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Chapter 1

Introduction

1.1 Context and Outline

More than ten years after the opening of the Berlin wall in November 1989 and the subsequent
unification of the two German states in October 1990, the economic situation in East Germany
continues to be a topic for controversial debates. In particular questions about the potential
individual benefits and losses and about the likely ‘winners’ and ‘losers’ of the transition process
remain at the center of these debates.

Both survey results on self-reported gains and losses experienced by East Germans through-
out transition and results from empirical studies on the distribution and evolution of income
and income changes in the transition process show an ambiguous picture: while a large major-
ity of Eastern Germans seems to have benefitted from the transition to a market ec;)nomy, a
substantial - and recently increasing - share of around one fifth of the East Germans seems to
have experienced income losses or a deterioration of their economic situation throughout the
transition process.!

Other - indeed numerous - studies have contributed to this picture by showing how the
returns to individual characteristics have changed during transition. These studies helped to
disentangle those individuals who seemed to benefit most from the transition - the highly

educated and the young - from those who had difficulties in adapting to the needs of a rapidly

'Cf. e.g. Beblo et al. (2001a,b).
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changing economic, political and social environment.?

While these studies provide a picture of the overall evolution and further allow in some cases
a characterisation of the groups experiencing income gains or losses throughout transition, they
do generally not relate these results to individual behaviour but only to individual endowments
and the job and individual characteristics in 1990. The fact that certain groups have experienced
income gains or losses throughout transition, however, does not entail any causality between
individual behaviour, on the one hand, and well-being, income or employment status, on the
other.

As regards job mobility, there seems to be a general understanding in the economics liter-
ature that there are positive individual returns to job changes, both in the short and in the
long run.? In his analysis of short- and long-run wage changes in job changes, Mincer (1986)
e.g. shows that job movers generally experience positive wage gains and that these gains are
higher after quits than after layoffs.* Surprisingly, many analysts seem tempted to apply such
“stylised facts” in a relatively straightforward way to the particular case of job mobility in the
transition from a planned economy to a market economy. These analysts seem to disregard
that even in market economies that are not subject to dramatic structural changes there is in
general a large dispersion of wage gains experienced by job movers. As also mentioned in Min-
cer (1986), “significant numbers of movers incur losses” and in particular experienced movers,
“despite average gains in moving, do not catch up with wage levels of stayers.” This applies in
particular to older workers and to workers who were laid off. Like Bartel and Borjas (1981),
Mincer (1986) provides evidence that even quits might result in wage losses, in particular quits
which are either due to exogenous reasons such as family or health reasons or which represent
trade-offs of wages for other working conditions. Given this heterogeneity of wage responses to

job mobility even in the case of a “stationary” economic environment, it seems largely unclear
J y

’Cf. e.g. Bird et al. (1994), Franz and Steiner (1999), Hunt (1997,1999a,b), Krueger and Pischke (1995)
and Steiner and Puhani (1997}, in the case of Germany, and Brainerd (1998), Chase (1998), Flanagan (1990},
Munich et al. {2000), Orazem and Vodopivec (1995,1998), Rutkowski (1994a,b,1996,1997), Sveijnar (1998) and
Vecernik (1995), in the case of other Central and Eastern European transition economies.

*Similarly, ‘macroeconomic’ effects of labour mobility throughout transition in terms of employment and
the speed of convergence in wages and living standards are often shown theoretically to be positive. Such
‘macroeconomic’ effects, however, are not subject of this thesis and will not be discussed any further.

“Mincer (1986) defines “short-run wage changes” as the difference between the starting wage on the new job
and the last wage on the old job and “long-run wage changes” as the difference in wages between the two jobs
at the same tenure levels net of experience.
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whether, under what conditions and for which groups on the labour market job mobility pays
off in a “nonstationary” transitional labour market. In both cases it is further questionable
whether the above wage responses can be interpreted as causal effects of job mobility on wages.

This dissertation contributes to the analysis and evaluation of individual behaviour in an
uncertain transitional environment both from a methodological and empirical point. of view.
It addresses in particular two problems: first, the underlying economic problem of optimal
individual job mobility decision making in an uncertain environment, and second, the identi-
fication and estimation of the causal effects of job mobility early in transition on employment
and income. To this aim, a new quasi-experimental approach to the analysis of (individual)
‘gains’ and ‘losses’ following jol» mobility during transition is proposed. While drawing on the
statistical literature on causal effects and its adaptations to socioeconomic problems,® this ap-
proach takes into account the particularity of individual decision making and self-selection in
a transitional environment. In this latter, the driving forces of self-selection into job mobil-
ity are indeed less obvious than in a non-transitional framework. While individuals in both
self-select into mobility on the basis of their expected gains, as described in the so-called Roy
(1951) model, the relatively high uncertainty at the beginning of transition led to particular
uncertainties regarding the potential benefits of either changing job immediately or waiting at
least for a partial resolution of uncertainty. In this context, the role of unobservable individual
characteristics such as ability and access to either old or new networks is particularly: difficult
to predict.

Before developing a theoretical model of individual job mobility decision making which clar-
ifies both the endogeneity of job mobility and the need for appropriate empirical approaches
for the analysis of returns to job mobility in chapter 2, the following sections, first, provide the
necessary overview of job mobility during transition in the context of the overall labour mar-
ket evolution, and, second, discuss the theoretical predictions and empirical results of returns
to job mobility in an uncertain transitional environment. After reviewing the identification
and estimation of causal effects in a quasi-experimental framework and introducing the main
notation in chapter 3, chapter 4 - the central chapter of this thesis - provides an empirical

evaluation of the causal effects of early job mobility in transition. Chapter 5 applies the same

ICf. chapter 3 and the references cited therein.
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identification and estimation methods to the estimation of the returns to education in West

Germany. Chapter 6 concludes.

1.2 Incidence and timing of job mobility during transition

The substantial reallocation of labour is among the most pervasive features of any transition
economy and has attracted considerable attention in economic research, both theoretical and
empirical. The incidence of both job endings and job mobility in the East German transition
process was dramatic:¥ More than 70% (West: 43%) of the individuals had ended their 1990
employment relationship by 1996, and more than 40% (West: 14%) had been displaced at some
point since 1990. Two thirds (West: 34%) of the sample population, moreover, had a job change
at least once between 1990 and 1996, and more than 40% (West: 21%) performed at least one
job-to-job shift in the same period. Less than 20% (West: 50%) of the sample actually stayed
with their 1990 job throughout the full period 1990-96. The massive job loss especially at the
beginning of the transition period, when displacement rates in the East exceeded those in the
West by a factor of 5 to 10, was thus accompanied by a considerable reallocation of labour
through job mobility, with job mobility rates in the East generally doubling those in the West
(cf. table 1.1)

As to the time pattern of job mobility during transition, while starting from high levels in
1990, the rates of both job endings and job changes peaked in 1991 and declined considerably
afterwards. Throughout the first three years of transition, 1990-92, 52% of the individuals
employed in 1990 had ended their 1990 employment relationship, more than half of them due
to displacement. In the same time, more than 26% of the sample had changed employer.
Whereas job mobility rates have come close to Western levels by 1996, displacement rates in
1996 were still considerably higher in the East.

As a result, employment rates in East Germany have dropped by 10 percentage points in

The evidence presented here is based on data from the East and West German subsamples of the German
Socio-Economic Panel (GSOEP) for the years 1990-97 (waves 7-14). “Full sample” denotes the balanced sample
of all individuals with observations for the first eight years of the transition process. “Restricted sample” denotes
the subsample of all those individuals who were employed in 1990. Tables in this section are based on the
"restricted sample”. For reasons of completeness, tables for the "full sample™ are contained in the appendix. For
a detailed description of the database and the sample definition, cf. chapter 4.
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Table 1.1: Incidence of job mobility 1990-96 in East and West Germany

East

1990 1991 1992 1993 1994 1995 1996

job ending
yearly 179 2243 2150 1534 1231 1511 1262
cumulative 179 38.01 5218 5872 62.85 67.68 70.79

displacement
yearly 84 134 103 74 5.5 6.7 5.4
cumulative 84 206 202 341 377 410 437

quits
yearly 5.9 5.0 38 2.7 2.7 2.7 16
cumulative 59 108 137 156 171 191 198

job change

yearly 175 249 173 1431 129 108 104
cumulative 175 389 499 5.6 61.1 643 670
job-to-job shift

yearly 83 122 79 8.0 7.9 6.8 5.8
curnulative 83 202 262 315 361 396 421
West
1990 1991 1992 1993 1994 1995 1996
job ending
yearly 9.5 7.8 80 819 931 875 9.54
cumulative 95 162 219 2708 3282 3741 4292
displacement
yearly 1.3 1.2 1.9 3.6 2.8 2.5 2.7
cumulative 1.3 2.5 4.3 7.6 99 117 136
quits
vearly 14 3.8 3.4 1.9 24 2.1 1.7
curmnulative 44 80 105 120 139 153 163
job change
yearly 8.8 8.8 81 5.1 6.3 6.3 6.3
cumulative 88 163 221 254 287 322 344
job-to-job shift
yearly 16 4.7 44 3.2 34 3.2 3.2
curnulative 1.6 90 125 148 170 191 20.7

NOTES: Yearly rates show the fraction of individuals who have experienced the form of job mobility in

the calendar year. Cumulative rates show the fraction of individuals who have experienced the form of

Jjob mobility since 1990; SOURCE: GSOEP, waves 7-14, subsamples A and B (West Germany, N=2160)
and subsample C (East Germany, N=1284)

15




Table 1.2: Labour market status 1990-97: East Germany (restricted sample)

LM status | 1990 1991 1992 1993 1994 1995 1996 1997
employed
total { 1000 922 851 791 778 774 740 736
full-time | 882 839 789 726 70.5 693 652 65.1
part-time | 11.8 7.8 5.7 54 62 71 16 72

(re)training 04 0.2 1.0 0.8 06 08 0.7
marginally 0.2 03 0.2 0.4 05 04 06
not employed
total 78 149 209 222 226 260 264
unemployed 51 103 14.0 145 142 158 15.0
out of the LF 2.7 46 69 7.7 84 102 1113

NOTES: in % of restricted sample (N=1284); labour market status as of time of survey for all
categories with the exception of the calendar information which reports the percentage of individuals
who were in the respective labour market state for at least one month up to the respective year and

which is based on monthly calendar information; SOURCE: GSOEP public-use file, waves 7-14,

subsample C, all individuals employed at the time of the 1990 survey

1990/91 alone, and by almost 25 percentage points between 1990 and 1997 - according to Hunt
(1997) “possibly the worst [fall in employment rates] of any European transition economy.”
Levels of employment rates in East Germany have roughly converged to West German levels
since 1992, although remaining slightly higher than in West Germany. The share of the em-
ployed in East Germany in full-time jobs also remains higher than in the West, while the share
of individuals in part-time jobs remains almost 4 percentage points below that in the West. At
the same time, both participation rates and unemployment rates remain considerably higher
in East Germany, with unemployment rates in 1997 more than twice as high as in the West
and participation rates more than 10 percentage points above those in the West. Of.all those
employed in 1990, more than one quarter were in non-employment in East Germany in 1997,
compared to one fifth in West Germany. In East Germany almost two thirds of those not em-

ployed anymore in 1997 were in unemployment compared to only one third in West Germany
(cf. tables 1.2 and 1.3 and tables 1.7 and 1.8 in the appendix).

Furthermore, by the end of 1996, more than 40% of all East Germans employed in 1990
had been unemployed and almost one quarter had left the labour force at least temporarily for
some time. More than half of those experiencing unemployment did so during the first three
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Table 1.3: Labour market status 1990-97: West Germany (restricted sample)

LM status | 1990 1991 1992 1993 1994 1995 1996 1997
employed
total | 100.0 958 942 91.7 881 857 833 803
full-time | 816 81.6 803 787 751 728 69.7 669
part-time | 140 129 127 120 118 117 121 118
(re)training 02 05 03 04 04 02 02 0.2
marginally 1.1 0.9 08 07 09 1.0 12 14
not employed

total 4.2 3.8 83 119 143 167 197
unemployed 1.1 153 33 56 6.1 6.4 7.2
out of the LF 3.1 43 50 64 82 103 126

NOTES: in % of restricted sample (N=2160); labour market status as of time of survey for all
categories; SOURCE: GSOEP public-use file, waves 7-14, subsamples A and B, all individuals employed
at the time of the 1990 survey

years of transition, 1990-92. The average time spent in either unemployment or inactivity has
further increased throughout transition. While those unemployed in the first years of transition
remained on average around 4 months in unemployment, those unemployed in 1994 or later
remained on average unemployed for more than half a year. The same observation holds for
the average duration of spells of inactivity (cf. table 1.4).

In the early 1990s, labour market dynamics thus were much more pronounced in East
Germany than in the West. This applies not only to transitions into unemployment but also
to transitions out of unemployment or inactivity into employment. After almost ten years of
transition, the patterns of labour turnover in East and West Germany still remain significantly
different. While in particular transition rates out of employment and unemployment remain
significantly higher and transition rates into inactivity considerably smaller in East Germany,
retention rates in employment, unemployment or inactivity have come close to Western levels:
around 90% stay in either employment or inactivity, and more than half of all unemployed stay
in unemployment between two consecutive years.”

Most interestingly, according to GSOEP data, in East Germany retention rates in employ-

"This section restricts attention to descriptive evidence on employment durations and transitions. For a
detailed analysis of the determinants of such durations or transitions in general, and of transitions between
emloyment and non-employment as well as of the duration in unemployment, ¢f. Hunt (1999b).
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Table 1.4: Non-employment experience in East Germany 1990-96

1990 1991 1992 1993 1994 1995 1996 1997

not employed

total 78 179 283 333 379 430 458
unemployed 51 132 21.3 264 30.5 357 387
out of the LF 27 56 97 116 138 164 189

calendar information
unemployed 7.3 127 231 301 333 379 416
out of the LF 7.3 112 153 182 209 231 24.7

average duration in ...

employment 112 106 110 109 111 112 112
unemployment 28 48 358 65 65 635 6.4
out of the LF 35 53 6.1 5.9 5.8 6.1 6.7

NOTES: in % of restricted sample (N=1284); percentage of individuals who were in the respective
non-employment state at least at one survey date up to the respective year; calendar information
reports the percentage of individuals who were either in unemployment or out of the labour force
(vocational training) for at least one month up to the respective year and is based on monthly calendar
information; average duration (in months) in the respective labour market state (out of the labour
force restricted to vocational training) SOURCE: GSOEP public-use file, waves 7-14, subsample C

ment have not increased and transition rates into unemployment have not decreased during
transition. At the same time, transition rates into employment for those who lost or left their
job in between have dropped sharply from levels above 40% in 1991/92 to disproportibnately
low levels in 1996/97, below 30% for transitions out of unemployment and below 10% for tran-
sitions out of inactivity. While the fall in these latter transition rates also occurred in West
Germany, retention rates in employment remained significantly higher and transition rates into
unemployment significantly lower in the West (cf. table 1.5 and table 1.9 in the appendix).

To sum up, the following observations seem particularly noteworthy. First, after initially
dramatic increases the unemployment rate stabilised at a high level of around 15%, with al-
most 20% of the population and more than 40% of those employed in 1990 experiencing un-
employment at least for some time. Second, the increase in unemployment was paralleled by
a strong decline of the labour force. By 1996, more than 25% of those employed in 1990
were in non-employment, of which roughly 40% out of the labour force. Third, persistence of
non-employment considerably increased over time due to decreasing outflow rates from non-

employment to employment. At the same time, persistence of employment remained relatively
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Table 1.5: Labour market transitions: East Germany (restricted sample)

East
LM transitions from ... | 90/91 91/92 92/93 93/94 94/95 95/96 96/97
employment to:
employment 922 886 873 915 913 892 922
unemployment 5.1 84 9.3 7.2 6.9 89 6.7
out of the labour force 2.7 3.0 34 1.3 1.8 1.9 1.1
unemployment to:

employment 455 386 356 38.2 291 27.6
unemployment 439 500 52.2 516 539 542

out of the labour force 106 114 122 102 170 18.2

out of the LF to:

employment 41.2 186 5.7 111 9.3 9.9
unemployment 118 203 216 172 157 13.7

out of the labour force 471 610 727 717 750 763

West

LM transitions from ... | 90/91 91/92 92/93 93/94 94/95 95/96 96/97°
employment to:
employment 95.8 97.1 955 940 944 943 940
unemployment 1.1 0.9 21 3.9 2.8 26 3.0

out of the labour force 3.1 2.0 24 2.0 2.8 31 3.0
unemployment.to:

employment 375 364 268 317 189 138

unemployment 41.7 455 521 583 629 63.0

out of the labour force 20.8 182 211 100 182 23.2
out of the LF to:

employment 22.7  29.0 18.5 123 164 10.8

unemployment 76 140 46 6.5 4.0 6.3

out of the labour force 69.7 57.0 76.9 81.2 79.7 83.0

NOTES: one-year transition probabilities between labour market states at the time of the survey;
SOURCE: GSOEP public-use file, waves 7-14, subsamples A and B (West Germany; N=2160) and
subsample C (East Germany; N=1284); all individuals employed at the time of the 1990 survey
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Table 1.6: Employed’s expectations and mobility intentions 1990

subjective probability of .... | very likely probably unlikely very unlikely
job loss 6.2 36.3 45.3 11.2
searching new job 16.2 17.2 21.3 44.6
quitting job 4.0 18.9 27.4 49.0
self-employment 1.6 6.2 15.4 75.9
promotion 1.6 13.1 374 47.2
demotion 3.0 9.8 36.9 48.8
leaving the labour force 0.9 49 13.8 79.3

NOTES: responses in % to 1990 survey question on subjective probability of the respective event;
response categories are: very likely (1), probably (2), unlikely (3), very unlikely (4); differences to 100%
are missing; SOURCE: GSOEP public-use file, wave 7, subsample C, N=1284

stable and at a high level of around 90%. Consequently, the average duration in non-employment
spells increased strongly for both unemployment and inactivity. Finally, the high and increas-
ing percentage in non-employment in general and in inactivity in particular contrasts sharply
with the employed’s expectations at the beginning of the transition process (cf. table 1.6). At
that time, only 6% of the sample population recognised the possibility of dropping out of the
labour force. Apart from economy-wide considerations, the combination of a high awareness of
a potential job loss (42%) on the one hand and a relatively low propensity to search a new job
(33%) or to quit the current job (23%) as of 1990 might explain partially the relatively high

drop-out rates from the labour force.

1.3 Returns to job mobility during transition

Paralleling the above described labour market evolution, the income distribution as shown
below (cf. figure 1-1) changed significantly throughout transition, most strongly between 1990
and 1992.3 This suggests that those benefitting most strongly from the transition process could
have been either those individuals who stayed on their job throughout the transition process or

those who changed to new opportunities right at the beginning of this process.

*Among the clear signs of the - initially unexpected - slowdown of wage convergence towards Western levels in
some sectors from 1993/94 onwards were the employers’ single-sided withdrawal from collective wage agreements
at that time and the increased public debate on wage convergence in the public sector. The determinants of wage
growth during transition and the issue of wage convergence are discussed in more detail in Hunt (1997,1999a,b).
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Figure 1-1: East German income distribution 1990-96
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As described in the previous section, in these years both the risk of layoff as well as the
accession rates from unemployment or inactivity to employment were also highest. Individuals
were thus facing the trade-off between staying on their job - despite the largely unknown risk
of layoff - and switching to a new job - despite the largely unknown risk of both job stability
on the new job and the overall economic evolution throughout transition. This section briefly
reviews theoretical issues related to individual job mobility decisions when facing this trade-off
and further presents empirical evidence on returns to job mobility in transition from previous

studies. It finally lays out the different approach to be followed in the later empirical-analysis.

1.3.1 Theoretical considerations

Individual decision-making during transition is a standard example of decision-making under
uncertainty with uncertainty referring not only to the further evolution of the economy in
general and the labour market in particular but also to the development of the political and
social environment. In this context, and given the dramatic changes in both the structure

of labour demand and the reward structure, potential future costs and benefits of individual
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behaviour are inherently difficult to evaluate, especially at the beginning of the transition
process. Variations in labour market policies throughout transition are prone to exacerbate
this difficulty further.? Individual decisions to move to another job (job mobility) are made
under these conditions of uncertainty and are based on the individuals’ expectations of future
costs and benefits of such a move. The actual (ez post) returns to their behaviour, however,
will be observed only much later. They might, moreover, differ substantially from the expected
(ez ante) returns on the basis of which the job mobility decision was made.!?

Suggestions as to the potential returns of job mobility might be obtained from theoretical
models of job mobility decisions and income determination. Models of individual job mobility
decision-making like search or matching models usually depart from the standard assumption of
maximisation of the present discounted value of the future income stream. They lead naturally
to the formulation of stochastic dynamic optimisation problems and the notion of the option
value of waiting. In the transition context, this latter option value will depend crucially on both
the expected speed of wage convergence to the Western levels and the expected employment
prospects in different sectors. Models of income determination, moreover, identify changing
rewards to individual characteristics like education, experience or tenure as major components
of the potential costs and benefits related to job mobility. Standard human capital theory e.g.
predicts positive returns to both experience (general human capital) and tenure (firm-specific
human capital). In the present framework of transition from a centrally planned economy to
a market economy, however, returns to job mobility depend crucially on the potential trans-
ferability of general human capital and on the relative returns that jobs in a market economy
(new jobs) award to experience and tenure acquired on jobs in a centrally planned economy (old
jobs). Clearly, new jobs might reward individual characteristics differently from old jobs. Exist-
ing studies of the changing reward structure during transition suggest e.g. considerably higher
returns to education, especially university education, on new jobs in transition economies.

Theoretical predictions of the returns to early job mobility during transition are thus arn-

?Even after the establishment of both monetary and political union in July and October 1990, respectively,
experts like Heilemann (1991) stressed the inherent unpredictability of the future transition process: “As for
the long-term prospects, it is clear that there is neither a theoretical nor an empirical basis so far for a serious
forecast (...)".

19 As pointed out by Angrist (1998) in the context of analysing the returns to voluntary military service, even
voluntary movers could “fail to benefit (...) if they do not accurately evaluate future costs and benefits at the
time of decision.”
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biguous. On the one hand, one might expect early job movers to benefit from their move due
to high rewards to market economy specific human capital investments and experience (i.e.
tenure on a new job) as well as due to learning-by-doing effects. Moreover, they can probably
better exploit the potential for job shopping at the beginning of transition.}! Those moving
already at the beginning of the transition period might further signal both higher motivation
as well as higher flexibility to adapt to the new labour market situation. On the other hand,
early job movers might fall behind the stayers if there is a significantly positive option value
of waiting. In this case it could instead pay off to await at least a partial temporal resolution
of the transition-specific uncertainty by observing the changes in reward and labour demand
structures. The information obtained in the meantime could e.g. help to avoid costs of unprof-
itable human capital investments in further education or retraining. Initially staying on the
job could further ensure benefits from the above average wage growth during the first years of
transition. Finally, staying on the job could be considered a signal of high productivity.
Following the theoretical distinction between forced and voluntary mobility, returns to early
job mobility, moreover, are likely to depend on the nature of the move and are thus likely to
be different across individuals. Immobility is probably most beneficial to individuals with few
outside opportunities but maybe detrimental to individuals with good outside opportunities
and a high risk of displacement. Job mobility, on the other hand, is probably beneficial to
individuals with good outside opportunities and a low risk of displacement due to firm closure,
but even more beneficial to individuals with good outside opportunities and a high risk of
displacement due to firm closure. Finally, individuals might realise at a later stage that it
would have been beneficial to stay on their old job instead of switching to a new one, possibly
because employment prospects on the new job unexpectedly turn out to be worse than on the
old job or because the wage evolution on the new job is not as favourable as expected. In

other words, the realised (ex post) returns to early job mobility can be negative.!? There exist

" similar to job shopping behaviour at the beginning of the career

12For an analysis of the employment evolution in the period 1992-95 in old firms (already founded in the GDR
before 1990} as opposed to new firms (founded after 1989), cf. Steiner et al. (1998), chapter 2, and the references
cited therein. The authors present mixed evidence, showing that the relative employment performance of new
firms as opposed to old ones depends, among other factors, on the respective sector. While e.g. new firms seem
to do better in the service sector, the opposite seems to hold for the retail sector. It is at least questionable
whether and to what extent these differences in employment prospects could have been predicted before 1992.
In the sample used in the later analysis, moreover, displacement rates in the period 1993-96 are similar for early
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thus strong theoretical reasons to believe that returns to (early) job mobility in transition are
heterogeneous across different subpopulations. The evaluation of these returns in the case of

the East German transition process clearly is an empirical problem that will be addressed in

detail in chapter 4.

1.3.2 Previous studies

Despite a huge body of literature on the economics of transition in general and the evolution
of earnings and inequality during transition in particular, however, only a few studies have
undertaken an evaluation of the returns to job mobility in the transition from a centrally
planned to a market economy.!® In the special case of the East German transitional labour
market, previous empirical studies on the returns to job mobility like Buechel and Pannenberg
(1994) and Hunt (1999a), have tried to identify the returns to job mobility as coefficients on
the job mobility indicators in some appropriate reduced form model. Both studies suggest that
individuals moving voluntarily to a new job early in the transition process experience significant
gains with respect to job stayers, in terms of wage increase and job or income satisfaction levels
respectively, while forced movers do not seem to experience any gains.!* Moreover, the initially
high returns to job mobility are found to decline over the subsequent years.

While all these studies attempt to evaluate the returns to job mobility during transition,
they differ considerably, however, in the definition of job mobility, the choice of the outcome
variable, the model formulation, and the sample used in the empirical analysis. Not surprisingly,
they also lead to different conclusions about the magnitude of returns to job mobility.

Buechel and Pannenberg (1994) evaluate the returns from switching to self-employment
and from changing the employer with respect to job stayers as control group. They base their

analysis on the balanced sample of all full-time employed individuals in the Eastern German

job-to-job movers (6.4% on average) and for stayers (6.2% on average).

Y Cf. Boeri and Flinn (1999) in the context of job mobility between the public and the private sector in the
Polish transition economy: (...} returns to mobility under the economic transformation may be too low to
motivate people to abandon the most protected and unionised jobs in the public sector for more risky jobs in
the private sector. What appears to be lacking in the literature is an evaluation of the private costs and benefits
of job mobility.”

MIn these studies, the distinction between forced and voluntary movers is based on survey information about
the nature of previous job endings. While job changers who had previously been laid off or whose firm had closed
down (and in Buechel and Pannenberg (1994) also those who had come to the end of & fixed-term contract) are
considered as forced movers, quitters from their previous jobs are considered as voluntary movers.
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subsample of the GSOEP for the years 1990 and 1991. Due to the lack of valid income in-
formation for the self-employved the authors restrict attention to subjective income and job
satisfaction levels as outcome variables. The returns of mobility are considered to be identified
as coefficients on the respective job mobility indicator in a random effects probit model. The
authors’ main finding is that voluntary job mobility in the first year of transition significantly
increases both income and job satisfaction while there are no significant returns to forced job
mobility.}?

Boeri and Flinn (1997}, for the case of Poland, jointly model wages and transition rates be-
tween the three labour market states private sector employment, state sector employment, and
non-employment. In their search-theoretic model, individuals act according to static decision
rules comparing costs and benefits of job-to-job shifts between two respective sectors. Identifi-
cation of these returns to job mobility is achieved by assuming a known functional form of the
underlying individual decision mechanism. Based on subsamples of two consecutive quarters
each of the Polish Labour Force Survey, their estimation results suggest the lack of incentives
to move from the state sector to the private sector due to low or zero returns to experience
and age in the private sector as well as due to the greater dispersion of private-sector offers.
According to the authors this lack of incentives explains the observed low mobility of workers
across both industries and occupations in transition economies.

Finally, Hunt (19992) analyses the effect of job mobility on year-to-year median wage growth
in Eastern Germany for the years 1990-1996. She considers wage growth of job movers relative
to stayers, further dividing movers into involuntary movers, namely those having experienced
a job loss due to either firm closure or layoff, and voluntary ones. On the basis of estimates
from quantile regressions she compares the determinants of changes in the logged gross monthly
income for the two subperiods 1990-91 and 1991-96 and concludes that those individuals moving
voluntarily between 1990 and 1991 experience large wage gains with respect to job stayers. Like
job mobility rates, these high returns to job mobility are found to decline over the subsequent

years, When interpreting the estimated coefficients on the various job mobility indicators as

1In their own words: “Those people who were already able to realize a turnover in the first phase of the change
of the economic system do not only receive pecuniary benefits (...), but also an increase in job satisfaction. (...}
Regardless of the objective quality of their jobs, the perspectives for job-movers are much better than those for
people remaining in their former jobs."
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returns to mobility the gains from voluntary job mobility with respect to stayers amount up tc
15% for job mobility within the east and up to 65% for moves to a job in the west. Involuntary
job movers are found to have a wage growth similar to job stayers.!® Year-to-year median wage
growth in the period 1991-96, on the contrary, is not found to be significantly different across

the three subgroups of stayers and voluntary and involuntary movers.

1.3.3 This study

Recent theoretical contributions to optimal job mobility behaviour under uncertainty, both in
general and in the special case of transition from a centrally planned economy to a market
economy do suggest that individuals self-select into specific forms of job mobility behaviour
on the basis of their unobservable characteristics.!? In the presence of such self-selection,
however, standard results from both simple treatment-control comparisons of average income
or from simple regressions of reduced form earnings equations do in general not identify any
causal effect of job mobility on the outcome, thus questioning the interpretability of the results
obtained by Buechel and Pannenberg (1994) or Hunt (1999a).13

In order to estimate the causal effects of job mobility, this study will deviate from those
mentioned above in several aspects. First, and most importantly, it will take explicitly into
consideration the potential endogeneity problem mentioned above. Second, the outcome vari-
ables in the above studies are defined to be year-to-year wage increases or satisfaction levels
A before and after moving, reflecting short-term effects of job mobility. Optimal decision rules
obtained from stochastic dynamic optimisation models can imply, however, temporary income
decreases as part of the optimal strategy, e.g. due to retraining or further education which,
in turn, might increase future employment probabilities. In order to capture both short-run

and long-run effects of job mobility, this study will suggest the discounted income stream over

18 A closer look at the determinants of wage growth further reveals that initial wage growth is highest for those
at the lower end of the income distribution, in particular the less skilled, the young, and women.

" Cf Alexeev and Kaganovich (1998), Simmonet (1998), and Widerstedt (1998). The model developed in
chapter 2 below adds to this literature by showing that such self-selection might e.g. occur if the probabilities
of being laid off from the current job or of being hired on a new job vary with unobservable characteristics like
ability or the access to networks.

"Hunt (1999a} herself, however, recognises that the “coefficients on the moving dummies should not be
interpreted as the return to an exogenous move by a random worker, since voluntary and involuntary movers are
likely to be unobservably different from each other and from stayers.”
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the whole transition period instead as outcome variable. Third, although quite standard, the
distinction between voluntary and forced movers on the basis of the nature of job losses previous
to a job mobility episode is not unproblematic. It is questionable to what extent displacement
due to firm closure or layoff is involuntary if it was to be expected with a high probability. By
the same line of reasoning, job moves without previous displacement which are actually due to
a high expected probability of either firm closure or layoff should probably be considered as
involuntary (forced quits). This study will therefore base the distinction of forced and voluntary
movers on information other than self-declared reasons for the job change.

In this context, the causal effect of job mobility on the discounted income stream over
the transition period will be defined as the difference between the observed outcome given the
individual’s actual behaviour and the counterfactual - or hypothetical - outcome in case he/she
had behaved differently. In case an individual had actually changed job early in transition,
the counterfactual outcome is the individual’s hypothetical income stream over the transition
period if he/she had stayed on his/her job instead. Accordingly, in case the individual had
stayed on his/her job early in transition, the counterfactual outcome is the income stream
he/she would have received had he/she decided to change job instead. While not observable
at the individual level, these causal effects can be inferred in a quasi-experimental situation in
which individuals - conditional on their observed characteristics - are selected randomly and
independently of their potential outcomes into different states, leading to significant differences
in job mobility behaviour. For a given quasi-experiment, three types of individuals can be
distinguished with regard to their job mobility behaviour: first, those who change job early in
transition independently of the underlying selection mechanism (the so-called always-takers);
second, those who - also independently of the selection mechanism - do not change job early in
transition (the never-takers); and finally, those who only change job early in transition if they
are selected into some group with high probability of job change but who would not change job if
they were selected into some other group (the so-called compliers). The chosen approach allows
estimation of the causal effects of job mobility for this latter group of compliers only, and it
is this implicit dependence of the estimated causal effects on the respective quasi-experimental

setting that will finally allow a distinction between forced and voluntary job movers.!?

19For a detailed description of the quasi-experimental approach to causal inference and a formal definition of
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The empirical evidence on returns to job mobility obtained on the basis of this approac
and presented in this thesis might help not only to judge the adequacy of mobility incentive
provided during transition and their potential impact on the speed of labour reallocation and th
human capital stock of the economy in the medium to long run but also to identify ‘winners
and ‘losers’ during transition. It could hence prove useful in both understanding individua
opinions about the transition process and designing future labour market policies and mobilit:

incentives.
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1.5 Appendix

Table 1.7: Labour market status 1990-97: East Germany (full sample)

LM status | 1990 1991 1992 1993 1994 1993 1996 1997
employved
total { 81.3 715 650 622 60.7 61.1 588 576
full-time | 68.1 622 575 549 531 530 503 498
part-time | 10.6 6.3 48 48 56 66 69 63
(re)training | 2.4 2.6 22 20 13 08 07 08
marginally 0.2 0.5 05 06 0.8 0.8 0.8 0.8
not employed
total | 18.7 285 351 378 393 389 413 424
unemployed 79 122 132 136 11.7 125 124
outof LF | 18.7 206 228 246 257 272 288 299

NOTES: in % of full sample (N=2696); labour market status as of time of survey
SOURCE: GSOEP, waves 7-14, subsample C

Table 1.8: Labour market status 1990-97: West Germany (full sample)

LM status | 1990 1991 1992 1993 1994 1995 1996 1997
employed
total | 63.2 645 630 617 596 586 579 56.2
full-time | 49.3 49.7 49.2 487 473 462 4.8 43.7
part-time | 85 90 93 93 88 90 98 98
(re)training | 3.4 3.2 25 18 10 07 05 03
marginally | 20 2.6 1.9 20 2.5 26 28 25
not employed
total | 36.8 355 371 383 404 414 421 438
unemployed | 3.2 26 32 39 51 51 351 55
outof LF | 33.6 329 338 344 352 363 371 382

NOTES: in % of full sample (N=6187); labour market status as of time of survey
SOURCE: GSOEP, waves 7-14, subsamples A and B
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Table 1.9: Labour market transitions: East Germany (full sample)

East
LM transitions from ... | 90/91 91/92 92/93 93/94 94/95 95/96 96/97
employment to:
employment 84.0 844 86.1 89.8 90.9 88.2 89.8
unemployment 8.1 10.5 9.6 7.9 6.8 9.2 7.5
out of the labour force 7.9 5.1 4.3 24 23 26 2.8
unemployment to:

employment 344 373 312 354 310 304
unemployment 476  46.7 53.4 474 50.3 53.6"
out of the labour force 17.9 16.1 15.5 17.2 18.7 16.1

out of the LF to:
employment 17.3 9.0 7.8 3.0 4.3 44 3.9
unemployment 6.8 4.9 5.5 6.8 4.5 34 4.8

out of the labour force | 76.0 8.2 8.7 902 912 922 914

West

LM transitions from ... | 90/91 91/92 92/93 93/94 94/95 95/96 96/97
employment to:
employment | 933 922 916 909 916 916 915
unemployment 14 21 2.7 4.3 33 3.0 3.6
out of the labour force 5.3 5.7 5.7 4.8 5.1 5.4 4.9
unemployment to:
employment | 34.2 221 225 249 308 267 224
unemployment 36.2 46.6 50.0 53.9 51.9 54.1 55.9
out of the labour force | 29.6 313 275 21.2 17.3 19.2 21.7
out of the LF to:

employment 13.1 89 9.9 7.3 6.7 7.8 5.8
unemployment 1.8 1.9 1.8 i1 1.5 1.5 1.7,

out of the labour force | 85.1 80.2 8.5 915 918 907 926

NOTES: one-year transition probabilities between labour market states; labour market states as of
time of survey; SOURCE: GSOEP public-use file, waves 7-14, subsamples A and B (West Germany;
N=6187 and )subsample C (East Germany; N=2696)
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Chapter 2

A theoretical model of individual job

mobility decisions during transition

2.1 Introduction

This chapter! derives a 3-period theoretical model of individual job mobility decisions in the
transition process from a centrally planned economy to a market economy. The model builds
on Alexeev and Kaganovich (1998), adapting their model to the East German case.? It demon-
strates, first, the possibility of self-selection into early job mobility on the basis of unobservable
characteristics, and second, the possibility of divergence between expected and realised returns
to early job mobility in transition. Given an appropriate choice of the underlying assignment
mechanism, the model is, moreover, easily amenable to an interpretation in a quasi-experimental
framework which will be set out in the following chapter. Set in such a framework, it allows

the characterisation of those subgroups - already mentioned in the introduction - which are of

' A shortened version of this chapter was published as: Siebern, F. (2000), A Theoretical Model of Job
Mobility Decisions During Transition, in: W. Welfe and P. Wdowinski {eds), Modelling Economies in Transition,
Proceedings of the Fourth International Conference, December 1-4, 1999, Rydzyna, Poland

?Alexeev and Kaganovich (1998) is one of the few theoretical models which analyse the potential effect of
ability on job mobility behaviour during transition. Following Jovanovic and Nyarko (1996) and building on
the concept of leapfrogging in the industrial organisation literature they demonstrate that uncertainty about
the structure of future labour demand can give rise to adverse selection of the less productive individuals into
the upcoming new occupations. According to their model, leapfrogging among individuals with respect to job
mobility “systematically rewards the less able agents” since "the most able individuals may be systematically
late to switch to the new 'market’ professions (...)". (Alexeev and Kaganovich (1998))
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central interest in the treatment effect literature: always-takers, never-takers, and compliers.
The model thus provides a framework for the identification, estimation and interpretation of
the causal effects of job mobility on income or employment probabilities throughout transition.

After presenting the model and its implications for individual job mobility decisions and
returns to job mobility in section 2.2, section 2.3 clarifies the role of unobservable individ-
ual characteristics such as ability or network access in job mobility decision making and self-
selection. Section 2.4 restates the model in a quasi-experimental framework and characterises
the subgroups of interest - that of compliers in particular - in terms of their unobservable
characteristics. It finally suggests an instrumental variables approach for identification and es-
timation of the returns to early job mobility during transition. The model and its implications

are illustrated throughout the chapter by way of numerical examples. Section 2.5 concludes.

2.2 The model

The main feature of the transitional labour market retained in the model is the structural change
in labour demand through, first, the unanticipated emergence of new market economy jobs, and,
second, the different evolution of both remuneration patterns and employment prospects on the

previously existent jobs and the upcoming ones.

2.2.1 The general setup

Individuals are assumed to be unobservably heterogeneous in both their ability and their access
to networks.® Let o € [0,1] denote an individual’s ability level and v € [0,1] a measure of
his access to networks. Assume further a constant discount factor (rate of time preference)
§ € (0,1}

In t = 0, individuals in the centrally planned economy decide on their investment in ed-

ucation (human capital) and on their career (occupation, employment sector and employer),

*The consideration of two types of unobservable characteristics is based on the idea that “ability” alone
might not fully capture the particularities of a labour market in transition. In addition, “networks” that had
been formed in the centrally planned economy might have been of importance for employment prospects at
least in an early stage of the transition process. The term “networks” here is meant to denote any private or
institutional relationships stemming from the previous economic and social system which might have influenced
- positively or negatively - an individual's labour market outcomes throughout transition.
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summarised by the level of human capital acquired, H = h (e;,v) where H is assumed to be
a function of a choice variable effort, e € [0,1], and the unobservable characteristics (a,v).4

At this stage, individuals do not anticipate any later structural change in the economic
system and hence do not perceive any alternative to jobs in the centrally planned economy
(denoted P-jobs in the sequel). Income from such jobs is given by y = yp(H; a,v) as a function
of both education and unobservable characteristics, and learning-on-the job (tenure) effects lead
to a proportional period-to-period increase of income by a factor 8p > 0.

Given their ability level and their access to networks, individuals choose an effort level e*

(implying an amount of leisure of (1 — €*)} in order to maximise the present discounted value

of expected utility from future income strearms, i.e.

e" = arg [Bnﬁx {v(1 - €]+ bulyp(H;a,v)] + 6*u[(1 + 6p) yp(H; o,v)]} , (21)
ec|),

where v (.] and u[] denote indirect utility functions and where H = h(e;a,v) as defined
above." The utility derived from unemployment is normalised to zero. The optimal human
capital level is given by H* = h(e*; @, ) and resulting income by y = yp = yp(H*; a,v).8

At t = 1, new market economy jobs {denoted M-jobs in the sequel) emerge due to an
unexpected exogenous shock to the centrally planned economy. These new jobs pay income
y = ym(H*;a,v) and offer a learning-by-doing (tenure) premium of 8ps > 0. Assume for
simplicity yar(H*; a,v) = syyp(H*;0,v), &y 2 0, and 8 = kg8p, where the paran.xeters Ky
and k¢ capture the differences in pay and tenure premia between the two types of jobs.?

{There exists at least anecdotal evidence stressing the importance of - individual or family - network access
for educational attainment and/or career choice.

$For pure convenience, v and u will be assumed linear in the sequel. Although far from being innocuous, this
assumption will not change results qualitatively., For further details regarding the existence and characterisations
of solutions to the above maximisation problem under standard monotonicity and functional form assumptions,
see Alexeev and Kaganovich (1998).

8For notational simplicity H* is assumed to subsume optimal levels of both experience in the labour market
and tenure on the job as of t = 0. Hence, given the dependence of ¥ on H", these characteristics will be reflected
in the income level y.

TThis assumption, again, is not innocuous at all. It ensures in fact the independence of job mobility decisions
of unobservable characteristics by assuming that the reward structures on P-jobs and M-jobs are not systemat-
ically different. They are assumed instead to differ only by a proportionality factor &, which itself is assumed
independent of (e, r)..This rather restrictive assumption will be relaxed in the following section. This param-
eterisation of yar(H";a,v), however, allows flexibility in modelling the transitional change in the structure of
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In addition, at ¢t = 1, subsequent reforms of the labour market (restructuring and reallo-
cation of labour across occupations and industries) are announced, without there being any
information about the details of these reforms. These reforms might generally act on the prob-
abilities of being hired on and fired from a job as well as on the payoffs and/or the learning-
by-doing premia. Assume for simplicity that these reforms act exclusively on the probabilities
of being hired on and fired from a job (and not on the payoffs and/or learning-by-doing pre-
mia). Assume in particular that, at ¢ = 1,2, individuals are hired on a job with probability
hp(t) € [0,1] and A M‘(t) € [0, 1], respectively, and they are fired from their job with probabil-
ity fp(t) € [0,1] and far(t) € [0, 1], respectively. The hiring and firing probabilities for some
period ¢ are assumed known to the individuals in that period. At ¢ = 1 individuals form expec-
tations about future hiring and firing probabilities at ¢ = 2. These expectations are de-noted by
E; [hp(2)], E1[hae(2)] and Ey [fp(2)], E) [frs(2)], respectively. Assume finally, for simplicity,
hp(1) = hp(2) =0, i.e. no individual is hired on another P-job after labour restructuring has
been announced, and fjr(1) = 0, i.e. no individual is laid off immediately from a M-job to

which he has changed at t = 1.8

2.2.2 Job mobility decisions during transition

Conditional on H* and their career choice at ¢ = 0, individuals decide on whether to switch
to the newly emerging M-jobs either at ¢ = 1 (early) or at t = 2 (late), or they can decide
to stay on their current job throughout both periods. Let 7 € {1,2,00} denote the time at
which an individual switches from a P-job to an M-job, with 7 = oo for job stayers, and let
d = (dy,d2) € {0,1}* denote the sequence of job mobility decisions for periods 1 and 2, with

d; = 1 in case of job mobility at ¢t = i and d; = 0 otherwise.

labour demand. A demotion e.g. can be represented in the model by k;, < 1, and the absence of any systematic
difference in the remuneration patterns of P-jobs and M-jobs can be expressed as k, = ko = 1.

"The assumption that the announced labour market reforms influence the probabilities of being fired from the
current job and/or hired on a new job is made in order to adapt Alexeev and Kaganovich's (1998) model to the
East German case. In their model, a reform is announced, but it is uncertain whether this reform will take place
or not. If the reform takes place, moreover, existing { P-) jobs are assumed to disappear completely. Individuals
form expectations about the realisation of the reform and act upon these expectations. In the East German case,
however, there was surely no doubt as to whether there would be any reforms. However, uncertainty existed as
to both their implementation and their timing, the Economic, Monetary, and Social Union (EMSU) probably
being the most famous example. And even after the decisions regarding its timing and implementation had been
taken, considerable uncertainty prevailed as to its consequences, especially with respect to the labour market, as
well as with respect to the potential design of future labour market policies mitigating these consequences.
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Depending on the individual’s job mobility decisions, income in period 1 is given by

(2.2)

1

1={ hau(Wym(H*; 0,0) g T=1
(1= fe(W)yp(H%0v) 17>1

and in period 2 by

A= @A +0)yu(H0,0)  7=1
Y= ha(Qym(H*; a,v) if r=2. (2.3)
(1-7p(2)(1+6p)yp(H*a,v)  7>2

The optimal job mobility decisions are now obtained easily by backward induction. Indi-
viduals base their decisions on the calculation of the expected gains from switching to a new

job. In period 2, these are given by

Ay = { hM(Q)yM(H';a,V) - (1 - fM(z)) (1 + 0M) yM(H';Ct,U) if T=1 , (2.4)

ha(Z)yst(H; 0,v) — (1= fp(2)) 1+ 0p) yp(H";0,v) 7>1

where Ay is a function of the parameters ky, k9,0p, har(2), fp(2), f11(2) which are assumed
known to the individual at this stage. Conditional on his decision at t=1, an individual will

change to a new job in t=2 iff Ay > 0, giving rise to

Lemma 1 Individuals who changed job int =1 (in which case 7 = 1) switch job again att = 2
iff % > 1+ kgbp in case fr7(2) € [0,1) or iff hag(2) > 0 in case far(2) = 1.
Individuals who have not changed job before (in which case T > 1) switch to a new job at

t=2iff 1'1’}’?22 > 11,;—35 in case fp(2) € [0,1) or iff has(2) > 0 in case fp(2) = 1.

Note that decisions at ¢ = 2 are purely deterministic due to the assumption of known
period 2 hiring and firing probabilities as of t = 2. Moreover, as mentioned before, individ-
ual job mobility decisions are independent of unobservable characteristics due to the assump-

tion of proportionality between yp and yum and the independence of ky, kg, and 6p as well as
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Figure 2-1: Job mobility decisions at t=2 as a function of period 2 hiring and firing probabilities
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ha(2), fp(2), fa1(2) of (a,v). These seemingly rather restrictive assumptions have been made
on the basis of the following observations: first, a relatively low degree of income inequality at
the beginning of transition together with a relatively high degree of centralised wage bargaining
(ky independent of (a,v)); second, the unaltered importance of centralised wage bargaining
during the transition process (k¢ and 8p independent of (a,)); third, the decreasing influence
of networks stemming from the previous system throughout the transition process (f; and hj,
Jj=P,M, independent of v'); and fourth, the increasingly similar influence of ability on firing as
well as retention probabilities on both types of jobs (f; and h;, j=P,M, independent of a).
Letting r;(hp (2), f5(2)) = l—h__—"}f% for j = P,M be a function of the hiring and firing
probabilities in period 2, the above decision rule can be illustrated graphically by recognising
that individuals switch to a new job late iff r;(har (2) , fj (2)) > cp; where copr = 1 + k¢fp and
Cop = l‘-féﬂ: Given their previous job mobility decision and given the differences in pay and
tenure premia, individuals will decide to switch job at ¢ = 2 iff the probability of being hired
on a new job exceeds the retention probability on the current job by at least the factor ¢z; as

illustrated in Figure 2-1.
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According to the above Lemma, four cases (denoted i=1,...,4) have to be distinguished:

1 if 240 < 1202 and 2UOh <1 4 ke0p
o har(2 146 has(2
i= 2 if {27 > 522 and {20 < 1+webp (2.5)
3 if {20 < B2 and 2O > 14 kg0
| 4 if 20 > 102 gnd 2l 5 0 4 ko6
with choice sets at £ = 2 given by:
(
C1 ={(0,0),(1,0)} fori=1
Cz = {(0,1),(1,0)} fori=2
d=(ddy) e 2= 1OD.G0) 26)

Cs3 = {(0,0),(1,1)} fori=3
L Ca={(0,1),(1,1)} fori=4

1-frs(2)°?
above by l-"égﬂ and 1+ x¢0p, respectively, and in which individuals either switch job in the first

period or they stay with their initial job throughout both periods. The results and derivations

for the other cases are deferred to the appendix.

In the sequel, I will focus on case 1 in which both ratios, 1—"_—“7‘]‘,% and 222 are bounded

The expected present discounted value of future income streams, Y= [y1 +6y21d], as

a function of d at t=1 is given by

= { {(1 - £p(1)) +6E1 [(1 4+ 6p)(1 ~ fP(2))]} v . 4=0,0)
. {ha1(1) + 6B [(1 + kefp)(1 - (2} 5yyp  d=(1,0)

where E) [fp(2)] and E} [f1;(2)] denote the expected layoff probabilities on the respective
type of job as of period 1. Individual decisions in period 1 then are described by

Lemma 2 Define

sy, har (1), fp (1)) = myhas (1) + fp (1) (2.8)
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and

i =1+ 897 (ky,50,0p, fP (2), far (2),, has(2)) (2:9)

where
¥ () = E1 [(1 +6p)(1 — fP(2)) = Ky (1 + kg8p) (1 — far(2))] (2.10)

is a function of the ezpected differences in both pay and learning-by-doing (tenure) ef-
fects between P- and M-jobs, and in the layoff probabilities and hiring probabilities, respectively,
on the two job types in the second period.

Then, individuals switch to a new job early iff

s(ky, har (1), fp (1)) > . (2.11)

Hence, according to Lemma 2, for given parameters k,, kg, and §p and given expectations as
of t = 1 of the period 2 hiring and firing probabilities, A5s(2), fp(2), and fm(2), it is individuals
with either a high layoff probability or a high probability of being hired on a new job (or both)
who change job early in transition. This is illustrated in figure 2-2.

2.2.3 Comparative statics

This section sheds some light on the individual decisions for different situations of the transi-
tional labour market as described by the values for the parameters ky, ko, 6p, E1 [fp(2)] | B [f Mm(2)].

Recalling the above definition of the ‘critical value’

A =1+EE1[(1+6,)(1 ~ fp(2)) — xy(1 + ke8p)(1 = fM(2))],
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Figure 2-2: Job mobility decisions at t=1 as a function of period 1 hiring and firing probabilities
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and if

By [(1+6,)(1 = fp(2)) = koL + Kebp)(L = far(2))] < 0 (> 0),

respectively. Furthermore, gf; = hps(1), while 3‘% = %’; = %3 = m%m = 53?%{@?{ =0.
The effects of changes in ¢f on the individual’s job mobility decisions as a function of period
1 hiring and firing functions then follow from Lemma 2: Individuals are more likely to switch
job early the bigger the wage differential or the difference in learning-by-doing effects between
both types of jobs, and the bigger the expected probability of being laid off from their actual
job in the future, while they are less likely to switch to a new job early the bigger the expected
probability of being laid off from such a job in the future. The effects of the actual tenure
premia on P-jobs and the discount factor are ambiguous and do depend on some weighted
difference in the expected period 2 firing and hiring probabilities. Finally, the larger the wage
differential between new and old jobs, the more weight in decision-making is attributed to hiring

probabilities relative to firing probabilities.

2.2.4 The returns to early job mobility

The above discussion of the individual job mobility decisions has shown that the returns to
early job mobility do depend on the individual-specific hiring and firing probabilities throughout
transition. Two subgroups expect to benefit most from switching to a new career path early:
those with a particularly high probability of being fired from their current job and those with
a rather high probability of being hired on a new job. Under the above assumptions, other
individuals prefer to stay with their job at the beginning of transition.

At t=2, the uncertainty as to future structure of labour demand (i.e. period 2 hiring and
firing probabilities) will have been resolved, and the counterfactual returns to the individual
Job mobility decision as of t=1 can be calculated by comparing the actual income obtained,
given the job mobility decision, with the potential income in case the alternative decision had

been taken. Then, from Lemma 2 follows immediately

Corollary 3 The ezpected (ex ante) returns to early job mobility are given by
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AT = {s(ry, b (1), fp () -ci}yp
= {mhu (1) + fp (1) -ci}y,

while the realised (eT post) returns to early job mobility are given by

Ar = {s(ry, hrr (1), fp (1)) = c1} yp
= {kyhp (1) + fp(1) =1} yp
= {Kyh}\f (1) + fP (l) -1~ 61171 ('ﬁnne,el’s fP (2) 7fl‘! (2) !hM(2))}yP1

where

a=1l+ 6'})1 (K‘vaB’gPsfP (2) 1fM (2) ,hM(z))
and
¥1() = (1 +65)(1 = fP(2)) - £y(1 + ke0p)(1 - £11(2))

denote the realisations of ¢§ and 5 (.) in period 2, respectively.

(2.12)

(2.13)

(2.14)

(2.15)

Consequently, the difference between realised and expected returns to early job mobility is

given by
Ar-Af={cl~a}yp
= {yi - U}yp
= {(1+6,)e(fP(2)) — #y (1 + re0P)e(f11(2))} yp
where

e(fr(2)) = Er[1 - fP(2)} - (1= fp(2)) = fp(2) - E [p(2)]
e(fm@) = B[l - fu(@)] - (= (@) = fua(2) - By [fy(9y) -

(2.16)

(2.17)




denote the individual’s ‘ezpectation ervors’ with respect to the hiring and firing probabilities
prevailing in the second period. In case e(f(2)) > 0, the individual actually underestimates the

respective firing probability in period 2 and vice versa.

The difference of realised and expected returns to early job mobility is hence seen to depend
on the difference of the individual’s weighted ‘expectation errors’ with respect to the hiring and
firing probabilities prevailing in the second period with the weights given by some function of
the parameters that characterise the job-specific remuneration pattern. Among the potentially
long list of reasons for such ‘expectation errors’ one might mention, first, the in many cases
unexpectedly bad performance of new firms that were established only after EMSU, and second,
the sometimes unexpectedly positive performance of old firms following e.g. a management
buyout or a takeover despite their being hit initially by a negative unification shock.® Another
reason might be the unexpectedly low growth rates and the relatively poor overall economic
situation in Eastern Germany from 1993 onwards.

Given this potential for individual misperceptions of the future structure of labour demand,
let alone that of remuneration and tenure premia,!® the conditions under which individuals
would incur (counterfactual) losses (or gains) from their actual behaviour - i.e. realise returns
from their actual behaviour that are lower (resp. higher) than the hypothetical returns that

they would have realised had they taken a different decision - are summarised in the following

Corollary 4 Given k, and the period 1 hiring and firing probabilities hp(1) and fp(1), and
letting s = s(ky, har (1), fr (1)) = kyhar (1) + fp (1), counterfactual losses from mobility would
be incurred if ¢y > s > ¢f, whereas ¢; < s < ¢f would imply counterfactual losses from staying

°For some empirical evidence on this issue, ¢f. Steiner et al. (1998).who, in an analysis of employment
evolution in ‘old GDR-firms’ as opposed to ‘newly (i.e. after 1989) founded firms’, actually do find mixed
evidence, depending on the sector.

19 As mentioned above, more general results could be obtained from allowing for uncertainty as to the parame-
ters reflecting these differences in the remuneration structure ky, ke,and 8p, in which case the difference between
realised and expected returns to early job mobility would depend additionally on the potential 'expectation
errors’ as regards the future remuneration structure on the two types of jobs.
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on the job at t = 1. More generally:

A >A01>0 & s>ci>q (larger than expected) gains from moving
A >AT>0 & s> > (lower than expected) gains from moving

¢>0>48;, & a>s>c counterfactual losses from moving (2.18)
A >0>A] & cf>s>¢q counterfactual losses from staying
0>A,>Af & ci>ca>s (lower than expected) gains from staying
0>Af>A1 & ca>cf>s  (larger than expected) gains from staying

Clearly, the driving force behind the above results are individual expectation errors. This
does by no means, however, amount to assuming irrational behaviour on the side of the individ-
uals, given that individual decisions at ¢ = 1 basically have to be taken without any previous
experience nor any objective information on the future structure of labour demand. Clearly,
more restrictive assumptions on the expectation formation by the individuals would not seem

justified in such a transitional setting.

2.2.5 An illustrative example

Assume for illustrative purposes the following parameter values: § =1 (no discounting), p =
0.25 (period-to-period learning-by-doing (tenure) effects on existing jobs of 25%), kg = 1.2 and
hence 657 = 0.3 (period-to-period learning-by-doing (tenure) effects on new jobs of 30%), and
ky =1 (no wage difference between P- and M-jobs, i.e. no differences in the remuneration of
individual characteristics). Assume, moreover, period 2 firing and hiring probabilities given by
hp (2) = 0 (no hiring into P-jobs in period 2), ha(2) = 0.75, fp (2) = 0.25, and fps (2) = 0.25,
and expectations of period 2 firing probabilities given by E; [fp (2)] = 0.25 and E) [far (2)] =
0.15, so that individuals do actually underestimate the probability of being laid off from an

M-job in period 2.
Given the above parameter values, % =1<125 = I—:ff- and lf M22 =1<13=

1+ k40p, and hence case 1 (as defined in (2.5) on the basis of Lemma 1) applies. Further, since
¥f = —0.17 and ¢§ = 0.83, expected returns to early job mobility amount to Af = {s — c{} yp =
{hr (1) + fp (1) — 0.83} yp, and according to Lemma 2 an individual decides to switch to a
new job at t=1 iff s = hys (1) + fp (1) > 0.83.
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eslar) < o, Pfrslas) < g Srurlen) 5 g ang Shualar) > 0. The relative influence of the
unobservable characteristics on both probabilities, as expressed by the absolute values of the
above first derivatives, is less clear, though. Given that current employers should have more

information on a worker’s unobservable ability than potential new employers, one might expect

lafP.i(a'V) > lahM.l(‘-‘s")
oo Ja

. One might further expect existing networks to lose importance in the

> l ahM.lySaty)

see a steep increase in labour demand immediately after the labour market reforms have been

|-‘2’.”—";§ﬂ'2 . For certain sectors or occupations that

transition process and hence

announced, however, the opposite relationships might well hold true.
Given this specification of period 1 hiring and firing probabilities as functions of the unob-

servables, one derives the following

Proposition 5 Let g : [0,1]° ~— [0,1] be a positive and monotonically increasing function
of the unobservable characteristics (a,v), and let s(o,v) = s(ky, hp1(a,v), fpa(a,v)) where
hatg ¢ [0,1)2 — [0,1) and fpy : [0,1)2 — [0,1] are monotonic and twice differentiable
functions of the unobservable characteristics (a,v) such that M’%Ei"-’-)- <0, %5%,(-“—'”—)‘ >0,
S 5("‘") 20 and in’%%ga—") 2 0. Then there exist two values g and g, 0 < g < g <1, such

that s(a,v) > ¢f on {{a,v)|g9(a,v) < g} U{(a,¥) lg(a,v) > F}.

Proof. From the above definition of s it follows that s is twice differentiable with 8—‘%"—‘11 =
Ky Bhu.xl(a'V) + o PT__l Fa*") and -‘ﬁéﬁ‘ﬂ = Ky 62'”"312(“—‘"2 + 62%?2("'” ) > 0, with convexity of s follow-
ing immediately from the above assumptions. As to the monotonicity of s, it is easily seen that
2] > () 0iff y [P35 > (<) |2frales)
that s is a U-shaped function in each of the unobservables if «, Iﬁ‘-‘%ﬂ')

. Following the convexity of s, it is further seen
afpa (ary )

o S |52

lBhM.l(a’V)
—

=0’

>

=0
. Observing that cf is independent of (c,v), the existence of the values g and

while s is an increasing function in the unobservable characteristics if Ky
dfpala.v)
Zeyiar)

g then basically follows from the mean value theorem with
g=1{5(0,0) > ¢{} min {g(e,v) |s(,v) < ¢}
and

g=1{s(1,1) < cf} +1{s(1,1) > c{} max {g(a,v) |s(a,v) < }}
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where t denotes the indicator function. Note that the above sets are empty if g = 0 and
G =1, respectively. ®

Hence, in case the marginal firing and hiring probabilities are non-decreasing in the un-
observable characteristics (a,v), for given parameter values k,, k9, and 6p, and for given ex-
pectations of period 2 hiring and firing probabilities fp (2}, far (2), and ks (2), two groups of
individuals do self-select into early job mobility: first, individuals with low ability levels or with
weak networks (or both), and second, individuals with high ability levels or strong networks
(or both). In the sequel, I will refer to the former as LW-individuals and to the latter as HS-
individuals. In both cases, depending on the relationship between |§f—"%—£i'ﬂ and |£‘%§°‘—")
and between lﬁﬁg‘c—sﬂl and 'a—hﬂ%“—”l , respectively, self-selection might be dominated by one

of the two unobservable characteristics.13

Linear firing and hiring probabilities

To illustrate the above result, let g(a,v) = av, and assume the period 1 hiring and firing
probabilities to be of the particular functional forms fpi(a,v) = p1(1 — av), p1 € [0,1)], and
hya(a,v) = myav, my € [0,1]. Then, s(a,v)} = p; + (kymy — p1)av, and according to Lemma
2, individuals will self-select into early job mobility iff

L5 et 2 pun
— = > K
gla,v) =av "“c’:‘_‘_m’" .Q__ for 2 v (2.19)
> mmi-p =9 my <&y

If 2t = &y, all individuals will switch to a new job at t=1 if py > ¢f and stay with their
job otherwise. The subgroup of individuals which self-select into early job mobility is seen to
depend on both the maximal firing and hiring probabilities, p; and m;, and their ratio ,;{l-l
Self-selection will occur only if max(p;,&ym;) > ¢f. In the case that min(p;,k,m1) > cf, all
individuals switch to a new job at t=1, independently of their unobservable characteristics, while

all individuals decide to stay with their job if max(p;,kym1) < ¢f. If further p; > ¢§ > &ymy,

131f contrary to the above assumption of non-decreasing marginal firing and hiring probabilities. both firing
and hiring functions are assumed to be concave, the opposite result holds, with LW-individuals and HS-individuals
self-selecting into immobility early in transition. Since later results on the compliance status as a function of
unobservable characteristics will remain valid even under this assumption of concavity, attention will be restricted
to the case of convex firing and hiring functions in the sequel.
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Figure 2-3: Job mobility and self-selectivity: Linear case

Pl\

c
fp(1 s(.)

kym,

only individuals with low ability or weak networks (LW-individuals) self-select into early job
mobility. If kym; > ¢ > p1, instead, only individuals with high ability or strong networks (HS-
individuals) do so. The relative importance of each of these two subgroups will be determined
by the slope ratio ,;{—Ll in comparison to k. Figure 2-3 illustrates this result for the case

p1 > ¢ > Kymy in which only individuals with low ability or weak networks (av < g) will

self-select into early job mobility.

Quadratic firing and hiring probabilities

Assuming quadratic period 1 hiring and firing probabilities fp1(a,v) = p1(1 ~av)?, p; € [0, 1],
and A 1(a,v) = my(av)?, mi € [0,1}, one has s(c,v) = p1 - 2p1(ov) + (kym1 + p1 ) (av)?, and
hence, according to Lemma 2, individuals will self-select into early job mobility iff

gley,v) =ov €[0,9) U (3, 1] (2.20)
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Figure 2-4: Job mobility and self-selectivity: Quadratic case

hy (1 (1)
Og gl_> an
with
2=max0 P — ‘\/pl ("yml'!'Pl))
(qux +p1)
and

g=min(, 2L Vi (n(f;I +p1(;iym1 +P1))

In this case, either LW-individuals or HS-individuals or both will self-select into early job
mobility, depending on p; and k,m,. As in the case of linear firing and hiring probabilities,
self-selection will occur only if max(p;,xym;) > c£. However, as opposed to the case illustrated
above, in the case where min(py,k5;m;) > ¢, no longer will all individuals switch to a new job at
t=1 independently of their unobservable characteristics. Figure 2-4 summarises this finding for
the case in which both types of individuals - those with low ability or weak networks (av < 9)
and those with high ability or strong networks (av > g) - self-select into early job mobility.
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More general results can be obtained from more general functional forms of the firing and
hiring probabilities, allowing for non-multiplicative and potentially asymmetric influence of the

two unobservables.

2.3.2 The illustrative example continued

Assume the following specifications of the firing and hiring probabilities: p; = 0.85 and my =
0.6, and hence fp (1) (a,v) = 0.85(1 — av)? and hp(1)(a,v) = 0.6{av)” with 4 =1 in case of
linear firing and hiring probabilities and v = 2 in the quadratic case.

Then, for the linear case, f —p; = 0.83-0.85 = —0.02 < Oand & = $8 > 1 = «;.
According to Lemma 2, the individual thus moves to a new job in period 1 iff av < {}n'l—i‘—p—l- =
%% = (.08. Hence, individuals with very low levels of either unobservable characteristic will
move to a new job in this case at t=1. This can represented in a graph which plots the contour
lines for the difference s(a, v) —c§ = 0.02—0.25av on the z-axis as a function of the unobservable
characteristics a (x-axis) and v (y-axis). Following Lemma 2, only those individuals for whom
this difference is positive will self-select into early job mobility.

Similarly, for the quadratic case, 2 1oy R -Ei-e)lymitp) _ 0.85-y/GB57-0020145 ., 0.011885

(mymi+p1) 14
and 2VAOANG AP - 065+v/0BF D0 = 11605, so that g = 0.011885 sand 5 = 1,

and hence only individuals with ar < 0.011885 will self-select into early job mobility. Asin the
linear case, a graph showing the contour lines of the difference s(a,v) — ¢ = 0.02 — 1.7ar +

1.45(av)? can illustrate the combinations of @ and v for which self-selection into early job

mobility occurs.

2.4 A quasi-experimental framework for the analysis of the re-

turns to job mobility during transition

This section restates the above model in a quasi-experimental framework. Moreover, the sub-
groups of interest in this framework are characterised and an instrumental variables approach

is suggested for identification and estimation of the returns to early job mobility.
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2.4.1 Shocks to labour demand

It has been assumed above that some unanticipated exogenous shock to the centrally planned
economy acts on the period 1 hiring and firing probabilities for both types of jobs. This shock is
likely to be specific to either a firm or sector, an occupation or a region while uncorrelated to the
individuals’ unobservable characteristics. The reason for the latter being that the individuals
self-selected into the various sectors, firms, occupations or regions at t = 0 by their choices of
the optimal human capital level H* and their implied career choices without anticipating any
such exogenous shock. It is hence inconceivable that the direct consequences of this exogenous
shock - in terms of changes in hiring or firing probabilities - should be correlated to unobservable
individual characteristics.

In the sequel, this shock will be modelled as a uniform upward shift of either fp,; or has, by
some constant us Or uy, respectively: Assume that the firing probability is increased uniformly
(i.e. at all levels of the unobservable characteristics) by wuy if the respective firm or sector
is hit disproportionately by the shock or if the announced reforms lead to more pressure on
labour reallocation and restructuring in this firm or sector to be expected. Such a firm or
sector will be denoted as “bad” in the sequel, while firms or sectors not hit disproportionately
will be called “good”. Similarly, assume a uniform increase in the hiring probability by u, if
the respective occupation or region turns out to be “good” after the exogenous change in the
structure of labour demand. By “good” is meant that the occupation or region is not facing
any negative shock in labour demand or is even facing an increase in demand, and thus benefits
disproportionately from either the exogenous shock itself or from the expectations related to the
announced reforms. In the case of East Germany, one might interpret these shocks as negative
firm/sector-specific unification shock and positive occupation/region-specific unification shock,
respectively. These shocks are likely to be one of two types of demand shock. On the one
hand, a demand shock associated with the dramatic de facto revaluation of the East German
currency, the steep increase in wages and labour costs, and the breaking up of trade agreements
together with the loss of export channels in the former COMECON area. On the other hand,
a demand shock associated with the immediate modernisation of infrastructure and housing,

and the privatisation and restructuring of the financial and service sectors.
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The modified period 1 hiring and firing probabilities are then given by

fri(a,w) = fri(a,v) +uszy (2.21)

n(l - av)? +ugzg
and

jl-lM.l(Cf,V') = hualoyv) +unzn (2.22)

= my(av)T +upzy,

where uy > 0 and up, > 0 denote the actual increase in either probability as a consequence of
the exogenous shock and where v = 1 in the linear case and v = 2 in the quadratic case. zy and
2z, are indicators of the quality of the firm/sector or occupation as perceived at the beginning

of the transition process!* such that

0 .. firm or sector is “good”
2y = if
1 firm or sector is “bad”

and

0 . ¢ occupation or region is “bad”
2Zp = 1

1 occupation or region is “good”
Individual job mobility decisions in period 1 then are made according to

Corollary 6 Let u = kyupzs +us2s. Given the exogenous shocks to labour demand u, indi-

viduals decide to switch job early iff

s(ky, b (1), fp (1)) > =i —u. (2.23)

Given further the assumptions in Proposition 5, there exist two values gandg,0<g<g<

'*Most importantly, this assessment is assumed to be made before any partial resolution of uncertainty about
the labour market consequences of EMSU or the design of future labour market policies.
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§<T <1, such that s(a,v) > & on {(av)lgle,v) < g} U {(a2) lg(a,2) > 3).

Proof. Follows immediately from Lemma 2 and Proposition 5 by replacing s(a,v) by
$(a,v) = nyEM'l (a,v) + fp, 1(a, v) = s{a,v) +u and noting that ¢ remains unchanged. Given

the assumptions stated in Proposition 5, it is seen that
g=1{s(0,0) > ¢}} min {g(e,v)|s(a,v) < 7}
and

g=1{s(1,1) < &} +1{s(1,1) > &} max {g(a, ¥} |s(a,v) S ]} .

2.4.2 Subpopulations of interest

The above model can be interpreted as a quasi-experimental framework (Rubin’s causal model)'®
by defining 2¢ or z, or some combination of them (like min(2y,25) or max(zys,25)) as binary
assignment to treatment, and early job mobility status (dy) as binary treatment indicator.1®
As mentioned in the introduction and as discussed in detail in chapter 3, different subpop-
ulations of interest can be distinguished in this framework: always-takers, never-takers, and
compliers. Always-takers do select themselves into the treatment status independently of the
assignment to treatment they receive, as opposed to compliers who receive only treatment if
they are assigned to treatment. The never-takers, finally, select themselves into the control
group of stayers, independently of their assignment to treatment status. With respect to job
mobility during decision, always-takers do change job early in transition independently of any
firm/sector- or occupation-specific shocks to labour demand at the Beginning of the transition

process, as opposed to never-takers who decide to stay on their job under any circumstances.

13For an authoritative introduction into this model cf. e.g. Angrist et al. (1996) and Imbens and Rubin (1994).
Cf. also chapter 3.

16The main intuition behind this quasi-experimental interpretation is that a higher layoff probability on the
current job due to a negative firm-specific unification shock is likely to result in higher rates of job changes
at an early stage of transition. Similarly, a higher probability of being hired on a new job due to a positive
occupation-specific unification shock will also increase the propensity to switch to a new job early in transition.
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Compliers, finally, change job only in case of such firm/sector- or occupation-specific shocks to
labour demand at the beginning of the transition process but would not do so otherwise. Given

this definition, the above-mentioned subpopulations of interest are given by the following

Lemma 7 Let u = kyupzp + uszg. Then, one can distinguish always-takers (AT), compliers
(C), and never-takers (NT) with respect to the given assignment to treatment definition on the

basis of their unobservable characteristics as:

AT = {(a,v) |s(a,v) 2 5} (2.24)

= {(a, )]0 £ g(a,v) < g} U {(a,1)[7 < g(e,v) L1}

C = {{a,v)|e] —u < s(o,v) < ¢§} {(2.25)

= {(a,V)lg < g(a,v) < g} U {(e,)[g < g{a,v) < 7}

NT = {(o,v)| s(a,¥) < ¢§ — u} . (2.26)

= {(a,v)lg < g(a,v) < 7}

The interpretation of these subpopulations depends on the choice of the assignment to treat-
ment indicator. While generally four different assignment to treatment status 2z = (zy,2f) €
{(0,0),(0,1),(1,0),(1,1)} are possible in the above setting, for practical reasons and for bet-
ter interpretability one would probably restrict attention to either 2, or z; as the assignment
variable. When increasing only the firing probability at each level of ability and network accessi-
bility, the shock mainly induces individuals with relatively low ability levels and weak networks
to change job early, their main motivation being the increased probability of layoffs. When in-
creasing the hiring probability at each ability-network combination instead, mainly individuals
with relatively high ability and strong networks are induced to change job early due to good

outside opportunities.
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Linear firing and hiring probabilities

In the linear case, always-takers (AT), compliers (C), and never-takers (NT) are given by:

-
{(a,u)logau<max(z;}nl~’fﬁ 0)} %>"9
AT = {av)| ;> ) if 2=,

{(a v lmm "'yml-Pl’l) <av< 1} % < Ky

{(a,v) Ima.x (-—f*-_L O) < av < max ((—CJ'—“)T& 0)} 2. > i,

Kymi—py? Kymi—py ? my
C= {la,v)| f —u<p <5} if B =k,
. cf—u -
{(a, v) lmm (LJ__.K m,)-;;l 1) < av < min (—fl—ﬁml‘fm , 1) } %1' < Ky

{(a,u)]max(m 0)5:11/51} > Ky

mym1=py !
NT = {(a,v}| p1 < ¢ —u} if & =k,
(E=u)-p
{(a,u)losavSmm(&ml_m ,1)} B <Ky

In the case p; > ¢f > k,m;, the above subpopulations can be represented graphically as in
figure 2-5:

In this case, the subgroups of always-takers and compliers are made up of individuals with
relatively low levels of ability or weak networks (av < 9)- Compliers will self-select into early
job mobility because of the increased firing probability, while individuals with high levels of

ability or networks decide to stay on their job nevertheless.

Quadratic firing and hiring probabilities

. = s —(pr—c% +p1)
In the quadratic case, letting g; = 2 A (g:nlc_:‘_;(l';"ml"'pl), Gul = nAVE] (u(::mi;)o(:;vm =,

qz = Pl—\/P?—((}:;;cEI:I))(nym1+P1)’ and gy = P1+\/P§—({~:—;:E::1))(Kym1+m) always-takers (AT),
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Figure 2-5: Job mobility and compliance status: Linear case
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compliers (C), and never-takers (NT) are given by

AT = ATiwUATys with
ATrw = {(@,v)[0 < av <max(0,gn)}

ATys = {(e,v)|min(gu1,1) <ar <1}

C = =CrwVUCygs with
Ciw = {(ev)|max(0,g1) < v < max(0,g2) }
Cys = {(a,v)min(gs,1) < ov < min(g.1,1)}

NT = {(a,v) |max(0,g12) < av < min(gu2,1)}

The above subpopulations can be represented graphically as in figure 2-6:
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Figure 2-6: Job mobility and compliance status: Quadratic case
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Contrary to the linear case discussed above, in this case individuals with intermediate
levels of ability or network access decide to stay on their job despite the increase in the firing
probability, while the groups of always-takers and compliers are both made up of two distinct
subgroups, namely individuals with either very low or very high levels of ability and network

access.

2.4.3 The returns to early job mobility for the different subpopulations

Following Corollary 3, the expected (ex ante) returns to early job mobility as a function of

unobservable characteristics are given by

At = {s(a) - S} up(H00) )

= {S(a,v)—cf-i-u}yp(H*;a,u)
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while the realised (ex post) returns to early job mobility are given by
Ay = {s(a,v) = 1 + u} ypo(H*; a, V). - (2.28)

Consequently, the average returns to early job mobility for the subgroups of always takers and

compliers are given by

{s(a,v) — i + u} yp(H*; 0, v)dA (@, v) (2.29)
(ap)EAT

and

{s(e,V) = ci + u} yp(H*; o, v)d N, V) (2.30)
{a,v)eC

respectively, where A denotes some measure of the weight of ability-network combinations in
the subpopulation of interest. The subgroup of never-takers, finally, is not considered here since
they will not move under any circumstance by definition. It is thus questionable to what extent

information on their ‘realised’ {ex post) returns to job mobility can be of interest.

2.4.4 The illustrative example continued

In the case of linear firing and hiring probabilities, as discussed above, for the given parameter
values, always-takers - those who self-select into early job mobility even without increases in
either the hiring or the firing probabilities due to some exogenous shock - are characterised in
terms of their unobservable characteristics as AT = {(a,v) jav < 0.08}.

Now assume a negative shock to some firm or sector which is modelled by v = u;y = 0.15.
Then, individuals will decide to change job eatly iff ov < g = N:'E;’fm = z;‘::’;‘l = 0881 =
0.68, and the group of compliers will be given by C = {(a,v)|0.08 < av < 0.68}. This group

is made up of individuals with either relatively low ability or weak networks or both. In the
absence of an exogenous increase in the firm-specific layoff probability, these individuals would
not want to change to another job or employer. However, given this increase, they are forced

to switch to a new job early.
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The never-takers are given by NT = {(a,v) Jav > 0.68}. Given their either relatively high
ability level or their good access to networks, or both, they prefer staying on their job even in
case their firm turns out to be a “bad” one.

As for the subpopulation self-selecting into early-job mobility, the compliance status can
be represented graphically by the modified contour lines for the difference s(a,v) — (¢§ — u) =
0.17-0.25av. For never-takers, this difference remains negative, while for compliers it is shifted
to positive values.

Similarly, in thg case of quadratic firing and hiring probabilities, the subpopulations of
interest are given by AT = {(a,V) |ar < 0.011885}, C = {(a,r)[0.011885 < av < 0.11039},
and NT = {(a,v)|ar >0.11039}. The modified difference necessary for the plot of contour
lines is s(c,v) — (¢ — u) = 0.17 — 1.7av + 1.45(av)? in this case.

The realised returns to early job mobility amount to A; = {0.04 — 0.25av} y,(H"; a,v) in
the linear case and to A; = {0.04 - 1.7ar + 1.45(av)?} y,(H*; a, v) in the quadratic case. In
both cases, they are in therange A; € (0.02yp, 0.04y,] for always takers and Ay € (—0.13y,,0.02y,)
for compliers and hence on average positive for always takers while likely to be negative for
compliers. Given the nature of the assignment mechanism, the latter can probably best be
interpreted as returns to forced early job mobility during transition.

Assume now a positive shock specific to some occupation or region which is modelled
by u = up = 0.4 instead. Then, given the substantial increase in the probability of being
hired on a new job, in the linear case all individuals will decide to change job early with the
groups of compliers and never takers consequently given by C = {(a,)|0.08 < av <1} and,
NT = @&, respectively. In the quadratic case, the subpopulations of interest are given by AT =
{{a,v) |av < 0.011885}, C = {{a,v)|0.011885 < av < 0.20721} U {(o,v)[0.9652 < av < 1},
and NT = {(a,v)]0.20721 < av £0.9652}. In this case, the subgroup of compliers is hence
made up of both types of individuals, LW-individuals and HS-individuals, who can to be inter-
preted as voluntary early job movers in this case.

The realised returns to early job mobility amount to A; = {0.29 — 0.25av} y(H*; a,v)
in the linear case and to A; = {0.29 — 1.7av + 1.45(av)?} yo(H*; o, v) in the quadratic case.
In both. cases, they are in the range A; € (0.27y,,0.29y;) for always takers. For compliers,

Ay € (0.04y,,0.27yp) in the linear case, and in the quadratic case A; € (1.8 x 10~ 7y, 0.27y,)
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for LW-individuals who comply with the assignment, and Ay € (—4 x 1075y,,0.04y,] for HS-
individuals who comply with the assignment. The returns to early job mobility are again seen

to be positive on average for always takers and this time also positive on average for compliers.}?

2.5 Summary and conclusions

This chapter has presented a model of individual decision-making in a transitional labour market
which helps to clarify the role of unobservable characteristics in job mobility decision making
and rationalises the endogeneity status of the job mobility indicator. More precisely, under the
model assumptions it can be shown that mainly individuals with either relatively low levels of
ability and network access or with relatively high levels of ability and good access to networks
do self-select into early job mobility.!¥

Rephrasing the model in a quasi-experimental framework allows, first, a characterisation
of the subgroups of compliers in terms of their unobservable characteristics, and second, the
calculation of counterfactual gains or losses from job mobility for this subgroup. On the basis
of appropriate assignment to treatment mechanisms, the compliers can be interpreted as the
subgroup of either forced early job movers or voluntary early job movers. Moreover, the returns
to each of these types of job mobility are seen to differ significantly across the subgroups of
always takers and compliers.

The model thus underlines that the so-called local average treatment effect (LATE) can be
an economically interesting parameter in this context and, finally, suggests IV estimation of
the (causal) returns to job mobility on the basis of appropriate instruments like e.g..firm-level
announced layoffs (as suggested by the above described shift in fp (1) due to a sector- or firm-
specific shock induced by the announced reforms) or like occupation-specific outside options (as

suggested by the shift in h a1 (1) due to an occupation-specific shock induced by the announced

7 As mentioned above, there is no interest in calculating the ‘realised’ returns to early job mobility for the
subgroup of never-takers in this framework. Doing so nevertheless yields a range of A; € (~0.13y,,—0.21y,] in
the case u = uy = 0.15 (in both linear and quadratic case), and Ay € (—4 x 107%y,,1.8 x 10~ "y, in the case
4 = up, = 0.4 (in the quadratic case only, since NT = 0 in the linear case).

%Steiner et al. (1998) present some evidence that, in the group of early job movers, two *occupational’ groups
seem to be dominating, namely the unqualified (probably individuals with lower ability levels being affected by
negative firm/sector-specific demand shocks) and service sector workers (probably individuals with higher ability
levels and/or good networks who are mainly affected by positive occupation-specific demand shocks).
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reforms). After reviewing the necessary results on identification and estimation of causal effects
by instrumental variables methods in the next chapter, this empirical issue will be addressed

in chapter 4.19
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2.7 Appendix

This section presents the above lemmata and propositions for the cases i=2,3,4:

The expected present discounted value of future income streams as a function of d at t=1

is given by

Yin = EBEY|d =idp =j] (ad (2.7))
({A-frW) +61+02)E [1- o @)}y d=(0,0)
{har(1) +6(1 + ke8p)Er (L = (D)} kyyp _ d=(1,0)
{1 = fp(1)) + 6ry 1 [hae(2)]} yp d=(0,1)
{ {Are(1) + 6E1 [hae(2)]} yyp d=(1,1)

19¢1. also Siebern (2000).
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Define

s(ry, har (1), fp (1)) = wyhas (1) + fp (1) (ad (2.8))
and
€ = 14+ 69 (kg2 K0 Op S (2), o (2) e (2) (ad (29))
where
(B [(1+0,)(1 - fp(2) = ky(1+mabp) (1= far(@)]  i=
()= Ey [kyhar(2) = £y (1 + k60p)(1 — far(2))] i= (ad (210))

E1[(1 +6p)(1 = fp(2)) ~ kyhpt(2)]
L 0

-
I
oW N =

-
i

are functions of the expected differences in both pay and learning-by-doing (tenure) effects
between P- and M-jobs, and in the layoff probabilities and hiring probabilities, respectively, on
the two jobs in the second period.

Then, individuals switch to a new job early iff

s(ky, hiag (1), fp (1)) > . (ad (2.11))

The realised returns to early job mobility are given by

A; = ryhy (D +fp(1) - g (ad (2.13))
= kyhar () +Fp (1) = 1 = &9; (ry, #6,0P: fP (2), Far (2) yhar(2)),

———— . ——— e —— .



where

[ (1+6,)(1 = fp(2)) = Ky (1 + 560p)(1 — fr(2)) i=1
nool  AWE-RAERI0-fu@) iz

(1+6p)(1 — fp(2)) — Kyha(2) i=3

{ 0 i=4

denotes the realisation of ¥ (.) in period 2.
Consequently, the difference of realised and expected returns to early job mobility is given
by

A; — AF = {7 ~¥;}yp (ad (2.16))

where

[ (1+0p)e(fp(2) — my(1 +KoBp)e(fur(2) =1

Y= = 4 wye(har(2)) = ry(1 + Kebp)e(fr1(2)) for 152 (ad (2.16))
(1+0p)e(fp(2)) — Kye(har(2)) i=3
0 i={4

]

with expectation errors defined as

e(fp(2)) = E1[1 - fp(2)] - (1 - fp(2)) = fp(2) - E1 [fP(2)]
e(fm(2)) = By [1 - far(2) - 1 — fu(2) = fu(2) - E1 [fm(2)) - (ad (2.17))
e(har(2)) = By [hp(2)] = hm(2)
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Chapter 3

Identification and estimation of
causal effects in observational

studies

3.1 Introduction

The previous chapter has developed a model according to which individuals self-select into
specific job mobility patterns during transition on the basis of (to the econometrician) unob-
servable characteristics like ability or access to networks that are correlated with earnings. This
selection (or endogeneity) problem generally invalidates inference on the returns to job mobility
in standard regression approaches. '

In the applied statistics literature, this problem has been treated extensively as problem of
inference from nonrandom samples (e.g. Smith (1983) and references cited therein). Applied
econormists, too, have been aware of this problem, and work by Roy (1951) and Gronau (1974)
figures among the earliest and most prominent applications in labour economics. Starting with
the influential work by Heckman (1976,1978,1979) on the so-called dummy endogenous variable
model, they have developed a range of identification strategies and estimation methods that

take account explicitly of self-selectivity.!

!For overviews, cf. e.g. Angrist and Krueger (1998), Heckman (1990,1999b), Manski (1993, 1994, 1995) and
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These methods generally require rather strong parametric identifying assumptions regard-
ing both the functional form and the error distributions. Two problems are therefore related
to this parametric identification approach. First, the assumptions made to achieve identifica-
tion are generally restrictive and untestable. Second, further (even more restrictive) implicit
assumptions have to be made for some parameter of interest - like the coefficient on a job mo-
bility indicator in an earnings equation - to be interpretable as a causal effect.? More recent
contributions to the literature allow for semi- and nonparametric identification of selectivity
models, thus avoiding unnecessarily strong identifying assumptions.® The second criticism,
however, also applies to these semi- and nonparametric versions of the dummy endogenous
variable model.

The main reason for this criticism lies in the understanding that causal effects can in general
only be identified in a potential outcome framework. This framework stems originally from the
experimental biostatistical literature and has found its way into the economics literature in
particular in the context of evaluating the labour market impact of training programmes and
active labour market measures,’ the effects of military service on subsequent earnings, the
returns to education and various other applications based on non-experimental data.®

In the form of a commented literature review, this chapter presents the potential outcome
model as a general statistical framework for causal inference in observational studies and clar-
ifies the assurnptions needed for the identification of causal effects by instrumental variables
methods.® The presentation will be related to the subsequent empirical applications: first, the
estimation of returns to job mobility during transition - where job mobility is interpreted as
treatment the effect of which on income and employment probabilities as outcome variable is

to be evaluated; and second, the estimation of returns to education - with duration of schooling

Rosenbaum (1995).

2Cf. e.g. Heckman (1997,1999) and section 3 below.

3Cf. e.g. Heckman and Honore (1990), Ahn and Powel} (1993), Chen (1999) and Froehlich (1998).

4Cf. e.g. Friediander et al. (1997), Ham and LaLonde (1990), LaLonde (1986,1995), Heckman (1992), Heck-
man and Hotz (1989), Heckman et al. (1999), Heckman and Robb (1995a,b) and Hotz (1992). For applications
to German data or other transition economies, cf. also Fitzenberger and Prey (1996,1997), Hubler (1997), Kraus
et al. (1997), Lechner {1998a,b,1999), Puhani (1998,1999), Schmidt (1999) Steiner and Kraus (1995).

SCf. e.g. Angrist (1990,1998), Angrist and Krueger (1991,1998), Card (1995,1999), Ichino and Winter-Ebmer
(1999,2000) and Meyer (1995a,b).

®The chapter builds extensively on Angrist and Imbens (1995), Angrist et al. (1996), Heckman (1997),
Heckman and Vytlacil (1999,2000a,b,c), Holland (1986), Ichino (1999), Imbens and Angrist (1994) and Imbens
and Rubin (1997).
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as treatment and earnings as outcome variable. The chapter is organised as follows: .

Section 3.2 provides the basic notation, defines the treatment effects of interest and derives
the relationship between them. Section 3.3 reviews potential identification strategies and states
the assumptions sufficient for instrumental variables estimates to have a causal interpretation,
in particular as local average treatment effect (LATE). It also discusses some extensions to
more general outcome variables and further reviews results on the identification and estimation
of local average treatment effects in the case of variable treatment intensity or, equivalently,

multivalued treatment variables. Section 3.4 concludes.

3.2 A general statistical framework for causal inference: The

potential outcome model

The potential outcome model (or Rubin’s causal model) considers the causal effect of some
treatment on potential outcomes (counterfactuals).” The underlying hypothetical question in
this model is of the type “What would the outcome have been had state 2 been realised instead
of state 19" or, in the concrete applications of the later chapters, “What would a job mover
have earned had he stayed in his previous job?”, “What would a person have earned if he had
stayed one more year in school?” and the like. Causal effects are then defined as the difference
between the realised outcome and the relevant counterfactual outcome.

This section reviews the model as a framework for causal inference in non-experimental stud-
© ies, provides the basic notation, defines the (unit-level) causal effects and (average) treatment

effects of interest and clarifies the relationship between them.

3.2.1 Basic notation and definitions

Let Y}1; and Yp; denote some potential outcome of interest in case of treatment and non-
treatment, respectively, and let Y; denote the (observable) outcome for individual {or, equiv-

alently, unit) i with observable individual characteristics X; in a population I. Assume that

TCf. the seminal contributions Rubin (1974, 1977, 1978). Acknowledging the early contributions on experi-
mental approaches in the statistical literature by Neyman (1923), Fisher (1935) and Cox (1958), Heckman and
Vytlacil (2000a,b,c) also speak of the Neyman - Fisher - Coz - Rubin model of potential outcomes. Moreover, as
noted by Heckman and Vytlacil, this model is isomorphic to both the Roy (1951) model of income distribution
and the switching regression model of Quandt {1972).
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the potential outcome functions are of the form Yj; = p, (X;,uj;) in case of treatment and
Yoi = po (Xi, ue:) otherwise, with generally unrestricted functions p and g, and Efugi [ Xi] =
E{u;|Xi] = 0. Conditional on observable characteristics X;, (ug(.), #1(.)) and (ugi,uy;) de-
note the common components and the idiosyncratic components of the potential outcomes
across the two treatment status, respectively. It is generally further assumed that the potential
outcome functions are additively separable in the common and idiosyncratic components, i.e.
Y1i = py (Xi,u15) = pp(Xi) + ugq in case of treatment and Yo = pg (X, u0i) = po (Xi) + voi
otherwise.

Let further D; denote some binary treatment indicator taking the value 1 in case of (re-
ceipt of) treatment of individual 7 and 0 otherwise, and let Z; be some binary intention-to-treat
variable that describes the assignment mechanism into treatment and control groups. Z; takes
the value 1 if individual i is assigned to the treatment group and 0 otherwise. Assignment to
treatment is described by the conditional probability of assignment, conditional on observable
individual characteristics and potential outcomes. It is defined as strongly ignorable iff, condi-
tional on observable characteristics, the probability of assignment is independent of potential
outcomes. In case D; = Z; for all 7 € I, there is full compliance with the assignment. Let Dy;
and Dy; denote the potential treatment status in case of assignment to treatment and in case
of non-assignment to treatment, respectively.®

Assume an individual’s treatment status to be potentially a function of all individuals’
assignment status, D; = D(z; Xi), where Z= (21, ..., ZN) denotes the full vector of assignment
status in the population. Similarly, let the outcome variable ¥; for the individual potentially
depend on all individuals’ assignment and treatment status, Y; = Y (D, Z; X:), where further
D= (D1, ..., Dn) denotes the full vector of treatment status in the population. The observed

cross-sectional data are ((zi,d;, %:), Xi)izy... N

*One might, further, also think of the variables in X; as dependent on the treatment status and hence define
Xi1 and Xjo as the potential individual characteristics in the case of treatment and in its absence, respectively.
In general, however, the assumption X; = Xjo = X1 is made, since it would otherwise be difficult to separate
direct causal effects of D; on Y: from the consequences of changing individual characteristics X; for Y;. (Cf.
Holland (1986) and Lechner {1998a,b)).
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3.2.2 Subpopulations of interest

Within the population under consideration, several subpopulations might be distinguished on
the basis of their observed or potential treatment status. The most common subpopulation
of interest in evaluation studies is the treatment group (or simply the treated), i.e. all those
individuals who actually receive treatment, Ir = {i € I|D; =1} as opposed to the control
group, Iz = {i € I|D; #1}.

On the basis of the individuals’ potential treatment status, one might further di.stin,guish

between the following groups:

always — takers : Inyr = {i € I|Dp; = Dh; =1}

never — takers : Iyt = {i € I|Dy; = Dy; =0}

compliers : Ic = {i € I|Dy; — Dg; = 1}

defiers : Ip = {i € I|Dy; — Dy; = ~1}

While the first two groups are not affected by the assignment to treatment, the latter two
groups are both affected, but they differ in their compliance behaviour. As suggested by the
above names, the compliers fully comply with the assignment mechanism. In contrast, the
defiers do right the opposite and self-select into treatment only if they are not assigned to it.

The relationship between these different subgroups depends on the experimental design, i.e.
on the assignment mechanism and the compliance behaviour. An individual is generally said
to comply with the assignment Z; if D; = Z;. However, some individual with D; = Z; = 1

might have self-selected into treatment even in the {(counterfactual) case of non-assignment, or
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an individual with D; = Z; = 0 might not have complied with an assignment to treatment.
The potential outcome model draws a distinction between these different types of observed
compliers, denoting any potential non-complier among these as either always-taker or never-
taker. Observed non-compliers, i.e. D; # Z;, on the other hand, can be part of one of these
two categories or they can be defiers. The compliers are all those individuals who only change

treatment status because of assignment.

3.2.3 Parameters of interest

The notion of causal effect in the potential outcome model refers to the effect of D; on Y;, A; =
(Y1i = Y0:). A is the so-called (unit-level or individual-specific) treatment effect. This effect has
a counterfactual interpretation by definition. Since only ¥; = Yy; (1 — D;) +Y1:D: = Yo + A D;
can be observed, it cannot be inferred directly.? Interest therefore generally focuses on some
feature of the distribution of A; in some (sub-)population of interest, generally some average
(or mean) treatment effect. According to the population of interest one might distinguish
between three different treatment effects, namely the average treatment effect or treatment
effect on a person selected randomly from the population, Aare = E[A;|X;], the treatment
effect on the treated, Arr = E[A; | Xi, D; = 1), and the local average treatment effect (LATE),
Apate = E[Ai | Xy, (D1 — Do) # 0).20 1

Under the above assumption of additively separable potential outcome functions, the unit-
level treatment effect can then be written as A; = (p)(X:) — 1o (Xi)) + (w1i — ugi). The

*Holland (1986) refers to this as the fundamental identification problem of causal inference.

197f interest is restricted to some subpopulation characterised by a vector of characteristics X; = Z, like
e.g. all unemployed or all public service employees, these effects can be defined accordingly as E[A. 1 Xi = 2],
E[A:|Di=1,Xi =], and E[Ai|(Diy - Dio) # 0, X: = £].

1'While based on different conditioning sets all of these effects are mean treatment effects. In evaluating
the effect of some treatment, one might, however, also be interested in distributional effects on the outcome
variable. More general parameters of interest for causal inference which might capture such effects can be
defined. Among these are: median treatment effects, quantile treatment effects (Abadie et al. (1998)); the
distribution of programme gains F{Y: — Y5|X ); and the difference of full outcome distributions by treatment
status, F(Y1|X ) — F(Yo|X). The main difficulty generally consists in identifying the joint distributions of the
potential outcomes, viz. F(¥5,Y1|X). For a more in depth discussion, ¢f. Manski (1993, 1994, 1995). In
this work, we will follow advice by Lechner (1998a): “However, the latter quantities are impossible to estimate
without knowledge of the joint distribution of the potential outcomes, whereas the expectation solely depends
on the two marginal distributions of the potential outcomes. Therefore, causal analysis using the other features
would need far more stringent assumptions to achieve identification than causal analysis based on first moments
only. Since identification of the expectations will prove to be difficult enough, identifying these other quantities
will not be attempted in this work.”
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first term, (py(X;) = po (Xi)), denotes the common gain from treatment which is equal for
all individuals with the same observable characteristics X;. The second term, (uj; — ug;), the
idiosyncratic gains from treatment, generally differs even across observably identical individuals.
While they might be observed by the individuals themselves, they are generally unobservable
to the econometrician.

Conditional on individual characteristics X;, treatment effects are hetex_'ogeneous in this
model unless ug; = uy; ¥i = 1,..., N. In the special case of uy (X;) = po(Xi) + A and ug; = vy
for all i € I, the treatment effect is in fact A; = A for alli € I and hénce homogenous across
individuals conditional on individual characteristics X;.

In the case of job mobility, the return to job mobility for a randomly selected individual who
is subsequently forced to change job and hence the average treatment effect A srg are certainly
not of interest. It is less clear, however, which of the remaining two effect, Arr or Apare,
constitutes the main parameter of interest and which can actually be identified on the basis of

the observed data.

3.2.4 Relationship between the parameters of interest

Recalling the definition of (unit-level) treatment effects, A; = (u1(Xi) ~ po (X5)) + (wai —
ug;), and assuming the absence of any systematic difference in the idiosyncratic components of
potential income, E[ug; |Xi] = Efu1;|X;], the above defined average treatment effects can be
expressed in terms of the common and idiosyncratic components of the potential outcomes as

follows:

Asre = EjAi|XG] (3.1)
= E[(p(Xs) — o (Xa)) + (i — woi) |Xi]
= (X)) — o (X)) + Eluy; — uoi | Xi]
= m(Xs) — po (Xi)
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Arr = E[AilXi,Di=1] (32
= E[(in(X:) = po (Xi)) + (v1i — uo:) | X, Di = 1]
= (Xs) = po (Xi) + Efuri — uoi | Xi, Di = 1]
= m(X:) = po (Xi) + Efwrs — ugi |1D; = 1]

Arare = E[A;|X;,(Da — Dio) # 0] (3.3)
= E[(p1(Xs) = 1o (Xi)) + (w1 — u0i)} | Xi, (D1i — Do) # 0]
= 1 (Xi) = po (Xi) + Efwr; — uoi | Xi, (Dri — Doi) # 0]
= m(Xi) — po (Xi) + Efuri — uos |(D1i — Dos) # 0]

In the absence of idiosyncratic responses to treatment, uy; = ug; Vi € I, all individuals with
the same characteristics respond in the same ﬁray to the treatment and hence all three average
treatment effects are in fact equal. The same result holds in the case of strongly ignorable
assignment and full compliance with the assignment, in which case potential outcomes are
independent of the assignment mechanism, and necessarily Dy; = Z; =1 and Dg; = Z; = 0.

In most empirical applications, these conditions are unlikely to be met and the above average
treatment effects will not coincide. In particular the average treatment effect for the treated
and the average treatment effect for a randomly selected person will differ from each other
unless the average idiosyncratic gains for the treated are zero or, in other words, if “agents do
not select into treatment on the basis of expected (idiosyncratic) gains from it.” (cf. Heckman
(1997)) Similarly, the local average treatment effect will differ from these two effects unless the
average idiosyncratic gains for the subpopulations of compliers and defiers are zero and the
treatment effects for these two groups are further identical with those for always-takers. More
generally:
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Vi

Aurg = Arr 4 Efuy; ~uoi IDi=1] =0, (3.4)

Aure = Apate < Eluy — uoi |(Dhi = Do) #0] =0 " (3.5)

Hence, a priori information on the assignment mechanism and the compliance behaviour
is of crucial importance for the identification of treatment effects. In the absence of such
information, identifying assumptions have to be invoked. This will be discussed in more detail
below.

3.2.5 Relationship to economic models: The marginal treatment effect

An additional treatment effect which is explicitly derived from economic theory and discrete
choice formulations of individual decisions on the treatment status can be defined in 2 latent
variable framework: Let potential outcome functions and observed outcome be defined as above,
and assume that the treatment status D; is generated according to a latent variable (or single

index) model

= z{UDi <Up (ZhXi)}
where
D: = Hp (Zia Xia uDi) (3.7)

= pp(Z,X;) = up;

with unobservable random variable up; which is generally interpreted as unobserved net utility

or net gain from choosing one of several alternatives.

Definition 8 (marginal treatment effect, Heckman and Vytlacil (1999,2000a,b,c))
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Additional to the above “index condition” 3.6 assume the following regularity conditions:

(1) Conditional on X =z, pp (Z;, X; = x) is a nondegenerate random variable.

(2) (ugi,upi) and (uy;,up;) are absolutely continuous.

(3) (ugi,upi) and (uy;, up;) are independent of (Z;, X;) .

(4) Pr(D; = 1,X;) > 0, i.e. the probability of treatment is strictly positive at each level of
X = z for each individual i. '

Define, moreover, the propensity score as

P(2)=Pr(D; =1|X;,Z; = z) = Fup(up (Z: = 2, X))

where Fy,, is the distribution function of up. Then, conditional on X; = z and P(Z;) =
P(z2), the marginal treatment effect AyTe(z, P(2)) is defined as .

OE[Y;|X; = 2, P(Z) = P(2)]
P(z2)

Apmre(z, P(2)) = (3.8)

Like the local average treatment effect Aps7rg, the marginal treatment effect Aprg is
defined on the basis of an instrument Z and thus varies with it. This implies that, using different
instruments, one should expect different estimates of causal effects for different subpopulations.
Contrary to the local average treatment effect, however, the marginal treatment effect is - by
definition - a continuous function of P(z).

The relationships between the marginal treatment effect and the above parameters are de-
rived in Heckman and Vytlacil (1999,2000a,b,c). They show in particular that the above defined
average treatment effects can be generated by integrating the marginal treatment effect over
some well-defined range of the propensity score used as instrument. The marginal treatment
effect Ay thus is a limit form of the local average treatment effect. Heckman and Vytlacil
(1999) interpret it as “the average effect for people who are just indifferent between partici-
pation or not at the given value of the instrument”. For values of P(2) close to 1, it is “the
average effect for individuals with unobservable characteristics that make them the most in-
clined to participate” and, similarly, for values of P(z) close to 0, it is “the average effect for
individuals with unobservable characteristics that make them the least inclined to participate”.

The relationships between the above treatment effects are summarised in the following

Corollary 9 (relationship between the different average treatment effects, Heckman and Vyt-
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lacil (1999,2000a,b,c))

Let P(z) # P(2') at each pair (z,2') where P(z) = P(Z;), andlet pp (2) = pp (Z; = 2, X; = z,up:).

In the context of the above latent variable model, the conditional versions of the above average

treatment effects conditional on X; = x then can be written as

Aare(z) = E[A: X = 2],
Arr(z, P(2)) = E[Ai|Xi = z,P(Z;) = P(2),D; = 1]

Apate(z, P(z), P(2)) = E [ Xi = 2, (3 {up (2) > 0} —2 {pp (¢) > 0}) # 0]

Given the assumptions from the above definition, it follows that these (conditional) average

treatment effects are an appropriately weighted average of the marginal treatment effect for

some range of the propensity score with

1
Aare(z) = /E[A, |X; = z,Up; = u)du
0

P(z)

Are(z, P(2)) = P(2)"} f E[Di|X: = 7, 6ps = u]du
0
P(z)
Apare(z, P(2),P(?)) = (P(2) - P(z'))"l f E[A; |X; = z,up; = uldu
P(z)

where up; = Fup(up;) denotes the on the interval [0,1] uniformly distributed probability
transform of up;.

Each of the average treatment effects thus is an average of the marginal treatment effect for a

well-specified range of the propensity score defined by the instruments considered. The average
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treatment effect is obtained by integrating the marginal treatment effect over the full support
of &ip;, while the average treatment effect for the treated is the integral over the range [0, P(2)]
as defined by the given value of the instrument. According to Heckman and Vytlacil (1999), 4t
is primarily determined by the average effect for individuals whose unobserved characteristics
make them the most inclined to participate in the program.” The LATE, ﬁnally, integrates the
marginal treatment effect over the range [P(2’), P(2)] and is “the average treatment effect for
someone who would not participate if P(Z) < P(z) and would participate if P(Z) > P(2).”
(ibidem)*2

3.3 Causal inference

Causal inference attempts at identifying and estimating the above average treatment effects
on the basis of a comparison between average outcomes across treatment and control groups.
In order to identify the above effects, various identifying assumptions are necessary that allow
the construction of counterfactuals from observations on the treatment group and the control
group. Both the choice of the parameter of interest and the strength of the necessary identifying
assumptions depend on the nature of the available data (experimental vs observational), their
dimension (cross-section, longitudinal, or panel data), the (sub-)population of interest, and the
underlying (implicit) experimental design (assignment mechanism and compliance behaviour),
or, in economic parlance, the way in which individuals select into treatment.

This section discusses the identification of causal effects by instrumental variables tech-
niques. It reviews in particular the assumptions under which instrumental variables estimates
have a causal interpretation in the simple case of a binary assignment-binary treatment model

with a continuous outcome variable.

3.3.1 The econometric model

As defined above, the general potential outcome model is given by (Z;, (Do;, D1:) , (Yoi, Y3:)) ‘el
with potential outcomes Yp: = p4(X;) + woi and Y1; = py(Xi) + uyi, parameter of interest
A; = (Y1 — Yoi), and observability rules D; = Dgi(1 — Z;) + Dy Z; and Y; = Yoi(l.— D) +

12For empirical applications of this concept cf. e.g. Aakvik (1999) and Aakvik et al. (1999).
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Y1:D; = Ypi + A; D;. Its econometric implementation is generally based on the so-called dummy
endogenous variable model (with either fixed or random coefficient) or the additively separable
correlated random coefficient model. Consider a simple simultaneocus equations specification

including an outcome equation

Y: = X; B+ Dib; +u; (3.9)
and a participation (or selection) equation
D; = X:a + Z:'T + v (3.10)

This model is interpreted as a heterogeneous treatment effect model with outcome variable
Y;, treatment indicator D;, assignment-to-treatment indicator Z;, and (unit-level) treatment
effect 6;. For the estimation of the average causal effect of the treatment D; on the potential
outcome Y;, a fixed coefficient specification of the heterogeneous treatment effect is imposed,
interpreting é as some average treatment effect of D; on Y;, conditional on individual character-
istics X;.13. Because of the selection (or endogeneity) bias due to E[D;w;] = E[u; |D; = 1] # 0,
two difficulties arise in causal inference: first, to estimate consistently §, and second, to ensure
the interpretability of the estimate obtained as an average causal effect in the above poten-
tial outcome model. Several methods can be applied which aim at taking into account both
of the above problems directly!*: first, control for confounding variables, using regression or
matching techniques (matched treatment-control-comparisons), second, pre-post comparisons
on the same units of observation to reduce bias from unobserved differences (and in a similar
vein: fixed-effects models and difference-in-difference estimates), and third, instrumental vari-
ables estimation, interpreted in a quasi-experimental framework. In the sequel, attention will
be restricted to the identification of causal effects by instrumental variables methods, adopting

the view expressed inter alia by Lechner (1998a,b) that nonparametric identification strategies

13Note that, assuming 6; = & for all { € I would implicitly assume A; = A for all i € I, and hence impose
equality between all average treatment effects (Aars = Arr = Ararg) defined above.
MCf. e.g. Angrist and Krueger (1998).
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are a “more credible way of identifying [causal] effects.”

3.3.2 Identification of causal effects by instrumental variables techniques

A well-known solution to the problem of endogenous treatment status D; in the above outcome
equation 3.9 consists in the use of instrumental variables as a source of exogenous variation
in D;. These instruments can be interpreted as generating a quasi-natural erperiment by
assigning individuals to treatment independently of unobserved characteristics.!® Estimates
are obtained from comparing the outcomes across groups which differ with respect to the value
of an instrumental variable that is related to the outcome of interest only by virtue of correlation
with the probability of treatment. Instrumental variables techniques consistently estimate 6 in
the above model in the presence of an endogenous regressor D; if - loosely speaking - conditional
on X;, Z; is correlated with the outcome Y; only through treatment status Dy, i.e. if conditions
(IV1) plimN-'D'Z = £ > 0 and (IV2) plimN-1Z'u = 0 hold. In the special case without
covariates, the IV estimator has the simple Wald estimator as probability limit, where the
Wald estimator is defined as the ratio of the causal effect of the assignment on the outcome
(EY:|Z; = 1] ~ E[Y;|2; = 0]) and the causal effect of the assignment on the treatment status
(E[D:|Z; = 1] - E[D;|Z; = 0)).

Identification of causal effects hence requires the existence of a variable Z; that affects the
selection into treatment but does not affect the outcome directly. However, even if IV estimates
are consistent for §, it is a highly controversial matter in the literature under what (further
implicit) conditions this estimate does actually identify one of the above-mentioned average
treatment effects of interest.

The following theorems each state the respective conditions for the instrumental variables
estimate to have a causal interpretation as an average treatment effect on a randomly selected
person (ATE), an average treatment effect on the treated (TT), and a local average treatment
effect (LATE).

15Cf. Angrist (1998): “In labor economics, at least, the current popularity of quasi-experiments stems precisely
from this concern: because it is typically impossible to control for all relevant variables it is often desirable to
seek situations where one has a reasonable presumption that the omitted variables are uncorrelated with the
variables of interest. Such situations may arise if the researcher can use random assignment, or if the forces of
nature or human institutions provide something close to random assignment.”
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Theorem 10 (Heckman (1997), conditions for a causal interpretation of linear IV estimates
in the heterogeneous treatment effect model as average treatment effect on a randomly selected
person)

(1) “non-zero treatment effect”
E([D;|Z;, Xi] = Pr(D; =1|Z;, X;] # 0, i.e. the treatment probability is a nontrivial function
of Z; given X;.

(2) “exclusion restriction”
The instrumental variable Z; is mean-independent of the idiosyncratic components ug; and uy;
(and hence of the potential outcomes Yy; and Y1;), i.e. E [ugi + D; (uy; —ug:) | X5, Z;] = 0.

This latter condition implies:

(2e) E(u0i|Z;,Xi] = Eluoi|Xi] = 0, i.e. the instrument is uncorrelated with the potential
idiosyncratic component of the potential outcome in the case of non-treatment.

(2b) E[D; (urs — uei) | Xi, Zi) = Efu1i — ugi] = 0, i.e. conditional on the instrument, the id-
iosyncratic gain is uncorrelated with the treatment.

Theorem 11 (Heckman (1997), conditions for a causal interpretation of linear I'V estimates
in the heterogeneous treatment effect model as average treatment effect on the treated)

The instrumental variable estimate of 6 in the heterogeneous treatment effect model has a
causal interpretation as average treatment effect for the treated under the following assumptions:

(1) “non-zero treatment effect”
EDi|Z;,X;] = Pr[D; =1|Z;,X;] # 0, i.e. the treatment probability is a nontrivial function
of Z; given Xj.

(2) “exclusion restriction”
The instrumental variable Z; is mean-independent of the idiosyncmtic gains ugy; and uy; (and
hence of the potential outcomes Yy; and Y1), i.e.

E {ugi + D; (u1; — weg) — E [uy; —ugs |Di = 1, X;]|X;,Z:} = 0.

This latter condition implies:

(2a) E[ugi|Z;, X;] = E[upi|Xi] = 0, i.e. the instrument is uncorrelated with .the potential
idiosyncratic component of the potential outcome in the case of non-treatment.

(26) E [uy; — uoi | D = 1,25, X;) = E [u1; ~ ugi |Di = 1,X;], i.e. conditional on the treatment,

the idiosyncratic gain is uncorrelated with the instrument.
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In many applications based on observational studies, the implicit assumptions underlying
theorems 10 or 11 do not seem reasonable. This applies in particular to assumption (2b)
which states that the average idiosyncratic gains of those who are assigned to treatment and
do comply with this assignment equal the average idiosyncratic gains in the whole population
or in the group of all the treated, respectively. Since these groups are relatively heterogeneous
and since, in most economic applications, individuals are likely to self-select into treatment
according to their expected idiosyncratic gains from doing so, these implied assumptions do not
seem warranted. The fact that these assumptions are not needed for a causal interpretation of
linear IV estimates as local average treatment effects is one of the main differences regarding
the identifiability of the treatment effect of the treated, on the one hand, and the local average
treatment effect, on the other. It is also, however, one of the main reasons for conceptual

controversies in the field of causal inference as will be discussed briefly below.

Theorem 12 (AIR (1996), conditions for a causal interpretation of linear IV estimates in the
heterogeneous treatment effect model as local average treatment effect)'s

The instrumental variable estimate of § in the heterogeneous treatment effect model has a
causal interpretation as local average treatment effect under the following assumptions:

(1) “stable unit treatment value assumption” (SUTVA)
Potential outcomes for each individual © are unrelated to the treatment status of other individ-
uals.

(2) “strongly ignorable assignment to treatment”
Conditional on observables, the assignment to treatment is random, ie. Pr(Z; = 1|X;) =
Pr(Z; = 0|X;), or equivalently, treatment status is independent of potential outcomes.

(3) “strong monotonicity”
The treatment probability is a nontrivial and monotonic function of the instrument, i.e.

E [Dy; — Dy; |X¢] > 0.

Y5 Cf. Angrist et ol. (1996), here referred to as AIR(1996). Cf also Imbens and Angrist (1994),
Angrist and Imbens (1995), and Angrist and Krueger (1998). For a different point of view, cf. e.g.
Heckman (1997) who shows that in the heterogenous treatment effect model the instrumental variable
estimate of Sarg only identifies a causal effect if individuals do not self-select into the treatment status
on the basis of idiosyncratic gains to treatment. If this strong condition is fulfilled, the identified effect is
necessarily the average treatment effect for the treated. The author generally questions the validity and
usefulness of the LATE.

80

Gt T

Rt eorie o lrgie irdtsotyig st



(4) “exclusion restrictions”
The (unit-level) potential outcome variables depend on the assignment status Z; only through

the treatment status D, i.e. (Yoi,Y1:) L Z;i|D;. -

Under certain assumptions, causal effects in the above heterogeneous treatment effect model
can thus be estimated by means of standard two-stage least squares methods for a éiven ap-
propriate instrument. The more difficult question is which of the above average treatment
effects can be identified by IV estimation. The answer hinges on the assumptions - implicit or
explicit - one is willing to make on the assignment and selection mechanisms underlying the
given quasi-natural experiment or - as Heckman (1997) puts it - on the way in which individ-
uals “process information”. While e.g. AIR (1996} argue that the only treatment effect that
IV can consistently estimate is the local average treatment effect, Heckman (1997) argues that
IV can at best identify the average treatment effect for the treated, or no treatment effect of
interest at alll” In more recent work, Heckman and Vytlacil (2000a,b,c) suggest to estimate
treatment parameters in a latent variable framework when they are identified or bound them
otherwise. While, contrary to the identification of local average treatment effects, no assump-
tions on monotonicity or strong ignorability are required for the identification of such marginal
treatment effects, statistical support conditions for the propensity score are required which
are difficult to interpret economically. Furthermore, even for bounding treatment parameters,
problematic assumptions of known lower and upper bounds on potential outcomes have to be
invoked.

These controversies are problematic since, in the presence of heterogeneity, the above treat-
ment effects will differ significantly. Since the assumptions underlying the above theorems
generally refer to unobservable individual-level potential outcomes and treatment status and

are thus untestable,!® the interpretation of IV estimates as one or the other causal effect has

1"With respect to the case where the average treament effect for the treated and the local average treatment
effect differ, Heckman (1997) states: “In the likely case in which individuals possess and act on private information
about gains from a program that cannot be fully predicted by variables in the outcome equation, instrumental
variables methods do not estimate economically interesting evaluation parameters.” He further adds that “[ajny
valid application of the method of instrumental variables for estimating (...) treatment effects in the case where
the response to treatment varies among persons requires a behavioral assumtion about how persons make their
decisions about program participation.” In Heckman’s (1997) view, this issue “cannot be settled by statistical
analysis.”

I8Cf. Lechner (1998a) on test procedures suggested by e.g. Heckman and Hotz (1989) for the evaluation of
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to rely entirely on the presumed plausibility of these identifying assumptions. Even here, how-
ever, there are strong differences in the literature: while AIR (1996) consider the local average
treatment effect as the only treatment effect of interest which can effectively be estimated by
instrumental variables methods, Heckman (1997) claims that this would imply both “ignorance
or irrationality about unobserved components of gain on the part of the people being studied”
and absence of “private information that is useful in forecasting the gains that they use in
making their decisions but that is not available to the analyst.”

The predominant role of inherently untestable identifying assumptions notwithstanding,
there exists an agreement in the literature to provide diagnostics on the instrument relevance.
Following the suggestions by Bound et al. (1995) and Staiger and Stock (1997), first-stage
F-statistics and partial R%-measures will be reported in the later empirical applications. Other
methods have been suggested to investigate in particular the plausibility of the exclusion re-

striction! but these will not discussed here any further.

3.3.3 Extensions

The previous section focussed on the simple case of a binary assignment-binary treatment
model with a continuous outcome variable. The methods discussed, however, can in general be
adapted easily to more general outcome variables such as discrete or non-negative outcomes such

as frequencies, counts or durations.?’ Qther extensions of interest are, first, the estimation of

different sample selection models: “Test procedures do only work when there are overidentifying restrictions to
test. It should be clear by now that the fundamental lack of identification inherent in causal analysis requires
identifying restrictions in the first place. Such restrictions are never testable.”

19¢Cf. e.g. Blomquist and Dahlberg (1999), Angrist and Krueger (1995) and Angrist et al. (1995).

20 Angrist (2000) e.g. argues that “the dificulty with endogenous variables in non-linear LDV models is, in
fact, more apparent than real.” According to him, at least for binary endogenous regressors, technical challenges
related to LDV models “come primarily from what I see as a counterproductive focus on structural parameters
such as latent index coefficients or censored regression coefficients, instead of directly interpretable causal effects.”

The main question of interest in this context is whether standard estimation procedures such as 2SLS remain
applicable in the case of dependent variables which do not have & continuous support. While Angrist (2000)
presents arguments in favour of both, standard linear IV methods as well as semi-parametric nonlinear IV
estimators, he argues in particular that any of these approaches have two main advantages over structural medels
based on a latent index or censored regression framework: computational simplicity and weak identification
requirements.

For evaluation studies with discrete or non-negative outcomes, ¢f. e.g. Angrist (1998, 2000), Card and
Sullivan (1998) (binary outcome variables); Angrist (2000), Cameron and Trivedi (1998) and Mullahy (1998)
(count data); Abbring and van den Berg {1999), Angrist (2000), Ham and LaLonde (1996), Hujer et al. (1996,
1997a,b, 1999) and Ridder (1986,2000) (duration data); and Cockx and Bardoulat (1999), Ham and LaLonde
(1990) and Lubyova and van Qurs (1998) (transition rates).
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full outcome distributions for compliers, and second, the identification and estimation of causal

effects in the case of multivalued treatments.

Estimation of full outcome distributions for compliers

As shown in Imbens and Rubin (1997), under the assumptions stated in theorem 12 it is possible
to estimate the entire marginal outcome distributions by treatment status, Yp; and Yi;, for the
subgroup of compliers. These distributions are implicitly estimated by the IV estimator of local
average treatment effects - generally without imposing any non-negativity restrictions. The
estimated outcome distributions for compliers can be used as a diagnostic tool - in particular
with a view to checking the plausibility of the exclusion restrictions. The authors further show
that IV estimates based on the restriction of non-negativity of these outcome distributions
might differ substantially from the unrestricted estimates. A comparison of the unrestricted
and restricted IV estimates of local average treatment effects therefore represents an additional
intuitive diagnostic check in causal inference.

Observe first that one can estimate both the population proportions and the outcome dis-
tributions for the two groups of non-compliers (always-takers and never-takers). Let ¢y and
¢ 47 denote the population proportions of these two groups, and let gyt and gy denote their
outcome distributions. Let further f,; denote the directly estimable outcome distribution in

the subsample defined by 2; = z and d; = d. Then,

¢nT =Pr(d; =0jz; =1) (3.11)
¢ar = Pr(di= 1|2 =0) (3.12)

and
INT(Yi) = for(y:) = Pr(yildi = 0,z = 1) (3.13)
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9ar(y:) = fo(yi) =Prlyildi = 1,2 = 0) (3.14)

are directly estimable from the observed data ((z, di, ¥i), Xi);z1,. N-
From independence of assignment and compliance behaviour it follows that the directly

estimable sampling distributions foo and f1; are mixtures of the above (directly estimable)

distributions for never-takers or always-takers, on the one hand, and of the (not directly es-

timable) outcome distributions for compliers, on the other. Letting ¢ denote the population
proportion of compliers and gijc and goc the potential outcome distributions for compliers with

and without treatment, respectively,?! one can thus write

$c nT
) = ——=—goc(Vi) + 75— 9NT(%i) 3.15
) = —26— gio(m) + —2AT— gz () (3.16)
| ¢c + dar éc + dar
It follows that
¢c =1—ONT — GAT (3.17)
and :
goc(¥i) = <zs<:.—-!-(—i’ﬂzfoo(ys) - mf 10{¥i) (3.18)
éc éc
2i¥or the above subpopulations of always-takers and never-takers only one distribution had to be defined in
each case since it is conceptually impossible to envisage either treatment of a never-taker or non-treatment of an

always-taker.




gic(yi) = mfu(y.-) - %f{)l(yi) (3.19)
éc éc

On the basis of these relationships, by replacing the population values by their sample
estimates, one can thus estimate the full (marginal) outcome distributions for compliers, Yy
and Y14, as well as their means E [Yp;|Dyi — Do; = 1] and E[Yy; [D1i — Do; = 1] and not just
their difference equal to Aparg = E[Y1; — Y0i [D1i — Doi = 1]. In chapter 4, the results of the
estimation of the full (marginal) potential outcome distributions for compliers will be discussed

as part of the discussion on the plausibility of the identifying assumptions and the robustness
of the results obtained.

Variable treatment intensity

This section extends the above quasi-experimental Rubin’s Causal Model to the case of multi-
valued treatments - or so-called variable treatment intensity, building on Angrist and Imbens
(1995). Let Yj; denote the potential outcome of interest for individual (or, equivalently, unit)
i € I in case of treatment j = 0,1,...,J. As above, Yy; denotes the potential outcome in the
absence of treatment, and Y, j = 1,..., J, the pbtentia.l outcome in case the multivalued treat-
ment variable takes the value j. In the later empirical analysis, j will indicate the number of
years of schooling and Yj; the potential earnings of individual i for j years of schooling. As
above, Y; is the observed outcome variable for individual 7. Let further Dy; € {0, 1, ..., J} denote
the individual’s potential (multivalued) treatment status as a function of the binary assignment
status Z;. As before, Z; takes the value k = 1 if individual { is assigned to the treatment group
and k = 0 otherwise. The observed cross-sectional data is (2, di, ¥i), Xi);oy . v+ Where d; = do;
in case of non-assignment and d; = dj; in case of treatment and where further 3; = yo; in the
case of non-assignment and y; = y;; in the case of treatment j € {1,2,...,J}.
In this framework, both the subpopulations and the parameters of interest are defined with
respect to a specific value j of the multivariate treatment variable. The unit-level treatment
effect of treatment j on outcome Y; is given by Aji = Yji — Yj-14 - the causal effect of an

additional jth year of schooling in the later empirical analysis.
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Estimates of § in the outcome equation 3.9 have a causal interpretation only if they have
probability limit equal to a weighted average of E[Y;; —¥j-1,) for all j in the respective subpop-
ulation of interest. Furthermore, as in the case of bivariate treatments, the linear IV estimate

identifies a causal effect for a well-defined subpopulation.

Theorem 13 (Angrist and Imbens (1995), conditions for a causal interpretation of linear IV
estimates in the heterogeneous treatment effect model with multivalued treatment as weighted
average of per-unit average causal effects)

Assume

(1) “independence”
The (unit-level) potential outcome and treatment variables Dy;, D14, Yoi, Yii, -, Yui are jointly
independent of Z;.

(2) “strict monotonicity”
With probability 1, either Dy; — Do; > 0 or Dy; — Doi < 0 for each individual i € I and
Pr(Dy; > j > Dy) > 0 for at least one 5 =0,1,...,J.

Then, the probability limit of the linear 2SLS-IV estimator is given by

=~ EYiZi=1-EYi|Zi=0 .
limé = =) w;-r(f)=d 3.20
1%_1.50 E\Di|Z; =1) - E[Di|Z; = 0] ;,;1 i *7() (3.20)
where
wy = D1 25 > Doi) (3.21)
Y i=1 Pr(D1i 21> Dyi)
and

r(j) = E[Y},- - Yj-l','th' 23> Do,']. (3.22)

The fact that 0 Swj; <1and 23;1 w; = 1 implies that § is a weighted average of average
causal responses to a unit change in the treatment value for those whose treatment status is
affected by the instrument, E[Y;; — Y;—1,:{D1i 2 7 > Dos]. The weight w; is proportional to the
number of compliers, Pr(Dy; > j > Dp;). Angrist and Imbens (1995) refer to the parameter §
as the average causal response (ACR). The weights w; reflect the weight of the subpopulation
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in calculating this average causal response.r(j) further shows the weights of the respective
schooling levels in computing the average treatment effect.

To identify a meaningful average treatment effect, the literature typically assumes a constant
unit treatment effect, ¥;; — Yj_1: = o, for all j = 0,1,...,J and all i € I. By means of the
above monotonicity assumption, however, Angrist and Imbens (1995) impose a nonparametric
restriction on the process determining D as a function of Z instead of restricting treatment effect
heterogeneity. The authors further show that, for multivalued treatments, this assumption has
the testable implication that the respective conditional cumulative distribution functions of D
given Z =1 and Z = 0 should not cross.

This approach will be applied in the analysis of returns to schooling in Germany in chapter
5. It allows in particular to take into account the following facts: first, different subgroups
are affected by different instruments; second, individuals in these subgroups are affected by
the respective instrument in different ways; and third, the instrument may induce changes of

behavior at different levels of schooling.

3.4 Summary and conclusions

This chapter - in the form of a commented literature review - has presented Rubin’s Causal
Model and its extension to multivalued treatment variables as a general framework for the
identification and estimation of causal effects in observational studies. This model allows nat-
urally for a focus on causal effects of individual decisions - job mobility during transition or
educational choices. Empirical applications of Rubin’s Causal Model below will be based on
the identification results reviewed in this chapter, in particular on those stated in theorem 12.
Both on theoretical grounds (following the results of chapter 2) and because of data availabil-
ity, the following empirical applications will concentrate on the identification and estimation of
local average treatment effects in the case of, first, binary treatment (job mobility), and second,

variable treatment intensity (schooling).
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