.97 0.011 68 0.623 2.0
BEFORE (Unmatched) 18 2492 46293 0.50 0.25 0.25 0.01 27.46 0.113 2219 0.000 7.4
AFTER (Matched, ATT) 18 2444 46293 0.50 0.28 0.23 0.01 15.92 0.009 60 0.842 1.5
BEFORE (Unmatched) 24 2497 45642 0.54 0.26 0.27 0.01 30.07 0.107 2111 0.000 6.9
AFTER (Matched, ATT) 24 2448 45642 0.54 0.30 0.24 0.01 16.71 0.007 46 0.993 1.4
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Table 4.8: Evaluation results within groups: Modular training (MLT)

Sample Results Covariate Balancing
Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) () (8) 9 (10) a1 (12 (13) (14)
Gender: Male
BEFORE (Unmatched) 6 330 21569 0.14 0.19 -0.04 0.02 -2.05 0.134 112 0.000 7.6
AFTER (Matched, ATT) 6 324 21569 0.15 0.19 -0.05 0.03 -1.62 0.089 16 0.992 3.0
BEFORE (Unmatched) 9 369 19915 0.23 0.25 -0.02 0.02 -0.89 0.093 81 0.000 7.7
AFTER (Matched, ATT) 9 362 19915 0.23 0.22 0.01 0.03 0.17 0.111 26 0.767 3.9
BEFORE (Unmatched) 12 354 19058 0.32 0.31 0.02 0.02 0.68 0.098 79 0.000 8.7
AFTER (Matched, ATT) 12 347 19058 0.32 0.31 0.01 0.04 0.4 0.115 24 0.861 3.4
BEFORE (Unmatched) 18 335 18555 0.39 0.32 0.07 0.03 2.71 0.103 81 0.000 8.6
AFTER (Matched, ATT) 18 329 18555 0.40 0.35 0.04 0.04 1.08 0.078 16 0.996 3.9
BEFORE (Unmatched) 24 328 18445 0.40 0.33 0.08 0.03 2.92 0.095 71 0.000 8.9
AFTER (Matched, ATT) 24 322 18445 0.40 0.34 0.06 0.04 1.59 0.154 29 0.688 2.2
Gender: Female
BEFORE (Unmatched) 6 846 24159 0.08 0.19 -0.11 0.01 -7.96 0.090 141 0.000 7.2
AFTER (Matched, ATT) 6 830 24159 0.08 0.18 -0.10 0.02 -5.97 0.061 30 0.828 1.9
BEFORE (Unmatched) 9 983 21901 0.18 0.26 -0.08 0.01 -5.93 0.077 136 0.000 8.5
AFTER (Matched, ATT) 9 964 21901 0.18 0.25 -0.07 0.02 -3.57 0.035 20 0.995 2.4
BEFORE (Unmatched) 12 957 20583 0.30 0.34 -0.04 0.02 -2.4 0.080 138 0.000 8.8
AFTER (Matched, ATT) 12 938 20583 0.30 0.35 -0.05 0.02 -2.27 0.044 24 0.968 2.1
BEFORE (Unmatched) 18 905 19854 0.37 0.37 0.00 0.02 0.1 0.087 143 0.000 8.8
AFTER (Matched, ATT) 18 887 19854 0.36 0.37 0.00 0.02 -0.05 0.054 29 0.836 1.9
BEFORE (Unmatched) 24 884 19703 0.38 0.37 0.01 0.02 0.51 0.088 141 0.000 8.7
AFTER (Matched, ATT) 24 867 19703 0.37 0.38 -0.01 0.02 -0.37 0.060 31 0.780 2.2
Education: Basic or less
BEFORE (Unmatched) 6 252 12387 0.06 0.14 -0.08 0.02 -3.59 0.102 252 0.000 6.5
AFTER (Matched, ATT) 6 247 12387 0.05 0.11 -0.05 0.03 -2.06 0.028 19 0.999 3.5
BEFORE (Unmatched) 9 294 11482 0.15 0.18 -0.03 0.02 -1.49 0.098 270 0.000 9.7
AFTER (Matched, ATT) 9 289 11482 0.14 0.12 0.02 0.03 0.81 0.023 18 0.999 3.3
BEFORE (Unmatched) 12 282 11001 0.21 0.22 -0.01 0.02 -0.37 0.105 277 0.000 9.9
AFTER (Matched, ATT) 12 277 11001 0.21 0.18 0.02 0.04 0.61 0.036 27 0.935 5.1
BEFORE (Unmatched) 18 269 10720 0.25 0.23 0.01 0.03 0.53 0.113 285 0.000 9.2
AFTER (Matched, ATT) 18 264 10720 0.25 0.20 0.05 0.04 1.21 0.034 25 0.976 5.0
BEFORE (Unmatched) 24 262 10571 0.25 0.23 0.02 0.03 0.75 0.112 275 0.000 9.9
AFTER (Matched, ATT) 24 257 10571 0.25 0.17 0.07 0.04 2.01 0.033 23 0.980 4.0
Education: Secondary general
BEFORE (Unmatched) 6 315 12780 0.11 0.18 -0.07 0.02 -3.18 0.059 176 0.000 7.7
AFTER (Matched, ATT) 6 309 12780 0.11 0.18 -0.07 0.03 -2.37 0.015 13 0.999 3.4
BEFORE (Unmatched) 9 356 11693 0.20 0.25 -0.05 0.02 -2.28 0.066 211 0.000 8.0
AFTER (Matched, ATT) 9 349 11693 0.20 0.28 -0.08 0.03 -2.36 0.018 17 0.993 2.5
BEFORE (Unmatched) 12 338 11060 0.33 0.32 0.00 0.03 0.08 0.072 220 0.000 9.4
AFTER (Matched, ATT) 12 332 11060 0.33 0.35 -0.02 0.04 -0.63 0.017 15 0.998 2.5
BEFORE (Unmatched) 18 321 10738 0.40 0.35 0.05 0.03 1.87 0.074 215 0.000 9.5
AFTER (Matched, ATT) 18 315 10738 0.40 0.36 0.04 0.04 1.03 0.009 8 0.999 3.6
BEFORE (Unmatched) 24 313 10655 0.41 0.35 0.06 0.03 2.23 0.071 203 0.000 8.6
AFTER (Matched, ATT) 24 307 10655 0.41 0.35 0.07 0.04 1.59 0.013 11 0.999 3.1
Education: Secondary professional
BEFORE (Unmatched) 6 450 15951 0.11 0.21 -0.10 0.02 -5.15 0.053 217 0.000 5.4
AFTER (Matched, ATT) 6 441 15951 0.11 0.22 -0.12 0.03 -4.47 0.019 23 0.943 2.6
BEFORE (Unmatched) 9 521 14451 0.21 0.29 -0.08 0.02 -4.03 0.057 259 0.000 7.1
AFTER (Matched, ATT) 9 511 14451 0.21 0.28 -0.07 0.03 -2.65 0.015 22 0.972 3.4
BEFORE (Unmatched) 12 502 13586 0.34 0.37 -0.03 0.02 -1.47 0.061 263 0.000 8.7
AFTER (Matched, ATT) 12 492 13586 0.34 0.40 -0.06 0.03 -1.83 0.007 9 0.999 2.1
BEFORE (Unmatched) 18 471 13044 0.42 0.40 0.02 0.02 1.06 0.064 261 0.000 8.5
AFTER (Matched, ATT) 18 462 13044 0.43 0.43 0.00 0.03 -0.06 0.014 17 0.996 2.5
BEFORE (Unmatched) 24 462 12942 0.43 0.40 0.03 0.02 1.26 0.063 254 0.000 8.8
AFTER (Matched, ATT) 24 453 12942 0.43 0.44 -0.01 0.03 -0.19 0.018 23 0.947 2.8
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Evaluation results within groups: Modular training (MLT) - cont.

Sample Results Covariate Balancing
Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) () (8) 9 (10) a1y (@2 (13) (14)
Education: Higher
BEFORE (Unmatched) 6 158 3782 0.09 0.25 -0.15 0.03 -4.37 0.051 67 0.000 6.1
AFTER (Matched, ATT) 6 155 3782 0.10 0.20 -0.10 0.04 -2.41 0.051 22 0.931 7.5
BEFORE (Unmatched) 9 180 3445 0.20 0.36 -0.16 0.04 -4.35 0.057 81 0.000 7.0
AFTER (Matched, ATT) 9 177 3445 0.20 0.31 -0.11 0.05 -2.23 0.028 14 0.998 4.6
BEFORE (Unmatched) 12 188 3268 0.34 0.46 -0.12 0.04 -3.31 0.066 96 0.000 7.8
AFTER (Matched, ATT) 12 185 3268 0.34 0.40 -0.06 0.05 -1.12 0.027 14 0.999 4.4
BEFORE (Unmatched) 18 178 3192 0.39 0.49 -0.09 0.04 -2.43 0.063 88 0.000 7.4
AFTER (Matched, ATT) 18 175 3192 0.39 0.37 0.03 0.06 0.52 0.054 26 0.802 5.3
BEFORE (Unmatched) 24 174 3181 0.40 0.49 -0.09 0.04 -2.21 0.062 85 0.000 7.6
AFTER (Matched, ATT) 24 171 3181 0.41 0.45 -0.04 0.06 -0.72 0.036 17 0.990 5.4
‘Work experience: Without
BEFORE (Unmatched) 6 283 7983 0.10 0.12 -0.02 0.02 -1.14 0.091 86 0.000 6.8
AFTER (Matched, ATT) 6 278 7983 0.10 0.15 -0.05 0.03 -1.86 0.067 19 0.968 3.0
BEFORE (Unmatched) 9 330 7505 0.16 0.14 0.02 0.02 0.93 0.097 105 0.000 8.2
AFTER (Matched, ATT) 9 324 7505 0.15 0.14 0.01 0.03 0.22 0.057 20 0.972 2.5
BEFORE (Unmatched) 12 313 7209 0.20 0.16 0.04 0.02 1.86 0.105 106 0.000 9.1
AFTER (Matched, ATT) 12 307 7209 0.19 0.21 -0.01 0.03 -0.39 0.054 18 0.979 3.4
BEFORE (Unmatched) 18 297 6988 0.23 0.17 0.07 0.02 2.92 0.115 110 0.000 10.0
AFTER (Matched, ATT) 18 292 6988 0.23 0.18 0.04 0.04 1.17 0.034 11 0.999 4.8
BEFORE (Unmatched) 24 291 6934 0.24 0.17 0.07 0.02 3.04 0.115 107 0.000 9.8
AFTER (Matched, ATT) 24 286 6934 0.23 0.17 0.07 0.03 1.93 0.048 14 0.997 3.6
‘Work experience: With
BEFORE (Unmatched) 6 893 37459 0.10 0.20 -0.10 0.01 -7.75 0.126 191 0.000 6.5
AFTER (Matched, ATT) 6 876 37459 0.10 0.19 -0.09 0.02 -5.2 0.066 26 0.917 2.3
BEFORE (Unmatched) 9 1022 34052 0.20 0.28 -0.08 0.01 -5.62 0.111 181 0.000 6.7
AFTER (Matched, ATT) 9 1002 34052 0.20 0.26 -0.06 0.02 -3.1 0.061 28 0.891 2.3
BEFORE (Unmatched) 12 998 32180 0.34 0.36 -0.02 0.02 -1.25 0.117 187 0.000 7.0
AFTER (Matched, ATT) 12 979 32180 0.34 0.38 -0.04 0.02 -1.61 0.048 21 0.993 2.1
BEFORE (Unmatched) 18 943 31191 0.42 0.39 0.03 0.02 2 0.122 188 0.000 7.2
AFTER (Matched, ATT) 18 925 31191 0.42 0.40 0.02 0.02 0.72 0.054 23 0.967 2.0
BEFORE (Unmatched) 24 921 30988 0.43 0.39 0.04 0.02 2.49 0.122 185 0.000 7.5
AFTER (Matched, ATT) 24 903 30988 0.43 0.42 0.01 0.02 0.36 0.068 27 0.824 2.6
Proficiency in Latvian: None or uncertified
BEFORE (Unmatched) 6 528 13824 0.08 0.13 -0.06 0.02 -3.93 0.097 140 0.000 6.1
AFTER (Matched, ATT) 6 518 13824 0.08 0.13 -0.05 0.02 -2.73 0.038 16 0.999 2.8
BEFORE (Unmatched) 9 603 12823 0.16 0.18 -0.01 0.02 -0.84 0.098 148 0.000 9.0
AFTER (Matched, ATT) 9 591 12823 0.16 0.17 -0.01 0.02 -0.22 0.047 21 0.976 3.3
BEFORE (Unmatched) 12 593 12235 0.26 0.22 0.04 0.02 2.31 0.109 156 0.000 9.0
AFTER (Matched, ATT) 12 582 12235 0.26 0.24 0.02 0.03 0.66 0.045 20 0.985 2.9
BEFORE (Unmatched) 18 570 11837 0.31 0.23 0.08 0.02 4.28 0.117 165 0.000 8.6
AFTER (Matched, ATT) 18 559 11837 0.31 0.27 0.04 0.03 1.33 0.048 21 0.983 2.6
BEFORE (Unmatched) 24 558 11731 0.32 0.23 0.08 0.02 4.56 0.116 160 0.000 8.6
AFTER (Matched, ATT) 24 547 11731 0.31 0.28 0.03 0.03 1.14 0.053 23 0.960 2.8
Proficiency in Latvian: Low level
BEFORE (Unmatched) 6 427 11910 0.11 0.18 -0.07 0.02 -3.64 0.114 89 0.000 11.0
AFTER (Matched, ATT) 6 419 11910 0.12 0.17 -0.05 0.03 -2.02 0.133 28 0.765 3.2
BEFORE (Unmatched) 9 490 10854 0.22 0.25 -0.03 0.02 -1.69 0.119 110 0.000 11.7
AFTER (Matched, ATT) 9 481 10854 0.22 0.25 -0.02 0.03 -0.86 0.073 20 0.960 2.4
BEFORE (Unmatched) 12 469 10258 0.34 0.32 0.02 0.02 1.03 0.112 99 0.000 12.5
AFTER (Matched, ATT) 12 460 10258 0.35 0.34 0.01 0.03 0.2 0.095 25 0.899 2.0
BEFORE (Unmatched) 18 441 9896 0.42 0.35 0.07 0.02 3.18 0.116 97 0.000 12.6
AFTER (Matched, ATT) 18 433 9896 0.42 0.41 0.01 0.04 0.32 0.092 21 0.903 2.5
BEFORE (Unmatched) 24 431 9817 0.43 0.35 0.08 0.02 3.41 0.116 95 0.000 12.4
AFTER (Matched, ATT) 24 423 9817 0.43 0.39 0.04 0.04 1.18 0.098 24 0.873 1.9
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Evaluation results within groups: Modular training (MLT) - cont.

Sample Results Covariate Balancing
Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) () (8) 9 (10) a1 (12 (13) (14)
Proficiency in Latvian: Middle level
BEFORE (Unmatched) 6 205 15236 0.11 0.21 -0.10 0.03 -3.54 0.262 42 0.020 8.3
AFTER (Matched, ATT) 6 201 15236 0.10 0.32 -0.22 0.04 -5.44 0.588 4 0.266 4.1
BEFORE (Unmatched) 9 240 14187 0.20 0.30 -0.10 0.03 -3.23 0.168 41 0.085 8.7
AFTER (Matched, ATT) 9 236 14187 0.20 0.37 -0.17 0.04 -3.89 0.478 15 0.364 3.1
BEFORE (Unmatched) 12 231 13329 0.37 0.39 -0.01 0.03 -0.46 0.156 39 0.118 10.2
AFTER (Matched, ATT) 12 227 13329 0.37 0.50 -0.13 0.05 -2.67 0.736 39 0.015 3.6
BEFORE (Unmatched) 18 212 12961 0.46 0.41 0.05 0.03 1.51 0.213 45 0.028 10.5
AFTER (Matched, ATT) 18 208 12961 0.47 0.51 -0.04 0.05 -0.86 0.583 19 0.306 4.1
BEFORE (Unmatched) 24 206 12900 0.48 0.41 0.06 0.03 1.82 0.217 44 0.035 11.2
AFTER (Matched, ATT) 24 202 12900 0.48 0.52 -0.04 0.05 -0.87 0.638 24 0.182 3.5
Area of residence: Urban
BEFORE (Unmatched) 6 976 35505 0.10 0.19 -0.10 0.01 -7.78 0.112 221 0.000 7.2
AFTER (Matched, ATT) 6 957 35505 0.10 0.20 -0.10 0.02 -6.16 0.057 32 0.751 2.7
BEFORE (Unmatched) 9 1133 32690 0.19 0.26 -0.07 0.01 -5.53 0.102 220 0.000 8.4
AFTER (Matched, ATT) 9 1111 32690 0.19 0.24 -0.05 0.02 -2.74 0.038 24 0.970 2.5
BEFORE (Unmatched) 12 1104 31244 0.31 0.33 -0.02 0.01 -1.47 0.107 225 0.000 8.7
AFTER (Matched, ATT) 12 1082 31244 0.31 0.34 -0.03 0.02 -1.28 0.038 24 0.965 2.3
BEFORE (Unmatched) 18 1050 30567 0.38 0.35 0.02 0.02 1.65 0.113 231 0.000 8.5
AFTER (Matched, ATT) 18 1029 30567 0.38 0.35 0.03 0.02 1.23 0.042 25 0.931 2.2
BEFORE (Unmatched) 24 1027 30455 0.39 0.35 0.03 0.02 2.17 0.112 222 0.000 8.8
AFTER (Matched, ATT) 24 1007 30455 0.38 0.38 0.00 0.02 0.22 0.030 17 0.996 1.7
Area of residence: Rural
BEFORE (Unmatched) 6 200 10057 0.11 0.16 -0.05 0.03 -2 0.109 52 0.014 8.7
AFTER (Matched, ATT) 6 196 10057 0.11 0.15 -0.05 0.03 -1.33 0.164 18 0.954 5.5
BEFORE (Unmatched) 9 219 8960 0.19 0.22 -0.03 0.03 -1.03 0.133 75 0.000 9.1
AFTER (Matched, ATT) 9 215 8960 0.18 0.15 0.03 0.04 0.74 0.064 10 0.999 4.7
BEFORE (Unmatched) 12 207 8232 0.28 0.28 0.00 0.03 -0.05 0.150 75 0.000 9.1
AFTER (Matched, ATT) 12 203 8232 0.27 0.25 0.02 0.04 0.55 0.171 23 0.679 4.1
BEFORE (Unmatched) 18 190 7677 0.35 0.31 0.04 0.03 1.12 0.162 75 0.000 10.2
AFTER (Matched, ATT) 18 187 7677 0.34 0.22 0.12 0.05 2.51 0.173 24 0.713 4.3
BEFORE (Unmatched) 24 185 7528 0.36 0.32 0.04 0.03 1.18 0.171 76 0.000 10.3
AFTER (Matched, ATT) 24 182 7528 0.36 0.29 0.07 0.05 1.3 0.107 11 0.966 4.7
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Table 4.9: Evaluation results within groups: Modular training (MOT)

Sample Results Covariate Balancing

Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
e)) (3) (4) (5) (6) () (8) 9 (10) an  (12) (13) (14)

Gender: Male
BEFORE (Unmatched) 6 1858 86671 0.18 0.20 -0.02 0.01 -2.17 0.135 2442 0.000 11.5
AFTER (Matched, ATT) 6 1821 86671 0.18 0.22 -0.05 0.01 -3.34 0.007 37 0.983 1.6
BEFORE (Unmatched) 9 2180 83414 0.26 0.26 0.00 0.01 -0.22 0.124 2517 0.000 9.5
AFTER (Matched, ATT) 9 2137 83414 0.25 0.28 -0.03 0.01 -1.86 0.004 25 0.999 1.1
BEFORE (Unmatched) 12 2211 81566 0.37 0.31 0.05 0.01 5.27 0.117 2397 0.000 10.5
AFTER (Matched, ATT) 12 2167 81566 0.37 0.36 0.01 0.02 0.55 0.007 41 0.955 1.3
BEFORE (Unmatched) 18 2237 80560 0.41 0.33 0.08 0.01 7.8 0.103 2120 0.000 9.2
AFTER (Matched, ATT) 18 2193 80560 0.41 0.38 0.03 0.02 2.23 0.006 36 0.981 1.4
BEFORE (Unmatched) 24 2218 80108 0.42 0.34 0.09 0.01 8.42 0.101 2068 0.000 9.0
AFTER (Matched, ATT) 24 2174 80108 0.42 0.38 0.04 0.02 2.38 0.006 37 0.980 1.5

Gender: Female
BEFORE (Unmatched) 6 4075 94095 0.19 0.20 -0.01 0.01 -2.06 0.133 4495 0.000 10.0
AFTER (Matched, ATT) 6 3994 94095 0.19 0.24 -0.05 0.01 -5.08 0.005 54 0.657 1.1
BEFORE (Unmatched) 9 4860 89597 0.28 0.27 0.01 0.01 2.13 0.121 4631 0.000 10.1
AFTER (Matched, ATT) 9 4763 89597 0.28 0.31 -0.03 0.01 -3.08 0.004 56 0.579 1.3
BEFORE (Unmatched) 12 5121 86986 0.39 0.34 0.05 0.01 7.82 0.111 4373 0.000 9.1
AFTER (Matched, ATT) 12 5019 86986 0.39 0.38 0.01 0.01 0.64 0.003 47 0.875 1.0
BEFORE (Unmatched) 18 5212 85584 0.45 0.36 0.09 0.01 13.42 0.101 4026 0.000 8.0
AFTER (Matched, ATT) 18 5108 85584 0.45 0.41 0.04 0.01 4.18 0.004 57 0.566 1.3
BEFORE (Unmatched) 24 5172 84994 0.47 0.37 0.10 0.01 14.84 0.099 3931 0.000 8.1
AFTER (Matched, ATT) 24 5069 84994 0.47 0.41 0.06 0.01 5.56 0.004 58 0.498 0.9

Age: Below 25
BEFORE (Unmatched) 3 T551 36211 0.17 0.19 002 0.01 166 0.137 1775 0.000 1.6
AFTER (Matched, ATT) 6 1521 36211 0.17 0.19 -0.02 0.02 -1.08 0.007 30 0.996 1.9
BEFORE (Unmatched) 9 1762 35033 0.24 0.23 0.00 0.01 0.44 0.127 1793 0.000 10.4
AFTER (Matched, ATT) 9 1729 35033 0.24 0.25 -0.01 0.02 -0.9 0.007 35 0.985 1.7
BEFORE (Unmatched) 12 1805 34401 0.32 0.27 0.05 0.01 4.29 0.118 1692 0.000 9.4
AFTER (Matched, ATT) 12 1770 34401 0.32 0.27 0.05 0.02 2.77 0.008 39 0.950 2.1
BEFORE (Unmatched) 18 1830 34144 0.35 0.28 0.07 0.01 6.35 0.106 1535 0.000 8.8
AFTER (Matched, ATT) 18 1795 34144 0.35 0.30 0.05 0.02 3.07 0.006 28 0.999 1.3
BEFORE (Unmatched) 24 1824 34076 0.36 0.28 0.07 0.01 6.84 0.104 1506 0.000 8.9
AFTER (Matched, ATT) 24 1788 34076 0.36 0.31 0.04 0.02 2.47 0.008 38 0.960 1.8

Age: 25-44
BEFORE (Unmatched) 6 3252 89068 0.20 0.21 -0.02 0.01 -2.15 0.141 3966 0.000 11.7
AFTER (Matched, ATT) 6 3187 89068 0.20 0.25 -0.05 0.01 -4.93 0.004 37 0.974 1.1
BEFORE (Unmatched) 9 3895 85221 0.29 0.28 0.01 0.01 1.5 0.131 4189 0.000 11.8
AFTER (Matched, ATT) 9 3818 85221 0.29 0.33 -0.04 0.01 -3.27 0.004 44 0.876 1.2
BEFORE (Unmatched) 12 4092 83034 0.41 0.35 0.06 0.01 7.44 0.122 4035 0.000 10.8
AFTER (Matched, ATT) 12 4012 83034 0.40 0.41 -0.01 0.01 -0.68 0.003 33 0.995 0.8
BEFORE (Unmatched) 18 4177 81917 0.47 0.37 0.10 0.01 13.18 0.112 3750 0.000 9.6
AFTER (Matched, ATT) 18 4094 81917 0.47 0.43 0.04 0.01 3.4 0.003 39 0.957 0.8
BEFORE (Unmatched) 24 4141 81475 0.49 0.38 0.11 0.01 14.42 0.111 3684 0.000 9.5
AFTER (Matched, ATT) 24 4059 81475 0.49 0.45 0.03 0.01 2.83 0.004 46 0.805 1.2
Age: 45 and above

BEFORE (Unmatched) G 1130 55318 0.17 0.19 0.0 0.01 122 0.158 1748 0.000 3.7
AFTER (Matched, ATT) 6 1108 55318 0.17 0.21 -0.04 0.02 -2.48 0.008 24 0.999 1.4
BEFORE (Unmatched) 9 1383 52588 0.26 0.25 0.01 0.01 1.21 0.160 2063 0.000 13.4
AFTER (Matched, ATT) 9 1356 52588 0.26 0.28 -0.01 0.02 -0.82 0.009 35 0.976 1.7
BEFORE (Unmatched) 12 1435 50948 0.40 0.32 0.08 0.01 6.21 0.159 2092 0.000 12.8
AFTER (Matched, ATT) 12 1407 50948 0.40 0.43 -0.03 0.02 -1.32 0.008 32 0.995 2.1
BEFORE (Unmatched) 18 1442 49914 0.46 0.35 0.11 0.01 8.62 0.146 1922 0.000 11.0
AFTER (Matched, ATT) 18 1414 49914 0.46 0.43 0.03 0.02 1.67 0.009 36 0.978 1.7
BEFORE (Unmatched) 24 1425 49382 0.48 0.36 0.13 0.01 9.73 0.144 1872 0.000 10.9
AFTER (Matched, ATT) 24 1397 49382 0.48 0.43 0.05 0.02 2.6 0.009 36 0.981 1.6
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Evaluation results within groups: Modular training (MOT) - cont.

Sample Results Covariate Balancing

Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) (1) (8) ) (10) a1y (12 (13) (14)

Ethnicity: Latvian
BEFORE (Unmatched) 6 4178 88785 0.20 0.23 -0.03 0.01 -4.16 0.112 3813 0.000 10.1
AFTER (Matched, ATT) 6 4095 88785 0.20 0.25 -0.05 0.01 -5.09 0.004 42 0.948 1.1
BEFORE (Unmatched) 9 4938 85017 0.30 0.30 0.00 0.01 -0.43 0.102 3899 0.000 9.1
AFTER (Matched, ATT) 9 4840 85017 0.29 0.32 -0.03 0.01 -2.76 0.003 34 0.995 0.9
BEFORE (Unmatched) 12 5142 82829 0.40 0.36 0.04 0.01 6.28 0.094 3686 0.000 8.7
AFTER (Matched, ATT) 12 5040 82829 0.40 0.39 0.01 0.01 0.9 0.003 48 0.819 1.4
BEFORE (Unmatched) 18 5231 81681 0.46 0.38 0.08 0.01 11.45 0.084 3334 0.000 8.6
AFTER (Matched, ATT) 18 5127 81681 0.46 0.41 0.05 0.01 4.47 0.003 40 0.963 1.0
BEFORE (Unmatched) 24 5193 81214 0.48 0.39 0.09 0.01 12.6 0.082 3239 0.000 8.6
AFTER (Matched, ATT) 24 5090 81214 0.47 0.41 0.06 0.01 5.73 0.004 50 0.762 0.9

Ethnicity: Russian
BEFORE (Unmatched) 6 1170 62028 0.15 0.17 -0.02 0.01 -1.95 0.158 1841 0.000 13.9
AFTER (Matched, ATT) 6 1147 62028 0.15 0.19 -0.04 0.02 -2.62 0.009 28 0.999 1.6
BEFORE (Unmatched) 9 1392 59448 0.23 0.23 0.00 0.01 0 0.147 1946 0.000 12.2
AFTER (Matched, ATT) 9 1365 59448 0.23 0.27 -0.04 0.02 -2.49 0.008 31 0.997 1.9
BEFORE (Unmatched) 12 1450 57943 0.35 0.29 0.06 0.01 4.57 0.137 1866 0.000 11.1
AFTER (Matched, ATT) 12 1421 57943 0.34 0.34 0.00 0.02 -0.04 0.009 36 0.983 2.2
BEFORE (Unmatched) 18 1476 57039 0.40 0.31 0.09 0.01 7.25 0.122 1686 0.000 10.2
AFTER (Matched, ATT) 18 1447 57039 0.40 0.38 0.02 0.02 0.95 0.007 29 0.997 1.8
BEFORE (Unmatched) 24 1461 56668 0.42 0.32 0.10 0.01 8.25 0.121 1649 0.000 10.2
AFTER (Matched, ATT) 24 1432 56668 0.42 0.39 0.03 0.02 1.54 0.010 38 0.966 1.9

Ethnicity: Other
BEFORE (Unmatched) 6 585 29229 0.15 0.17 -0.03 0.02 -1.6 0.150 863 0.000 12.7
AFTER (Matched, ATT) 6 574 29229 0.15 0.21 -0.06 0.02 -2.58 0.019 31 0.994 3.3
BEFORE (Unmatched) 9 710 27824 0.22 0.23 -0.01 0.02 -0.74 0.138 914 0.000 11.6
AFTER (Matched, ATT) 9 696 27824 0.22 0.23 -0.01 0.02 -0.56 0.011 21 0.999 2.1
BEFORE (Unmatched) 12 740 27060 0.32 0.30 0.02 0.02 1.39 0.135 920 0.000 10.4
AFTER (Matched, ATT) 12 726 27060 0.32 0.35 -0.03 0.03 -1.35 0.017 35 0.983 2.2
BEFORE (Unmatched) 18 742 26661 0.37 0.32 0.06 0.02 3.33 0.122 834 0.000 10.5
AFTER (Matched, ATT) 18 728 26661 0.37 0.36 0.01 0.03 0.31 0.012 25 0.999 2.7
BEFORE (Unmatched) 24 736 26502 0.39 0.32 0.07 0.02 3.89 0.121 818 0.000 10.3
AFTER (Matched, ATT) 24 722 26502 0.39 0.34 0.04 0.03 1.65 0.016 33 0.993 2.6

Education: Basic or less
BEFORE (Unmatched) 6 1077 52655 0.13 0.15 -0.02 0.01 -1.52 0.165 1740 0.000 15.6
AFTER (Matched, ATT) 6 1058 52655 0.13 0.15 -0.02 0.02 -1.35 0.009 26 1.000 1.8
BEFORE (Unmatched) 9 1260 50565 0.20 0.19 0.02 0.01 1.51 0.156 1844 0.000 13.2
AFTER (Matched, ATT) 9 1235 50565 0.20 0.19 0.01 0.02 0.38 0.009 30 0.996 1.2
BEFORE (Unmatched) 12 1289 49388 0.29 0.22 0.06 0.01 5.13 0.149 1792 0.000 12.2
AFTER (Matched, ATT) 12 1264 49388 0.28 0.23 0.06 0.02 3.17 0.010 34 0.987 1.8
BEFORE (Unmatched) 18 1311 48707 0.34 0.24 0.10 0.01 7.93 0.137 1668 0.000 10.9
AFTER (Matched, ATT) 18 1285 48707 0.33 0.23 0.11 0.02 5.66 0.010 35 0.985 2.0
BEFORE (Unmatched) 24 1298 48386 0.35 0.24 0.10 0.01 8.56 0.136 1635 0.000 11.2
AFTER (Matched, ATT) 24 1273 48386 0.34 0.24 0.11 0.02 5.65 0.009 30 0.996 1.5
Education: Secondary general

BEFORE (Unmatched) 6 1564 48891 0.19 0.20 -0.01 0.01 -1.34 0.144 2001 0.000 14.0
AFTER (Matched, ATT) 6 1533 48891 0.19 0.23 -0.04 0.02 -2.78 0.008 35 0.973 1.7
BEFORE (Unmatched) 9 1840 46817 0.26 0.26 0.00 0.01 0.21 0.131 2059 0.000 10.4
AFTER (Matched, ATT) 9 1804 46817 0.26 0.29 -0.03 0.02 -1.95 0.008 38 0.939 1.8
BEFORE (Unmatched) 12 1920 45623 0.37 0.33 0.04 0.01 3.71 0.124 1987 0.000 8.5
AFTER (Matched, ATT) 12 1882 45623 0.37 0.34 0.03 0.02 1.79 0.006 33 0.985 1.7
BEFORE (Unmatched) 18 1952 45018 0.43 0.35 0.07 0.01 6.68 0.113 1842 0.000 8.5
AFTER (Matched, ATT) 18 1913 45018 0.43 0.39 0.04 0.02 2.29 0.007 38 0.940 1.8
BEFORE (Unmatched) 24 1940 44719 0.44 0.36 0.08 0.01 7.24 0.112 1801 0.000 8.5
AFTER (Matched, ATT) 24 1902 44719 0.44 0.39 0.05 0.02 2.98 0.006 29 0.997 1.6
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Evaluation results within groups: Modular training (MOT) - cont.

Sample Results Covariate Balancing
Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) (7) (8) 9) (10) a1y (12) (13) (14)
Education: Secondary professional
BEFORE (Unmatched) 6 2371 63030 0.18 0.22 -0.04 0.01 -4.55 0.139 2825 0.000 13.1
AFTER (Matched, ATT) 6 2325 63030 0.18 0.23 -0.05 0.01 -3.77 0.005 30 0.996 1.3
BEFORE (Unmatched) 9 2805 60256 0.28 0.29 -0.01 0.01 -1.29 0.131 3011 0.000 11.9
AFTER (Matched, ATT) 9 2749 60256 0.28 0.32 -0.03 0.01 -2.62 0.004 30 0.997 1.1
BEFORE (Unmatched) 12 2923 58536 0.39 0.37 0.03 0.01 2.88 0.123 2881 0.000 9.9
AFTER (Matched, ATT) 12 2866 58536 0.39 0.41 -0.01 0.01 -1 0.004 34 0.983 1.3
BEFORE (Unmatched) 18 2975 57545 0.45 0.39 0.06 0.01 6.17 0.112 2654 0.000 9.1
AFTER (Matched, ATT) 18 2916 57545 0.45 0.43 0.02 0.01 1.08 0.004 33 0.987 1.5
BEFORE (Unmatched) 24 2946 57156 0.47 0.40 0.07 0.01 7.33 0.110 2582 0.000 8.4
AFTER (Matched, ATT) 24 2888 57156 0.46 0.44 0.03 0.01 1.85 0.005 39 0.936 1.2
Education: Higher
BEFORE (Unmatched) 6 921 15939 0.27 0.30 -0.04 0.02 -2.31 0.114 815 0.000 8.9
AFTER (Matched, ATT) 6 903 15939 0.27 0.35 -0.08 0.02 0.008 21 0.999 2.0
BEFORE (Unmatched) 9 1135 15172 0.35 0.40 -0.05 0.02 0.099 815 0.000 8.8
AFTER (Matched, ATT) 9 1113 15172 0.36 0.43 -0.07 0.02 0.010 31 0.990 2.4
BEFORE (Unmatched) 12 1200 14804 0.50 0.50 -0.01 0.02 0.092 786 0.000 8.2
AFTER (Matched, ATT) 12 1176 14804 0.50 0.54 -0.04 0.02 0.008 26 0.999 1.7
BEFORE (Unmatched) 18 1211 14673 0.57 0.52 0.04 0.01 0.081 694 0.000 7.4
AFTER (Matched, ATT) 18 1187 14673 0.56 0.56 0.00 0.02 0.007 23 0.999 1.9
BEFORE (Unmatched) 24 1206 14640 0.58 0.53 0.05 0.01 0.080 686 0.000 7.2
AFTER (Matched, ATT) 24 1182 14640 0.58 0.57 0.01 0.02 0.010 33 0.984 1.9
‘Work experience: Without
BEFORE (Unmatched) 6 1067 27812 0.13 0.11 0.02 0.01 0.159 1451 0.000 13.9
AFTER (Matched, ATT) 6 1046 27812 0.13 0.12 0.02 0.02 0.012 34 0.991 2.3
BEFORE (Unmatched) 9 1162 27317 0.19 0.14 0.05 0.01 0.161 1565 0.000 14.0
AFTER (Matched, ATT) 9 1139 27317 0.19 0.16 0.03 0.02 0.012 38 0.976 2.2
BEFORE (Unmatched) 12 1168 26622 0.24 0.16 0.09 0.01 0.151 1463 0.000 10.8
AFTER (Matched, ATT) 12 1145 26622 0.24 0.18 0.06 0.02 0.016 49 0.788 2.2
BEFORE (Unmatched) 18 1156 26124 0.28 0.17 0.11 0.01 0.142 1356 0.000 10.7
AFTER (Matched, ATT) 18 1133 26124 0.28 0.18 0.10 0.02 0.012 37 0.981 1.9
BEFORE (Unmatched) 24 1135 25902 0.30 0.17 0.12 0.01 0.142 1340 0.000 10.2
AFTER (Matched, ATT) 24 1113 25902 0.30 0.20 0.10 0.02 0.014 43 0.924 1.9
‘Work experience: With
BEFORE (Unmatched) 6 4866 152135 0.20 0.22 -0.02 0.01 -3.15 0.139 6034 0.000 12.3
AFTER (Matched, ATT) 6 4769 152135 0.20 0.25 -0.06 0.01 -6.43 0.003 46 0.882 0.8
BEFORE (Unmatched) 9 5878 145491 0.29 0.29 0.00 0.01 0.72 0.129 6410 0.000 11.8
AFTER (Matched, ATT) 9 5761 145491 0.29 0.33 -0.04 0.01 -4.79 0.003 47 0.837 1.0
BEFORE (Unmatched) 12 6164 141727 0.41 0.36 0.05 0.01 8.52 0.122 6255 0.000 10.3
AFTER (Matched, ATT) 12 6041 141727 0.41 0.42 -0.02 0.01 -1.7 0.003 53 0.668 0.9
BEFORE (Unmatched) 18 6293 139817 0.47 0.38 0.09 0.01 14.25 0.111 5777 0.000 9.9
AFTER (Matched, ATT) 18 6168 139817 0.47 0.43 0.04 0.01 3.73 0.003 49 0.796 1.0
BEFORE (Unmatched) 24 6255 138997 0.48 0.39 0.10 0.01 15.65 0.109 5641 0.000 9.8
AFTER (Matched, ATT) 24 6130 138997 0.48 0.44 0.04 0.01 4.35 0.003 50 0.779 0.9
Region: Riga city
BEFORE (Unmatched) 6 650 53192 0.21 0.23 -0.01 0.02 -0.78 0.117 823 0.000 11.7
AFTER (Matched, ATT) 6 637 53192 0.21 0.27 -0.07 0.02 -2.69 0.010 18 0.999 1.9
BEFORE (Unmatched) 9 921 51107 0.28 0.30 -0.02 0.02 -1.05 0.113 1050 0.000 10.8
AFTER (Matched, ATT) 9 904 51107 0.28 0.36 -0.08 0.02 -3.44 0.008 20 0.999 1.6
BEFORE (Unmatched) 12 1010 50027 0.46 0.39 0.07 0.02 4.47 0.111 1099 0.000 11.8
AFTER (Matched, ATT) 12 992 50027 0.46 0.52 -0.05 0.02 -2.31 0.006 15 0.999 1.8
BEFORE (Unmatched) 18 1044 49702 0.54 0.41 0.12 0.02 7.86 0.102 1039 0.000 10.5
AFTER (Matched, ATT) 18 1027 49702 0.53 0.56 -0.02 0.02 -0.89 0.006 18 0.999 1.7
BEFORE (Unmatched) 24 1039 49666 0.55 0.42 0.13 0.02 8.51 0.100 1016 0.000 10.4
AFTER (Matched, ATT) 24 1020 49666 0.54 0.55 0.00 0.02 -0.09 0.005 15 0.999 1.4
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Evaluation results within groups: Modular training (MOT) - cont.

Sample Results Covariate Balancing
Subsample THO NOC NOC Treated Controls Difference S.E. T-stat R2 LR P > x2 Median
Treated Controls (pseudo) Biais
1) (3) (4) (5) (6) (1) (8) ) (10) a1y (12 (13) (14)
Region: Riga region
BEFORE (Unmatched) 6 927 25400 0.20 0.21 -0.01 0.01 -1.05 0.131 1051 0.000 12.0
AFTER (Matched, ATT) 6 909 25400 0.20 0.27 -0.07 0.02 -3.5 0.011 27 0.998 2.1
BEFORE (Unmatched) 9 1105 24238 0.34 0.28 0.06 0.01 3.98 0.121 1096 0.000 11.7
AFTER (Matched, ATT) 9 1083 24238 0.34 0.34 0.00 0.02 -0.21 0.006 18 0.999 1.7
BEFORE (Unmatched) 12 1128 23541 0.44 0.34 0.10 0.01 6.91 0.110 1010 0.000 10.7
AFTER (Matched, ATT) 12 1106 23541 0.45 0.41 0.04 0.02 1.56 0.010 31 0.991 1.8
BEFORE (Unmatched) 18 1178 23354 0.49 0.36 0.13 0.01 9.22 0.100 949 0.000 10.1
AFTER (Matched, ATT) 18 1155 23354 0.49 0.43 0.06 0.02 2.73 0.008 24 0.999 1.9
BEFORE (Unmatched) 24 1168 23305 0.51 0.36 0.14 0.01 9.77 0.098 915 0.000 10.0
AFTER (Matched, ATT) 24 1145 23305 0.51 0.43 0.08 0.02 3.46 0.012 40 0.929 2.4
Region: Vidzeme
BEFORE (Unmatched) 6 1106 17516 0.22 0.22 -0.01 0.01 -0.72 0.122 1020 0.000 11.6
AFTER (Matched, ATT) 6 1084 17516 0.22 0.27 -0.05 0.02 -2.42 0.011 33 0.984 1.9
BEFORE (Unmatched) 9 1223 16817 0.31 0.29 0.02 0.01 1.12 0.104 926 0.000 11.5
AFTER (Matched, ATT) 9 1199 16817 0.31 0.30 0.00 0.02 0.2 0.013 43 0.765 2.5
BEFORE (Unmatched) 12 1255 16369 0.42 0.35 0.07 0.01 4.98 0.097 877 0.000 10.3
AFTER (Matched, ATT) 12 1230 16369 0.42 0.41 0.01 0.02 0.34 0.009 31 0.992 1.9
BEFORE (Unmatched) 18 1254 16091 0.47 0.38 0.09 0.01 6.23 0.087 779 0.000 9.3
AFTER (Matched, ATT) 18 1231 16091 0.47 0.41 0.06 0.02 2.68 0.009 30 0.993 2.3
BEFORE (Unmatched) 24 1247 15993 0.49 0.39 0.10 0.01 6.93 0.085 764 0.000 9.0
AFTER (Matched, ATT) 24 1224 15993 0.49 0.42 0.07 0.02 3.25 0.008 29 0.997 1.7
Region: Kurzeme
BEFORE (Unmatched) 6 930 25635 0.20 0.20 0.00 0.01 -0.06 0.120 966 0.000 12.6
AFTER (Matched, ATT) 6 912 25635 0.20 0.24 -0.04 0.02 -1.86 0.014 34 0.980 1.9
BEFORE (Unmatched) 9 1120 24593 0.29 0.26 0.02 0.01 1.77 0.117 1074 0.000 10.1
AFTER (Matched, ATT) 9 1098 24593 0.29 0.31 -0.02 0.02 -1.14 0.007 22 0.999 1.9
BEFORE (Unmatched) 12 1162 24014 0.40 0.31 0.09 0.01 6.47 0.109 1025 0.000 9.5
AFTER (Matched, ATT) 12 1139 24014 0.40 0.35 0.06 0.02 2.78 0.007 23 0.999 2.2
BEFORE (Unmatched) 18 1203 23719 0.49 0.34 0.15 0.01 10.57 0.100 964 0.000 9.3
AFTER (Matched, ATT) 18 1180 23719 0.48 0.36 0.13 0.02 5.86 0.007 22 0.999 2.0
BEFORE (Unmatched) 24 1205 23593 0.50 0.34 0.16 0.01 11.16 0.098 944 0.000 9.4
AFTER (Matched, ATT) 24 1181 23593 0.50 0.36 0.14 0.02 6.45 0.007 23 0.999 1.8
Region: Zemgale
BEFORE (Unmatched) 6 1058 23908 0.18 0.17 0.00 0.01 0.37 0.146 1282 0.000 12.7
AFTER (Matched, ATT) 6 1038 23908 0.18 0.21 -0.04 0.02 -1.97 0.006 18 0.999 1.7
BEFORE (Unmatched) 9 1246 22916 0.26 0.23 0.03 0.01 2.62 0.143 1403 0.000 10.9
AFTER (Matched, ATT) 9 1223 22916 0.26 0.26 0.00 0.02 -0.26 0.009 32 0.992 2.1
BEFORE (Unmatched) 12 1326 22380 0.33 0.27 0.06 0.01 5.1 0.137 1399 0.000 10.8
AFTER (Matched, ATT) 12 1300 22380 0.33 0.33 -0.01 0.02 -0.27 0.008 29 0.997 1.5
BEFORE (Unmatched) 18 1346 22117 0.38 0.28 0.09 0.01 7.3 0.126 1297 0.000 9.7
AFTER (Matched, ATT) 18 1320 22117 0.37 0.35 0.02 0.02 1.08 0.009 32 0.986 2.2
BEFORE (Unmatched) 24 1335 22035 0.38 0.29 0.10 0.01 7.69 0.126 1292 0.000 9.8
AFTER (Matched, ATT) 24 1309 22035 0.38 0.36 0.02 0.02 0.87 0.007 25 0.999 1.3
Region: Latgale
BEFORE (Unmatched) 6 1262 34081 0.13 0.15 -0.02 0.01 -1.48 0.143 1554 0.000 13.8
AFTER (Matched, ATT) 6 1237 34081 0.13 0.18 -0.05 0.02 -2.91 0.011 37 0.951 2.3
BEFORE (Unmatched) 9 1425 32309 0.20 0.20 0.00 0.01 -0.12 0.137 1623 0.000 12.4
AFTER (Matched, ATT) 9 1397 32309 0.19 0.22 -0.02 0.02 -1.49 0.009 35 0.979 1.7
BEFORE (Unmatched) 12 1451 31190 0.28 0.24 0.04 0.01 3.85 0.128 1520 0.000 10.8
AFTER (Matched, ATT) 12 1422 31190 0.28 0.29 -0.01 0.02 -0.47 0.007 29 0.998 2.0
BEFORE (Unmatched) 18 1424 30132 0.33 0.27 0.07 0.01 5.48 0.114 1318 0.000 10.1
AFTER (Matched, ATT) 18 1396 30132 0.33 0.33 0.00 0.02 -0.15 0.011 41 0.886 2.1
BEFORE (Unmatched) 24 1396 29481 0.35 0.27 0.08 0.01 6.22 0.111 1264 0.000 9.4
AFTER (Matched, ATT) 24 1369 29481 0.35 0.30 0.04 0.02 2.31 0.011 40 0.901 2.0
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180 4. MICROECONOMIC EFFECTS OF LABOUR MARKET POLICY

Explanatory notes for tables 4.5 - 4.9:

The table displays the results of evaluation of ALMP programs using Propensity Score
Matching (Nearest neighbor matching, 1% caliper). ATT (Average Treatment effect
on Treated) is evaluated. (1) Indicates the concerned sample: BEFORE matching (un-
matched sample) of AFTER matching (the sample of trained individuals on common
support and their twins from the group of control). (2) The year of registration with
SEAL (the year of inflow in unemployment). (3) Time horizon for outcome variable
(THO) specifies the the outcome variable used: employment within 6,9,12,18 or 24
months since registration. (4),(5) Number of cases in the group of treated unemployed
or in control group. (6),(7) The average outcome in the group of treated unemployed
or in control group. (8), (9), (10) Difference in average outcome between treated and
controls, its standard error and T-statistics. (11), (12), (13) Pseudo R2, likelihood ratio
and P-value of the likelihood test from probit estimation on the conditional probability
to enter the program, indicating on the explanatory power of regressors X, which are the
socio-demographic characteristics on which the propensity scores are estimates. Obvi-
ously, if the quality of matching (twin search) is high, none of the regressors explains
the probability of treatment, giving R2 close to zero and P-value close to one. (14) Me-
dian absolute standardized bias before and after matching (taken over all regressors).
Standardisation allows comparisons between varianles X and comparisons before and

after matching. Following Rosenbaum and Rubin [1985] for a covariate X bias before

matching is defined as Bpefore(X) = 100 T (?(I)J_rio(X))ﬂ and bias after matching is
defined as B4 prer(X) = 100 \/(‘Zl)g J_rgo‘)(f; 57" The variables X1, Xo, X1, Xoam denote

respectively the sample means over full treated and non-treated sub-samples and over
matched treated and non-treated sub-samples. (15), (16) Are the indicators for result
sensitivity to potential hidden bias. (15) gives the Mantel and Haenszel test statistics
for the situation free of hidden bias (I' = 1), while (16) gives the intervals of I" values,

corresponding to the situation when treatement effects turn to be insignificant.



Table 4.10: Evaluation results: ”naive”, parametric and nonparametric

Sample Naive Parametric Nonparametric
Prog. YR THO NOC Difference S.E. T-stat Sig Difference S.E. Z-stat Sig Difference S.E. T-stat Sig
(GM) (ME) (ATT)

oT 2003 6 74751 0.06 0.010 6.4 HAH 0.04 0.010 4.3 HAH 0.04 0.02 2.34 Hx
oT 2003 9 84350 0.13 0.008 15.7 Ak 0.10 0.009 11.1 HrE 0.10 0.01 7.16 Ak
oT 2003 12 84877 0.24 0.008 28.7 HAH 0.21 0.010 21.8 HAH 0.17 0.01 12.99 Hok
oT 2003 18 85162 0.32 0.008 39.0 HAK 0.29 0.009 31.9 Hrk 0.24 0.01 18.58 Hokk
oT 2003 24 85297 0.32 0.008 40.5 e 0.30 0.009 33.6 oK 0.25 0.01 20.04 ok
oT 2004 6 80805 0.06 0.012 5.4 HAH 0.04 0.012 3.2 HAH 0.04 0.02 2.26 Hx
oT 2004 9 87696 0.13 0.010 13.2 Hk 0.09 0.010 8.8 Hk 0.10 0.02 6.18 Hkk
oT 2004 12 88427 0.19 0.009 21.7 HAH 0.15 0.010 15.6 HAH 0.12 0.01 8.18 HAok
oT 2004 18 89085 0.27 0.008 32.9 HAx 0.24 0.009 26.7 HAH 0.20 0.01 15.96 Hok
oT 2004 24 88576 0.31 0.008 37.6 HrE 0.28 0.009 31.5 Ak 0.24 0.01 18.99 ok
oT 2005-2006 6 97888 0.04 0.008 5.5 HAH 0.05 0.008 6.0 HAH 0.03 0.01 2.51 Hx
oT 2005-2006 9 91007 0.16 0.007 21.3 HrE 0.17 0.008 20.6 Hk 0.13 0.01 11.56 Hkk
oT 2005-2006 12 86621 0.23 0.008 29.8 oK 0.25 0.008 30.5 HoAx 0.19 0.01 16.8 Ak
oT 2005-2006 18 84115 0.30 0.008 37.9 HAH 0.33 0.008 41.4 HAH 0.25 0.01 21.41 Hok
oT 2005-2006 24 83548 0.31 0.008 39.3 HAK 0.34 0.008 43.3 Hrk 0.27 0.01 23.09 Hkk

MLT 2005-2006 6 46916 -0.09 0.011 -7.8 HrE -0.06 0.012 -4.9 Hak -0.08 0.01 -5.58 ok

MLT 2005-2006 9 43179 -0.06 0.012 -5.3 HAx -0.01 0.014 -0.5 -0.05 0.02 -3.11 HAok

MLT 2005-2006 12 40963 -0.02 0.013 -1.2 0.03 0.014 1.9 * -0.02 0.02 -1.12

MLT 2005-2006 18 39659 0.03 0.014 2.1 o 0.08 0.015 5.1 HrE 0.02 0.02 1.13

MLT 2005-2006 24 39370 0.04 0.014 2.6 HAH 0.08 0.015 5.4 HAH 0.03 0.02 1.22

MOT 2004 6 86762 0.03 0.012 2.7 HAH 0.00 0.011 0.0 0.00 0.02 0.05

MOT 2004 9 87375 0.02 0.010 2.2 o -0.02 0.010 -2.1 Hx -0.01 0.02 -0.91

MOT 2004 12 87798 0.06 0.010 6.4 HAH 0.02 0.010 1.6 0.01 0.02 0.62

MOT 2004 18 88199 0.09 0.009 10.1 Hrk 0.05 0.010 4.9 Hk 0.05 0.01 3.12 Ak

MOT 2004 24 87667 0.11 0.009 12.0 HrE 0.07 0.010 6.6 oK 0.05 0.01 3.09 ok

MOT 2005-2006 6 100180 -0.04 0.006 -6.8 HAx -0.04 0.007 -5.2 HAH -0.05 0.01 -6.15 HAok

MOT 2005-2006 9 92919 -0.01 0.006 -2.3 Hx -0.01 0.007 -1.8 * -0.04 0.01 -3.77 Hkk

MOT 2005-2006 12 88329 0.03 0.007 4.9 HAH 0.01 0.007 2.0 HH 0.00 0.01 -0.24

MOT 2005-2006 18 85637 0.07 0.007 10.4 HAH 0.05 0.008 7.1 HAH 0.05 0.01 4.31 Hok

MOT 2005-2006 24 85068 0.08 0.007 11.2 HrE 0.06 0.008 7.7 HrE 0.04 0.01 4.01 Ak

Notes: YR - year of registration as unemployed, THO - time horizon for outcome variable, NOC- number of cases in the sample
(unmatched). Difference is defined as simple group mean difference for ”"naive” estimator, as group mean difference in a matches
sample (ATT) for non parametric estimator and as marginal effect of treatment variable, evaluated at mean point for parametric
estimator. *, ** *** denote the significance of the effect (difference) at respectively, 1, 5 and 10 percent levels.
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Chapter 5

Conclusion

5.1 Main objectives, analysis and results

The main objective of this thesis is to assess the process of worker-job matching in sev-
eral countries of Central and Eastern Europe through the last decade and to investigate
the role of active labour market policy programmes in improving the performance of

the labour market.

In chapter 2, we perform the analysis of the process of worker-firm matching in three
new EU member states (Latvia, Slovenia and Estonia) by estimating the aggregate
matching function. We address the possible misspecification of the matching function in
two ways. First, following Coles and Smith [1998]), Gregg and Petrongolo [2005], Coles
and Petrongolo [2003], we allow for stock-flow specification of the matching process.
Second, based on the evidence from European labour markets (Burda and Profit [1996],
Burgess and Profit [2001], Ahtonen [2005]), we allow for spatial interactions between

regions in terms of worker and job flows.

The main results can be summarized as follows:

e The hiring process in three new EU member states is better described by a stock-
flow rather than by a traditional matching function. In Latvia matches mostly

occur between the stock of unemployed and the inflow of new vacancies, while in
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Slovenia the inflows of unemployed also intensively participate in the matching

process.

Slovenian labour market seems to be less subject to frictions, comparing to the
Baltic States, but the aggregate efficiency of the labour market in terms of worker-
firm matching increases over time in Latvia and seems to decrease in Estonia and

Slovenia.

The role of labour demand in creating new hires stands crucial in three countries,
but the results also feature the development of a new trend: after the accession
to the EU the role of labour demand in the matching process becomes weaker,

while the role of labour supply becomes more significant.

The efficiency of matching varies across districts and regions and can partially be
explained by the population density in the area or by its geographical location

(its proximity to the national borders).

In Slovenia the efficiency of the matching process seems to be lower in the ar-
eas where the population density is high, but in Latvia regional differences in

matching efficiency can not be attributed to varying population densities.

Both in Latvia and Slovenia, the closeness to the border negatively affects the
regional efficiency in matching. In Latvia the matching is persistently the least
efficient in the depressed eastern regions (on Russian and Byelorussian borders),
while in Slovenia the negative proximity effect becomes weaker after the EU

accession (at least at Italian and Austrian borders).

Spatial spill over effects in matching are confirmed to be statistically significant:
unemployed do not limit their search to the region of residence and search in
neighboring areas. In Latvia the inflow of new vacancies in the neighboring areas
positively affects local outflows to jobs, which is consistent with the dominance
of labour demand in creating new matches. At the same time, the rise in foreign

unemployment increases competition for vacancies in the local labour market and
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thus decreases local outflows to jobs. In Slovenia local outflows to jobs increase

with the inflows into unemployment in neighboring regions.

e The asymmetry of spill over effects is weak in Latvia, while in Slovenia the mag-
nitude of the effects depends on economic context in neighboring regions. Pop-
ulation density in the region can in part explain the magnitude of spillovers for
some variables: vacancy inflow in neighboring districts dumps local hires in dense
areas of Latvia, whereas in Slovenia local matches are negatively affected by the
inflow of new unemployed in neighboring regions, if local population density is

higher than national average.

In chapter 3 we investigate the role of active labour market policy in improving the
efficiency of the matching process. We evaluate the impact of unemployed occupational
training on aggregate outflows from unemployment to jobs in Latvia. The analysis
is performed by estimating the augmented matching function, which includes policy

related variables measuring the participation of unemployed in this ALMP programme.

The main findings are the following:

e The effect of unemployed training on outflows from unemployment to employment
is positive and statistically significant. This result is in line with Steiner and al.
[1998] (Eastern Germany), Puhani [1999] (Poland) and Dmitrijeva and Hazans
[2007] (Latvia), but contrasts with Lehmann [1995] or Gora et al. [1996](Poland),
Hagen [2003], Hujer et al. [2002], Hujer and Zeiss [2003](East and West Germany).

e The results also indicate that the efficiency of unemployed training increases over
time: the estimated semi elasticity of outflows with respect to the share of trained
unemployed is higher after Latvia’s accession to the EU, if compared to the pre-

enlargement period.

e The costs-benefit analysis held in order to assess the feasibility of programme
expansion shows that the costs of training are easily covered at the aggregate

level if the average job tenure in the economy approaches 9 months.
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e In terms of distribution across districts, both the efficiency of matching and the ef-
ficiency of unemployed training vary. The total gap in matching efficiency between
Riga (capital city) and other districts is higher when the control for unemployed

involvement in training programs is applied.

Taking into account that the macroeconomic efficiency analysis through the estimation
of the augmented matching function on aggregate data does not allow measuring the
effects of active labour market policy on individual level, we assess this issue in the

chapter 4.

We use an individual database of Latvian unemployed and programme participants,
registered with the SEAL in the time period between January 2003 and August 2006,
to evaluate the average treatment effects of the following programmes: (i) unemployed
occupational training, (ii) modular training in state language training for non - Lat-
vians; (iii) modular training in other skills, i.e. foreign language, computer literacy,

project management, driving.

We measure the impact of participation in each of those programmes on the unemployed
chances to be employed within 6, 9, 12, 18 and 24 months after the date of registration
by using ”propensity score matching” (Rosenbaum and Rubin [1983], Heckman et al.
[1999]).

The estimation results are the following:

e The participation in occupational training always increases individual employabil-
ity, while the effects of modular training in state language are often insignificant
and the effects of modular training in other skills are weak and only appear in a

long run (after 18 months of unemployment).

e In line with the results in the previous chapter, we observe a slight improvement

in the efficiency of occupational training programme over time.

e The effect of occupational training does not vary significantly with respect to
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the gender and is similar for Latvians and Russians, but it is heterogenous with
respect to the age, education, working experience of the unemployed or their
region of residence. Youngest unemployed (below 25 years) enjoy higher returns
to training. The effect of occupational training also decreases with the level of
educational attainment and is higher for the unemployed without work experience.
From a regional perspective, the highest difference between treated and untreated
individuals is observed in Kurzeme and Zemgale regions, but the lowest in Riga

city.

e While the overall effect of modular training in state language is weak, it seems
to be higher among men and unemployed without work experience. The unem-
ployed without any certificate of proficiency in Latvian language also seem to
benefit more from language training, although these effects are not statistically
significant. The only group where language training significantly increases job

finding rates among participants is the group of rural area inhabitants.

e The effects of modular training in other skills, are the highest among women,
young unemployed, unemployed without work experience, Latvians and the resi-

dents of Riga, Vidzeme and Kurzeme regions.

e Despite the strong heterogeneity of treatment effects across socio-demographic
groups, we do not find any empirical link between targeting of the programme
and its efficiency: the targeted groups do not always enjoy higher returns to

training, while the best performing groups are not always the best represented.

5.2 Policy recommendations

Summarizing the results of the analysis, the main findings concern (i) the important
role of labour demand in creating new hires in transition countries; (i) the positive
effects of occupational training on employment at both macroeconomic and individual

levels in Latvia; (i1i) weak effect of other training programmes, especially modular
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training in state language.
The policy recommendations based on these results are the following:

First, the important role played by new vacancies in the outflows from unemployment,
suggests the intensive use of programmes aiming at the creation of new jobs. There-
fore, wage subsidies to the private sector, credits to self-employed or other

employment incentives should be extensively promoted.

Second, despite the driving role of labour demand, occupational training has an im-
portant effect on unemployment reduction. Given the financial feasibility of this pro-
gramme at the aggregate level and given the potentiality of important social effects
(reducing discouragement and social exclusion) the further promotion of occupa-

tional training programme is strongly suggested.

Third, the weak effects of language training are presumably related to the absence of
any certification procedure at the end of the programme. Meanwhile the certificate
of proficiency is often required by the employers. Therefore the implementation of a

certification procedure after modular training should be considered.

Fourth, unemployed with weak proficiency in Latvian language often display the lack
of other basic and comprehensive skills, up to date education and qualifications, which
makes them a group at high risk of unemployment, long-term unemployment and social
exclusion. For such unemployed (and for the unemployed at high unemployment risk in
general) language training should be more often combined with occupational

training or modular training in computer skills, management, driving.

Fifth, given that also non-language modular training programme does not deliver a cer-
tificate, employers may have doubts on the quality of the training provided by SEAL
and on the effective capacity of the participants to perform at the work place. Ac-
counting in addition for the usual ”fear factor” working for the employers when hiring
unemployed, there is a necessity to send a positive signal to the employer concerning

the skills and working ability of the unemployed. Such signal may be sent by allow-
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ing the employer to test the adequacy of job seeker skills. It could be interesting to
introduce a combined training/practice at the work place programme. This
programme may consist of the usual training programme followed by a work /internship
period with an employer. Apart positive signalling, this programme may also be viewed
as a tool for providing work experience to the unemployed, increasing their social skills

and motivation.

5.3 Directions for further research

In this section we discuss the directions for further research.

In chapter 2, we have analyzed different aspects of the process of worker-firm matching

in selected countries of Central and Eastern Europe: Latvia, Estonia and Slovenia.

The results suggest that this process does not only rely on the stocks of unemployed
and vacancies at the beginning of the period as traditionally supposed. Inflows into the
pools of unemployed and vacancies also intensively contribute in the process of match
creation. Still we have detected cross country differences in the nature of the hiring
process: in Latvia due to job shortage and limited labour demand, hires mainly occur
between the stock of unemployed and the inflow of new vacancies; in Slovenia the inflow

of new unemployed also plays an important role in match creation.

From this perspective it would be interesting to extend the performed analysis to a
larger set of countries and to detect what are the main configurations prevailing in the

labour markets of new EU member states.

Another possible improvement concerns the method we have employed for analyzing
spatial spillovers in the matching process: more rigorous conclusions on the migration
and commuting behavior of job seekers may be derived if instead of simple binary neigh-
borhood indicators, the distances between the observational units (districts, regions) is

used.

In chapter 3, we have augmented the matching function with the variables measuring
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unemployed participation in occupational training programme in order to evaluate the
aggregate implications of this policy measure in Latvia. The analysis is based on the
assumption that trained and untrained unemployed have different search effectiveness

and therefore differ in their chances to be hired.

One of the limits of our analysis is the fact that we assume the increase in search
efficiency due to training to be homogenous across Latvian districts. Relaxing such as-
sumption and allowing this parameter to vary across observational units would capture

potential regional variation in programme efficiency among Latvian districts.

Another limit of the analysis concerns the fact that we do not take into account pos-
sible interactions between the programme participants and other unemployed and dis-
regard, thus, general equilibrium effects of unemployment training programmes (raise
in productivity, competition with insiders, substitution). Performing both programme
evaluation and cost-benefit analysis of the programmes in a more complete general
equilibrium framework would allow to have a more precise evaluation of both positive

and negative effects.

In chapter 4, we focused on the evaluation of individual treatment effects of several
unemployed training programmes (occupational training, modular training in state
language and modular training in other skills) implemented by the Latvian State Em-

ployment Agency.

The analysis was performed by applying the propensity score matching method, which
is widely used for evaluation purposes. A major drawback of our study concerns the
inability to account for censored observations. Instead of withdrawing them, we could
borrow from the techniques of survival analysis to handle this issue. A duration model
could be used to estimate the propensity scores, as in Brodaty et al. [2000]. Follow-
ing Crepon and Duguet [2004] we could also consider a survival function as outcome

variable.

Besides, it could be interesting to consider an alternative estimation strategy, sug-

gested by Abbring and van den Berg [2003]. Based on the nonparametric identification
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of treatment effects in a duration model framework, this approach would allow a more
flexible representation of transitions out of unemployment by introducing duration de-
pendence and the timing of events. The long term effect of the programme could also
be assessed by following Crepon et al. [2005] or Crepon et al. [2007], who investigate
the relationship between the participation in the programme and the recurrence of
unemployment spells through a multivariate specification which includes subsequent

employment durations.

Finally, it could be interesting to enlarge the scope of evaluated programmes to non-
training programmes, such as subsidies to private sector or self-employment credits
(usually the most efficient programmes, according to the evaluation results from other
European countries). The programme heterogeneity (in terms of type, intensity or
duration) may be accounted for in a multiple treatment setting (Imbens [2000], Lechner

[2001], Frolich [2004]).



192 5. CONCLUSION




Bibliography

A. Aakvik. Bounding a matching estimator: The case of a norwegian training program.

Ozxford Bulletin of Economics and Statistics, 63(1):115-43, February 2001.

A. Abadie and G.W. Imbens. On the failure of the bootstrap for matching estimators.
NBER Technical Working Papers 0325, National Bureau of Economic Research, Inc,
June 2006.

J.H. Abbring and G. van den Berg. The nonparametric identification of treatment

effects in duration models. Econometrica, 71(5):1491-1517, 09 2003.

S.M. Ahtonen. Matching across space: Evidence from finland. Labor, 19(4):749-765,
December 2005.

P.M. Anderson and S.M. Burgess. Empirical matching functions: Estimation and
interpretation using dissagregate data. Review of Economics and Statistics, 82(1):

93-102, 2000.

S. Anspal and A. Vork. Labour market institutions and productivity in the new eu

member states. PRAXIS Working Paper No.27, 2007.

N. Beck and J.N. Katz. What to do (and not to do) with time series cross-sectional
data. American Political Journal Review, 89:634-647, 1995.

N. Beck and J.N. Katz. Nuisance vs. substance: Specifying and estimating time series

cross section models. Political Analysis, 6:1-36, 1996.

193



194 BIBLIOGRAPHY

S.0. Becker and M. Caliendo. mhbounds - sensitivity analysis for average treatment

effects. Technical report, 2007.

S.0. Becker and A. Ichino. Estimation of average treatment effects based on propensity

scores. Stata Journal, 2(4):358-377, November 2002.

K. Benett, M. G. Coles, and J. C. van Ours. Temporal aggregation bias in stock-flow
models. CEPR Discussion paper No.967, 1994.

G. Betcherman, K. Olivas, and A. Dar. Impacts of active labor market programs:
New evidence from evaluations with particular attention to developing and transition

countries. World Bank Social Protection Discussion Paper Series No.0402, 2004.

O. Blanchard and P. Diamond. The beveridge curve. Brooking Papers on Economic

Activity, 1:1-60, 19809.
T. Boeri. Transition with labor supply. IZA Discussion Paper No. 257, 2001.

T. Boeri and M.C. Burda. Active labor market policies, job matching and the czech
miracle. Furopean Economic Review, 40:805-817, 1996.

T. Boeri and K. Terrell. Institutional determinants of labor reallocation in transition.

Journal of Economic Perspectives, 16(1):51-76, 2002.

1. Bolvig, P. Jensen, and M. Rosholm. The employment effects of active social policy.

IZA Discussion Papers 736, Institute for the Study of Labor (IZA), March 2003.

T. Brodaty, B. Crepon, and D. Fougere. Using matching estiamtors to evaluate youth
employment programs: Evidence from france, 1986-1988. Econometric Society World

Congress 2000 Contributed Papers 0576, Econometric Society, August 2000.

T. Brodaty, B. Crepon, and D. Fougere. Do long term unemployed workers benefit
from active labour market programs? evidence from franece, 1986-1998. mimeo,

Econometric Society, 2002.



BIBLIOGRAPHY 195

M.C. Burda. Unemployment, labor markets and structural change in eastern europe.

Economic Policy, 16:102-137, 1993.

M.C. Burda and M. Lubyova. The impact of active labor market policies : a closer look
at the czech and slovak republics. In D. Newberry, editor, Tax and benefit reform in

Cental and Fastern Europe. 1995.

M.C. Burda and S. Profit. Matching across space: Evidence on mobility in czech
republic. Labor Economics, 3:255-278, 1996.

M.C. Burda and C. Wyplosz. Gross worker and job flows in europe. Furopean Economic

Review, 38(6):1287-1315, June 1994.

S. Burgess and S. Profit. Externalities in the matching of workers and firms in britain.

Labor Economics, 8(3):313-333, 2001.

M. Caliendo and S. Kopeinig. Some practical guidance for the implementation of
propensity score matching. IZA Discussion Papers 1588, Institute for the Study of
Labor (IZA), May 2005.

M. Caliendo, R. Hujer, and S. L. Thomsen. Identifying effect heterogeneity to improve
the efficiency of job creation schemes in germany. TAB Discussion Paper 200508, IAB
- Institute for Employment Research, Nuremberg, Germany, April 2005a.

M. Caliendo, R. Hujer, and S. L. Thomsen. The employment effects of job creation
schemes in germany: A microeconometric evaluation. 1ZA Discussion Papers 1512,

Institute for the Study of Labor (IZA), March 2005b.

L. Calmfors. Active labour market policy and unemployment - a framework for the

analysis of crucial desing features. OECD Economic Studies 22, OECD, 1994.

L. Calmfors, A. Forslund, and M. Hemstrom. Does active labour market policy work?
lessons from the swedish experiences. Working Paper Series 2002:4, IFAU - Institute
for Labour Market Policy Evaluation, January 2002.



196 BIBLIOGRAPHY

W. Cochran and S. Chambers. The planning of observational studies of human popu-

lations. Journal of the Royal Statistical Society, Series A, 128(2):234-266, 1965.

W. Cochran and D. Rubin. Controlling bias in observational studies. Sankyha, 35:
417446, 1973.

B. Cockx. Vocational training of unemployed workers in belgium. IZA Discussion

Papers 682, Institute for the Study of Labor (IZA), January 2003.

B. Cockx and C. Gobel. Subsidized employment for young long-term unemployed

workers an evaluation. mimeo, 2004.

M. Coles and B. Petrongolo. A test between unemployment theories using matching

data. I1ZA Discussion Paper No. 723, 2003.

M. Coles and J. Smith. Cross section estimation of the matching function: Evidence

from england and wales. Economica, 63(252):589-598, 1996.

M. Coles and J. Smith. Marketplaces and matching. International Economic Review,

39(1):239-254, 1998.

B. Crepon and E. Duguet. Bank loans, start-up subsidies and the survival of the new
firms: an econometric analysis at the entrepreneur level. Labor and Demography

0411004, EconWPA, November 2004.

B. Crepon, M. Dejemeppe, and M. Gurgand. Counseling the unemployed: Does it lower
unemployment duration and recurrence? IZA Discussion Papers 1796, Institute for

the Study of Labor (IZA), October 2005.

B. Crepon, M. Ferracci, and D. Fougere. Training the unemployed in france: How
does it affect unemployment duration and recurrence? IZA Discussion Papers 3215,

Institute for the Study of Labor (IZA), 2007.

R.H. Dehejia and S. Wahba. Propensity score-matching methods for nonexperimental
causal studies. The Review of Economics and Statistics, 84(1):151-161, February
2002.



BIBLIOGRAPHY 197

R.H. Dehejia and S. Wahba. Causal effects in non-experimental studies: Re-evaluating
the evaluation of training programs. Journal of American Statistical Association, 94

(448):1053-1062, 1999.

J. Dmitrijeva and M. Hazans. A stock-flow matching approach to evaluation of public
training programme in a high unemployment environment. Labor, 21(3):503-540,

September 2007.

M. Eichler and M. Lechner. An evaluation of public employment programmes in the

east german state of sachsen-anhalt. Labour Economics, 9(2):143-186, April 2002.

R. Fahr and U. Sunde. Regional dependencies in job creation: an efficiency analysis

for western germany. Applied Economics, 38(10):1193-1206, June 2006a.

R. Fahr and U. Sunde. Spatial mobility and competition for jobs: Some theory and
evidence for western germany. Regional Science and Urban Economics, 36(6):803—

825, November 2006b.

R. Fay. Enhancing the effectiveness of active labor market policies: Evidence from
programme evaluations in oecd countries. Labor Market and Social Policy Occasional

Papers No.18, Paris, 1996.

P. Fredriksson and P. Johansson. Employment, mobility, and active labor market
programs. Working Paper Series 2003:3, IFAU - Institute for Labour Market Policy

Evaluation, January 2003.

M. Frolich. Programme evaluation with multiple treatments. Journal of Economic

Surveys, 18(2):181-224, 04 2004.

K. Galuscak and D. Munich. Structural and cyclical unemployment: What can we

derivate from the matching function? CNB Working Paper No. 2/2005, 2005.

M. Gora, H. Lehmann, M. Socha, and U. Sztanderska. Labor market policies in poland.

In OECD, editor, Lessons from labor market policies in transition countries. 1996.



198 BIBLIOGRAPHY

P. Gregg and B. Petrongolo. Stock flow matching and the performance of the labor

market. Furopean Economic Review, 49, 2005.

T. Hagen. Three approaches to the evaluation of active labor market policy in east

germany using regional data. ZEW Discussion Paper No.03-27, 2003.

K. Hamalainen and V. Ollikainen. Differential effects of active labour market pro-
grammes in the early stages of young people’s unemployment. VATT Research Re-

ports 115, Government Institute for Economic Research (VATT), December 2004.

M. Hazans. Unemployment and the earnings structure in latvia. World Bank Policy

Research Working Paper No. 3504, 90 pp. World Bank: Washington DC, 2005.

M. Hazans, J. Dmitrijeva, and I. Trapeznikova. Reasons and duration of unemployment

and social exclusion in latvia. Latvian Ministry of Welfare, Riga, 2007.

J.J. Heckman, R.J. Lalonde, and J.A. Smith. The economics and econometrics of

active labor market programs. Handbook of labor economics, 3A,chapter 31, 1999.

G. Hughes and B. McCormick. Did migration in the 1980s narrow the north-south
divide? Economica, 61(244):509-27, November 1994.

R. Hujer and C. Zeiss. Macroeconomic impacts of almps on the matching pross in west

germany. IZA Discussion Paper No.915, 2003.

R. Hujer, U. Blien, M. Caliendo, and C. Zeiss. Macroeconomic evaluation of active
labor market policies in germany: A dynamic panel approach using regional data.

IZA Discussion Paper No.616, 2002.

R. Hujer, M. Caliendo, and Radi D. Estimating the effects of wage subsidies on the labor
demand in west germany using the iab establishment panel. In Statistisches Bunde-
samt, editor, MIKAS Mikroanalysen und amtliche Statistik, Wiesbaden: Statistisches
Bundesamt. 2004.

G. Imbens. The role of propensity score in estimating dose response functions. Bio-

metrica, 87(3):706-710, 2000.



BIBLIOGRAPHY 199

G.W. Imbens. Nonparametric estimation of average treatment effects under exogeneity:

A review. The Review of Economics and Statistics, 86(1):4-29, 06 2004.

S. Kano and M. Ohta. Estimating a matching function and regional matching effi-
ciencies: Japanese panel data for 1973-1999. Japan and the World Economy, 17(1):
25-41, January 2005.

J. Kluve, editor. Active Labor Market Policies in Furope: Performance and Perspec-

tives. Springer, Ney York, 2007.

J. Kluve, H. Lehmann, and C. Schmidt. Active labor market policies in poland: Human
capital enhancement, stigmatization, or benefit churning? Journal of Comparative

FEconomics, 27, 1999.

J. Kluve, H. Lehmann, and C.M. Schmidt. Disentangling treatment effects of polish

active labor market policies: Evidence from matched samples. Technical report, 2002.

R. Layard, S. Nickell, and R. Jackman. Unemployment: Macroeconomic Performance

and the Labor Market. 1991.

M. Lechner. Identification and estimation of causal effects of multiple treatments under
the conditional independence assumption. In M. Lechner and F. Pfeiffer, editors,

Econometric Evaluation of Labour Market Policies. 2001.

M. Lechner. Identification and estimation of causal effects of multiple treatments under
the conditional independence assumption. pages 43—-58. Heidelberg: Physica Verlag,
1999a.

M. Lechner. An evaluation of public-sector-sponsored continuous vocational training
programs in east germany. [ZA Discussion Papers 93, Institute for the Study of

Labor (IZA), December 1999b.

M. Lechner, R. Miquel, and C. Wunsch. Long-run effects of public sector sponsored
training in west germany. IZA Discussion Papers 1443, Institute for the Study of
Labor (IZA), December 2004.



200 BIBLIOGRAPHY

R. Leetmaa and A. Vork. Evaluation of active labour market programs in estonia.

PRAXIS Working Paper No.9/2003, 2003.

H. Lehmann. Active labor market policies on oecd and in selected transition economies.

World Bank Policy Research Working Paper No. 1502, Washington D.C., 1995.

J. Lopez-Tamayo, J. Surinach, and E. Lopez-Bazo. Returns to matching: The effect
of spatial interactions in labour markets. Department of Econometrics,University of

Barcelona, 2000.

T. Loretzen and E. Dahl. Active labour market policies in norwey: are they helpful
for social assistance recepients? International Journal of Social Welfare, 14:86-98,

2005.

D. Munich, J. Svejnar, and K. Terrell. Worker-form matching ad unemployment in
transition to market economy: (why) were the czech more successful that others?

William Davidson Institute Working Paper No. 107, 1999.

B. Petrongolo and C.A. Pissarides. Looking into the black box: A survey of the match-

ing function. Journal of Economic Literature, 39(2), 2001.

B. Petrongolo and E. Wasmer. Matching et spillovers rgonaux en grande-bretagne et
en france. In Lesueur J.-Y. Catin M. and Zenu Y., editors, Dveloppements Rcents en

FEconomie Spatiale: Emploi, Concurrence Spatiale et Dynamiques Ronales. 1999.

C.A. Pissarides. Unemployment and vacancies in britain. Fconomic Policy, 3:676-690,

1986.

S. Profit. Twin peaks in regional unemployment and returns to scale in job matching

in the czech republic. Discussion paper No.63, Humboldt University, Berlin, 1997.

P. Puhani. Estimating the effects of public training on polish unemployment by way of

the augmented matching function approach. CEPR, Discussion Paper No.2244, 1999.



BIBLIOGRAPHY 201

O. Raaum, H. Torp, and T. Zhang. Do individual programme effects exceed the costs?
norwegian evidence on long run effects of labour market training. Memorandum

15/2002, Oslo University, Department of Economics, June 2003.
P.R. Rosenbaum. Observational Studies. Springer, 2nd edition, New York, 2002.

P.R. Rosenbaum and D.B Rubin. The central role of the propensity score in observa-

tional studies for causal effects. Biometrika, 70(1):41-55, January 1983.

P.R. Rosenbaum and D.B Rubin. Reducing bias in observational studies using sub-
classification on the propensity score. Journal of American Statistical Association,

79:516-524, January 1984.

P.R. Rosenbaum and D.B Rubin. Constructing a control group using multivariate
matched sampling methods that incorporate the propensity score. The American

Statistician, 39(1):33-387, 1985.

A. Roy. Some thoughts on the distribution of earnings. Ozford Economic Papers, 3(2):
135-145, 1951.

D. Rubin. Estimating casual effects to treatments in randomised and nonrandomised

studies. Journal of Educational Psychology, 66:688-701, 1974.

D. Rubin. Comments on ”"randomisation analysis of experimental data:the fisher ran-
domisation test by d. bazu”. Journal of the Americal Statistical Association, 75:

591-593, 1980.

U. Rutkaste. Darbaspeka migracija: attistibas tendences, ekonomiskie efekti, problemas

risinajuma varianti, 2006.

J. Rutkowski. Labor market developments during economic transition. Policy Research

Working Paper Series 3894, The World Bank, April 2006.

SEAL. Regionalie petijumi par bezdarbnieku socialpsihologisko portretu: Latvija. peti-
juma atskaite. Latvian State Employment Agency, Riga 2006, 2006.



202 BIBLIOGRAPHY

B. Sianesi. An evaluation of the swedish system of active labour market programmes in

the 1990s. IFS Working Papers W02/01, Institute for Fiscal Studies, January 2002.

J. Smith and P. Todd. Does matching overcome lalonde’s critique of nonexperimental

estimators? Journal of Econometrics, 125(1-2):305-353, 2005.

V. Steiner and al. Strukturanalyse der arbeitsmarktentwicklung in den neuen bun-
deslndern, endbericht fr das bundesministerium fr wirtschaft. Zentrum fr Europische
Wirtschaftsforschung and Rheinisch-Westflisches Institut fr Wirtschaftsforschung,
Mannheim, 1998.

J. Svejnar, K. Terrell, and D. Munich. Unemployment in the czech and slovak republics.
In J. Svejnar, editor, The Czech Republic and Economic Trasition in Fastern Europe.

1995.

J.M. Wooldridge. Fconometric Analysis of Cross Section and Panel Data. MIT Press,
Cambridge,MA, 2002.



Abstract

During the transition to market economy and the accession to the EU Central and Eastern
European countries have witnessed remarkable changes in the structure and functioning of
national economies. This thesis aims to assess the development of aggregate and regional labour
markets in new EU member states through this eventful period and to investigate the role of
active labour market policy in moderating the consequences of transitional shock and improving
the performance of the labour market. The analysis of the process of worker-firm matching
in Latvia, Slovenia and Estonia reveals that in transition - EU accession context the hiring
process is labour demand driven and displays the existence of stock-flow patterns and spatial
spillovers. The effects of ALMP programs are confirmed to be positive at both macroeconomic
and individual levels : involvement of unemployed in training increases aggregate outflows from

unemployment to jobs and increases individual employability of participants.

Keywords : Unemployment, transition economy, evaluation of public policy, training pro-
grammes, matching functions, stock-flow matching, spatial spillovers, treatment effects and

matching methods.

Résumé

Transition vers I’économie de marché et accession a I’Union Européenne ont profondément mo-
difié la structure et le fonctionnement des économies d’Europe Centrale et de I’Est. Cette these
propose une analyse des évolutions observées sur les marchés du travail régionaux et natio-
naux des nouveaux pays membres de I’Union Européenne ainsi qu'une évaluation des politiques
publiques mises en ceuvre dans ce contexte de transition économique. L’analyse du processus
d’appariement entre travailleurs et employeurs révele 'importance de la demande de travail
dans la création de nouvelles embauches en Lettonie, Slovénie et Estonie et souligne la nécessité
d’intégrer flux (chomeurs et emplois vacants) et effets spatiaux dans la modélisation. L’effica-
cité des politiques publiques est attestée au niveau macro et microéconomiques et démontre
I'influence positive des programmes de formation sur les sorties du chomage et I’employabilité

des participants.

Mots clef : Marché du travail, chomage et emploi, économie en transition, évaluation des
politiques publiques, programmes de formation, fonctions d’appariement, appariement stock-

flux, interactions spatiales, effets de traitement, méthodes d’appariement.
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