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Chapter 1

Introduction

It is common practice to start studies on education with arcthat education is an
important determinant of later life chances (for exampled/14981; Shavit and Bloss-
feld, 1993). Instead of repeating this claim | will reporéttollowing official statistics
for the Netherlands: the unemployment rate in 2006 for peyswith only primary
education is 12.2% versus 3.7% for persons with a univedgityee; in 1998 29% of
women aged between 34 and 38 with a university degree expctemain childless
versus 16% for women with primary or lower secondary edoocatmen who were
born in 2008 are expected to live 50.2 years in good healtielf bnly complete pri-
mary education versus 69.0 years if they attain a degreetiarieeducation (Statistics
Netherlands, 2008). These statistics sufficiently illatgtithe importance of education
for a wide range of domains in a person’s life and the role ofcation as the primary
stratification mechanism in modern societies.

If a resource like education is this important, then theritigtion of this resource
is certainly worth studying. There is a long list of literegtthat has done just that,
and it shows that educational attainment is unequallyiigied among persons with
different family backgrounds, in particular that persomsf more privileged families
tend to obtain more education than persons from less pye@ldoackgrounds (Hout
and DiPrete, 2006; Breen and Jonsson, 2005). In this digiertl will try to con-
tribute to the study of this inequality in access to educatlawvill focus on two types
of inequality of access to education and the relationshiwden these types. The first
type of inequality in access to education is the inequabtyt arises during the pro-
cess of attaining education. This is usually captured bghyshg the effect of family
background on the probabilities of passing from one levetaiication to the next,
and | will call this Inequality of Educational Opportunity EEOpp' The second type
of inequality in terms of access to education is the inegualithe end result of the
educational selection process. This is usually capturediumying the effect of family
background on the highest achieved level of education, avilil ¢all this Inequality
of Educational Outcome or IEOut. The dominant issue in titésdture is whether
or not the IEOpp and IEOut have changed over time, and inqueati, whether they

1The term Inequality of Educational Opportunity (usuallybsdviated to IEQ) was already used by
Boudon (1974) and Mare (1981), where it is used as a more igerem for inequality of access to educa-
tion. However, in the studies by Boudon (1974) and Mare () 984 effects of family background on the
probabilities of passing from one level to next are clainetd a more “pure” representation of IEO.

11



12 Chapter 1

have decreased over time. A common finding for the Netheslaad been that for this
country there has been a gradual and long-term decline gtiadity in both IEOpp
and IEOut during the course of the ®@entury (De Graaf and Ganzeboom, 1993;
Ganzeboom and Luijkx, 2004b). These results have beennaotaising a continu-
ally extending database of pooled cross-section data, moshtly consisting of over
50 surveys held in the Netherlands since 1958 covering ¢t®lharn throughout al-
most the entire 20 century. The aim of the studies collected in this disserntais to
re-assess and extend the evidence in these earlier stpidiearily from methodolog-
ical points of view. Overall, the research question guidimgseparate studies in this
dissertation can be formulated as follows:

To what extent, how, and when has a trend toward less inggirmled-
ucational opportunities and in educational outcomes cdqes from dif-
ferent family backgrounds occurred in the Netherlands?

The first step undertaken to elaborate and answer this deesearch question
is to provide an overview of the trends in IEOpp and IEQutdaihg the protocol
used in an influential international comparative projectdesl by Shavit and Blossfeld
(1993), but using the most recent data available on the Matids. This analysis will
be a replication of the Dutch contribution to this projectiby Graaf and Ganzeboom
(1993). Such a replication is useful in its own right, buthalso function as the point
of departure to which all results in the subsequent chaptansbe compared. This
replication will be presented in Chapter 2.

The subsequent chapters in this dissertation will eachudésse way of improv-
ing this ‘default’ method and the consequences of theseadethgical innovations
for the estimated trends. Chapters 3, 4, and 5 discuss ganays of improving the
estimates of IEOut. Chapter 3 will introduce a way of impraythe scale on which
the highest achieved level of education is measured. Chépt#l focus on how best
to measure any changes in the trend in IEOut. Chapter 5 willstigate the relative
influences of different indicators of family socioeconorstiatus. Chapter 6 will intro-
duce a way to integrate the analysis of IEOpp and IEOut, thawiag one to make
the best use of the complementary nature of these two repat®as of inequality in
access to education. This integration will also providelastantive interpretation of
the effect of educational expansion — the fact that peoglfmore recent cohorts
attain, on average, higher levels of education than peapta blder cohorts — on
IEOut. Finally, Chapter 7 will propose a way of dealing withiafluential critique by
Cameron and Heckman (1998) on the most common method ofastgriEOpps.

Chapter 3 will focus on the scaling of education. In ordertiedg IEOut —
that is, the effect of family background on the highest aohielevel of education
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— one needs to assign values to each level of educationChapter 3 these values
will be empirically estimated such that education optipaitedicts the respondent’s
occupational status. Most previous studies of IEOut use @niori scale of education
thatis loosely based on the number of years it should takaadard’ student to finish
that level. Such a scale conflates two related but distinatepts: the duration and the
value of education. Another issue is that suctaamiori scale assumes that the values
are constant over time, while there is an influential hypsighéhat states that the value
of the higher educational categories have declined, deetdiploma inflation. This
hypothesis is based on the fact that people born more rgcenthverage achieve
much higher levels of education than people born longer &goa consequence the
number of higher educated persons has increased, whickdhesthe prediction that
the value of their education has declined. Chapter 3 witl wéeether the estimated
values of the levels of education have actually changed tiwey, and compare the
estimated values with commonly usagriori values.

Chapter 4 will focus on the question of whether or not thedrenthe effect of
family background on educational outcomes has changedtiover Existing litera-
ture has occasionally tested for the presence of curvilifaezelerated of decelerated)
trends, but found little or no supporting evidence (De Geaaif Ganzeboom, 1990; De
Graaf and Luijkx, 1992; De Graaf and Ganzeboom, 1993; Def@rahLuijkx, 1995;
Ganzeboom, 1996). This is implausible: if the long-termdrés towards lower asso-
ciation between social background and educational acimexg one would expect a
slow-down of this trend at some point, as otherwise a comtimlinear trend would
lead to a negative association between social backgroutshetdncational achieve-
ment. In Chapter 4 | examine whether such a non-linear dpwadmt has already
occurred, using local regression models that appear todweathis field.

Chapter 5 will focus on the relative importance of differgmtes of family back-
ground, in particular, the education and occupationalistaf both parents. It is prob-
able that the relative contributions of these resources kshanged over time. Two
such changes are expected from the literature: First, esmneesources (parental
occupational status) are predicted to have become lesgtampoelative to cultural
resources (parental education). The effect of economauress are expected to de-
cline, because the combination of economic growth and arase in government
subsidies is likely to have decreased the negative influehpeverty on attaining ed-
ucation. A similar decline in effect of the cultural resoesds not expected, leading
to the expectation of a increase of importance of the cultesmurces relative to eco-
nomic resources (De Graaf and Ganzeboom, 1993). Secomnésitngrces contributed
by the mother are likely to have increased in importancedivel4o the resources con-

2|n studies of IEOpp, a similar issue arises with respecteadnk order of the transitions analysed, but
this presents less of a puzzle as this order is usually utistitally determined.
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tributed by the father due to the changing roles of men andevoimsociety (Korupp
et al., 2002). These hypotheses are of substantive intardsir own right, but they
also have an important practical consequence for soc#ifgtation research. Studies
in this field often use only one of these resources, most&jlgitather’s occupational
status, as in indicator of family socioeconomic statushéf telative contributions of
the different resources have changed over time, then tien&Opp or IEOut found
in these studies could in part be an artefact, as the qudlttyessingle indicator used
in these studies has in that case changed over time. Chapitit&st whether or not
the relative contributions of the different resources havaenged over time.

Chapter 6 will investigate the relationship between indiuduring the process
through which education is attained (IEOpp) and inequailitthe outcome of that
process (IEOut). These two types of inequality provide ciementary information,
but the current literature fails to take this into accoum. order to make the best
use of this complementarity, one would need to move beyopdragely presenting
estimates of IEOpp and IEOut and towards an integrated sisaif/the two. Chapter 6
will present such an integrated analysis by showing thatthogecommonly used for
estimating IEOpps proposed by Mare (1981) also implies amgosition of IEOut as
a weighted sum of IEOpps, where the weights are a substntiesaningful function
of the probabilities of passing the different transitioretvieeen levels of education.
This decomposition also makes it possible to study the effieeducational expansion
on IEOut.

Chapter 7 will present a way to deal with an influential ctiggoy Cameron and
Heckman (1998) on the estimates of IEOpp proposed by Ma&l{l Cameron and
Heckman (1998) argued that these estimates measure toeaffthe average prob-
abilities of passing from one educational level to the neithiw groups defined by
the observed variables rather than the causal effects s treriables on an individ-
ual's probability of passing. Moreover, they showed thastgroup level effects are
different from the individual level effects, but that in therature the group level ef-
fects are often interpreted as individual level causalotdfe The easiest solution to
this discrepancy is to interpret the results of the modeppsed by Mare (1981) as
group level effects. Alternatively, one could try to estimandividual-level effects.
This is, however, much more difficult, as one would also neecbitrol for the het-
erogeneity between respondents due to unobserved var{gdeneron and Heckman,
1998; Allison, 1999; Mare, 1993). In this chapter | will pagz one possible solution,
which is to perform a sensitivity analysis by formulatinged ef scenarios that vary
in the amount of heterogeneity between respondents dueteserved variables, and
estimate the individual-level effects within each of thesenarios. Such a sensitivity
analysis will give an idea of the plausible range of indivatiievel effects.

The final chapter will discuss the extent to which the origmesearch question
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can be answered and what each of the chapters contributestonas already known
aboutthe trend in the inequality of access to educatioreMitherlands. Some of the
limitations of the studies collected in this dissertatiaii also be discussed and some
of the areas where this type of analysis can be further ingutevill be identified.
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Chapter 2

Trends in educational inequality in the
Netherlands:
A replication and a critique

2.1 Introduction

The degree to which a person’s success in education is predeed by family back-
ground is often regarded as the most important indicatohefeixtent to which a
society’s resources are distributed based on merits r#itlaer on ascribed statuses.
Historical changes in this pattern of achievement versusmmon are therefore of
eminent importance. Fortunately, changes over time in &titutal attainment can be
properly monitored by comparing (synthetic) cohorts. Bessorn in the same year
are likely to enter the schooling system at the same poiritria,tand the rather rigid
nature of formal schooling will ensure that most personsftbe same cohort will
be subjected to approximately the same educational amaggts. Using cohort com-
parisons, even a single cross-sectional survey with dataerespondents’ education
and their family background will contain enough informatim enable a historical
trend in educational inequality over a period of approxiehatiO years to be studied.
Many previous studies have enhanced this design by conthdata from multiple
surveys held at different points in time. Such pooling ofssrgectional surveys leads
to larger sample sizes, and thus more statistical powerlsatmakes it possible to
study longer periods of time by combining recent and oldevesgs covering cohorts
that are no longer or not yet available in a single dataseto Aly continuing to use
older surveys, research in this tradition has found a nkivag of incorporating past
insights into current research, thus facilitating trueuseualation of knowledge.

This chapter will continue this tradition by replicatingdampdating a well-known
study on the Netherlands of this kind, conducted by De Gradi@anzeboom (1993).
These authors combined data from 10 surveys held betwedh d8¥ 1987 cover-
ing cohorts born between 1891 and 1960, thus firmly estdbtistime historical rise
of educational mobility (i.e. downward trends in effectspafrental status) for the
Netherlands. In this replication, | will add data from areti33 surveys. These ad-
ditional surveys add approximately 60,000 observationd,thus considerable more

17



18 Chapter 2

precision, but also contain information on more recentqatsi(adding cohorts born
between 1960 and 1980), thus making it possible to study¢inel for a longer period
of time. The surveys used by De Graaf and Ganzeboom (1993hdhig replication
are listed in the appendix to this chapter. The analysisheiljuided by the following
two questions:

To what extent has there been a historical trend towardsriegsiality in
educational opportunities and in educational outcomesdsst persons
from different status backgrounds?

To what extent do the conclusions by De Graaf and Ganzebo®&8j1
hold when using more, and more recent data?

There are two reasons for choosing the study by De Graaf andegbaom (1993)
as a benchmark. First, it was part of a much-cited colleabbstudies of trends in
inequality of educational attainment in 13 different caied (Shavit and Blossfeld,
1993) and stood out at the time because of its deviant reshiésNetherlands, to-
gether with Sweden, was the only country that reported atantial change towards
less inequality of educational attainment. Second, it émathboth the association
between the highest achieved level of education and fanaibk@round (Inequality
of Educational Outcome, or IEOut) and the association betvibe probabilities of
passing transitions between levels of education (InetyuafiEducational Opportu-
nity, or IEOpps), and found a trend towards more mobility @ity while many other
studies tend to report only on one of these. IEOpp, whichasgmts inequality during
the process of attaining education, and IEOut, which reprssnequality in the final
outcome of the educational attainment process, are bothhstantive interest and
complement one another. While subsequent research (emgeGaom and Luijkx,
2004b) has already examined the additional available data the Netherlands in
passing, there has not been a major update of the De GraafamkBoom findings
since 1993.

This chapter will not only replicate De Graaf and Ganzebo®@98) using more
data, but it will also critique and improve some of the methaded by these authors.
The criticism will come in two parts. First, the 1993 studytains some errors that
can be easily rectified within the current context. Thesersrand their consequences
will be discussed during the replication. Second, | willigobut that the methods
used by De Graaf & Ganzeboom — and replicated in this chaptdp-rot make the
best use of the available information, and | will suggest fimprovements. These
five improvement require either the estimation of new madetsa substantial re-
evaluation of the interpretation of the existing modelsd @ach will be discussed
in a separate subsequent chapter in this dissertation. atugenof these possible
improvements will be further introduced in the conclusiohthis chapter.
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This chapter will continue with a brief description of theustture of the Dutch
educational system, followed by a review of a score of previempirical studies on
trends in inequality of educational attainment in the Nd#rels, and in particular a
detailed synopsis of De Graaf and Ganzeboom (1993), thehbmark study that will
be replicated. Next, the design of the replication will becdissed by introducing
the added data, followed by the results of the empiricalyaiml This chapter will
provide conclusions and the five suggestions for makingebetse of this type of
data, and introduce the subsequent chapters of the disserta

2.2 The Dutch education system

The Dutch education system has been subject to a number efogevents and re-
forms. A uniquely important watershed was the introducbbthe ‘Mammoet Wet’
or ‘Mammoth Law’ in 1968, that established the structurevanan Figure 3.1. This
reform is important to most studies in this dissertationduse it was implemented
at about the middle of the observation period. This meantstheae are plenty of
observations before and after this reform, so any effectay tmave had should be
clearly visible in these studies. It is convenient to choibie system as a reference
and translate all other systems in terms of this referente Basic structure of the
system at that point can be sketched as follows. Primaryagiunc(LO) started at
about age 6 and took 6 years. After finishing LO, a person nhase between four
programmes at the secondary level: LBO (junior vocatiodailcation), MAVO (ju-
nior general secondary education), HAVO (senior genexarsgéary education), and
VWO (pre-university education). Then there are three pattsravailable if you wish
to continue to more advanced levels of education. LBO and MAjive access to
MBO (senior secondary vocational education). HAVO giveseas to HBO (higher
vocational education). VWO gives access to WO (universtigwever, students can
deviate from these three standard paths, for instance bysafpto ‘move up’ within
their current column (LBO to MAVO, MBO to HBO, and so forthy, @nove down’
in the next column (HAVO to MBO, and VWO to HBO).

It is important to note that the Mammoth Law left some feaduvé Dutch edu-
cation intact. In particular, it did not tinker with the agevehich children move on
from primary to secondary education. Throughout the pesiogtudy, the basic cut-
off point in Dutch education has been at age 12, after 6 ydazsrapulsory primary
educatiod. This transition — which almost always implied, and stillesoimply, a
transfer to a different school environment — has been aestalalture. By contrast,

1Throughout most of this period of study pre-primary edwratr kindergarten for children aged four
and five was also quite common, but not compulsory. It becamealsory for childer aged five in 1985.
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Figure 2.1: The Dutch education system after 1968

VWO WO
(pre-university) (university)
T ™~
2?1:;3 general H].BO .
/ secondary) (higher professional)
|LO (primary) | T \
T—[MAVO MBO

(junior general (senior secondary
secondary) vocational)

r

(junior vocational)

LBO

the Mammoth Law changed the existing structure in many otlags, some dramatic,
others more cosmetic. One major reform was that the Mammatin éncouraged
schools to offer programmes at different levels (LBO, MAM@AVO, VWO) in the
same institution and also to offer a common and comprehefisst year (the ‘bridge
year’), thus giving the opportunity of postponing the desisconcerning which sec-
ondary level programme to enter by another year. Among thgrammes, the HAVO
level was new, although it resembled in some respects a @moge that had been
phased out in 1968 that was exclusively accessible to ¢ihd$). The 6-year VWO
programme assembled several previously existing oldegraromes (some lasting 5
years) that gave direct access to university (WO) at agerii&ddlition to the compre-
hensive ‘bridge year’, moving between programs after treaehhad been made was
made easier.

A somewhat cosmetic aspect of the Mammoth Law was that itgdcithe names
of most of the programmes. Table 2.1 shows the programméstiagir Mammoth
names, together with the equivalent old names, the numbezast of education they

involve, their British-language equivalents, and thefEED classification (UNESCO,
1997).



Table 2.1: Conversion of old educational levels into newoadional levels and simplified educational levels

English name before 1968 after 1968 durationlSCED
primary LO LO 6 1
extended primary VGLO - 7 1
junior vocational LTS /ambachtschool LBO 10 2C
junior vocational LHNO / huishoudschool LBO 10 2C
junior general secondary ULO/MULO MAVO 9/10 ’B
senior secondary vocational MTS MBO 14 3C
senior general secondary MMS HAVO 11 3B
pre-university HBS VWO 12 3A
pre-university lyceum VWO 12 3A
pre-university gymnasium VWO 12 3A
higher professional HTS HBO 15 5B
university universiteit WO 16 5A

@ Years refer to the situation after 1968 except VGLO.
b These levels were originally intended to be terminal leeélsducation for most students (so 2C or 3C)
but evolved into levels that primarily grant access to sqbeat levels of education.

Auenbaui jeuoneonps ul spuad) buneslday
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2.3 Previous research

A summary of the results of all studies assessing trendseiquality in educational
attainment using a (pooled) cross-section déesigrthe Netherlands is shown in Ta-
ble 2.2. The first to apply the cohort design in the Netherddndthe study of changes
in educational inequality were Peschar et al. (1986) andi2e$1987). These authors
used data from a single survey (net82n, see the appendiistoithpter) and found no
change over cohorts in the association between the highk&vad level of educa-
tion and family background, the IEOut. The studies by Pesahd colleagues were
followed by Ganzeboom and De Graaf (1989) and De Graaf andé&kamom (1990),
who improved on the earlier work by assembling multiple syss As a consequence
these studies contain much more observations and covega#iod of time. These
two studies and all subsequent studies using a similar désige found a downward
trend in IEOut, suggesting that Peschar’s earlier findingmfrend was a matter of
lack of statistical power.

A key feature of these early studies is that they examine $hecation between
the highest achieved level of education and family backgdoin other words, they
look at IEOut instead of IEOpp. This can be justified as it &shiighest achieved level
of education that influences later life chances, so it isuraity in the highest achieved
level of education that ultimately influences inequalitpther domains of life. How-
ever, the focus on final level completed has been criticiaed/lare (1981) for not
modelling the process through which education is attaiMate argued that attaining
a final educational level consists of a sequence of stepsleetlevels, called transi-
tions, and that the causal effects of parental backgroued their influences at those
transitions and not directly on the highest achieved lefetlocation. Moreover, Mare
(1981) showed that the IEOut is not a mere average of pattéingquality at sepa-
rate transitions, but that it is heavily influenced by theréisition of education. This
is an important finding because over cohorts the educattistibution changes dra-
matically, so that any change in the effect of parental bemlgd on highest achieved

2The main alternative to this pooled cross-sections desigostituted by studies using panel data that
follow a cohort of students through their educational car&xamples of this type of study are (Peschar,
1978; De Jong et al., 1982; Bakker et al., 1982; Meesters. efl@83; Vrooman and Dronkers, 1986;
Faasse et al., 1987; Dronkers and Bosma, 1990; Bakker armitech 1991; Dronkers, 1993; Bakker and
Cremers, 1994; Rijken et al., 2007). Unlike the studies gigiross-sectional surveys the cohort-panel
studies find at best mixed evidence for a declining trend @R at this transition. Panel studies have the
advantage that one can study actual transitions betweets lef education, and thus get better estimates
of IEOpps than is possible using cross-sectional data. Mesyvéhese data usually cover only the early
part of the educational career, making them ill-suited tadging IEOut. In fact, most of these studies
focus exclusively on the transition between primary andsédary education when students choose their
initial secondary programme instead of the entire educaticareer. Moreover, they cover a relatively short
period of historical time, and within this period the tresdisually estimated by comparing a small number
of cohorts (often only two).
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level of education could be due to changes in the distributfceducation rather than
by true causal changes of the inequality in the process afaiunal attainment. As
a consequence, Mare proposed to model the effects of s@kfbound on the tran-
sition probabilities instead of on the highest achievedlleVhis model is known by a
variety of names, including the sequential response madatifala, 1983), the con-
tinuation ratio logit (Agresti, 2002), the model for nestidhotomies (Fox, 1997), or
simply the 'Mare’ model (Shavit and Blossfeld, 1993). Thitcke will use the term
‘sequential logit model’ (Tutz, 1991) to emphasize thatidtig regression is used to
model the probabilities of passing transitions.

Those studies in Table 2.2 that use OLS, LISREL, scalede&stsan models and
log-linear models measure IEOut, while studies using tig@eetial logit model esti-
mate IEOpp. The findings of these studies can be summarizstdoag) evidence for
a linearly declining trend in IEOut and a linearly declinitngnd in the IEOpp involv-
ing the choice of whether or not to continue after primaryaadion, but only weak
evidence for a negative trend in IEOpp involving the choitiicther enrolment after
completing lower levels of secondary education, and noexdd for a trend in IEOpp
involving the choice to finish tertiary education.
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Table 2.2: Results concerning trends in IEOpp and/or IE@thé Netherlands from previous studies

study parental backgroufid birth cohorts method trend linear
Peschar et al. (1986) fed 1925-1964  log-linear no trend
Peschar (1987) fed 1925-1964  log-linear no trend
Ganzeboom and De Graaf (1989) fed 1891-1960  log-linear tivega

De Graaf and Ganzeboom (1990) fed 1891-1960  log-linear tivegayes

De Graaf and Ganzeboom (1993) foc fed 1891-1960  OLS & seightogit mixed  yes

De Graaf and Luijkx (1995) foc 1917-1957 OLS negative yes
Ganzeboom et al. (1995) foc fed 1908-1968 OLS negative
Ganzeboom (1996) foc fed 1920-1965  OLS & sequential logit xenfii  yes
Wolbers and de Graaf (1996) foc fed med 1928-1967  sequéotial no trend

Rijken (1999) foc 1900-1965  OLS & sequential logit negative
Korupp et al. (2000) foc moc 1927-1975 LISREL mised

Sieben et al. (2001) foc fed med 1925-1974  LISREL mixedyes
Korupp et al. (2002) foc fed moc med 1923-1962 OLS negative
Gesthuizen et al. (2005) foc fed med 1923-1978  survival thapa

@ foc = father's occupational status, fed = father’s educatinoc = mother’s occupational status, med = mother’s educat

b Negative for effect on highest achieved level of educatiod far the first transition, negative but not significant fioe t

second transition, not negative for the third transition

¢ Negative trend for effects on highest achieved level of atlon and effect of father’s occupation on transition frofimyary education
versus more education and effect of father’'s educationamsitions from primary education versus more educationi@mer secondary
versus more education

d Sjgnificant difference in effect of father’s occupation aughter’s education between cohorts 1927-1958 and 19%39;-a8 other
effects show no trend.

¢ Significant negative trend in effect father’s educationsigmificant trend in father’s occupation or mother’s ediszat

Z Jaideyd
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2.3.1 Results from the study by De Graaf and Ganzeboom (1993)
and the design of the replication

De Graaf and Ganzeboom (1993) looked at the changes in efféather’s educa-
tion and father’s occupation on the offspring’s highestiedd level of education
(IEOut) and the probabilities passing three transitioBOpps). The transitions De
Graaf and Ganzeboom (1993) analysed were: 1) from no diplonaay diploma
in secondary education (LBO, MAVO, HAVO, MBO, and VWO) or higr, 2) from
any diploma in lower secondary education (LBO, MAVO) to arnglama in higher
secondary (HAVO, MBO, and VWO) or tertiary education, 3)rfrany diploma in
higher secondary education to completed tertiary edut@ti®O, and WO). The his-
torical trends were assessed by comparing seven ten-ygarcahorts that were born
in 1891-1960. To evaluate trends, the authors tested whdifferences between co-
horts can best be summarized by a single linear trend ingttadeparate estimate
for each cohort. The findings can be summarized as follows:

1. Inequality of Educational Outcomes

(a) The data are better described by a linear main effecttafrtand by linear
trends in the effect of the father's education and the falmcupational
status than by separate estimates for every ten-year whd@tco

(b) The effects of father’s education and father’s occureti status both de-
crease over time.

(c) Father’s education has a stronger impact than fathecsimational sta-
tus, and the effect of the father’s occupational statusigesifaster than
the effect of father’s education. As a consequence, thetadfefather’s
education increases relative to father’s occupationaista

2. Inequality of Educational Opportunities

(a) There has been a negative linear trend for both the eftédhe father’s
education and the effect of the father's occupational statusuccess at
the first transition, between primary and secondary edoitati

(b) There has also been a negative linear trend for both feetefof father’s
education and the effect of father’s occupational statufiesecond tran-
sition, from lower-level secondary programmes to comptgtiigher-level
secondary programmes that give access to programmes ettibgytlevel.
However, this trend is non-significant, except for the dfféddather’s ed-
ucation for men.
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(c) There is no trend in the effects of the father's educatind the father’s
occupational status on the third transition.

The data to be used in this replication have been taken frosuB&ys held in the
Netherlands that were harmonized as part of the Interrat®matification and Mo-
bility File [ISMF] (Ganzeboom and Treiman, 2009). All ISMErseys contain infor-
mation on gender, age (year of birth), the highest achiexeel bf education and the
occupational status of the father (foc). Some of these gsrakso contain additional
information about mother’s occupational status (moc),fattter’'s and mother’s high-
est achieved level of education (fed and med). The appeadhis chapter reports for
each survey the year in which it was held, the birth cohortered by the survey, the
number of respondents, which additional variables ardablai, and whether or not
it was used by De Graaf and Ganzeboom (1993). In order tocagplthe analysis by
De Graaf and Ganzeboom (1993) only the ISMF surveys thatalstain information
about the father’'s education will be used. The number of sucteys available in the
ISMF has increased from 10 in the 1993 study to 43 in this cafitn. The number
of respondents has increased from 6,128 men and 5,116 wan85)846 men and
34,022 women. This replication also covers more recenh lmohorts: 1891-1980
instead of 1891-1960.

In order to replicate the approach followed by De Graaf andzZ8aoom (1993),
only respondents who were older than 25 at the time of the\ie® were used in
the analysis, but no upper age limit was imposed. The loweit Ensures that the
respondents have finished their full-time education andisi final highest achieved
level of education is known. The absence of an upper age fimkes it possible
to include the earliest cohort, 1891-1900, whose membeas atdeast 62 when they
were interviewed in 1958, when the earliest ISMF surveytieietherlands was held.
A concern might be that including data from older responsleah cause selection on
the dependent variable, as higher educated people are ikelseto live longer than
lower educated people. Such a selection on the dependéaibleacan lead to biased
estimates of the effect of explanatory variables (Bree®6)9 For this reason the
earliest cohort is excluded from the analysis in the subsechapters. However, in
order to match the design of De Graaf and Ganzeboom (1998)cdmort will be
included in this chapter.

Education of parents and respondents were measured indtegaries: primary
education (LO), lower secondary education (LBO and MAV@jhler secondary edu-
cation (HAVO, MBO, and VWO), and tertiary education (HBO am®d). Notice that
the second transition groups together two very differenicds: HAVO and VWO
are immediately chosen after primary education, while MB@ only be chosen after
having finished lower secondary education. Also HAVO and VW@ not intended



Replicating trends in educational inequality 27

as terminal levels of education, while MBO is a terminal leveeducation. How-
ever, these levels were grouped together because notadhysudistinguished between
them. In concordance with the study by De Graaf and Ganzel{@668), the four
levels were given the numerical values 1 to 4. Using thesatifications, the distri-
bution of the respondent’s highest achieved level of edoicatver cohort and gender
is displayed in Figure 2.2. It shows that people who were boore recently are more
likely to have completed higher secondary or tertiary etlanaand much less likely
to have completed only primary education. This increasevérage level of educa-
tion across cohorts is found in many — if not all — countrias] & usually referred
to as ‘educational expansion’ (Hout and DiPrete, 2006)ukEg.2 shows that edu-
cational expansion in the Netherlands occurred later fanem than for men. Both
the initial disadvantaged position of women and the declimeven reversal, of this
disadvantage are also features commonly found in othertdesrfHout and DiPrete,
2006).

Figure 2.2: Distribution of highest achieved level of edigra
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Father’s occupational status was measured according tatiher’s score on the
International Socio-Economic Index of occupational ISEI] (Ganzeboom and
Treiman, 2003) which was originally measured on a contisusale from 10 (low
status) to 90 (high status), but has been rescaled here tgja b&&tween 0 and 8.



28 Chapter 2

2.4 Results

2.4.1 Inequality of Educational Outcome

To model Inequality of Educational Outcome, a linear regim@sof highest achieved
level of education was estimated separately for men and worfibe effects of the
father's occupation and the father's education capturdBE@ut. These effects are
allowed to vary over cohorts by adding interactions witheita set of dummy vari-
ables for the birth cohorts (to capture a non-linear trend} single metric variable
(to constrain the trend in IEOut to be linear). This resultaiiset of nested models,
which are presented in panel (a) of Table 2.3 together wigir fR?. These models
are compared using nested F-tests. These F-tests comuanedulels, a larger and a
smaller model, in the situation that the smaller model cantidained by imposing a
linear constraint on the larger model. ThésRf the two models being compared and
the F-statistic are related to one another according todlf@fing formula:

(Ri - Rz)/dfnum
(1 - RZ)/ddenom

R2 stands for the?? of the larger (unconstrained) modé&#? represents th&? of
the smaller (constrained) modé€,, .., represents the numerator degrees of freedom
or the number of linear constraints, ati}....,, the denominator degrees of freedom
or the number of observations minus the number of paramieténs larger modél

There are two aims to these comparisons. The first aim is &sasghether trends
in the effects of father’s occupation and education arealindhis is based on the
comparison of the models in which cohort is represented tet afslummy variables
with the models in which cohort is represented by a lineandreThe second aim
is to assess whether there has been any trend at all. Thikisamtcan be made by
comparing the models without a trend interaction term witidels with a linear trend.
A problem with the approach by De Graaf and Ganzeboom (193Bjt they started
their analysis by imposing the constraint that the mainctfé¢ cohort is linear. Once
the main effect of cohort is constrained to be linear, thisicfluence the linearity of
the interaction terms (the trends in the effects of fathetfscation and occupation).
This would be unfortunate since it is these latter trends dha of primary interest;
they are the trends in IEQut we are testing. It is safer todehe trend in the intercept
free to vary, while testing the trends in the effects. Thipesrs to matter, as the
original sequence of tests by De Graaf and Ganzeboom (18883 fto a linear effect
of father's education for women and non-linear trends inoétler effects, while in

F= (2.1)

3De Graaf and Ganzeboom (1993) erroneously state that therdeator degrees of freedom equals the
number of observations minus the number of parameters isrttadler model.
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the sequence preferred here only the effect of father'saehrcfor men is non-linear.
However, a graphical comparison of the estimates usingatpeohorts and a linear
trend as in Figure 2.3 shows that in all cases the linear tpradides a reasonable
summary of the changes over cohorts.

Table 2.3: Test for trends in Inequality of Educational @ue

(a) Fit statistics

model constraints number of 2R

father’s father's Intercept parameters men  women
education occupation

sequence of models as used by De Graaf and Ganzeboom (1993)

1 dummies dummies dummies 26 0.277 0.366
2 dummies dummies trend 19 0.276 0.365
3 trend dummies trend 12 0.276 0.365
4 trend trend trend 5 0.275 0.363
5 trend constant trend 4 0.274 0.362
6 constant  trend trend 4 0.270 0.360
7 trend trend constant 4 0.240 0.319
preferred sequence of models
8 trend dummies dummies 19 0.277 0.365
9 trend trend dummies 12 0.276 0.365
10 trend constant dummies 11 0.275 0.365
11 constant trend dummies 11 0.272 0.362
(b) Tests

men women

contrast dfun  dfgenom F p  dfjenom F p

sequence of models as used by De Graaf and Ganzeboom (1993)

2-1 7 35813 7.066 0.000 33999 5.499 0.000

3-2 7 35820 2.763 0.007 34006 0.978 0.445

4-3 7 35827 3.262 0.002 34013 13.840 0.000
5-4 1 35834 59.733 0.000 34020 40.670 0.000
6 -4 1 35834 260.915 0.000 34020 142.971 0.000
7-4 1 35834 1743.814 0.000 34020 2355.229 0.000
preferred sequence of models

8-1 7 35813 1.940 0.059 33999 0.647 0.717

9-8 7 35820 4.177 0.000 34006 1.048 0.395

10-9 1 35827 58.644 0.000 34013 42.788 0.000
11-9 1 35827 186.240 0.000 34013 179.970 0.000
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Figure 2.3: Inequality of Educational Outcome (unstand@dicoefficients)
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The parameter estimates of models 4 and 9 are presentedlnZldbThe differ-
ence between these models is that in model 4 the trend intireapt is linear, while
in model 9 it is left free to vary across cohorts. The main@fef the father's edu-
cation and the father’s occupation represent the IEOQutaretrliest observed cohort,
1891-1900. As in De Graaf and Ganzeboom (1993), these &ffieetnot standard-
ized, so the effect of father’s education is the effect oframease in father’s education
by one level, while the effect of father's occupation is thie@ of an increase in
father's occupational status by ¥/8f the range of the occupational status scale. The
trend parameters are changes in these effects per decagleia®mo get a sense of the
size of the trend is to extrapolate when the IEOut will haveaptetely disappeared if
the trend continues unchanged. According to model 9, tleeedff father’s education
will have completely disappeared for the cohort that willdzen in 2009 and 2017
for men and women respectively. Similarly, the effect ohéats occupation will have
disappeared for the cohort born in 2025 and 2041 for men amdenagespectively.

De Graaf and Ganzeboom (1993) also claim to have found that]ative terms,
the effect of father's education has become more importeart father's occupation.

4The effect of father's education for men in model 9 is .54750.6 t, this will be zero at t= -.547/-.050
= 10.94 decades after 1900, that is in 2009
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Table 2.4: Estimates of IEOut and trend in IEOut

men women
model4 model9 model4 model9
effect father’s education 0.578 0.547 0.491 0.525

(29.94) (27.05) (27.45) (28.26)
trend in effect father’s education -0.056 -0.050 -0.038 0486.
(-16.15) (-13.65) (-11.96) (-13.42)
effect father’s occupation 0.214 0.213 0.182 0.184
(18.14) (18.07) (16.63) (16.82)
trend in effect father’s occupation -0.017 -0.017 -0.013 .01G
(-7.73) (-7.66) (-6.38) (-6.54)

t statistics in parentheses
The intercept and the dummies for the different cohorts ateeported

They explained this finding by assuming that father’s octiopacorresponds more
closely to the economic resources available in a family evttie father’s education
correspond more closely to the cultural resources in thélfamhe decrease in the
influence of economic resources would be in line with modetidn theory, while

cultural reproduction theory would predict an enduringuafice of the cultural re-
sources of the parents on especially secondary and teetiargation.

However, their analysis of this issue is problematic for t@asons. A first con-
cern arises because they make the effects of father’s edneatd occupational status
comparable by standardizing within each cohort, and peowial justification for this
choice. This method of standardization implies that theealf the respondent’s ed-
ucation changes as the distribution of the respondent’sataun changes, and that
the values (in terms of being able to influence their offsgareducation) of the
father’s education and occupational status change as $tribdtions of these vari-
ables change. The first idea is common, and is often refeorad tliploma inflation.
However, the parameterization chosen by De Graaf and Gaoeeloverlooks the
fact that the value of a level of education is not only deteediby how many peo-
ple have a certain diploma, but also by the demand for peoipethat diploma. For
this reason, the simpler parameterisation of standagilztween cohorts is preferred
here, i.e. standardizing using the overall standard devisiof the variables instead
of using the cohort-specific standard deviations.

A second, and more serious, concern is that De Graaf and Gaozeuse the
model with linear trends in the effects of father's eduaatiad occupation to compute
the ratios of these effects. The assumption of linear trémgdéies changing ratios
unless there is no trend in both effects or when both effe<Daat cohort 0. So
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this model is clearly not appropriate for studying changethe relative sizes of two
effects. The appropriate model is to estimate separatetgffer each cohort without
imposing a linear change over time (model 1 in Table 2.3)ufé@.4 shows how these
ratios change over cohorts according to the different mwaledl standardizations. The
preferred ratios are those based on coefficients that wamdatdized between cohorts
in model 1, the bottom right graph of Figure 2.4.

Unlike the conclusions of De Graaf and Ganzeboom (1993)sitteeof the effect
of the father’s education relative to the father's occupaseems to actually decline,
instead of rise. There is however one feature of this treatlithhard to explain, and
that is the sudden spike in the ratio for men from the coho#119950. In other
data, such a spike would be attributed to outlying obsesuatior — as this dataset
consists of multiple surveys — an outlying survey. Howethag cohort happens to be
the largest cohort containing the largest number of obs§ensand surveys, so that
no single observation or survey can have a major influencis.f€ature thus remains
unexplained.
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Figure 2.4: The effect of the father's education relativéhie father’s occupation in
model 1
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2.4.2 Inequality of Educational Opportunity

As in De Graaf and Ganzeboom (1993), the IEOpps are defineldeagssociation
between father’s occupational and educational statustengrobabilities of passing
three transitions: 1) from a diploma in primary educatioany diploma in secondary
or tertiary education, 2) from a diploma in lower secondatyaation to any diploma
in higher secondary or tertiary education, 3) from any dipoin higher secondary
education to completed tertiary education. These IEOpps weasured using the
sequential logit model as proposed by Mare (1981). Sephrgiemodels were es-
timated for each transition, conditional on having paseedarevious transition. As
with the analysis of IEOut, the analysis of IEOpp will consitwo parts: a sequence
of tests on the trends in the effects of the family backgrowemibbles, and a com-
parison of the effects of father’s education and fathertsupation by computing the
ratios of standardized coefficients. The concerns with fipga@ach taken by De Graaf
and Ganzeboom discussed when analysing IEOut also apy (#rit is better not
to constrain the trend in intercept to be linear before ngstvhether the trend in the
effects of family background variables is linear; (B) whésmslardizing, it is better to
standardize between cohorts and not within cohorts, anav{@n comparing ratios
of effects across cohorts, it is better to base those ratios model that allows the
effects to change freely across cohorts.

Tables 2.5, and 2.6 represent the tests for the trend in IEEQpivalent to the tests
performed on the trend in IEOut. Instead of comparing the etwdsing the F-test,
the models are compared using the likelihood ratio teshasttest is only available
for models that are estimated using ordinary least squarks. difference between
the F-test and the likelihood ratio test is that the F-tdgtdanto account the fact that
it is based on a finite sample (through the denominator degreé&reedom) while
the likelihood ratio test assumes an infinitively large skenthong, 1997). Since the
sample size is very large, the distinction is negligiblehiis tase. The test statistic of
the likelihood ratio test is twice the absolute value of tifeedence in log likelihood
of the two models that are compared, and #sdistributed if the null hypothesis is
true.

Despite the enormously expanded database, the resultsrgrsimilar to the ones
found by De Graaf and Ganzeboom (1993), as can be seen inZ@tdad Figure 2.5.
There is a clearly declining trend in IEOpp for the first tiéing, and there is still
mixed evidence for a trend in IEOpp for the second transitibime trend at the third
transition is more complex: the effect of father’'s eduaafior men is significantly
declining, while the effect of father’s occupational stafar women is significantly
increasing. The latter increase in inequality could be dubé fact that the group of
women at risk of entering tertiary education has become kst selective over the
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period that is being studied, meaning that there is more riodire recent cohorts for
an effect of family background. Also the IEOpps are highastie first transition,
and lowest in the last transition. This pattern has beentifiesh by De Graaf and
Ganzeboom (1993) and in many other countries (Hout and RiP2&06), and two
explanations have been put forward by Mare (1980). Firsthilgher transitions are
usually made when the person is older, and older personsssalependent on their
family than younger persons. Second, there is only a selextb-sample at risk of
making the higher transitions - those who passed the prswiamsitions - and this
selection causes a negative correlation between unolatsand observed variables,
leading to an underestimation of the effects of the obseveedbles. Using pooled
cross-section data from a single country, little can be ahwlt the relative merits of
these two explanations (but see Rijken, 1999).



Table 2.5: Tests for trend in Inequality of Educational Oppity, fit statistics

9€

model constraints number of  log likelihood

father’'s father's Intercept  parameters  Transition 1 Titaors2 Transition 3

education  occupation men women men women men women
sequence of models as used by De Graaf and Ganzeboom (1993)
1 cohort cohort cohort 26 -11459.63 -11466.26 -17627.82 974%6 -13113.89 -10400.2
2 cohort cohort trend 19 -11466.91 -11474.63 -17637.98 0461 -13131.26 -10402.6
3 trend cohort trend 12 -11472.44 -11480.77 -17643.93 -1680 -13137.93 -10405.32
4 trend trend trend 5 -11481.91 -11498.8 -17654.31 -16125.83160.26  -10428.09
5 trend constant trend 4 -11502.24 -11534.05 -17655.57 3669 -13161.88 -10434.22
6 constant trend trend 4  -11496.98 -11503.68 -17655.87 24466 -13170.69 -10428.98
7 trend trend constant 4 -11789.77 -11974.58 -17705.37 6862 -13160.43 -10428.27
preferred sequence of models
8 trend cohort cohort 19 -11463.52 -11477.02 -17633.94 718 -13116.76 -10403.12
9 trend trend cohort 12 -11473.47 -11478.73 -17641.29 0508 -13124.52 -10408.33
10 trend constant cohort 11  -11493.79 -11509.3 -17642.485983.47 -13125.37 -10413.23
11 constant trend cohort 11 -11488.98 -11484.27 -17643.895981.32 -13128.64 -10408.98
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Table 2.6: Tests for trend in Inequality of Educational Oppoity, Tests

Transition 1 Transition 2 Transition 3
men women men women men women
contrast _ df X p X p X p X p X p x* p

sequence of models as used by De Graaf and Ganzeboom (1993)

2-1 7 14543 0.042 16.740 0.019 20.319 0.005 61.285 0.0007484. 0.000 4.801 0.684
3-2 7 11.060 0.136 12.273 0.092 11.892 0.104 3.574 0.827 283.30.065 5.435 0.607
4-3 7 18955 0.008 36.066 0.000 20.753 0.004 237.417 0.000.6744 0.000 45.546 0.000
5-4 1 40.659 0.000 70.495 0.000 2532 0.112 22371 0.000 13.28.072 12.252 0.000
6-4 1  30.133 0.000 9.754 0.002 3.118 0.077 0.719 0.396 20.88D00 1.784 0.182
7-4 1 615.704 0.000 951.552 0.000 102.121 0.000 285.432 00.000.342 0.559 0.350 0.554
preferred sequence of models

8-1 7 7.779 0.353 21508 0.003 12.242 0.093 5,527 0.596 5.7a%70 5.838 0.559
9-8 7 19.895 0.006 3.435 0.842 14.690 0.040 6.936 0.436 15.52.030 10.423 0.166
10-9 1 40.648 0.000 61.130 0.000 2.390 0.122 5.147 0.023 11.69.193 9.803 0.002
11-9 1 31.024 0.000 11.064 0.001 5.206 0.023 0.857 0.355 08.28.004 1.294 0.255

Auenbaui jeuoneonps ul spuad) buneslday
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Figure 2.5: Inequality of Educational Opportunity
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The relative sizes of the effects of father’s occupationfatiter’s education can be
studied by computing the ratio of the standardized coeffisief these two variables.
The results are shown in Figure 2.6. A striking feature obéhgraphs is the large
degree of variability of some of these estimates, so muchatwne of these estimates
(the youngest cohort for women in the first transition) nektdebe truncated in order
to obtain interpretable graphs. This degree of uncertaintynderstandable: there is
very little information present in the data because eitherd are very few people at
risk of passing (transition 3), or virtually everybody passhat transition (transition
1). For this reason there is also little evidence for a trenithé ratio of the effects of
father’s education and father’s occupation.
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Table 2.7: Estimates of IEOpp and trend in IEOpp

men women
model4 model9 model4 model9

Transition 1

effect father’s education 1.407 1.440 1.104 1.121

(13.64) (13.26) (13.10) (13.11)
trend in effect father’s education -0.109 -0.117 -0.054 050.
(-5.50) (-5.50) (-3.12) (-3.31)
effect father’s occupation 0.530 0.530 0.572 0.545
(13.23) (13.20) (14.56) (14.04)
trend in effect father’s occupation -0.056  -0.057 -0.073 .068
(-6.39) (-6.38) (-8.45) (-7.85)

Transition 2

effect father’s education 0.676 0.710 0.532 0.628
(11.50) (11.59) (8.91) (10.33)

trend in effect father’s education -0.019 -0.026 0.009 10.0
(-1.77)  (-2.28) (0.85) (-0.92)

effect father’s occupation 0.297 0.296 0.431 0.335

(8.34) (8.21) (10.84) (8.45)

trend in effect father’s occupation -0.010 -0.010 -0.033 .016

(-1.59) (-1.55) (-4.73) (-2.27)

Transition 3

effect father’s education 0.536 0.446 0.376 0.367
(8.80) (7.20) (5.29) (5.08)

trend in effect father’s education -0.049 -0.031 -0.016 01a.

(-4.56) (-2.86) (-1.33) (-1.14)

effect father’s occupation 0.125 0.148 0.018 0.034
(2.95) (3.47) (0.35) (0.66)

trend in effect father's occupation 0.013 0.010 0.029 0.027
(1.80) (1.30) (3.50) (3.13)

z statistics in parentheses
The intercept and the dummies for the different cohorts ateeported
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Figure 2.6: The effect of the father’'s education relativéhie father’s occupation in
model 1
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2.5 Summary and discussion

2.5.1 Summary

When studying the effect of parental background on educatiattainment, one has
to distinguish between two types of effects: the effect antifghest achieved level
of education, and the effect on the probabilities of pasHiegransition between the
levels of education that make up the educational system.fdiineer represents the
inequality in the end result of the educational process|aeathie latter represents in-
equality during the process of attaining education. Fa thason they are called In-
equality of Educational Outcome (IEOut) and Inequality duEational Opportunity
(IEOpp), respectively. This chapter examined long-terends in IEOut and IEOpp
in the Netherlands by replicating a study by De Graaf and &aoam (1993) using
more data and more recent data. This study was chosen aslanenkeas it is much
cited and provides estimates of both IEOpp and IEQOut. Thedithis replication
was to answer the following two questions: (A) To what exteat a trend toward less
inequality in educational opportunities and in educatiandécomes between persons
from different family backgrounds occurred in the Netheds? (B) To what extent
do the conclusions by De Graaf and Ganzeboom (1993) hold whieig more and
more recent data?

Despite the fact that this replication used a little morentfige times as many
respondents and covered 20 additional years, the resuitdargely the same asin the
benchmark study: negative trends in IEOut, and in IEOppHfetttansition whether or
not to continue after primary education, mixed evidencafoegative trend in IEOpp
for the choice of track during secondary education, and chesadence for trends
in IEOpp for the transition whether or not to finish tertiargueation. The major
deviation from the findings in the benchmark study involveslitelative impact of the
father’'s education compared to the father’s occupatidasis. Due to an error in their
method, De Graaf and Ganzeboom (1993) concluded that ther&education had
become relatively more important, while this replicatioising the correct method,
found no such trend.

2.5.2 Discussion: how the remaining chapters can improve ahis
study

The design in this study contain five problems, each of whidhhe discussed in
a subsequent chapter in this dissertation. The first proidetimat values need to be
assigned to each level of education in order to study IEQwd,the scale of educa-
tion used in this study is rather crude and arbitrary: 1 fdy gmimary education, 2
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for lower secondary education, 3 for higher secondary dthrgaand 4 for tertiary
education. More sophisticatedpriori scales of education exist, mostly based on the
institutional number of years assigned to each level. Imegitase, the value of each
level of education is assumed to remain constant over tings dssumption can be
guestioned as the large increase in the number of peoplehithher level of educa-
tion can be assumed to have led to a decrease in the valuenefriéyels of education.
In Chapter 3 | will empirically estimate a scale of educaiiorder to examine this
hypothesis, and to compare the resulting scale avjthiori scales, including the crude
measure used here.

The second problem refers to the way trends in effects araatstd. Two extreme
methods were used to test for trends. On the one hand theitrendstrained to be
linear, while on the other hand completely separate effatsestimated for each
cohort. An intermediate solution is to estimate the trend asiooth curve. This also
allows one to estimate at which point in time such a trend ghdnThis will be done
in Chapter 4 using local polynomial regression. In the otttapters, trends will be
estimated using restricted cubic splines, which are moneamient to estimate but
less suitable for exactly pinpointing when the trend chahge the restricted cubic
spline model imposes constraints on the change in trendthedeginning and the
end of the period under study (Harrell, 2001).

The third problem refers to the informal way in which the hihmsis concerning
changes in the relative influence of father’s education atttef’s occupational status
were tested. In Chapter 5 | will propose a model that can bd tsexplicitly test
whether the relative contributions of parental educatiwhgarental occupational sta-
tus has remained constant or not. Moreover, this chaptealsd investigate whether
relative influences of the father and the mother have rerdainastant or not.

The fourth problem is that the estimates of IEOut and IEOpptezated sepa-
rately, while in fact the two are related, since IEOut reprgs inequality in the end
result of the educational process and IEOpp inequalitydithe educational process.
Chapter 6 will explore the way in which these two types of indy complement one
another. IEOut will be shown to be a weighted sum of IEOppshgbat an IEOpp
receives more weight if: 1) the proportion of people "at fiskmaking that transition
increases; 2) the proportion passing that transition isesldo 50%, that is, passing
or failing that transition cannot be described as ‘almostensal’; and 3) the differ-
ence in expected level of education between those who pakthase who fail to
make the transition increases, that is, the expected ghiewsd by passing increases.
Educational expansion would thus condition the role of IE®f predict IEOut by
making some transitions become more important, for ingderause more people
have become at risk of passing that transition, while otfarsitions have become
less important, for instance because virtually everybabsps that transition.
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The fifth problem is that the estimates of IEOpp are potdgtsnsitive to the
exclusion of (unobserved) variables, like ability or mation of the respondent. Ex-
cluding these variables from the model will change the tssiten if these variables
are uncorrelated with the variables in the model at the fiastsition. This means that
the estimates of IEOpp are likely to be biased even in the jpestible case, when
none of the omitted variables are confounding variabless Phbtential influence is
the result of two mechanisms: The first mechanism is thatdgavvariable out means
that the probabilities will be averaged over these unoleskvariables. This will in-
fluence the estimates of IEOpp as the IEOpp is a non-lineasfivamation of these
probabilities (it is the logarithm of the ratios of odds).Ghapter 7 | will call this the
averaging mechanism. The second mechanism is that the EEQpater transitions
are based on a selected sample: only those students whorésk @t passing these
transitions. This selection can cause a negative comelattween the observed and
unobserved variables. | will call this the selection medsian Finding a solution to
this problem is difficult as such an analysis has two conttady aims: on the one
hand one wants to perform an empirical analysis while on therchand one wants
to control for variation that has not been observed. Chapfmoposes one possible
solution: estimate the IEOut given a scenario specified byréisearcher concerning
the unobserved variable. By presenting results of mulgpknarios one can give an
indication of the range of plausible values of IEOpp.
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Appendix: Description of data sources

Table 2.8: Description of surveys on the Netherlands thapart of the International
Stratification and Mobility File (Ganzeboom and TreimanQ2p

study* year cohorts N additional
variable$

nets8 1958 1891-1933 987

net67 1967 1896-1942 1162

net67t 1967 1927-1942 387

net70-¢ 1970 1891-1945 1569 fed med

net71¢ 1971 1898-1944 1223 fed

net7x¢ 1971 1891-1946 1507 fed

net74p¢ 1974 1891-1949 852  fed med

net76f’d 1976 1900-1951 689 fed

net7 74 1977 1891-1952 3116 fed med moc

net77é¢ 1977 1891-1952 1339 fed

net79|§’d 1979 1891-1954 1344 fed med

net81¢ 1981 1891-1956 1697 fed

net82¢ 1982 1891-1957 1184 fed

net82ri-¢ 1982 1917-1957 1783 fed med

net82uw? 1982 1917-1957 621  fed moc

net856-¢ 1985 1904-1960 3372 fed med

net86éd 1986 1893-1961 1266 fed

net86f 1986 1907-1961 3094 fed med

net87i 1987 1907-1962 1335

net87fvd 1987 1897-1962 715 fed

net87s 1987 1915-1962 730 moc

net88d¢ 1988 1912-1963 3644 fed

neto® 1990 1920-1965 1894 fed

neto0d 1990 1913-1965 3471 fed

net9lj 1991 1909-1966 736

net92f 1992 1915-1968 1644 fed med moc

net92d 1992 1911-1967 3690 fed

net92¢ 1992 1903-1967 1753 fed med moc

net94é 1994 1905-1969 1445 fed med moc

net94l 1994 1913-1969 913 fed med moc

(Continued on next page)
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Table 2.8 — continued from previous page

study* year cohorts N additional
variable$
neto4d 1994 1911-1969 3512 fed
net95 1995 1916-1970 1716 fed med moc
net9s¢ 1995 1925-1970 1688 fed med
net9s5y 1995 1944-1970 1187 fed med moc
neto@ 1996 1909-1971 697 fed med moc
net96¢ 1996 1901-1971 1148 fed med moc
net96d 1996 1911-1971 3823 fed
net96y 1996 1962-1971 271 fed med moc
netog! 1998 1902-1973 737 fed med moc
net98¢ 1998 1908-1973 1314 fed med moc
net9ogf! 1998 1915-1973 1856 fed med moc
net98d 1998 1911-1973 4041 fed med
netog 1999 1906-1974 2150 fed med moc
neto94 1999 1904-1974 7671 fed med moc
net9of 1999 1916-1974 1188 fed med
net00f 2000 1916-1975 1450
net00¢ 2000 1930-1975 888 fed med
net02¢ 2002 1907-1978 1888 fed med moc
net03f 2003 1924-1978 1835
net03rf 2003 1923-1979 7520 fed med moc
net04€¢ 2004 1910-1980 1593 fed med moc
net04it 2005 1912-1980 1540 fed med moc
net06¢ 2006 1912-1981 1560 fed med moc
neto6t! 2006 1907-1981 1729 fed med moc

@ Codes refer to the data references

b moc is the mother’s occupational status; med is the motledrgation;

fed is the father’s education

¢ used in (De Graaf and Ganzeboom, 1993)

4 ysed in replication

45
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Chapter 3

Scaling levels of education

3.1 Introduction

Education is an important stratifying mechanism in modenieties (Hout and DiPrete,
2006). For that reason, education is entered in many modeditlzer an explanans
or as the explanandum, often by turning education into aimeairiable using in-
stitutional durations, in other words, the number of yeaistandard student’ would
take to obtain a diploma for an educational category. Theuatdge of this way of
scaling education is that it has a meaningful metric andttiede values can often be
easily obtained from official or pseudo-official documerdgwever, there are also a
number of disadvantages. First, it conflates duration walbe, which are two related
but different concepts. Second, these scales can somdae$o a rank order of
educational categories that does not conforra fwiori knowledge about the educa-
tional system, thus requirired hoccorrections. Finally, this way of scaling education
leads to constant values of educational categories over tirhile there is an influen-
tial hypothesis — the credential inflation hypothesis — thatvalues of educational
categories have changed over time. In order to deal withetligstations, in this
chapter | will estimate a new scale of education for the Nedinels in the 2t cen-
tury. These levels of education are not directly observestead one can observe the
respondents’ educational category and the associatiovebatthese categories and a
number of positive outcomes, for example: a better job, &drigncome, or access
to more desirable social networks. This chapter will ceat@ind one such positive
outcome: the respondent’s occupational status. The ideeacigate a metric variable
of level of education by assigning values to each educdtiratagory such that this
metric level of education optimally predicts the resportdestcupational status. No-
tice that this implies a distinction between the scalingdf@tion, that is, the relative
values assigned to each educational category, and the efféwe metric education
variable on occupational status.

This scale will be used to answer two questions. The firsttgpres: Which val-
ues best represent each educational category in the Netdefl The estimated values
of the educational categories are put into perspective bypeoing the estimated val-
ues with the values from a commonly uszgriori scale (Ganzeboom and Treiman,
2009) for the relative distances between educational oategjin the Netherlands that

47
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is based on institutional durations. The second questidiass have the values of the
educational categories changed over time? There are twbhanins through which

the values of the educational categories can change: &ihstational systems are of-
ten subject to reform. Such reforms may lead to changes uresaif the educational
categories that are treated as equivalent, either fornaallp practice. This means
that such an educational category before and after themesbould be treated as two
distinct categories. Second, changes in the number ofidwls with higher levels of

education relative to the demand for highly-educated wwrkeuld lead to changes
in the values of the educational categories. (Rumberg&1;1Glogg and Shockey,

1984; Van der Ploeg, 1994; Wolbers, 1998; Hartog, 2000; Gand Maassen van den
Brink, 2000; Wolbers et al., 2001). The credential inflatfypothesis predicts that
the supply of highly-educated labor has increased faster tihe demand for highly-

educated labor, thereby leading to a decrease in the vahlbanfucational categories.
However, not all forms of credential inflation (or for that tteat its opposite, credential
deflation) will influence the scale of education. The reasmrttis is that the scale

of education only measures the relative distances betweeeducational categories.
So, if all educational categories are equally affected leglential inflation, then the

relative distances between the categories, and thus thes sgkremain unchanged.

Credential inflation will only influence the scale of eduoaitif it affects some educa-
tional categories more than others.

3.2 Previous research

The two questions will be answered by decomposing the associbetween the re-
spondents’ educational categories and occupationalksitatin a metric scale for the
level of education and the effect of the level of educatioritr@noccupational status.
Changes over time in the association between educatiotegjades and labor market
outcomes have already been intensely studied as part obtiieowersy surrounding
credential inflation. Credential inflation is the hypotlsetsiat the number of people
with higher levels of education has increased faster thawalé&mand for these people.
As a consequence, those with higher levels of educatiohataepting lower jobs,
pushing those who would normally take those jobs furthermdaivus leading to a
decrease in the value of all the categories of educationt Meearch in this area does
not distinguish between the effect of education and theeswfadducation (Rumberger,
1981; Clogg and Shockey, 1984; Van der Ploeg, 1994; Wold&&3; Hartog, 2000;
Groot and Maassen van den Brink, 2000). The most commonty msasure of cre-
dential inflation is the incidence of overeducation, defiasthaving attained a higher
level of education than is required for the job. The evidemegarding the changes
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in the rate of overeducation is rather mixed: on the one hanaesstudies find an
increase in the incidence of overeducation (Rumbergerl;188gg and Shockey,
1984; Wolbers, 1998), while on the other hand a meta-arspfshese studies shows
that there is little empirical evidence for such a trendthesi internationally nor in
The Netherlands (Groot and Maassen van den Brink, 2000).eMerystudying the
incidence of overeducation provides only a partial answehé questions that are
posed in this chapter, as it conflates the scale of educattbrive effect of education.

The study that comes closest to distinguishing betweencdie sf education and
the effect is that by Wolbers et al. (2001), who distinguigitmieen what they call
structural change, which corresponds to changes in the s€allucation, and change
in association, which corresponds to changes in the effieetiocation. But even
though Wolbers et al. (2001) make this distinction in theoryhe end they decide not
to apply it in their empirical work. Instead of estimatingtbdhe scale and the effect
of education, and testing whether or not either has changedtime, theya priori
fixed the values of the educational categories at the pexgerf respondents with at
least the same level of education. Their argument for notkameously estimating
a model with a changing scale of education and changingteffeeducation is that
they claim that this model is not identified (Wolbers et D02, p. 12). However, as |
will show in section 3.4, this model is equivalent to a modkiah includes education
as a categorical variable and interacts that categoricalhle with time, and is thus
identified.

3.3 The Dutch educational system

A short description of the Dutch educational system is giveorder to put the scale
of education that will be estimated in perspective. Thigualsion of the Dutch edu-
cational system will, in part, be framed as a discussion oatwhppened before and
after the introduction of an important educational refonmlP68 called the Mam-
moetwet or ‘Mammoth Law’. This does not mean that the Mamnhatlv is the only
educational reform that occurred during the period undedystlt merely means that
it was the most comprehensive change to the Dutch educhsipstam. The systems
before and after 1968 are presented in Figure 3.1. Althohighréform represented
a significant change in the system, there are also many &sathat have remained
unchanged. The most important of these is that througheutikntieth century the
educational system in the Netherlands remained a so-dadlekled system. Immedi-
ately after primary education, students have to choosedmstfiour tracks: junior vo-
cational (LBO), junior general secondary (MAVO), seniongeal secondary (HAVO),
and pre-university education (VWO). Within the two loweadks students can choose
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to continue to senior secondary vocational education (MB@@her professional ed-
ucation (HBO) is accessible through HAVO and VWO, while wmsity is accessible
through VWO. The abbreviations used above are the namessé tavels after 1968,
which will be used in this chapter as the generic names fartivategories unless it
is necessary to refer explicitly to the pre-1968 category.

The main differences before and after the reform of 1968tetit became easier
to move between tracks, and that the choice between tranksegaostponed by a year
with the introduction of a common and comprehensive firstr yeenediately after
finishing primary education, a so-called ‘bridge year'. Befing the scaling of levels
of education, the most important changes are that the Mamireasw fundamentally
changed the nature of at least two levels. First, with repdower general secondary
education (ULO and MULO prior to 1968 and MAVO after 1968 tdammoth law
formalized and encouraged a practice which had alreadiedtamitially (M)ULO
was intended to be a terminal level, educating its studentsdn-manual occupations
that require more schooling than primary education. The 06{M)ULO then gradu-
ally changed to a level that prepares for MBO. Second, a nee¥ & senior general
secondary education was created, the HAVO. A similar segéaeral secondary pro-
gram (MMS) did exist prior to 1968, but this was a school fotggand intended to be
a terminal level of education. The HAVO is intended to prepar HBO. Based on
these developments one would expect that (M)ULO was moreabéd than MAVO,
and that MMS had a different value than HAVO though the digecof this difference
is less clear.
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Figure 3.1: The Dutch education system
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More information about these levels is given in Table 3.1lisThble shows the
English names for the educational categories, and theictDnames before and af-
ter 1968. In order to get an idea of plausible values of thegel$ Table 3.1 also
reports the institutional duration, tlaepriori scale used in the International Stratifica-
tion and Mobility File (ISMF) by Ganzeboom and Treiman (2DGghd their ISCED
classification (UNESCO, 1997). The institutional durati@me the number of years
a ‘normal’ student would need to finish this level of educatiorhea priori scale
is a measure of the value of each educational category, wisieh the institutional
duration as a starting point, but applies ah hocadjustment to make sure that the
rank order of each category corresponds taasriori assumption about these val-
ues. For the Netherlands this results in an adjustment ofdhee of MBO. When
using institutional years of education, MBO would be ass@ja higher value than
HAVO and VWO, and is thus ranked above HAVO and VWO. Howevétaming
MBO will most likely lead to a blue collar job and obtaining M& and VWO will
most likely lead to a white collar job, even though both HAV@la/WO are intended
as a preparation for further study and not as a preparatiothéolabor market. For
this reason, Ganzeboom and Treiman (2009) appldanoccorrection by assigning
MBO a value between MAVO and HAVO. The metric of the resultagriori scale
is called pseudo-years, not only because of #ltisiocadjustment, but also because
this scale is intended to measure the value of each eduabtiategory rather than the
duration.



Table 3.1: Conversion of old educational levels into newoadional levels

English name before 1968 after 1968 institutional priori ISCED
duration ISMF scale
(pseudo-years)
primary LO/VGLO LO 6/7 6
junior vocational LTS /LHNO LBO 10 9 2C
junior general secondary ULO /MULO MAVO 9/10 10 2B
senior secondary vocational MTS MBO 12/14 10.5 3C
senior general secondary MMS HAVO 11 11 3B
pre-university HBS /lyceum / gymnasium VWO 12 12 BA
higher professional HTS HBO 15 15 5B
university universiteit WO 16/17 17 5A

% These programmes were originally intended to be terminvaldeof education for most students (so 2C or 3C)
but evolved into levels that primarily grant access to sgbeat levels of education.

uoneanpa Jo sfans| buieas

€9
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3.4 The model

In this chapter | will scale the educational categories &ate a metric education vari-
able in such a way that this metric education variable oghnpmedicts occupational
status. A schematic representation of this model is giveagimation (3.1).

occupational control ( effect of ) ( scale of ) (3.1)

status "~ variables education education

This equation shows that this model will consist of threerglats: a set of control
variables, optimally scaled education, and an effect otatian. A key characteristic
of this model is the separation between the effect of theimetiucation variable and
the scaling of the educational categories. In this modslpoissible to allow the effect
of education to change over one or more variables, for exauiple, and keep the
scaling constant, to keep the effect constant and allowdhkng to change over one
or more other variables, allow both the effect and the sgdtinchange, or keep both
the effect and the scaling constant. This model is known utigename: regression
with parametrically weighted explanatory variables (Yguonzhi, 2002). It is a special
case of the model for estimating a sheaf coefficient (Hei@é2}), which assumes that
the effect of the latent variable — in this case scaled edutat remains constant. It
is also a special case of the Multiple Indicators and Mutighuses (MIMIC) model
(Hauser and Goldberger, 1971) where the latent variablessraed to be measured
with error. Finally, it is also a linear model imposing a poofionality constraint,
where the effects of all educational categories are canstldo change by the same
proportion.

The simplest version of this model assumes that both théngcahd the effects
remain constant, which is equivalent to the model for ediimyaa sheaf coefficient
(Heise, 1972). In this case, the model is just a reparamzetesn of a model that
includes education as a set of dummy variables. The modebwintroduced using
a simplified example in which there are no control variablesent, and only three
levels of education are distinguished: primary, secondarg tertiary, which can be
represented as a set of three dummy varialppesn for primary educationsec for
secondary education, anigit for tertiary education. Extensions will be added after
this basic model has been discussed. The starting pointinearimodel estimating
the effect of education on occupational statusd]), representing education as a series
of dummy variables. Such a model is shown in equation (3.Rgrein thess are
the regression coefficients ands a normally distributed error term. In this model,
primary education is the reference category.
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occ = By + B1Sec + foter + ¢ (3.2)

An unconventional way to interpret model (3.2), but not a neay, is that it
simultaneously estimates the scale of a single metric blrieepresenting the level
of education, and the effect of this metric variable. A saafleeducational levels
will measure the relative distances between the educatiategories. Such relative
distances need two constraints: one to fix the origin of tlaéesend another to fix the
unit of the scale. So, if the value of primary education isdif@ 0 and that of tertiary
education to 1, then this will fix the origin at primary eduoatand this will fix the
unit at the distance between primary and tertiary educafidre scaling will assign
the position of secondary education relative to these twelde This new variable
(ed) can be written like equation (3.3):

ed = ~; prim+ ysec+ ~s ter (3.3)
N~~~ ~—~
0 1

Whereby, theys define the scale. The effect of education on occupation ean b
written as in equation (3.4), whereby the effect of this edadducation is called;.

occ = f[Bp+Med+e
= Bo+Ai( v prim+yesec+ s ter) +e (3.4)
~— ~—~
0 1

Bo + A17y2S€C + Ater + ¢

All parameters in model (3.4) can be calculated from thematars in model (3.2):

A= [
m =0
Y2 = ol
B2
73 = 1

Model (3.4) is thus just a reparameterization of model (22} does not add any-
thing to the model other than an alternative interpretatibtne results. This implies
that there is no way to test whether a model that separatefféat from the scale is
to be preferred over a model consisting only of a set of durapae these two mod-
els are equivalent. However, this changes when one allosveftect of education to
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change over other variables while constraining the scabngmain constant. This
implies a testable constraint. This is illustrated by eding the simplified example to
allow the effect of education to change over the varigblgr. The test of an hypothe-
sis involves the comparison of two models, a constrainedaiat an unconstrained
one. The constrained model is represented in equation (8l the unconstrained
model includes interaction terms péar with all the dummies as in equation (3.6).

occ = By + (A1 + Agyear)( y1 prim + yesec + 3 ter) + Byyear+¢e  (3.5)
—~— —~

0 1
occC = o+ aryear+
asSec + azyear x sec + (3.6)

agter + as year x ter 4+ ¢

To facilitate the comparison of the two models, equatioB)(8an be rewritten as
equation (3.7):

occ = fy+ piyear +
A1 72S€C + A\ o Year x sec + (3.7)
Ater + Ao year x ter 4+ ¢

If the constrained model is true, then = A\17vs, az = X279, etc. This implies
that

A
Q2 _ AMr_ (3.8)
Qg )\1
as A22 _
(671 )\2 "2

In other words, the constraint that needs to be imposed oatiequ(3.6) in order
to get equation (3.7) igf = % and it is this constraint that is being tested. Thisis a
proportionality constraint: the effects of educationdkgaries are allowed to change
over time, but the proportional distance between the effeict forced to remain equal.
The most convenient way of testing this constraint is by canmg the constrained
model and the unconstrained model using a likelihood rag#b. t Both models are
estimated by assuming thais normally distributed with a mean of zero and a constant
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variance. This is a linear regression in the case of the wsiined model. The
constrained model needs to be estimated using maximunhidaad.

This model can be further extended in several ways: firstntbdel can easily
accommodate more than three levels of education, by addore tevel dummies.
Second, the effect of scaled education can change over lmemene variable. Third,
the values assigned to each educational category, thheischling of education, can
be allowed to change over one or more variables. For instante can allow an
educational category to have different values before atedt ah educational reform,
and test whether these values are different. Fourth, onencarde control variables.
This model and all these extensions are implemented in &&ataCorp, 2007) as the
propcnsreg package (Buis, 2007a), which is documented in Technicaéhkls 1.

3.5 The data

The model requires data on the respondent’s occupatioatisstthe respondent’s
educational category, and three additional sets of explayaariables: the control
variables, the variables along which the scaling of edooaticategories is allowed
to change, and the variables along which the effect of edhrce allowed to change.
These variables are:

e control variables

— gender of the respondent,

— potential experience (age minus institutional duratioediication),
— year in which the survey was held,

— father’s occupational status,

— two-way interactions of father's occupational status aeddgr, father's
occupational status and year of survey, potential expegi@md gender,
and potential experience and year of survey.

e variables along which the scaling of educational categasiallowed to change

— whether or not a respondent belongs to the pre-Mammoth opadisée
Mammoth cohort, defined as the cohort that was 12 years otatdend
after 1968 respectively,

e variables along which the effect of education is allowedharge

— year in which the survey was held, and
— the gender of the respondent.
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The data used in this chapter consists of 54 Dutch surveysviire harmonized
as part of the International Stratification and Mobilityd=Ganzeboom and Treiman,
2009). The surveys are listed in the appendix to this chartédescribed in the data
references. Only respondents older than 27 and youngeGthavhere used in the
analysis. This dataset contains 72,666 respondents whothmeeriterion and have
complete information on all the covariates. Figure 3.2 shbaw these observations
are distributed across time. It is important to note thatiimfation on the early years
is based on only a few points in time.

Figure 3.2: Number of observations per year
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The dependent variable is the occupational status of themecently held occupa-
tion, thus it includes homemakers, unemployed, and eatilges who have had a job
in the past. The occupations were scaled to represent cigo@lestatus according
to the International Socio-Economic Index of occupatiatatus [ISEI] (Ganzeboom
and Treiman, 2003), which was originally measured on a naotis scale from 10
(low status) to 90 (high status), but is rescaled here to garetween 0 and 1.

The educational category is measured as the highest catetained by the re-
spondent. The eight categories are defined as in Table 3.Wvidlrimk referred to by
their post-1968 names. However, some surveys merged sothe eflucational cat-
egories into one or more ‘combined categories’. Table 3d®vshhow common this
practice has been: a majority of surveys have at least ondioech category. The
most commonly combined category is HAVO/VWO. This is padiie to the fact that
MMS is treated here as the pre-1968 equivalent of HAVO, bwas such a small
category that earlier surveys routinely merged that categtth pre-university edu-
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Table 3.2: Prevalence of combined and not-combined edwetcategories in the
data

educational number of number of
category surveys respondents
not-combined

LO 54 13,414
LBO 48 16,773
MAVO 46 9,908
MBO 46 14,763
HAVO 24 1,747
VWO 31 1,550
HBO 50 13,668
WO 51 6,962
combined

HAVO/VWO 27 4,498
LBO/MAVO 5 1,476
HBO/WO 3 395
HAVO/VWO/MBO 2 478
VWO/MBO 1 511
MAVO/MBO 1 199
LBO/MBO 1 144
MAVO/HAVO 1 88

cation (VWO). An attractive characteristic of the methoddikere for estimating the
scale of education is that it can accommodate surveys wittbated educational cat-
egories without having to combine the categories from tihemsurveys, thus using
the maximum amount of detail available from each survey.sThidone by simply
treating these ‘combined levels’ as a separate level whalse weeds to be estimated,
which can be done by adding dummy variables for the ‘combieegls’. A more par-
simonious way of dealing with these ‘combined levels’ is oy straining their value
to be equal to the average value of their constituent levéiis constraint will also be
tested.

The control variables used while predicting the resporis@tcupational status
with the respondent’s education are: father's occupalistadus, the respondent’s
gender, the respondent’s (potential) years of labor forgegence, and the year in
which the survey was held. Father’s occupational statuseisgsured — just like the
respondent’s occupational status — in ISEI scores that have been rescaled to
range between 0 and 1. The year in which the survey was hefttisded as an
approximation of the period in which the respondents heddrthccupation. This
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variable ranges from 1958 to 2006. However, as shown in EigL&, the information
for the earlier years is rather sparse. The potential expeei in the labor market is
approximated using age minus institutional years of edoicaffime and experience
are allowed to have non-linear effects by entering thememtlodel as restricted cubic
splines (Harrell, 2001). This means that the range of tintkexperience is split up at
locations called knots. Experience was given knots at 1@n2635 years of potential
experience, and year was given knots at 1980, 1990, and 20Qbe sections after
the first knot and before the last knot, third-degree polyiatsrare estimated. These
curves are forced to meet at the knots and have the same firseaond derivative at
that point. The curve is restricted to be linear before that kinot and after the last
knot. This model has the advantage of leading to a smoottedhat is more stable
than an (unrestricted) cubic splines (Harrell, 2001). Téstricted cubic spline, as
used in this chapter, is implemented in Stata 10 (Stata@®@®?) in themkspline
command.

The effect of education is allowed to change over time analgenTime is rep-
resented by the same restricted cubic spline as was useliefarontrol variables.
The values of the educational categories are allowed togghdepending on whether
a respondent belongs to the ‘pre-Mammoth’ cohort or thetiydemmoth’ cohort.
These cohorts are defined as whether or not the responderitf2ngsars old before
or after 1968. This is a rather crude measure as some respsndere already in a
‘Mammoth-like’ system before 1968 because the law was pletby a large number
of experiments. However, the data do not contain a more ggauieasure of which
respondent was educated in which system.

3.6 Results

Eight models are estimated and are described together dthftt statistics in Ta-
ble 3.3. These models differ from one another in the follaywivays. Models labeled
(a) assume that the values of the educational categoriesmethconstant apart from
possible changes introduced by the educational reform @8.1@&hich corresponds
to imposing the proportionality constraint. The modelselad (b) allow the values
to change over time and between men and women, which comdspo entering
education as a categorical variable and adding interatgions of each educational
category dummy variable with time and gender. Models 1, 8, &differ from one
another with respect to which educational categories abdirgvalue in 1968. Model
1 assumes that all categories changed in value, model 2 adghat only MAVO and
HBO changed in value, while model 3 assumed that none of thesahanged in
1968. Model 4 forces the value of the combined categories tedqal to the average



Table 3.3: Fit statistics

model proportionality scale of category value of combined d log-likelihood BIC
constraint changesin 1968 category

1(a) yes all freely estimated 44  29804.36 -59104.53
1(b) no all freely estimated 101 29947.26 -58762.87
2(a) yes MAVO, HBO freely estimated 38 29803.71 -59170.47
2(b) no MAVO, HBO freely estimated 77  29911.04 -58959.34
3(@) yes none freely estimated 36 29775.72 -59136.87
3(b) no none freely estimated 69  29873.37 -58973.63
4(a) yes MAVO, HBO average 30 29767.00 -59186.66
4(b) no MAVO, HBO average 54  29834.32 -59063.60

Table 3.4: Test proportionality constraint

contrast BIC difference

1(a):1(b) 341.66
2(a):2(b) 211.12
3(a):3(b) 163.24
4(a):4(b) 123.06

@ The model numbers refer to Table 3.3

Table 3.5: Model selection

contrast hypothesis BIC difference

1(a):2(a) no changein value of LO, LBO, HAVO, VWO, and WO 65.9
2(a):3(a) no change in value of all categories -33.59
2(a):4(a) values of combined categories constrained toamea  16.20

@ The model numbers refer to Table 3.3

uoneanpa Jo sfans| buieas
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value of their constituent categories, while models 1, 2| arfreely estimate those
values.

The resulting eight models are compared in Tables 3.4 andTable 3.4 gives
for each model the test of the proportionality constraimat tis, whether the scale of
education has remained constant over time, and Table 3.pa@® the four mod-
els with a proportionality constraint against one anothEble 3.4 shows that the
differences in the Bayesian Information Criterium (BICps# is much more than 10
points in favor of the constrained model, which providesizvstrong” (Raftery, 1995)
or “decisive” (Jeffreys, 1961) evidence in favor of the psagonality constraint. An
advantage of BIC differences over tests like the likelihoaiib test is that tests will
pick up ever smaller deviations from the null hypothesiswassample size increases.
This is consistent with the logic behind statistical tegfibut it also means that sta-
tistical tests will pick up substantively irrelevant detwas from the null hypothesis
when the sample becomes very large. The comparison of Bl@sewoids this prob-
lem. Given that the sample size in this case is approxima&g00 respondents, the
comparison of BIC scores is preferred.

The first two comparisons in Table 3.5 investigate whethestialing of education
was influenced by the implementation of the Mammoth Law in8L.96he first row
shows that no evidence was found that the values of LO, LBO/GIA/WO, and WO
changed before and after the Mammoth law. The second rowateh that there is
evidence that the value of MAVO and HBO changed. The thirdtests the hypothe-
sis that the combined educational categories can be repegsiey the average of the
values of the constituent categories, instead of estimatigeparate value for each
combined category. This row shows that the BIC differenggstts constraining the
values of the combined levels. The preferred model is thusdainga.

Model 4a separates the effect of education on the occuatstatus of the re-
spondent from the scale of education. The effects are showigure 3.3, while the
scale is shown in Figure 3.4. The effects can be transformtedstandardized effects
by multiplying them by 1.62, as the standard deviation ofiltent education variable
is .310 and the standard deviation of the respondent’s @tional status is .191. The
standardized effects thus range between approximatety vedmen around 1960 and
approximately .6 for men around 2005. These are thus sigedfielicts. Figure 3.3 also
shows that women gain less occupational status from eduncdtan men, while the
relative values of the educational categories are the same.

The scale of education is presented in Figure 3.4. The bottamines show
the scale of education as estimated in model 4a, while thérteghows the priori
scale. Comparing the estimated scale withalpgiori scale from the ISMF shows that

1The BIC score is computed as: BIC = -2*In(likelihood) + In¢K)where N is the sample size and k is
the number of degrees of freedom.
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Figure 3.3: Effect and the trend in the effect of educatiomocupational status
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the most striking differences between the two is the valueBfd: LBO is much less
valuable than tha priori scale suggests. The fact that LBO is the lowest level of sec-
ondary education may well result in an extra penalty, exig why a pseudo-year in
LBO is worth less than a pseudo-year in the other forms ofrsgacy education. The
value of HAVO and VWO are underrated when using éhgriori scale of education.
This may be explained by fact that some of the respondentsiAvO and VWO

as their highest achieved level of education may have st&tBO or WO, but never
completed it.

Figure 3.4 also shows the comparison between the estimedéglsefore and after
the introduction of the Mammoth Law in 1968. It shows thatthkie of MAVO de-
creased after the introduction of the Mammoth Law. Moregberrank order changed
from a situation where MULO was more valuable than MBO to aaibn where
MBO was more valuable than MAVO. This is consistent with ttaasformation from
(M)ULO, which was a terminal level in its own right, to MAVO, hich is a level
preparing for MBO. The decline in the value of HBO may be exyd by the fact
that the kind of people having access to HBO changed afte8,186it became acces-
sible through the HAVO.

The numerical values of theepriori scale and the estimated scale are presented in
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Figure 3.4: Scale of education
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the first two columns of Table 3.6. In the third column, theéreated scale is rescaled
such that the metric resembles pseudo-years of educatiis(fixed at 6 and WO is

fixed at 17). In the final column, this scale has been stylizabnding to the nearest
half-year. This stylized scale will result in a variable kv metric that is as easy to
interpret as tha priori scale, but more closely represents education as a resaurce f
attaining occupational status.

Table 3.6: Thea priori and the estimated scale of education

level apriori estimated rescaled stylized
scale scale scale
LO 6 0 6.00 6.0
LBO 9 .085 6.94 7.0
MAVO ¢ 10 404 10.44 10.5
MAVO?® 10 .324 9.55 9.5
MBO 10.5 377 10.14 10.0
HAVO 11 471 11.18 11.0
VWO 12 .609 12.70 12.5
HBO* 15 .806 14.87 15.0
HBO" 15 .763 14.39 14.5
WO 17 1 17.00 17.0

@ Before the Mammoth Law: ULO and MULO for MAVO and HTS for HBO

b After the Mammoth Law
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3.7 Conclusion

This chapter started with the questions concerning whithegabest represent each
level of education in the Netherlands, and how these valaes bhanged over time.
Two mechanisms are proposed through which the scale of #donaaould change
over time. The first mechanism is educational reform, whi mean that an educa-
tional category before and after a reform should be tread@d@ different categories.
In this chapter the focus is on one particular educatiorfakne the Mammoth Law
implemented in 1968. The second mechanism concerns thgetam the supply
of highly schooled labor relative to the demand for highliiagaled labor. If supply
increased (decreased) faster than the demand, then theeofaloe educational cate-
gories is likely to decrease (increase). However, this ailly influence the scale of
education if the change in value of some categories is stidhgn the change in value
of other categories, since the scale of education measanhgshe relative distances
between the categories.

In order to study these two issues, a scale of education iimasid such that
it is optimal for predicting occupational status, using ad@loproposed by Yam-
aguchi (2002), and implemented in the statistical packageagStataCorp, 2007)
as thepropcnsreg  module (Buis, 2007a) that is documented in Technical Materi
als I. This model estimates both the effect of education aedstale of education.
The model resulted in a scale of education that is summairiz€&dgure 3.4. This
estimated scale was compared with an often-aspdori scale as found in the Inter-
national Stratification and Mobility File (Ganzeboom andifitan, 2009). The major
deviation from thea priori scale is that tha priori scale overrates the value of LBO,
which means that respondents with LBO had on average loatissbccupations than
was predicted using theepriori scale. In order to facilitate the use of this scale in other
analyses a stylized version of this scale using the metnsefido-years of education
was presented in Table 3.6.

Using this model, it was not possible to reject the hypoth#st the introduction
of the Mammoth Law in 1968 has not influenced the value of thecational cate-
gories for all but two educational categories: MAVO and HBI®De change in the
value of MAVO was expected as this level changed from a lehed prepared for the
labor market to a level that prepared for a subsequent Idvediacation (MBO). A
possible reason for the change in the value in HBO could bedltre fact that it be-
came accessible via HAVO. The hypothesis that changes suiyely and demand for
highly-educated labor has not led to changes in the relatiliges of the educational
categories could not be rejected. So, the relative distabetveen the categories re-
mained mostly constant, even though the effect of educationccupational status
increased over time.
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One way in which the scale could be improved is to use additiordicators
like a higher income, and access to more desirable socialonks$, or one could
scale education by how much individuals or families havegted in order to attain
a level of education. This would lead to a nhumber of differscdles of education.
These different scales could be used to create a more coermigh scale of education
by constraining them to be equal. Moreover, by testing wérethese scales can be
combined into a single scale, one can test the hypothedighthaalue of education
is a one-dimensional concept rather than a multi-dimeéione. Moreover it may
be useful to estimate a scale with higher level of detail, artipular distinguishing
between completed and attended educational categorigbe lourrent context this
may be most useful for estimating the values of higher gémse@ndary education
(HAVO) and pre-university education (VWO). It is likely tha large proportion of
respondents that report these categories as their higtleisivad level of education
have also had some years of higher professional educat®®)dr university, but did
not finish these categories. This would lead to an overettmaf the value of HAVO
and VWO, as the benefit these respondents received frondatteaniversity or HBO
is incorrectly assigned to the HAVO or VWO categories. Ferthore, distinguishing
between various degrees of incomplete primary educatiofdgarove useful when
one wants to create a scale that can be used in countries whernein historical
periods when — incomplete primary education is prevalent.
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Table 3.7: Merged educational categories and the sizeseofh pre- and post-
Mammoth cohorts in Dutch surveys that were post-harmonizetle International
Stratification and Mobility File (Ganzeboom and TreimanQ2p

survey  survey year cohorts N pre- N post- merged categories

number codé Mammoth  Mammoth

1 net58 1958 1891-1933 902 0

2 net67 1967 1896-1942 1,144 0 (LBO MAVO)
(HAVO VWO MBO)
(HBO WO)

3 net67t 1967 1927-1942 (HAVO VWO)
(HBO WO)

4 net70 1970 1891-1945 1,334 0 (LBO MAVO)
(HAVO VWO)

5 net7lc 1971 1898-1944 1,130 0 (LBO MBO)
(HAVO VWO)
(HBO WO)

6 net71 1971 1891-1946 1,282 0 (LBO MAVO)
(HAVO VWO)

7 net74p 1974 1891-1949 730 0 (HAVO VWO)

8 net76j 1976 1900-1951 669 0 (HAVO VWO)

9 net77 1977 1891-1952 2,659 0 (MAVO MBO)
(HAVO VWO)

10 net77e 1977 1891-1952 1,195 0 (HAVO VWO)

11 net79p 1979 1891-1954 1,119 0

12 net8le 1981 1891-1956 1,518 0 (HAVO VWO)

13 net82e 1982 1891-1957 1,041 0 (HAVO VWO)

14 net82n 1982 1917-1957 1,931 0

15 net82u 1982 1917-1957 637 0

16 net850 1985 1904-1960 3,080 260 (HAVO VWO)

17 net86e 1986 1893-1961 994 110 (HAVO VWO)

18 net86l 1986 1907-1961 2,327 313 (MAVO HAVO)
(VWO MBO)
(HBO WO)

19 net87i 1987 1907-1962 961 156 (HAVO VWO)

20 net87j 1987 1897-1962 530 72 (HAVO VWO)

21 net87s 1987 1915-1962 620 96 (HAVO VWO)

22 net88o 1988 1912-1963 3,073 654 (HAVO VWO)

23 net90 1990 1920-1965 1,345 425 (HAVO VWO)

Continued on next page
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Table 3.7 — continued from previous page

Chapter 3

survey  survey year cohorts N pre- N post- merged categories

number codé Mammoth  Mammoth

24 net90o 1990 1913-1965 2,704 834 (HAVO VWO)

25 net9lj 1991 1909-1966 1,055 404 (LBO MAVO)
(HAVO VWO)

26 net92f 1992 1915-1968 1,169 457

27 net92o0 1992 1911-1967 2,793 992 (HAVO VWO)

28 net92t 1992 1903-1967 1,749 790 (HAVO VWO)

29 net94e 1994 1905-1969 776 480 (LBO MAVO)
(HAVO VWO MBO)

30 net94h 1994 1913-1969 479 389

31 net94o 1994 1911-1969 2,687 1,194 (HAVO VWO)

32 net95h 1995 1916-1970 1,096 724

33 net95s 1995 1925-1970 1,002 595

34 net95y 1995 1944-1970 39 983

35 net96 1996 1909-1971 340 247

36 net96c 1996 1901-1971 794 576

37 net96o 1996 1911-1971 2,456 1,474 (HAVO VWO)

38 net96y 1996 1962-1971 O 288

39 net98 1998 1902-1973 364 323

40 net98e 1998 1908-1973 822 672

41 net98f 1998 1915-1973 865 891

42 net98o 1998 1911-1973 2,364 1,885 (HAVO VWO)

43 net99 1999 1906-1974 956 926

44 net99a 1999 1904-1974 4,274 3,712

45 net99i 1999 1916-1974 562 570

46 netOOf 2000 1916-1975 678 648

47 net00s 2000 1930-1975 442 393

48 net02e 2002 1907-1978 805 901

49 net03f 2003 1924-1978 741 1,089

50 netO3n 2003 1923-1979 2,753 3,579

51 net04e 2004 1910-1980 619 728

52 net04i 2005 1912-1980 612 766

53 netO6e 2006 1912-1981 501 808

54 net06i 2006 1907-1981 572 891

@ Codes refer to the data references
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Deceleration of the trend in inequality of
educational outcome in the Netherlands

4.1 Introduction

The association between family socioeconomic status aisgrafg’s educational at-
tainment has been studied long and intensely in socialfstedion and social mobility
research as it is considered a major indicator of the openufes society (for exam-
ple Breen and Jonsson, 2005; Hout and DiPrete, 2006). Irchapter | will focus
on one aspect of this research theme: the association hesee@meconomic back-
ground and the highest achieved level of education, whid¢hbeicalled Inequality
of Educational Outcome (IEOut), and in particular on hovs ttEOut has changed
over time. The main motivation for studying how IEOut hasraed over time is
the following dilemma: previous research has found thatlierNetherlands IEOut
has decreased linearly over time (De Graaf and Ganzebod@, 1993; De Graaf
and Luijkx, 1995; Ganzeboom, 1996; Sieben et al., 2001) h3uinear decrease in
the association between socioeconomic background anéstigkhieved level of ed-
ucation is improbable. A linear trend would eventually léa@ negative association
between socioeconomic background and highest achievetddéeducation, which
would mean that having a high status background would be@hiedrance instead
of an asset for attaining education. This is implausiblé, aha consequence the neg-
ative trend in IEOut will have to slow down. This leads to thaimquestion that this
chapter tries to answer: has there been a deceleration tretietin IEOut, and if so,
when did this deceleration take place? To answer this questie effect of family
background on highest achieved level of education (IEGua)lowed to change over
cohorts according to a smooth but flexible curve. This smoottie is used to estimate
the trend, which is the slope or first derivative of the cuased the change in trend,
which is the slope of the slope or second derivative of theeuilo assess whether
and when the negative trend significantly decelerated, litest whether the change
in trend is significantly positive, since a slowing down ofegative trend means that
the trend moves from more negative to less negative.

The secondary aim of this chapter is to assess the susdigptibdata assembled
in the International Stratification and Mobility File (ISNIEGanzeboom and Treiman,

69
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2009) to three potential sources of error. The first potéstiarce of error is due to the
fact that the ISMF consists of multiple surveys. The vagaldf these surveys have
been post-harmonized and then stacked in order to creatgle siataset. This could
lead to a false trend if the quality of the surveys changetesyatically over time.
Such a systemic change in quality could for example occualszthe response rate
changed systematically over time. Itis likely that the éyaif a survey will influence
the strength of the associations between the variablesairstirvey, as the associa-
tions in low-quality surveys will be contaminated by morésecthan the associations
in high-quality surveys. So, a false increasing (decregdirend in the association
between family background and educational attainment eaaxpected if the quality
of the surveys systematically increased (decreased) mmer fThe second potential
source of error concerns the scale of education as used iSK¢ie This is ara priori
scale based on the institutional years of education witachoccorrection of the
level assigned to senior secondary vocational educatidMIn Chapter 3 | pro-
posed a scale with a stronger empirical foundation, whictescthe levels such that
education optimally predicts occupational status. Thenfarscale will be referred to
as thea priori scale while the latter will be referred to as the empiricalsc The
most prominent difference between these two scales ishbat priori scale assigns
too much value to lower vocational education (LBO). This rdluence the estimated
trend in IEOut as this difference in scaling means that thienesed trend is likely to
respond differently to changes in the proportion of resgurtslwith lower vocational
education over time. The third potential source of errorissing data. This will lead
to biased estimates if the likelihood of not answering a tjorss related to the value
of the dependent variable (Allison, 2002). The dependeluievia this chapter is the
highest achieved level of education, and it is likely that illingness and ability to
finish a survey is associated with the respondent’s higheseeed level of educa-
tion. So, it is plausible that missing data could cause biahe estimates of IEOut.
The severity of this problem is influenced among other thimgshe proportion of
observations that contain missing values. If the proporibmissing values changes
over time, then the severity of this problem would change twee and thus also bias
the estimated trend. The presence of these three potentiales of error is easier to
detect when studying changes in the trend in IEOut, as thdsvisry subtle analysis.
If the potential sources of error matter, then they will agy show up in such an
analysis.
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4.2 Previous research

The challenge of studying the trend in IEOut is to cover a cieffit period of time
such that the trend, and changes in the trend become visfbleommon strategy
is to take multiple surveys and compare respondents thatarein different years,
that is, the time is captured by comparing so-called syitlehorts. By comparing
synthetic cohorts, a single survey can cover a period of 4@sy@vhen using respon-
dents who are between 25 and 65 years old). This period caortieef extended
by adding surveys collected at different times. These dstere used as a measure
of when the effect of social background on educational mttaint took place. This
is reasonable, given the strongly age-stratified naturellétime education, which
means that people born in the same year experience a vetarsediucational sys-
tem. Within the Netherlands, this technique was first usedhfe study of the trend
in IEOut by Peschar et al. (1986), and has been used in numetber studies since
(Peschar 1987; Ganzeboom and De Graaf 1989; De Graaf an@k&zom 1990; De
Graaf and Luijkx 1992; De Graaf and Ganzeboom 1993; De GraaLaijkx 1995;
Ganzeboom et al. 1995; Ganzeboom 1996; Rijken 1999; Kortiph €000, 2002;
Breen et al. 2009; and Chapter 2 of the current dissertatan® resulted in the In-
ternational Stratification and Mobility File (Ganzeboondafreiman, 2009). Six of
these studies (De Graaf and Ganzeboom 1990; De Graaf andl19p2; De Graaf
and Ganzeboom 1993; De Graaf and Luijkx 1995; Ganzeboom; ¥8@b5Chapter 2
of the current dissertation) test whether the trend in IE®the Netherlands is linear
or not, and none of these studies can reject the hypothegtisEut is linearly de-
creasing over time. In all cases, the tests for non-lingafithe trend were performed
by comparing a model with a linear trend with a model with adioear trend. This
non-linear trend was either a quadratic trend or a discretelt where the period was
broken up into a series of cohorts, and separate IEOuts wineaged for each cohort.
The use of these methods could explain why no non-lineaity found, as quadratic
functions can easily be too rigid to adequately represergralimear trend, while a
discrete trend is very flexible but expends a lot of statidtiower, making it hard to
find any significant evidence for non-linearity in the trefithe main aim of this chap-
ter is to find out if any non-linearity in the trend can be fouihghe uses a model that
is more flexible than a quadratic function but less flexibled ¢hus more powerful,
than a discrete trend.
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Figure 4.1: Number of observations per cohort
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4.3 Data

The data consist of 54 surveys held in the Netherlands betd@888 and 2006 that
were post-harmonized as part of the International Stratiia and Mobility File
(ISMF) (Ganzeboom and Treiman, 2009). Where availableeguveights have been
used. The weighted number of respondents is 86,581. The erunfibespondents is
unequally distributed over the cohorts, as is shown in Fédut. Of these respondents,
9,416 lack information on father’s occupational statug, 68 the respondent’s highest
achieved level of education, and 342 on both. If the propartif missing informa-
tion varies across cohorts, then this could bias the estimfathe trend. Figure 4.2
shows that the proportion of observations with missingrimfation has changed sys-
tematically over time. The reason for these changes acobests could be in part an
age-effect, as the older cohorts will consist mainly of gedbpat were old at the time
of the interview, and in part be a period effect, which cangcmmple capture changes
in a general attitude towards surveys and the introducti@momputer-assisted inter-
viewing, which makes it harder to skip questions.

Time is measured by the year in which the respondent was lighuéthe age at
which most persons in the Netherlands make the most impatémision in their edu-
cational career. Information is available for the cohoged12 in 1912-1988. IEOut
is measured by the strength of the metric association bethighest achieved level of
education of the respondents and their father’s occupatitatus. Father's occupa-
tional status is measured in ISEl scores (Ganzeboom anehane2003). The original
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Figure 4.2: Proportion of observations with missing valpescohort
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ISEI score is a continuous variable ranging from 10 to 90jtthds been standardized
to have an overall mean of 0 and a standard deviation of 1. iffiekt achieved level
of education of the respondents is measured in either tiggatia priori scale from
the ISMF or in the empirical scale estimated in Chapter 3. #cdption of the differ-
ent levels of education and the two scalings have been rapeadin Table 4.1. The
first three columns show the name of each level, their Engtesislation, and their
classification in the ISCED (UNESCO, 1997) scheme. The foaolumn presents
the institutional duration, or the number of years it wowlkd a ‘standard student’ to
finish that level of education. The final two columns preskatttvo scales. The most
striking difference between the two scalings is the valuewer vocational education
(LBO), whose value is valued considerably higher in ¢ghpriori scale. Moreover,
Table 4.1 shows that in the empirical scale the values of maational categories,
MAVO and HBO, changed in 1968. A major educational reforma, Mammoetwet or
‘Mammoth Law’, was implemented in that year. The metric af fitales in Table 4.1
is pseudo-years of education, but in the analysis both seglebe standardized to
have a mean of zero and a standard deviation of one.
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Table 4.1: Conversion of old educational levels into newoadional levels and simplified educational levels

level English translation ISCED institutional a priori empirical
duration scale scale

LO primary 1 6 6.0 6.0

LBO junior vocational 2C 10 9.0 7.0

MAVO junior general secondary 2B 9/10 10.0 10.5/ 9.5

MBO  senior secondary vocational 3C 14 10.5 10.0

HAVO  senior general secondary 3B 11 11.0 11.0

VWO  pre-university 3A 12 12.0 13.0

HBO higher professional 5B 15 15.0 15/0014.5!

WO university 5A 17/16 17.0 17.0

@ (UNESCO, 1997)

b These levels were originally intended to be terminal leeélsducation for most students (so 2C or 3C)
but evolved into levels that primarily grant access to sgheat levels of education.

¢ before 1968

4 after 1968

¥ J191deyd
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An important characteristic of this data is that it consdadtslifferent surveys. A
major advantage of this approach is that this greatly irsgdhe period that can
be studied because these surveys were held at differerg.tifas is illustrated in
Figure 4.3, which indicates for each survey the cohorts t@hvit contributes ob-
servations. It shows that the oldest cohorts collect thieseovations from only four
surveys, while other cohorts collect their observatiomsnfralmost all surveys. So
peculiarities of individual surveys are most likely to irdhce estimates in the earliest
cohorts, since in these cohorts each survey is responsibke $ufficient proportion
of the observations to have a noticeable influence. The ctaistics of individual
surveys are less likely to have an effect on the estimatdseimiiddle cohorts, as no
single survey is dominant in these cohorts. The appendikisochapter shows that
there are considerable variations among surveys in termespbnse rate, proportion
of missing cases, and the degree of detail in which the i@gadre measured.

Figure 4.3: Cohorts covered by different surveys (survanloers correspond to the
appendix and are ordered by the year in which the survey wd}¥ he
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4.4 Method

For the estimation of the non-linear trend, a two-step pgsdes been used. First,
a new dataset is created containing, for each annual carodstimate of IEOut for
men and women, and their standard errors. The estimatebt@iaed by regressing
the respondent’s highest obtained level of education dref&t occupational status,
separately for men and women and each cohort. An annual tishtombined with
a neighboring cohort if it does not contain enough obsesuatior a stable estimate.
This resulted in the following combined cohorts: 1900/1,90802/1904, 1905/1907,
1910/1911. Second, a local polynomial curve (Clevelan@91@oader, 1999; Fox,
2000) is fitted through these annual estimates of IEOut. iShiene in such a way that
estimates with small standard errors, that is, measurddgvéat precision, receive
more weight than estimates with large standard errors. efbeves also provide es-
timates of the trend and the change in trend. These are tharfulssecond derivatives
of the smooth curve.

An attractive feature of the local polynomial smooth is thaises information
from nearby cohorts to create an improved estimate of IE@atahort. This is il-
lustrated in Figure 4.4. The point on the local polynomiaiveufor cohort 1938 is
computed using the following four steps: First, the obstéowna that will be used in
the estimation are selected. This is typically done by $ielga fixed proportion,
say 65%, of nearest observations. This is shown in Figuréndpénel (a). Second,
observations that are selected are weighted accordingiodistance from 1938. A
common function used to create these weights is the tricubetibn'. The tricube
function is shown in panel (b) in Figure 4.4. The tricube wéfgensure that cohorts
close to 1938 receive more weight when estimating the valeelwort 1938. Third,
these weights are adjusted in such a way that they take intuatthat some cohorts
are estimated with much more precision than others. The séimates of IEOut are
regression parameters, so an estimate of the precisioreadimate is available in
the form of the standard error. Weights based on the invédesquare of the stan-
dard error would properly correct for the difference in ps@m between cohorts. The
weights based on proximity to cohort 1938 and the weightedam the precision
of the estimates of IEOut are combined by computing the pbdithese two. This
is shown in panel (c) of Figure 4.4. Fourth, a regression @uEon cohort, cohort

1if the cohort of interest, the ‘focal value’ is representgdrg and the span (half the range that contains
65% of the observations) bythen the valuer is assigned the weight

W_{ {1—(‘1‘7;0‘)3}3 if lz=zol <

i lz—wo]
0 if 2>
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squared, and cohort cubed, is estimated using these cothb&ights. The predicted
IEOut from this regression for cohort 1938 is the local polymal estimate. It uses
most information from cohorts that are close by and are es&chwith high precision,
and less information from cohorts that are far away or arenastéd with low preci-
sion. Furthermore, the slope of this regression line in 1i838local estimate of the
trend, and the change in slope in cohort 1938 is a local etginfahe change in trend
in 1938. These are obtained by evaluating the first and thenslederivatives of the
regression line at 1938. The entire local polynomial cussebtained by repeating
this process for all annual cohorts. This procedure is implated in thdocfit
package (Loader, 2005) in the R statistical computing emvirent (R Development
Core Team, 2005). This also provides confidence envelopésdaurve, the first and
the second derivatives, using procedures discussed byek ¢5899).

What makes this method attractive is that it takes an intdrate position between
two commonly used alternative methods of estimating a it trend: a quadratic
trend and a discrete trend. The first strategy is usually eatlfle enough to ade-
quately fit the data. The second strategy is too flexible, whieans that too much
statistical power is lost, making it hard to find any evidefarea non-linear trend.

The secondary aim of this chapter is to investigate seitgitdf the results to
the three potential sources of error: The first potentiate®wof error is the fact that
the ISMF consists of multiple surveys that vary in qualith€Tsurvey effects are con-
trolled for by adding dummies for surveys, and interactivese dummies with father’s
occupational status. The dummies are constructed in suely ¢hat the main effect of
father's occupational status represents the IEOut in arageesurvey, so differences
between cohorts are no longer the result of differencesa®urveys. By adding sur-
vey dummies, and interactions between the survey dumméfémer's occupational
status, each survey has its own baseline IEOut, but the tsermhstrained to be the
same for all surveys. The reason for this choice was tha¢ ikgood reason to expect
that the quality of a survey can influence the effect of fdtheccupational status on
the respondent’s education, as the effect is likely to bdlema more noisy data, but
the effect of data quality on the estimated trend of the efdé€ather’s occupational
status is much less clear.
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Figure 4.4: Obtaining local polynomial regression estfat IEOut for cohort 1938,
adapted from Figure 4.1 in (Fox, 2000, p. 24-25)

(a) Observations Within the Window (b) Tricube Weights

o
& o
+ pre)

o

T T
1920 1940 1960 1980 1920 1940 1960 1980

span = 0.65
Q -1 1 1 1
e 1 1 N~ 1
| | | |
c 1 (o] 1 ' '
2 | o | = | '
©
£ Do o o : s : !
8 1 OD @0 1 ; 1 1
S ) ofo% o | T ) )
FI S QP o o DO o © £ ' '
£ ° | °of o b ° g " :
g Lo oO o % oL 0o % | |
T o \ \
3 ¢ ° 00 ‘91 Qe OJ 2 ' '
9] | TR @ = | |
5 b0 ¢ o°° : :
1 1 1 1
s L X ° o ¢ :
T T T T T T T T
1920 1940 1960 1980 1920 1940 1960 1980
year in which respondent was 12 year in which respondent was 12
c) Tricube (+), Precision (x), d) Weighted third degree polynomial
[¢] gree poly!
and Joint (0) Weights (weight is the area of the symbol)
(=]
< > ]
~ . °
: w X% c
f % X X 2
! i g
' X x ><>< §
1
8 - o <
-% - - : T o 7]
= s
. 8
|
' k]
! °
| 2
' @
X

1
|
><I
%O:XXX
I><
R ) L
E G
1
1

Xy

T
167

year in which respondent was 12 year in which respondent was 12



Decelerating trend in IEOut 79

The second potential source of error is the fact that thezenaultiple ways in
which the dependent variable — the respondent’s educatiazen-be scaled. The
ISMF uses a common strategy by starting with the instititigrears of education, the
number of years a ‘standard student’ would need to finishiévet of education, and
applies arad hoccorrection to make sure that the ordering of levels corredpavith
ana priori ordering. In Chapter 3 | proposed an alternative scale baséuk idea that
education predicts the occupational status of the respuipaied if education is better
scaled then education should be better at predicting oticugé status. This way
one can estimate an optimal scale of education. These tvessware presented in
Table 4.1. By comparing the estimated trend usingthgori scale with the estimated
trend using the empirical scale, one can assess whetheiffibedces between the
scales actually matter.

The third potential source of error is the presence of migdata. The annual es-
timates of IEOut are controlled for missing data using Malétiimputation (Little and
Rubin, 2002). The idea behind Multiple Imputation is to ¢esmultiple ‘complete’
datasets by first estimating for each missing value a digtdb of plausible values,
and then drawing multiple values (in this case 5) from thiriiution. This is done in
Stata (StataCorp, 2007) using tlse (Royston, 2004, 2005a,b, 2007, 2009) module.
The model of interest is estimated on each ‘complete’ datadee point estimate is
the average of the point estimates from the different ‘catgldatasets, and the vari-
ance of the sampling distribution (the standard error sepljas computed according
to equations (4.1) to (4.3) (Little and Rubin, 2002).

se? = se2+ (1+1/m)B (4.1)

= L ZimtG 4.2)
m
m C_PA\2

B > j—1(B; = B) 4.3)
m—1

Equation (4.1) shows that the variance of the samplingibigton (se?) in the
case ofn ‘complete’ datasets consists of two elements, andB. The first element
is described in equation (4.2), and is the average of thewegs of the sampling
distributions in the different ‘complete’ datasets. Thépiresents an estimate of the
degree of uncertainty about a parameter which ignores théifat some of the data is
itself uncertain as it consists of imputations rather thesi observations. The second
element, in equation (4.1), and equation (4.3), correcthfe by using the differences
in the parameterssj) between the different complete datasets as a measure of the
uncertainty due to the imputations.
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The key issue with multiple imputation is the model used fatireating the im-
puted values. This model must be at least as flexible as thelnbdubstantive inter-
est (Little and Rubin, 2002). For this reason separate iatjgut models are estimated
for each combination of cohort and survey. Within each o§éheombinations, impu-
tations for the missing values are created from a model dathgr’s and respondent’s
occupational status and education, with interactions éetwwhether the respondent
is male or female and all these variables. The occupatidaalsof the respondent
and the level of education of the father are also used in thmufation model even
though they will not be used in the final model of interest, idey to improve the
imputations. However, the father’s highest achieved lefeducation is only added
when available, which was not the case in 10 surveys. Imipastvere only carried
out if the cohort-survey combination had at least 20 fullgetved cases. As a result,
not all missing values were imputed. There were 9,758 ngsealues for father’s
occupational status, of which 1,934 could not be imputed thare were 993 missing
values for the respondent’s highest achieved level of ethrgeof which 181 could
not be imputed. Respondents with missing values that cantithen imputed will still
be ignored in the analysis.

4.5 Results

The results using estimates of IEOut while controlling fibtlze potential sources of
error and using the empirical scale are shown in detail imf€igt.5 for men and Fig-
ure 4.6 for women. Panels (a) show local polynomial curvesfithrough the annual
estimates of IEOut with their 95% confidence envelope. Thdidence envelopes
always remain above zero, indicating that the offspringattiérs with a higher status
occupation did, on average, attain more education thanfteprimg of fathers with
a lower status occupation. Panels (a) also show that thé déweequality appears
to have changed over time for both men and women. This isdéstide panels (b),
which show the trend in IEOut, that is, the first derivativéshe local polynomial
curves in panels (a). A period of significant negative trendound for both men
(1941-1960) and women (1952-1977). The hypothesis thdtend is zero in the
last period (after 1960 for men and 1977 for women) cannoefeeted, suggesting
that the trend has indeed slowed down. Notice however tieatdhfidence envelopes
are very wide for both the youngest and the oldest cohortshedinding of zero
trend in the most recent cohorts could also be due to lackatistal power. The
way to find out if the trend truly decelerated is to also estenthe changes in trends,
the second derivatives, which are shown in panels (c). Itréred truly decelerated,
then the second derivative should be significantly positindicating that the neg-
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ative trend became less negative. Panels (¢) show a sigificeccelerating trend
(negative second derivative) between 1935 and 1944 for méri@49 and 1952 for
women, but no significant deceleration. For men, the poitin@ses of the change
in trend are positive before the trend became insignifiganolyiding some indication
that the trend decelerated. For women, the point estimdteathange in trend is also
briefly positive prior to the trend becoming non-signifigamit this period is much
shorter, and quickly becomes negative again, so the casedecelerating trend for
women is much less convincing. These results are summairizednels (d). The
curve represents the smooth estimates of IEOut from papetf@e the shaded areas
below that curve represent the periods of significant trand,the shaded areas above
the curve represents periods of significant change in trend.

Figures 4.7 and 4.8 show how controls for the three diffepet¢ntial sources of
error influenced these results. Panels (a) and (b) use phieri scale and the empiri-
cal scale of education respectively. Panels (c) show tinel tusing the empirical scale
while controlling for survey effects. Panels (d) show thentt using the empirical
scale while controlling for missing data. Comparing paifa)sand (b) shows that the
scale of education does influence the estimated trend. Aafatiag trend was found
for men using tha priori scale, but this change in trend became insignificant when the
empirical scale was used. For women, using the empiricé $eads to a significant
positive estimate of the trend prior to the negative trend,asignificant transition be-
tween the positive and the negative trend. Neither of theaeacteristics was present
when thea priori scale was used. The aspect of the trend that remains largafy u
fected by the scale of education is the downward trend duhiaghird quarter of the
twentieth century. The panels (c) show the trend in the ayesurvey’, thus control-
ling for survey effects. This correction mainly affects thldest cohorts, since these
cohorts contain data from only a few surveys, as was showigur&4.3. As a conse-
quence, a problem in an individual survey could have an inftaen the uncorrected
results. The younger cohorts contain data from many supgeyany problems with
individual surveys is likely to be averaged out. One imputrtaay in which surveys
differ from one another is the number of missing values, ah@vn in the appendix
to this chapter. If this is the main source of differencedim tesults between models
that control and do not control for survey effects then tieads in panels (d), which
control for missing data but not for survey effects, shoutbely correspond to the
trends in panels (c). However, the trends in panels (d) bl@sgrespond to the trends
in panels (b), indicating that controlling for missing datdly influences the results.
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Figure 4.5: Trend in Inequality of Educational Outcomes ahenge in trend for
men. (IEOut is measured as standardized regression ceafficiThe local polyno-
mial smooth has a span of .65 and uses weights proportiorthetinverse of the

variances.)
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Figure 4.6: Trend in Inequality of Educational Outcomes ahdnge in trend for
women. (IEOut is measured as standardized regressionaesffi. The local poly-
nomial smooth has a span of .65 and uses weights proportiotiaé¢ inverse of the
variances.)
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Figure 4.7: Trend in Inequality of Educational Outcomes ahenge in trend for
men while using different scales of education and contrglfior survey effects and
missing data. (IEOut is measured as standardized regnessedficients. The local
polynomial smooth has a span of .65 and uses weights propattio the inverse of
the variances)
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Figure 4.8: Trend in Inequality of Educational Outcomes ahdnge in trend for
women while using different scales of education and coliigofor survey effects and
missing data. (IEOut is measured as standardized regnessédficients. The local
polynomial smooth has a span of .65 and uses weights propattio the inverse of
the variances)
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4.6 Conclusion

This chapter had a primary and a secondary aim: The primanwas to provide
a detailed description of the trend in IEOut in the Nethetlbetween 1912 and
1988, and in particular whether the negative trend in IEQustdecelerated. Previous
studies all found a positive IEOut and an overall negatieadrin IEOut, but failed
to find any evidence that this trend was non-linear. This tdraghd find evidence
that the trend has been non-linear, but has not found theetatien in the decreasing
trend in IEOut that was expected. The results are summainiz&dble 4.2, which
shows periods of significant trends and changes in trendie wbntrolling for the
different potential sources of error. The most robust figdiim this chapter are a
period of negative trend for both men and women, which wasqated by a period
of significantly accelerating trend. The presence of théopeof accelerating trend
indicates that previously the trend was less negative, ananken there is a solid
indication that the trend was even positive. There is sonigeace that the negative
trend decelerated prior to becoming insignificant for men this deceleration is not
(yet) significant. There is no indication that the negatre@d for women decelerated
prior to becoming insignificant, indicating that the lacksafnificance of the negative
trend in the youngest cohorts has more to do with lack of pdhen with a lack of
negative trend.

Table 4.2: Periods of significant trend in IEOut and changesand in IEOut

scale corrected for trend change in trend
positive negative positive negative

men

a priori 1922-1931 1941-1963 1956-1968 1931-1946

empirical 1925-1934 1945-1961 1936-1947

empirical  survey 1942-1960 1936-1945

empirical missing data 1925-1934 1945-1961 1935-1947

empirical survey and 1941-1960 1935-1944
missing data

women

a priori 1949-1972

empirical 1935-1943 1955-1974 1945-1957

empirical  survey 1953-1976 1949-1954

empirical missing data 1935-1941 1954-1973 1944-1955

empirical survey and 1952-1977 1949-1952

missing data
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The secondary aim of this chapter was to use this analysisésiigate the degree
of susceptibility of the International Stratification andMlity File [ISMF] (Ganze-
boom and Treiman, 2009) to three potential sources of efierscaling of education,
survey effects, and missing data. Controls for missing detaot change the results,
but both controls for survey effects and using differentesaf education did mod-
erately influence the estimated trend. Controls for surfi@cts primarily influenced
the older cohorts, for both men and women, while differeatings of education pri-
marily influenced the estimated trend in older cohorts fomea.
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Appendix: Surveys and indicators of their quality

Table 4.3: Indicators of data quality of Dutch surveys thatevpost-harmonized in
the International Stratification and Mobility File (Ganoein and Treiman, 2009)

survey year  birth N response % missing # categories
numbef cohorts rate respondent’s  father's
education occupation
1 1958 1912-1943 783 94 0.4 9 23
2 1967 1912-1952 1125 68 2.0 4 20
3 1967 1939-1952 333 63.1 0.3 4 21
4 1970 1912-1955 1391 74 31 8 62
5 1971 1912-1956 1313 76 4.4 8 57
6 1971 1921-1956 1098 2.8 5 5
7 1974  1915-1959 739 67 6.0 12 49
8 1976  1923-1961 654 69 22 7 59
9 1977 1918-1962 2669 70 6.9 6 64
10 1977 1918-1962 1123 64 13.7 9 59
11 1979 1921-1964 1159 65 31 40 55
12 1981 1923-1966 1448 83 12.6 10 63
13 1982 1924-1967 1014 74 9.5 10 64
14 1982  1929-1967 1670 135 8 39
15 1982  1929-1967 590 60 7.4 16 61
16 1985 1928-1970 3163 41 5.6 9 67
17 1986 1928-1971 1056 83 10.7 10 62
18 1986 1928-1971 2545 57 11.0 5 39
19 1987 1929-1972 1188 82 1.6 7 30
20 1987 1929-1972 639 60 1.2 8 57
21 1987 1929-1972 686 78 10.1 7 58
22 1988 1930-1973 3482 7.2 9 66
23 1990 1932-1975 1765 48 5.9 7 65
24 1990 1932-1975 3303 7.5 9 67
25 1991 1933-1976 787 47.5 6 56
26 1992 1934-1978 1579 43 4.0 10 67
27 1992  1934-1977 3554 7.0 9 66
28 1992  1934-1977 1624 39.1 20 64
29 1994  1936-1979 1202 47.5 115 5 44
30 1994  1936-1979 845 58 3.2 9 64
310 1994  1936-1979 3403 135 8 66
32 1995 1937-1980 1639 40 11.6 9 64
33 1995 1937-1980 1615 51.5 6.1 8 65
34 1995 1956-1980 948 7.2 9 62
35 1996 1938-1981 603 36 2.6 8 59
36 1996 1938-1981 1013 37 30.5 10 14
37 1996 1938-1981 3680 7.4 8 68
38 1996 1974-1981 189 42 34.4 10 14

(Continued on next page)
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Table 4.3 — continued from previous page

survey year  birth N response % missing # categories

numbef cohorts rate respondent’s  father’s
education occupation

39 1998 1940-1983 644 31 12.7 8 55

40 1998 1940-1983 1288 50 19.6 9 59

41 1998 1940-1983 1783 48 24 10 69

42 1998 1940-1983 4039 6.1 8 67

43 1999 1941-1984 1889 43 6.5 8 64

44 1999 1941-1984 6674 66.4 23.1 8 68

45 1999 1941-1984 1062 17.4 7 61

46 2000 1942-1985 1381 40.6 2.1 10 62

47 2000 1942-1985 863 42.7 3.3 8 62

48 2002 1944-1988 1607 67.9 12.9 13 63

49 2003 1945-1988 1750 10.7 10 63

50 2003 1944-1988 6652 37.8 2.0 10 68

51 2004 1946-1988 1317 64 8.4 13 62

52 2005 1947-1988 1313 40 8.1 8 62

53 2006 1948-1988 1224 60 9.4 13 64

54 2006 1948-1988 1450 38 5.0 8 66

@ Number refer to the data references.
b These are waves in a panel. Respondents in these waves ghetasleio ensure that each respondent
contributes only one observation.
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Chapter 5

Parents and their resources:

The relative influence of the education and
occupation of both parents on the educational
attainment of their offspring in the Netherlands
between 1939 and 1991

5.1 Introduction

The study of the influence of social background on educaltmit@nment involves a
paradox: On the one hand, it is a good thing that parents bant ¢heir children and
want to help them to attain the best possible educationabout. On the other hand,
this has an undesirable consequence, as it leads to difEsémeducational outcomes
between children from different families that do not copmsd with differences in
ability, talent, or motivation of the children, because @B differ in the amount
of social, cultural, and economic resources they haveaheito help their offspring.
One of the tasks of the education system is to alleviate tiagox by being a separate
source of resources that can, at least partially, courtténaadisadvantage faced by
children from parents with fewer resources. The extent twhvthe education system
fails in reaching this goal — that is, the inequality of acceseducation — has been
an important research topic in social stratification and ititplvesearch (Breen and
Jonsson, 2005; Hout and DiPrete, 2006), and will also beuhpest of this chapter.

In this chapter | will focus on the fact that families have tiplé resources avail-
able, which are contributed by both parents. In particukas, chapter will study the
relative influence of the following resources: occupati@taus and education of the
father and the mother. This will be done by answering theofalhg two questions:
First, how important were each of these resources in theedetids between 1939
and 1991? Second, did the relative contributions of the &filut and occupational
status of the father and the mother to educational attaihwfehe offspring change
in the Netherlands between 1939 and 19917

91
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5.2 Parental resources and their effect on the educa-
tion of the offspring

When describing these parental resources, it is useful teraalistinction between
who is contributing and what is being contributed.

The most obvious comparison when describing who is corttriguesources is
the comparison between the father and the mother, but thysnotebe the most rel-
evant comparison; other alternatives are: the parent ofdhee sex as the offspring
versus the parent of the other sex, and the parent with theekigeducation or oc-
cupation versus the parent with the lowest education orettten. Moreover, these
possibilities are not mutually exclusive; for instanceg thct that the father has an
effect does not preclude the highest educated parent freindghan effect as well. So
the background variables will be entered in such a way addw alll these combina-
tions, in a way similar to that used by Korupp et al. (2002).

These different ways in which parents can influence the dotuned attainment of
their offspring correspond to different hypotheses abdhicty parent matters. The
first hypothesis is based on what Goldthorpe (1983) calleddbnventional view’,
which states that the family’s class position is determimgthe father alone, because
of the conventional role model in which the father is in galrdmployment and the
mother takes care of the children. However, this reasoramgatso be used to predict
the opposite: the mother’s characteristics are more irpofor the children’s educa-
tional attainment, because in this view the children amyiko interact more with the
mother. Finally, one may argue that it is the resources thatwings into the house-
hold that counts, and not whether the person who bringsattimt household is male
or female, in which case one would expect the effect of theeiéd and the mother’s
characteristics to be equal. The second hypothesis is lasedhat is sometimes
called the ‘dominance model’ (Erikson, 1984), which poestes that it is the parent
with the highest status that determines the family’s clasitipn. The justification of
this model can be based on the ‘power model’ by McDonald (L9%fich assumes
that these differences in status represent differenceswepwithin the family, and
that children would be influenced by the most powerful parelatvever, this type of
reasoning can also be turned around to come to the opposidéecpon. In this view,
power is at least in part derived from the occupational stand time spent attaining
occupational status competes with time spent raising hildSo, it is likely that the
least powerful parent spends the most time with the childaad thus would have the
strongest influence. The third set of hypotheses is basdukeogei-role model, which
assumes that daughters are primarily oriented towardsri@her and sons towards
their father because the same-sex parent is perceived bhitdesn to have more rele-
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vant information for their situation (Acock and Yang, 198byd, 1989). In principle
this hypothesis could also be reversed — with the fathereniting the daughter and
the mother influencing the son — but it is less clear why suchreangement would
work.

As well as who is contributing resources, this chapter vidbatudy what is being
contributed. In particular, two types of resources thahgzarent can contribute will
be considered: the highest achieved level education of dnenp, and the parent’s
occupational status. Special attention will be paid to feamin which the mother has
never been in paid employment. Not only will this study trym@asure the effect
of the mother being a homemaker, but also two possible cosgpiely strategies will
be investigated: the father's occupation could become ringpertant when he is the
only person in the household who brings in occupationatistavhile the mother’s
education could become more important if that is her only@®of status.

Finally, this chapter will also test whether the relativentibutions of these re-
sources have changed over time. Given the rapid change obthef women in
many aspects of society, it appears likely that the the nmstmesources have in-
creased in importance relative to the father’s resourceswyeder, a stability in the
relative importance of the father’'s and mother’s resouveasld correspond with the
remarkable resilience of differences between men and wamsome other areas like
the division of household tasks (for example Greenstei@Q2Gershuny et al., 1994).
As a consequence, it is unclear whether to expect changingretant relative con-
tributions of the father versus the mother. In the case ottimparison between the
parental occupational status and the parental educatierg is a clear expectation
about the change in their relative contributions. Occupet status is more closely
related to the economic resources available in a family greental education, and
the influence of the economic resources is expected to @egliar time due to two
processes (De Graaf and Ganzeboom, 1993; De Graaf et all).2Bi@st, economic
resources influence educational attainment of the offggrnconstraining the possi-
bilities of families with insufficient economic resourcéiven the economic growth
in the Netherlands during the period being studied, it issexgd that fewer and fewer
families are constrained in their ability to send their dhéin to school. Second, a
deficiency in economic resources can easily be redressedltlic policy, through
subsidising education or direct subsidies to these fami@d these measures have
been implemented during the period under study. A similafide in the influence of
the parental education is not expected. As a consequemceeltiive contribution of
parental education is expected to increase.
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5.3 Data and method

5.3.1 Data

The data consists of 11 survéys/hich collected information from respondents from
the Netherlands on the highest achieved level of educatidheorespondents, the
highest achieved level of education and occupationalstattheir father, and highest
achieved level of education and occupational status of thether. All these sur-
veys have been post-harmonized by Ganzeboom and Treim@@)(26 part of the
International Stratification and Mobility File, ISMF. Tother, these surveys contain
information on approximately 11,500 respondents. This datvers the period be-
tween 1939 till 1991, as measured by the year in which theoretgnt was 12 (at
around this age, students in the Netherlands make the mpstiamt choice in their
educational career).

The highest achieved level of education of the respondemtgteeir fathers and
mothers are measured in pseudo-years, using the scaleatstiin Chapter 3. The
highest achieved level of education of the father and thenardbas been rescaled
such that it ranges between zero and one. The occupatiaas &if the parents was
measured in terms of the International Socio-EconomicXrafeccupational status
[ISEI] (Ganzeboom and Treiman, 2003) and have also beealsgbto range between
zero and one. This way, the size of the effect of the parewliscation becomes
comparable with the size of the effect of the parent’s octiapaboth measure what
happens when the parent moves from the lowest position thigfiest position.

In this chapter a mother is considered to have always beemaimaker if there
is no information on her occupation. The homemakers aredted in the analysis by
setting their occupational status to zero, and adding anatat variable to the model
indicating whether or not the mother is a homemaker. The dyfemhomemaker
measures how much education respondents would have gaihest @ their mother
had always been a homemaker rather than having the lowast gdh. An interaction
between the father's occupation and the homemaker dummgdsdato allow the
effect of father's occupational status to change when thigefais the only person
in the household to bring in occupational status. An intdoadetween the mother’s
education and the homemaker dummy is also added, to alloeffénet of the mother’s
education to change when the mother’s education is her onlfce of status.

To capture the different ways in which both parents couldigrice the respon-
dent’s education, the following sets of variables are adde¢de model:

1These surveys are: net92f, net94h, net95h, net95y, netd86y) net98, net9sf, net99, net04i, and
net06i, where the codes refer to the data references.
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e the education and occupation of the father and the mother

e the education and occupation of the parent with the higlthstation or occu-
pational status, and the education and occupation of trenpaiith the lowest
education or occupation. This means the reference catégthrg parents when
both have the same level of education or occupational st@csupational sta-
tuses are considered to be equal when they differ by lessliibé8EI points,
while education is considered equal if the parents hadnaithihe same educa-
tional category.

e the education and occupation of the parent with the samessiseaespondent,
which means that the reference category is the parent ofghesite sex as
the respondent. In case of female respondents, the oconpdtthe same-sex
parent could be homemaker, so an interaction between thef fex respondent
and the homemaker indicator variable is also part of thiskeariables.

So the main effects of the education of the father and the enottpresent the
effects when the father and the mother have the same educario when the respon-
dent has the opposite sex to the parent. Similarly the méeetsfof the occupational
status of the father and the mother are the effects when tleeatice in occupational
status between the father and the mother is less than 10 $fs@and when the re-
spondent has the opposite sex to the parent. All the othera¢idu and occupation
variables measure the difference in effects with theseeatse categories.

Time is measured by the year in which the respondent was li2.i9keen as the
best approximation of when any effect occurs because itappitoximately that age
that students are streamed in the different tracks, whitthewe major consequences
for their subsequent educational career. The unit of the tiariable is decades since
1940. To allow for a non-linear trend, this variable is eatein the model as restricted
cubic spline (Harrell, 2001) with knots at 1950, 1970, an8@sing thankspline
command in Stata (StataCorp, 2007).

5.3.2 Method

The second research question requires a special modet tottether the relative im-
pact of the different parental resources on the offspriadiscation changed over time.
This is done by estimating a regression with parametricalighted explanatory vari-
ables (Yamaguchi, 2002). This model represents the nulbthgsis that the effects
of the parental resources may have changed over time, Hubh#hgelative impact of
each of these resources has remained constant. The metlhde wiscussed using
the following simplified example: The respondent’s edurated) is influenced by
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parental educatiorpéd) and parental occupational statym¢c), and these effects
are allowed to change over timg,(as in equation (5.1).

ed = o + fat + (1 + Bst) (v1ped + yzpocc) + € (5.1)

According to this equation, the effect péd is (1 + Sst)~; and the effect opocc
is (1 + Bst)y2. So, the effects of these variables are allowed to changetiove, but
the relative size of these eﬁect%% = % is constrained to remain constant
over time. This is a so-called proportionality constraint.

The model in equation (5.1) can be estimated with maximumlihikod if we
make the standard assumption that error ter)rig normally distributed with mean
0 and a constant variance. If these assumptions are madaiehaative hypothesis,
which relaxes the proportionality constraint, would thenrbpresented by a normal
linear regression with interactions betweesndpedd andt andpocc. The test of
the null hypothesis that the relative impact of these resmsihas remained constant
over time is then the likelihood ratio test comparing these models. This is imple-
mented in Stata (StataCorp, 2007) asghgpcnsreg  package (Buis, 2007a), which
is documented in Technical Materials .

5.4 Results

The analysis started with a test of whether the relativessizéhe influence of different
parental resources have remained constant. This is donestigg the model with
constant relative effects of all parental resources againsodel where the effects of
all resources are allowed to change separately over timbemgen men and women,
using the likelihood ratio te&t This results in an? value of 51.56, with 65 degrees
of freedom, leading to a p-value of 0.886, which means thanthll hypothesis of a
constant relative effects cannot be rejected. The reguttiodel is shown as model 1 in
Table 5.1. Table 5.1 consists of three main panels, labetaustrained’, ‘trend’, and
‘main’. The parameter estimates in the panel labeled ‘caimsd’ refer to the effect of
the parental resources on the respondent’s highest attkwnel of education for men
(model 1) or men and women (model 2) from the cohort that was1840. The
panel labeled ‘trend’ displays the change in effect of theepgl resource variables
over time and between men and women (model 1) or only over tinzalel 2). The
panel labeled ‘main’ captures the effects of other variathat influence educational
background. This panel contains the main effects of thealbas specified in the
panel ‘trend’, but could also have contained other contaoiables.

2The model with the proportionality constraint is preserdsanodel 1 in Table 5.1, while the parameter
estimates of the unconstrained model are not shown due tarfeenumber of parameters in this model.
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Table 5.1: Parameter estimates of models explaining higiobseved level of educa-

tion
Model 1 Model 2
b se b se
constrained occupation father 2571 (0.52) 3%370.26)
mother 3.442 (0.53) 3.437 (0.26)
highest -0.013 (0.46)
lowest 0.124 (0.64)
same sex 0.477 (0.45)
homemaker -0.746 (0.24) -0.625 (0.21)
homeXfemale 0.465 (0.23)
homeXfather 1.367 (0.54) 1.955 (0.44)
education  father 2421 (0.36) 2.470(0.20)
mother 2.133 (0.38) 2.470 (0.20)
highest 1.042 (0.26) 1.246 (0.23)
lowest -0.983 (0.41) -1.135 (0.41)
same sex 0.081 (0.35)
homeXmother 1.006 (0.45) 0.945 (0.46)
trend yeay -0.144 (0.03) -0.158 (0.02)
yeap 0.075 (0.03) 0.078 (0.02)
female 0.125 (0.11)
femaleXyear -0.050 (0.06)
femaleXyeas 0.017 (0.05)
constant 1.000 . 1.000 .
main yeay 0.617 (0.14) 0.681 (0.12)
yeap -0.429 (0.15) -0.437 (0.12)
female -2.148 (0.40) -1.684 (0.23)
femaleXyeay 0.576 (0.21) 0.415 (0.12)
femaleXyeas -0.099 (0.22) -0.074 (0.12)
constant 7.945 (0.29) 7.790 (0.25)
log likelihood -29951.4 -29959.2

. b entries with the same superscript are constrained to bé.equa
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Table 5.2: Constraints on the effects of the parental ressujWald tests)

Null hypothesis occupation education

X2 df p x? df p
female=0 24883 1 0.000 31.97 1 0.000
father = mother 164 1 0.201 043 1 0.511

highest=same =lowest 0.11 2 0.947 16.22 2 0.000
same sex = differentsex 4.24 2 0.120 0.05 1 0.830

The analysis continued with a description of the effectdefgarental resources.
These effects are shown in the panel labeled ‘constraimetible 5.1. This descrip-
tion can be split into two parts. The first part has to do withclilparent contributes
the resource: only the father, the father and the mothempdnent with the highest
and the lowest occupational status or education, and/qvahent with the same and
the opposite sex. Model 1 simultaneously allows all theteref. These effects were
tested and these tests are reported in Table 5.2. The firdhrthis table reports the
test that only the father contributes, this is the converdidwypothesis. This hypoth-
esis is rejected for both the parental education and thentsreccupational status.
The second row tests whether there is a difference in effswiden the occupational
status and the education of the father and the occupatitatabsand education of the
mother. The hypothesis that the effects are the same foifatbtbrs and mothers can-
not be rejected for parents’ occupation nor for parentstatlan. The third row tests
the dominance hypothesis: whether the effect of the parethtthae highest education
or occupational status differs from the effects when botlepis have the same occu-
pational status or education, and whether the effects ghdinents when both parents
have the same education or occupational status differs fneneffect of the parent
with the lowest education or occupational status. The Hygss that these effects
are the same must be rejected for the education of the pabenthis is not the case
for the parents’ occupational status, indicating suppmrtfie dominance hypothesis
for parental education but not for parental occupatiorstust Finally, the last row
tests the sex role hypothesis: whether the effect of the enath the daughter and the
father on the son is different from the effect of the mothett@nson and the father on
the daughtetr The hypothesis of no difference in effect of the parent lith same
sex as the respondent and the parent with the opposite sk esspondent could not
be rejected, neither for the effect of parental educatianfoiothe effect of parental
occupational status. This provides evidence against theate hypothesis.

3Notice that the effect of the occupation of the parent withsame sex as the respondent is captured by
two variables, the occupational status of the same sex fpanethe interaction between homemaker and
female. So this is a 2 degree of freedom test for occupatidraahdegree of freedom test for education.
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The second part of the description of the effect of parest&durces has to do with
which resource contributes most. Two types of resourcee baen distinguished:
the occupational status of the parent, and the educatidmegbarents. Of particular
interest in this case are the parameters of father and mistlilee first panel, which
represents the effects of the father’s and the mother’spat@n or education in 1940
when they have the same occupational status or educatitreiapartner, are not of
the same sex as the sex of their offspring, and the mother baed. It indicates
that the effect of parental occupational status is strottyzn the effect of parental
education. Within model 1 this difference is not significept(2) = 3.08, p = .214),
but within model 2 parental occupational status has a sagmifly stronger effect than
parental education®(1) = 8.54, p = .004).

Model 1 can be further simplified by forcing the effects of tlesources to be
the same for male and female respondents, that is consigdimé effects of female,
femaleXyeay, and femaleXyearin the second panel of Table 5.1 to be zero. All these
constraints together result in the simplified model 2 in &hll. The parameters can
be interpreted in the following way: Within the sub-panddd&ed ‘occupation’, the
parameters for father and mother are the effects of therfathed mother’s occupa-
tional status on the respondent’s education in 1940 if ththerdas not always been
a homemaker. It shows that if a parent moves from the lowdsigteest status occu-
pation, the education of the offspring is expected to ineedsy 3.5 pseudo-years. The
effect of the variable homemaker indicates the differengeseudo-years of education
between respondents whose mother has always been a hormemdkehose mother
had a job with the lowest status. So the offspring is likehattain more education
when the mother has had the lowest status job as apposeditpcbbomemaker. The
effect of homeXfather shows that when the mother has alwags b homemaker, the
father's occupational status increases by about 2.0 psgems. This means that the
negative effect of the mother being a homemaker can be dsmen even reversed
by an increase in the father's occupational status. Thepsuie! labeled ‘education’
shows that increasing a parent’s education from the loveetstet highest level would
resultin an increase in the offspring’s education of 2.5.dseyears if the father and
the mother have the same education, and that this effeetdses by 1.2 pseudo-years
if the parent is the highest educated parent, and decregskd pseudo-years if the
parent is the lowest educated parent. The effect of thedaatien term homeXmother
shows that if the mother has always been a homemaker, thet effaer education
increases by about a pseudo-year. As a consequence, tbeoéffiee mother being a
homemaker can become less negative or even positive whendtier has a higher
level of education.

These effects are also represented in Figure 5.1, togeitiehew they changed
over time. Due to the proportionality constraint, the shafiie trend is the same for
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Figure 5.1: Effects of parental resources on respondethtisagion
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all family background variables. It shows that the effecsréase over time, but that
this decrease slows down. The time trend is in Table 5.1 septed by the restricted
cubic spline terms yearand yeas, which were parameterized in such a way that if
yeas is not significant, the trend is not significantly differemr a linear trend, so
Table 5.1 shows that this slowing down of the trend is statilly significant.

5.5 Conclusion

This chapter started with the notion that parents have plaltesources available with
which they can help their offspring. This chapter focussedveo of these: parental

education and parental occupational status. Two questi@ns asked about this:
First, how important are each of these resources in the Nattus between 1939 and
19917 Second, did the relative contributions of the edanathd occupational status
of the father and the mother to educational attainment obffspring change in the

Netherlands between 1939 and 19917

The first question was split up into two parts:

1. which parent contributes most to the educational attairtrof the offspring:

o the father or the mother, or
o the parent with highest or lowest education or occupation, o
o the parent with the same sex as the respondent or the oppesijter

e any combination of these three?

2. what parental resource contributes most to the eduatattainment of the
offspring: their education or occupational status?

The analysis showed that as long as the mother works, it doiematter who
brings in the resources. The only exception is that the ddurcaf the highest edu-
cated parent has a larger effect than the effect of educdtlosth parents have the
same level of education, which in turn is larger than thectfé the lowest educated
parent. Otherwise, the effects of the father’s charaditesiare the same as the effects
of the mother’s characteristics, there is no differencehm effects of the education
and occupational status of the parent with the same sex asgshendent and the par-
ent with the opposite sex to the respondent, and there isffezatice in the effects
of the parent with the highest, same, and lowest occupdtitaiais. Having a mother
who has always been a homemaker decreases the respondpetteel level of ed-
ucation compared to respondents from mothers with the lostatus job. However,
it also increases the effects of father’s occupationalistahd of mother’s education.
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The negative effect of the mother being a homemaker on tlspiifiy’s education be-
comes positive when the mother is highly educated and/dather has a high status
job. The parent’s occupational status appears to have agaranfluence than the
parent’s education. This could be due to how parental estutahd occupation were
standardized. Both were standardized such that theirtefpcesents the effect of
moving from a parent with the lowest education/occupatistedus to a parent with
the highest education/occupational status. Becausedhemly a limited number of
educational categories, the distribution of educationasewestricted than the distri-
bution of occupational status. As a consequence, the €iftar between the highest
and lowest educational category is likely to be smaller thardifference between the
highest and lowest occupational status. The fact that titeofieducation implies a
smaller step than the unit in occupational status could i) @xplain the difference
in effect.

The expected answer to the second question was that ovethemesources of
the mother could have become more important due to the ch@mgie of women in
Dutch society during this period. In addition, the impacbetupational status was
expected to decline because occupational status was expedbe more closely re-
lated to economic resources, and economic growth and gamentpolicy meant that
lack of economic resources in a family has become less of ati@nt for attaining
education. However, no such changes were found in this stugpssible reason for
this could be lack of statistical power. The test of this hjyesis was a test that the
effects of all the resources on the offspring’s educaticenged over time in such a
way that the relative differences in effect remained cartstahich is a proportionality
constraint. This is a rather subtle constraint, and a testiefconstraint is thus a test
with a rather low statistical power.

The two main findings of this chapter are that it matters et little which par-
ent brings in the resources as long as the mother works, atcthevidence was
found that the relative contributions of different familysources have changed over
time. The lack of evidence for a change in the relative cbatidns was not expected,
but it has a fortuitous practical consequence for sociatifitration and mobility re-
search: a significant part of this literature has used onlpglesindicator of parental
resources to estimate the effect of family background orcatitbnal attainment of
the offspring, most commonly the father's occupationaiusta A negative trend in
the effect of father’s occupational status would in thatechs open to a number of
interpretations: either the educational system has beeoare open to people from
different backgrounds, or father’'s occupational statustiecome an increasingly bad
proxy for family background as fathers have lost influendatiee to mothers, or
father’s occupational status may have become less impdtarother family back-
ground characteristics, like education, may have remainedtant or even increased
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in importance. However, the first interpretation seems tdhigecorrect one, as no
changes in the relative effects have been found. So, thefussingle indicator for

family background is still a reasonable strategy, esplgoidien only one indicator is
present in the data.
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Chapter 6

Not all transitions are equal:

The relationship between inequality of educational
opportunities and inequality of educational
outcomes

6.1 Introduction

Social stratification research has long been concernedthétielationship between
family socioeconomic status (SES) and offspring’s edocati attainment (Breen and
Jonsson, 2005; Hout and DiPrete, 2006). A strong positige@ation between the
two implies that respondents with higher SES backgroureisnare likely to achieve
higher levels of education than respondents with lower S&&kdrounds. For this
reason, the strength of the relationship is often termeetflrality of Educational Op-
portunity’ or IEO (Boudon, 1974; Mare, 1981). IEO can be nugad in a variety of
ways, and these different measures tend to lead to seendiftdyent conclusions.
This chapter will focus on two of these measures of IEO: ttedeaiation between
family SES and the highest achieved level of education, hadssociation between
family SES and probabilities of passing from one educatipriagramme to the next.
These will be called Inequality of Educational Outcome (lEQand Inequality of
Educational Opportunity proper (IEOpp) respectively, tHEO will be used as a
generic term. IEOut focusses on the end result of the eduttprocess, which is
often of interest as this result, the highest achieved le¥&ducation, is the most
visible result of education in subsequent areas of lifetiieelabor market or the mar-
riage market. IEOpp focusses on the process of attainingagidm. Attaining a level
of education is something that typically happens over a lpagod of time and is
usually split up into different steps, for example finishprgmary eduction, finishing
secondary education, etc. Knowing the influence of SES &t ehthese transitions
can give a more complete picture of how IEO came about. Seetheo measures
of IEO capture different aspects of IEO: IEOut describegiradity of the outcome of
the process of attaining education, while IEOpp describegualities in that process
itself. The aim of this chapter is to show how estimates ofpa@nd IEOut can com-
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plement one another. The key challenge when dealing withptenmentary models is
to find a way to move beyond just presenting separate resaitsdifferent models to

an integrated discussion of the results that shows how fferelit results are related
to one another.

This is done by demonstrating that there is a relationshtpvden IEOpp and
IEOut in the form of a decomposition of IEOut as a weighted d&@®@pps. This
means that the IEOpps (the process) lead to IEOut (the o@)diat that not every
IEOpp (that is, every step in the process) is of equal impaeaor achieving the
outcome. Moreover, as will be shown below, the importanceaah IEOpp for the
IEOut can differ across groups. A clear example of this igdifferences in the impor-
tance of the transition between primary education and skrgreducation between
cohorts. In most industrialized countries virtually alidénts within the recent co-
horts remain in education after the primary level. As a riesuly inequality at this
first transition only affects a few (or no) students, and issthot very important for
IEOut. The situation was quite different at the beginninghef twentieth century: at
that time many more students failed to continue after prynediucation, so the IEOpp
for the transition between primary and secondary educatasymuch more important
for the IEOut than it is now. Within the decomposition deyedd in this chapter there
will be two additional reasons why the importance of a tréiosican differ across
groups: the importance of a transition will increase as tloprtion of people at risk
increases, and when the difference in the value of the eggduthest attained level
of education between those that pass and those that fadlases. All three are sub-
stantively interpretable ways in which the distributiorediucation — that is, for each
educational programme the proportion of people that hagptiogram as their highest
achieved level of eduction — can influence IEOut. This deawsitpn thus leads one
to relate IEOpp and IEOut to one another as two complemedtsgriptions of IEO,
and allows one to investigate the effect of changes in theilolision of education on
IEOut. The fact that IEOut and IEOpp are related is not newd\(4981) already es-
tablished that, but the use of this relationship to creaiet@grated analysis of IEOpp
and IEOut and to study the impact of educational expansiolEQut is new to the
best of my knowledge.

This chapter will begin with a description of a number of migad# educational in-
equality. This will be followed by a discussion of the modedposed by Mare (1981),
and the derivation of the relationship between IEOpp, IE@nt the distribution of
education. In the next section the decomposition will hesiilated by applying it to
differences in IEOut between men and women and across cothattwere 12 years
old in the Netherlands between 1905 and 1991.
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6.2 Different models of IEO

A variety of different models have been proposed and usedttmtying IEO. These
different models tend to emphasize different aspects of F® example much of the
early research focusses on inequality in the end resultunystg the association be-
tween family background and highest achieved level of efilbiegBlau and Duncan,
1967; Duncan, 1967; Hauser and Featherman, 1976). Tharoés&as supplemented
by Boudon (1974) and Mare (1980, 1981), who studied edutattinequality during
the process of attaining education as the effect of famibkgeound on the probability
of passing steps between educational programmes. In partidlare (1980, 1981)
proposed the use of the sequential logit model for estigd#&Opps. Estimates of
IEOpp and IEOut are now often treated as competing reprasens of educational
inequality. The reason for that is that Mare (1981) showatlttiere is an relationship
between IEOpp and IEOut which involved the transition piolitées, but presented
this relationship as a black box. The main point he made watdifferences in these
estimates of IEOut between cohorts are in part due to differe in the distribution
of education. These effects can be considerable, sinceistrébdtion of education
varies substantially over cohorts. In almost all countnEople born in later cohorts
have attained more education, a process that has been t&uuedtional expansion’
(Hout and DiPrete, 2006). Furthermore, Mare (1981) showwedEOpps control for
this effect of educational expansion. This led Mare (1981argue that the IEOpps
are a more ‘pure’ measure of IEO. Since then, the literatasedpproached the re-
lationship between IEOQut, the IEOpps, and the distribubbeducation as a black
box.

This practice leads one to ignore two opportunities. Firet,complementary na-
ture of the information contained in estimates of IEOppsI&t@ut are not fully used
when treating the relation between these two as a black He®pp and IEOut are
natural complements as the former describes the proceswwiiag education while
the latter describes the outcome of that process. Somesttaport both estimates for
the IEOpps and the IEOut, (for example Shavit and Blosst3®3) but these do not
relate the two types of estimates to one another. Secorgdpthctice makes it hard
to study the impact of educational expansion on IEO, becansexplicitly controls
for changes in the distribution of education. Those stutliat have investigated the
relationship (Mare, 1981; Smith and Cheung, 1986; Nieuvithesnd Rijken, 1996)
compare the observed IEOut with the simulated results of daanterfactual sce-
narios, those being that either the distribution of edwcatemained unchanged and
IEOpp changes as observed; or that the distribution of g@glucehanges as observed,
but IEOpp remains unchanged. Simulations such as theseltas how much IEOut
is affected by changes in the distribution of education drahges in IEOpps, but do
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not offer us any insights as to why. This leads to the follaytimo questions:

How are IEOut and IEOpp related to one another, and how canela-
tion be used for a meaningfully integrated analysis of IE@pgd IEOut?

How are IEOut and the distribution of education related te another,
and how can this relation be used for an analysis of the infleef
changes in the distribution of education on IEOut?

These questions are answered by showing that the standalel foo estimating
IEOpps, the sequential logit model proposed by Mare (1981)lies an estimate of
IEOut, which can be decomposed into a weighted sum of the pEOpMoreover,
it will be shown that each IEOpp’s weight depends on the ithistion of education
in three substantively interesting ways. An IEOpp receiese weight if 1) the
proportion of people ‘at risk’ of making that transition neases; 2) the proportion
passing that transition is closer to 50%, that is, passitgilimg that transition cannot
be regarded as almost universal; and 3) the difference inatag level of education
between those who pass and those who fail to make the t@mnsitireases, that is, the
expected gain from passing increases. This decomposititEQut into a weighted
sum of IEOpps provides a link between IEOpp and IEOut and aofagnducting an
integrated analysis of the two. The decomposition of thegtisiinto the product of
its three elements provides a link between the distribugfceducation and IEOut and
a way of showing the influence of changes in the distributibeducation on IEOut.
The decomposition of IEQOut into IEOpps and weights has begaemented in Stata
(StataCorp, 2007) in theeqlogit  package (Buis, 2007b), which is documented in
Technical Materials II.

This decomposition does not require a new model, it is jusiffardnt way of
presenting the results of a sequential logit model. Thismadhat the critique by
Cameron and Heckman (1998) on the sequential logit modelagplies to this de-
composition. Their argument starts with the observatian ithis very likely that not
all variables that influence the probability of passing asion are observed. In this
case the sequential logit model will estimate the effecthef dbserved explanatory
variables on the proportion of respondents that pass aiticanaveraged over these
unobserved variables rather than on an individual’s priibabf passing the transi-
tions. The problem is that the group level effects measugethe sequential logit
model will not be the same as the individual level effectgreif the unobserved vari-
ables are non-confounding variables. The easiest soligitminterpret the results
of the sequential logit model as a description of differenoetween different groups
rather than interpret the results as individual-level e@ffe Alternatively, one can try
to adapt the model to take unobserved heterogeneity intouatc This is obviously
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a difficult problem, as one tries to control for variablestthave not been observed,
and a consensus on the best way of doing this has yet to appédacussion of the
various solutions proposed to solve this problem is beybedstope of this chapter,
so the main focus of this chapter will be on the effects on g#lawel transition rates
rather than individual-level effects. However, the decosifion can be applied to
some of the models that have been proposed for estimatirngidodl-level effects
(for example: Mare 1993 and Chapter 7 of this dissertatian)i generalizations of
the decomposition for these models will be briefly discussed

6.3 The relationship between inequality of educational
opportunities and outcomes

In this section | will derive and discuss a decompositionogatimate of IEOut into
a weighted sum of IEOpps. This decomposition starts withmbdel for IEOpps pro-
posed by Mare (1981), which I will refer to as the sequentgitimodel (following
Tutz (1991)). This model is also known under a variety of oth@mes: sequential
response model (Maddala, 1983), continuation ratio logifrésti, 2002), model for
nested dichotomies (Fox, 1997), and simply the Mare modeh\({{ and Blossfeld,
1993). Consider, for instance, a hypothetical educatistesy consisting of four lev-
els: no education, primary education, secondary educadiush tertiary education as
represented in Figure 6.1. Figure 6.1 shows how responti#shree transitions in
this system: they can attend primary education or opt forduzation at all; if they opt
for primary education they can choose to leave the systera thay have completed
primary education, or go on to secondary education; andel thpt for secondary
education, they can then either choose to leave once theydwmampleted this level
or go on to tertiary education. The implication is that if sone’s highest-achieved
level of education is primary education, then that persos ‘\atirisk’ of passing the
first two transitions, but not the third. Furthermore, it ifep that the person passed
the first transition, but failed the second.

The model assumes that one has to be ‘at risk’ of passing sitican— that is,
to have passed through all lower transitions — in order to eraldecision at that
transition about whether to continue in education or todetine system. Aside from
this, these decisions are assumed to be completely independis a result, one can
estimate the IEOpp by running separate logistic regresdmmeach transition on the
appropriate sub-sample (Mare, 1980). This model is shovequration (6.1).
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Figure 6.1: Hypothetical educational system
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The probability that persohpasses transitioh is pr;. The IEOpp belonging to
transitionk is A\, the constant for transitiohis «y, and the effect of a control variable
x; is represented by,. Whether or not individual has passed the previous transition
is indicated by the indicator variabpess;_1 ;. Itis assumed that everybody is at risk
of passing the first transition. The differences in IEOppaasn men, women, and
cohorts can be obtained by adding the appropriate interatgrms to the model.

In order to make a link between the IEOpps (#hs) and IEOut, it is necessary to
assign a valu€f) to each level of education. By assigning values to eachatdhral
level, it becomes possible to use the sequential logit mmdedlculate the expected
highest achieved level of educatioBi((L;)). The results from the sequential logit are
used to compute predicted probabilities for passing eastsition, and the expected
highest achieved level of education is the sum of the valusaoh level of education
times the probability of attaining that level. This is set gquequation (6.2). The
probabilities and values assigned to each level can beatkfiom Figure 6.1

1The values that are assigned to each of the levels in Figdrar6.typical for when these values are
based on years or pseudo-years of education, but this desttiop is not limited to this metric.
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E(L;) = (1 — p1i)lo + p1s(1 — P2i)la + PriP2i (1 — Psi)le + PripaiPails  (6.2)

The family’'s SES is part of equation (6.2) through thig;s described in equa-
tion (6.1). Equation (6.2) can be understood as a regressjoation showing a non-
linear relationship between a family%E S and the highest achieved level of educa-
tion. Using a sequential logit model to derive such a (noedr) regression is unusual.
A more common method for estimating IEOut is to use a linegrassion of highest
achieved level of education on familyES (for example, Blau and Duncan, 1967;
Shavit and Blossfeld, 1993). The advantage of the non+limealel derived from the
sequential logit model over the linear model is that the lww@ar model provides the
link between the IEOpps and the IEOut. Moreover, the noedirmodel takes the
bounded nature of the dependent variable into accountcas ihever lead to predic-
tions below the lowest level of education or above the higleeel of education.

Recall that IEOut is the effect of a familySE'S on the respondent’s expected
highest achieved level of education, or, in other words, hmueh the expected highest
achieved level of education changes if a famil§’B.S change& Consequently, IEOut
is the first derivative of equation (6.2) with respect to aifgim SES. This derivative
is shown in equation (6.3). A step-by-step derivation isosgtin the appendix to this
chapter.

OE(L;)  _
9SES
{1 x  pri(l —pu) x  [(1—p2s)li + P2i(1 — psi)la+
Poipails — lo] P} o+ (6.3)
{Pri X p2i(1 —p2i) X [(1—Pai)la + Pails — U] o o+
{Prip2i  x Psi(L—p3i) x  [(Is —I2)] boAs

OSES
AxS). The weights (the sections between curly brackets) sbokthree parts, all of

which are related to the distribution of education. These ar

Equation (6.3) shows that IEO(M) is a weighted sum of the IEOpps (the

1. The predicted proportion of people at risk of passing asiteon. For the first
transition, this proportionis 1; for the second it is thegadion of students who
complete primary educatiop;;; and for the third transition, it is the proportion
who completed secondary educatign;ps;. Substantively, this means that a
transition is more important when more people are at riskasbmg it.

2More precisely, the measure of IEOut used in this chaptetiesuhow the average highest achieved
level of education of a group of respondents with the samé@yé®iES reacts to a change in the family SES
rather than an individual-level effect, as was discusséoree
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2. The variance of the indicator variable showing who passetiwho failed the
transition,p; (1 — px;). This variance is a function of the predicted probability
of passing. This is lowest if virtually everybody passesailsf and is highest
when the probability of passing is .5. This makes sense abstautive level,
because if only a few people pass or fail a transition, thgnequality at this
stage will only affect a few people.

3. The differences between the expected level of educafittose who pass the
transitions and those who do not. These are the parts in tleesfrackets. For
instance, the expected level of education of those who pasBrst transition
is (1 — p2i)li + P2:(1 — psi)la + p2ipsils and the expected level of education
for those that fail the first transition ig. The difference between the two is the
expected gain from passing the first transition. The sulistaimterpretation of
this is that a transition becomes more important if pasditegpids to a greater
expected increase in the highest achieved level of edurcatio

The result is summarized below. IEOut is a weighted sum ofgEDand the weights
are the product of the proportion at risk, the variance, &edeixpected gain in level
of education resulting from passing.

IEOut; = (weight,; x IEOpp,)

N

=

1
weight, = atrisk,; x variance; x gain,;

Each respondent will have its own IEOut and set of weightabse the weights
are based on the predicted probabilities of passing thsitrams, and these probabili-
ties will differ between persons depending on their valuethe explanatory variables.
In this chapter this decomposition will be summarized by pating the decomposi-
tion for an individual with average values on the explanat@riables. This is not the
only way one can summarize the IEOuts. For example, one caipuie the IEOut
for each individual and average those. This ‘averaged |IE€mtalso be decomposed
into a weighted sum of IEOpps, where the weights are now theage of the weights
predicted for each individual. However, these averagedhisican no longer be de-
composed as the product of its three constitutive elerieTitss is why the IEOut of a
person with average values on its explanatory variablesieped over the ‘averaged
IEQut'.

3The reason for this is that the weight is a product of varimbéad the average of a product of variables
is not the same as the product of the averages of these eamiabl
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As was discussed before, this decomposition is just a diffawvay of representing
the results from a sequential logit model, so the criticignClameron and Heckman
(1998) also applies here. However, this decomposition esaxtended to models that
estimate individual-level IEOpps as long as the individiegkl IEOpps are estimated
by modelling the transition probabilities using a logistiove, as is the case in (Mare,
1993) and Chapter 7. In both articles, certain assumptiomsnade concerning the
distribution of the unobserved variables, and the IEOppsestimated given these
assumptions. The presence of the unobserved variableslicatep the estimation
in ways that are beyond the scope of this chapter, but witmncontext of equa-
tions (6.1), (6.2), and (6.3) the unobserved variable isdifedérent from the observed
variables. In this case one can create predicted probabildr someone with average
values on both the observed and unobserved variables artasseto compute the
decomposition in equation (6.3).

In summary, the main advantage of the decomposition prapiosthis chapter is
that it allows for an integrated discussion of IEOpps anduE&hd a way of studying
the influence of changes in the distribution of educationE@ut. This makes it pos-
sible to make full use of the complementary nature of IEOpmpl&®Out, and to study
the influence of factors such as educational expansion ontlEGhe can easily extend
this argument, allowing us to study the roles played by geadacational inequality,
racial educational inequality, or differences in the dlsttion of education between
countries. A graphical representation of this decompmsits presented during the
empirical discussion.

6.4 Empirical application

This section will illustrate how the relationship betwe&®ipp, IEOut, and the distri-
bution of education can be used to gain a more complete piofdEO. In particular,

this section will describe the relationship between IEOpg &EOut and the influ-
ence of educational expansion and gender inequality on tEChe Netherlands for
cohorts that were 12 years old between 1905 and 1991.

6.4.1 The Dutch education system

The aim is to estimate a sequential logit model for the Nédinels and use the results
to compute the decomposition of IEOut into IEOpps and theiights. The challenge
is to come up with a model for the Dutch education system thatiges a good rep-
resentation of the education system during the entire geriwler study and where
the assumption that each level can be achieved via only arte trough the educa-
tion system is plausible. The strategy used for meetingetbballenges is to create a
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Figure 6.2: Simplified model of the Dutch education system
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stylized model of the Dutch education system by combiningcational programmes
into ‘rougher’ categories. This helps with keeping the maderesentative for the
entire period, because even though the position of indalidducational programmes
within the Dutch education system could have changed aves, tihe positions of the
rougher categorizations have remained reasonably stalsimg rougher categories
also helps relax the assumption that each level can onlyhiewas through one route
through the education system, as individuals are now atide@émove freely’ within
the rough categories. The stylized system is presentedgur&i6.2. The simplified
representation of the Dutch education system assumeslthaspondents complete
primary education (LO). After this, they face a choice bedwéeaving the schooling
system and continuirtg If they opt for the latter choice, they have to choose be-
tween the ‘high track’ (HAVO/VWO, that is, senior generatsadary education and
pre-university education) and the ‘low track’ (LBO/MAV(hdt is, junior vocational
education and junior general secondary education). Omgehtave finished their sec-
ond diploma in either track they can choose whether or nottoaghird diploma,
continuing with: MBO (senior secondary vocational eduma}if they are in the low
track, or HBO/WO (higher professional education and ursitgy if they are in the
high track.

4Since | measure education as the highest finished level afatidn, continuing education actually
means continuingnd finishing a subsequent level of eduction. Even though comteducation after
primary education was compulsory during almost the entstlical period that is being studied, finishing
a subsequent level of education was not compulsory.
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Figure 6.3: Cohorts covered by each survey (survey numbeéegs to the data refer-
ences)
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6.4.2 The data

The data were obtained from the International Stratificeéind Mobility File (ISMF)
(Ganzeboom and Treiman, 2009). The ISMF now contains 5%garon the Nether-
land, carried out between 1958 and 2006. These were mergadrease the time
period covered and the number of respondents, and to lekseeffect of individ-
ual surveys'’ idiosyncrasies. The cohorts covered by eanreglare represented in
Figure 6.3. It shows that information on the earliest andtmasent cohorts primar-
ily originates from a few surveys, while information on théldie cohorts originates
from many surveys.

The purpose of this analysis is to compare the effect of alygrBES on the
highest achieved level of education and on probabilitiepasfsing transitions, both
between men and women and across cohorts. Time was meaguhedfear in which
the respondentwas 12, scaled in decades since 1910. Informas available for the
cohorts born between 1905 and 1991. Cohort is allowed to hawen-linear effect
by representing it as a restricted cubic spline (HarrelD22(Royston and Parmar,
2002) as implemented in Stata (StataCorp, 2007) asntkspline command. A
restricted cubic spline means that the variable is splittigrainimum of three points
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Figure 6.4: Number of observations per cohort
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(or knots); in this case, cohort is split up at: 1920, 1950 8880. Between the first
and the last knot the trend is represented by a cubic splidbeiore the first and after
the last knot the trend is restricted to be linear. This ietstn leads to a relatively
stable non-linear curve. A family’s SES was measured adcegtd the father’s score
on the International Socio-Economic Index (ISEI) of ocdigzal status (Ganzeboom
and Treiman, 2003), as this measure was available for tgesanumber of cohorts.
The original ISEI score is a continuous variable rangingrfrb0 to 90, but it was
standardized to have a mean of 0 and a standard deviationafthd cohort born
in 1960 (approximately the cohort with the most observationthis study). Survey
weights were used where available. The weighted numbespbredents was 82,384,
and after removing respondents with missing observationany of the variables,
71,141 respondents remaine@he number of respondents was unequally distributed
over the cohorts, as is shown in Figure 6.4.

A scale for the level of education was needed in order to egérthe relationship
between the IEOpps and IEOut using equation (6.3). The seatewill be used in
this example is similar to the one estimated in Chapter 3ckvis estimated in such a

Svarious Multiple Imputation models (Little and Rubin, 2Q@@ere tried in Chapter 4 of this dissertation
and none of them caused the conclusions to be changed.
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way that it maximized the direct effect of education on ineawhile controlling for
the father’s occupational status. This scale does not eéhavey time, as | established
in that chapter that even though the effect of education cogational status changed
over time, the scale of education remained constant. Hawiéwyidence was found
that the scale of education also changed over time, thenaablanging scale could
have easily been incorporated in the decomposition. Ferpnétability, the scale was
coded in such a way that the mean was 0 and the variance waghkfoohort born in
1960.

6.4.3 Generalizing the decomposition to a tracked system

The model for the Dutch educational system as representeijhye 6.2 is more com-

plicated than the model in Figure 6.1, which was used totithis the decomposition
of IEOut into IEOpps and weights. Whereas the model useddareample consists
of a sequence of decisions to either continue or to stop, thaehfor the Dutch sys-

tem also contains a ‘branching point’, or a choice betweacks. In this sense the
model is akin to those proposed by Lucas (2001) and Breenarasdn (2000). This

raises the question of whether the decomposition still hoidhe more complicated
model. For that reason the decomposition is derived agaitheomore complicated

model. As before, logistic regressions were used to moegbtbbabilities of passing
the different transitions. Again, the IEOpp and the presticprobabilities belong-

ing to transitionk are represented by, andpy; respectively. The predicted level of
education is now represented by equation (6.4).

E(L;) = (1-pu)h+
P1i(1 — pP2i)(1 — p3i)la +
P1i(1 — Pai)pails + (6.4)
priPai(1 — Pai)la +
p1iP2iPails

Recall that the IEOut is first derivative of equation (6.4)hwiespect to a family’s
SES. This derivative is shown in equation (6.5).
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QE(Ly) =
9SES
{1 X pri(l —pr)  x [(1—pP2i)(1 = pai)lat
(1 — poi)pails+
P2i(1 — Pai)la+
P2iPails — 1] oo+ (65)
{p1: X P2i(l—p2i) X [(1 — Pai)la + Pasls—
(1 — p3i)l2 — pails] o o+
{Pri(1 = p2i) x pai(l—psi) x [(Is = l2)] P o+
{ﬁliﬁm X ]541'(1 - 1341') X [(15 - 14)] } A1

Just as with the example described in section 6.3, IEOut isighted sum of the
IEOpps, the\;s. The weights (the parts between curly brackets) consisteofame
three parts:

1. The proportion of people at risk (&1;, p1:(1 — p2;), andpy;pa; respecively).

2. A part pr; (1 — pr:)) that is small if virtually everybody passes or fails that
transition and is largest when the probability of passirg s

3. The differences between the expected levels of educatithrose who pass the
transitions and those who do not (these are the parts in thesdprackets).

This case illustrates that the relationship between IEQutI&EOpp can be ex-
tended to tracked education systems. Using the same lbgicesult can be extended
to even more complex systems, such as those with more thamaulcs. In that case
a multinomial logit would be used to estimate the IEOpp. Ttate8(StataCorp, 2007)
packageseqlogit  (Buis, 2007b), which implements the decomposition, ajgytie
this general version of the sequential logit model. The dinhjtation is that if one
uses data with only the highest achieved level of educatina,must ensure that for
these more complicated systems, each level can only begedlciough one — and
only one — path through the education system.

6.4.4 Results

The following analysis consists of three parts. First, acdptive analysis is per-
formed on the differences in transition probabilities betw men and women, and
between cohorts. Second, the sequential response modeibaéekin the previous
section is estimated. The results from this model are usedrpute the IEOpps, the
weights and the IEOut. Together these provide a detaild¢dngiof status educational
inequality and how it is influenced by educational expansiod gender inequality.
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Third, the relationship between the transition probabaiand the weights is investi-
gated in more detail by looking at the three components ofvikights: the proportion
at risk, the closeness of the transition probability to 5@%g the expected increase in
the level of education when passing a transition.

The distribution of the highest achieved level of educaisoshown in Figure 6.5,
for both males and females and for different cohorts. Thegha over cohorts were
smoothed using theroprcspline package (Buis, 2009a) in Stata (StataCorp,
2007). As with most other countries, the Netherlands erpegd a period of edu-
cational expansion during the twentieth century. The prigo of pupils who only
achieved LO (primary education) dropped dramaticallyjetiie proportion attaining
HBO/WO (higher professional and university) education RHMBD (higher secondary
vocational) strongly increased. Figure 6.5 also showsMB® is a recent level of
education. Whereas no one from the earlier cohorts contpleie level of education,
MBO completion has rapidly grown to about 40%. Furthermam@men experienced
all of these developments later than men.

Figure 6.5: Distribution of highest achieved level of edimafor men and women
over cohorts
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To investigate the IEOpps and IEOut and how they are influgbyegender and
educational expansion (differences in the distributioeddication between men and
women and between cohorts respectively), sequential togilels were estimated
separately for both men and women. The other variables ateortmeasured as a
restricted cubic spline with knots at 1920, 1950, and 1988;father’s occupational
status; and an interaction term with cohort. A model with a-finear interaction
between the father’s occupational status and cohort wasatsmated using the same
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restricted cubic spline as the main effect of cohort, butnihie-linear terms proved to
be non-significanty?=4.73 with 4df for men andy2=5.50 with 4df for women). The
results of this model are shown in Tables 6.1 and 6.2. Thetsfiee log-odds ratios.
The main effects of the father's occupational status arelE@pps for the cohort
born in 1910. This shows that the IEOpps for the higher ttaors (in particular
LBO/MAVO versus MBO and HAVO/VWO versus HBO/WO) are smaltean for
the the lower transitions. This pattern has also been foynchény other studies
using sequential response models (Mare, 1980; Shavit aosst&ld, 1993). Two
explanations are commonly given for this phenomenon. Histsons passing the
higher transitions are on average older than persons etb&dower transitions, and
older persons are less likely to be influenced by their parh@n younger persons
(Shavit and Blossfeld, 1993). Second, selection on unebderariables is likely to
induce a negative correlation between the observed andsenadd variables, thus
suppressing the effect of the observed variables at theehtgénsitions (Mare, 1981)
(although Cameron and Heckman (1998) show that this doesways have to be the
case). The interaction terms represent the change in éffeevery ten-year change
in cohort. These show that the effect of the father’s ocdopat status changed most
for the first transition. For men, this is the only transitinonwhich the IEOpp changed
significantly over cohorts. This pattern has already beandan the Netherlands (De
Graaf and Ganzeboom, 1993), and is being found more frelyuargtudies of other
countries (Breen and Jonsson, 2005).

From these results, one can derive predicted levels of ¢idactor each level
of the father’'s occupational status, forming a non-linegression line. Figure 6.6
presents these lines for three cohorts (1910, 1950, and ,J&8dfor men and women.
The slope of this regression line will reveal how much theezted level of education
changes when the father’s occupational status changessoyrim thus providing the
IEOut. This slope is evaluated at the average father’'s ateupal status. The father’s
occupational status is standardized, so a respondent withiGal background has a
father’s status of @ This figure shows that in all cases, having a father with hdig
socioeconomic status will lead to a higher expected leveboication. Also, it shows
that while women initially suffered a disadvantage, theyehavertaken men in the
most recent cohort. Finally, the results show that for thitesst cohort, the inequality
of educational outcomes for a respondent with a typical bemknd was relatively

8However, the standardization uses the cohort born in 196 ze average of the father’s status in-
creased over cohorts. The average of father’'s occupatitatis remained reasonably constant until about
1930 at about -0.2 and then steadily increased to 0.5. Tlesges not only reflect changes in economic
structure, but also changes in the difference in the numbegspondents between higher and lower sta-
tus fathers. Consequently, it is hard to give a substantiterpretation to these changes. To simplify the
analysis, a respondent with a typical background will bedfiaethe typical background (average father’s
occupational status) for a typical cohort (1960).
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Table 6.1: Sequential response model for men

LOv LBO/MAVOv LBO/MAVOv HAVO/VWO v
more HAVO/VWO MBO HBO/WO
Father's status 0.912 0.694 0.263 0.446
(15.28) (14.19) (3.44) (5.91)
Father’s status X -0.068 -0.015 -0.004 -0.033
of Cohort (-5.09) (-1.62) (-0.30) (-2.35)
RC spline term 1 0.566 0.316 0.461 0.461
of Cohort (17.54) (9.15) (9.45) (7.93)
RC spline term 2 -0.000 0.013 0.002 0.015
of Cohort (-0.01) (7.08) (0.97) (4.82)
Constant -0.590 -1.470 -2.893 -0.806
(-6.36) (-13.13) (-18.00) (-4.24)
N 43770
Log likelihood -50032.082

z statistics in parentheses

Table 6.2: Sequential response model for women

LOv LBO/MAVOv LBO/MAVOv HAVO/VWO v
more HAVO/VWO MBO HBO/WO
Father’s status 0.874 1.021 0.412 0.079
(15.33) (17.23) (5.21) (0.88)
Father’s status X -0.068 -0.063 -0.021 0.029
cohort (-5.34) (-6.00) (-1.51) (1.82)
RC spline term 1 0.743 0.103 0.129 0.345
of Cohort (21.26) (2.27) (2.33) (4.67)
RC spline term 2 -0.001 -0.008 -0.022 0.008
of Cohort (-0.24) (-3.58) (-8.27) (2.36)
Constant -1.727 -1.693 -2.431 -0.760
(-17.05) (-10.88) (-12.87) (-2.99)
N 43675
Log likelihood -45830.33

z statistics in parentheses
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small (the curve is rather flat), because everybody in theadiate neighbourhood of
the respondent with an average family background had arceegbtevel of education
that was close to the minimum. However, in this same cohespondents with very
high-status parents do a lot better than the other resptsidehich would lead to a
high inequality of educational outcome. In other wordshis thapter estimates of
the local educational inequality will be obtained, and i€arere to estimate a measure
of global educational inequality instead, the estimateldide higher for the earliest
cohorts.

Figure 6.6: Expected highest achieved level of educaticoraling to the sequential
logit model
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Figure 6.7 shows the estimates of IEOut that have been dHrive the sequential

logit model. Both education and the father’s occupatiotetls are scaled in such a
way that the mean for the cohort 1960 is 0 and the standaratitmviis 1. So this
measure of IEOut is similar to a standardized regressiofficieat. IEOut displays
two striking features: the first is the trend in IEOut, whiditially increases and then
decreases. The second feature is the initially lower IEOGuiomen. These are not
unique to the sequential logit model, since in Chapter 4 htbsimilar patterns using
different methods. In order to explain these patterns IB@llitbe broken down into
its components, in three steps.
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Figure 6.7: IEOut according to the sequential logit model
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The first step looks at the contributions of each transitiolfEOut. The IEOutis a
weighted sum of each transition’s IEOpp, so each transttniributes the amount of
weighttimes IEOpp to IEOut. Thisis shown in Figure 6.8. Alsirg feature is that the
final two transitions (HAVO/VWO to HBO/WO and LBO/MAVO to MB{xontribute
negligible amounts to IEOut. Furthermore, the initial m&se and later decrease in
IEOut seems to be primarily the result of what happened dtrftéransition. Finally,
there has been a shift between the first and the second ibassis the dominant
source of IEOut.

The second step consists of breaking up each transitiontsibation into its two
parts: the weight and the IEOpp. Since the contribution éspgtoduct of these two
terms, it can be visualized as the area of a rectangle, wigghhequal to the IEOpp
and a width equal to the weight. For men and women, this is shoviFigures 6.9
and 6.10. The horizontal axis shows the weights and thecatrixis the IEOpp,
while the columns represent the cohorts and the rows reprdsetransitions. These
figures show that the initial increase in the contributiorthaf first transition is due
to an increase in its weight, while the later decrease oftthissition is due to both
a decrease in the weight and a decrease in the IEOpp. Thagecieimportance of
the second transition is entirely due to the increase in thight of this transition.
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Figure 6.8: Contribution of each transition to IEOut
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For women, this increase in weight actually offsets a deseréa IEOpp. The low
contributions of both higher transitions are due to both IE®@pp and low weight.
The third step breaks the weights down into their three carapts. Figure 6.11
(a) shows the changes in the weights over time in more dékhi. changes in these
weights capture the consequences of changes in the digiritmf education on IEOut.
These weights are the product of three components: the gropaf people at risk
at each transition (Figure 6.11 (b)); the closeness to 50thefproportion of peo-
ple passing (the variance) (Figure 6.11 (c)); and the diffee in the expected level
of education between those passing and those failing aiticangFigure 6.11 (d)).
Figure 6.11 shows that the initial increase and the latelirtdeem the first transition’s
influence is primarily due to the variance. Initially, angquality at the first transition
affected few people, because a low proportion passed. Agrbgortion of peo-
ple passing increased, the transition received more weigttil half of the students
passed, after which inequality affected less people agatalse few people failed.
The increase in importance of the second transition isypdtté to the variance, but
also to a strong increase in the number of students that eekaff making this transi-
tion. Notice that these developments at the first two trammsitprovide a substantively
interpretable mechanism through which educational expansfluences IEOut. For
women, these developments have occurred later, leaditigilinto smaller weights.
The last two transitions receive relatively small weightesduse relatively few peo-
ple are at risk of passing these transitions, and those wk® gain relatively little.
Those who pass the first two transitions gain both the imntediarease in level of
education and the possibility of gaining an extra level aication (either MBO or



Not all transitions are equal 125

HBO/WO), while in the third and fourth transition, peopleiganly the immediate
increase in level of education.



log odds ratio

Figure 6.9: Decomposition of IEOut into IEOpps and weights
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Figure 6.11: Weights and their components
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Figure 6.11: Weights and their components (continued)
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6.5 Conclusion

This chapter began by making a distinction between two tgbésequality of edu-
cational opportunity (IEO): inequality of educational @pfunities during the process
of attaining education, which | called Inequality of Eduoatl Opportunities proper
(IEOpp), and inequality of educational opportunities imrie of the outcome of the ed-
ucational process, which | called Inequality of Educatiddatcomes (IEOut). Mare
(1981) demonstrated that differences in IEOut across ¢stfor other groups) de-
pend on both the differences in IEOpp and differences in igteilution of education.
However, this literature did not study the relationshipAmsstn IEOpp, IEOut and the
distribution of education, but instead treated this relahip as a ‘black box'. This
was used as an argument for studying only IEOpps and for @itinty for the distri-
bution of education rather than of studying its effects. sTthapter seeks to change
this by answering the following two questions:

e How are IEOut and IEOpp related to one another, and how candhation be
used for a meaningfully integrated analysis of IEOpp andu&20

e How are IEOut and the distribution of education related te another, and
how can this relation be used for an analysis of the influefichanges in the
distribution of education on IEOut?

The first question is based on the observation that IEOppE@di are not com-
peting descriptions of IEO but natural complements, bezawtescription of a process
(the IEOpps) and a description of the outcome of that protaedEOut) are natural
complements. Treating IEOpps and IEOut as complementaates the challenge to
move beyond a separate discussion of these two estimatasrtegrated discussion
of IEOpp and IEOut. The second question is based on the adtgmmthat the influ-
ence of changes in the distribution of education on estisnaft¢EO is a phenomenon
of substantive interest. One such change in the distributi@ducation is the general
increase in highest achieved level of education over cehattich is one of the most
universal and far-reaching changes in educational syséenoss countries during the
20" century (Hout and DiPrete, 2006). The consequences for EE€dich a major
change in the educational system deserve to be studied ta#mejust controlled for.

These questions are answered by showing that the sequegttainodel, which
was proposed by Mare (1981) for estimating IEOpps, alsoies@n estimate for
IEOut. This estimate of IEOut is a weighted sum of IEOpps ghelh an IEOpp that
belongs to a certain transition between levels of educatorives more weight if
more people are at risk of passing that transition; if papsirfailing the transition is
less universal (that is, if the proportion of respondents wass is closer to 50%); and
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if there is a larger difference in the expected level of etioosbetween people who
pass and fail that transition. This decomposition shows H6@pp and IEOut are
related and allows for an integrated discussion of thesénshowing to what extent
each transition’s IEOpp contribute to IEOut. The weighsoalllows one to study the
impact of changes in the distribution of education on IE@stthese weights depend
on the distribution in a substantively interpretable way.

The application of this decomposition was illustrated gsin analysis of changes
in IEO in the Netherlands between 1905 and 1991. It showedthieacomposition
of IEOut shifted from being primarily determined by the IEDpf the first transi-
tion (whether or not to continue after primary educationp&ng primarily deter-
mined by the IEOpp of the second transition (the choice betvike vocational and
the academic track). The IEOpps of the later transitiondrdmrted relatively little
to IEOut throughout the period being studied. The diffeemnin the distribution of
education across cohorts (educational expansion) ancegépender educational in-
equality) were shown to explain this shift in importancewssn the first and second
transitions and two main features of the trend in IEOut. tFtfe trend over cohorts
showed an initial increase followed by a decrease. SechadEQut is initially lower
for women. The initial increase in IEOut can be explainedhisyihcrease in the pro-
portion of students that pass the first two transitions fresslthan 50% to around
50%, thus initially increasing the weights for both traiwsis. The weight for the sec-
ond transition also increased as more students becamk af passing that transition.
The subsequent decrease in IEOut happened because th¢ eféighfirst transition’s
IEOpp sharply decreased since passing that transitiomieo&ar universal. These
changes also explain the shift in importance between th@psof the first and sec-
ond transitions. The decrease in the difference betweenandrwomen in IEOut
was caused by the fact that initially fewer women passed gankition, causing each
transition’s weight to be less for women than for men. Forléer cohorts, weights
were approximately equal between men and women, becausemwagre as likely
as men —or even more likely — to pass transitions, thus cgusioonvergence in
IEOut of men and women.

This chapter defined IEOut in such a way that it is meaningfinfluenced by
changes in the distribution of education. There is howewengortant body of re-
search in this literature that uses log-linear models thatrsarize the IEQut in a
single odds ratio (De Graaf and Ganzeboom, 1990; Ganzebodiodjkx, 20044a,b).
Unlike the measure of IEOut used in this chapter, the odds cantrols changes in
the distribution of education, that is, educational expamd would argue that this is
not necessarily a good thing: changes in IEOut over time taiiesd not because we
think that time directly influences IEOut, but that socieff\anges over time and these
changes lead to changes in IEOut. The aim of such an analysiddsbe to study
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how these changes in society influenced IEOut, not sweep thneter the carpet by
controlling for them.

In future research, the decomposition presented in thigtehaan be generalized
in a number of ways. First, the decomposition can be apptiesbtne models that
have been proposed to address the critique on the sequegttahodel by Cameron
and Heckman (1998). The decomposition can be applied teethaxlels that are
direct adaptations of the sequential logit model (for exemplare 1993, 1994; and
Chapter 7 of this dissertation), but not to models that dousat the (multinomial)
logit link function (for example Lucas et al., 2007; Holm adetger, 2008). Second,
the decomposition requires that each level of educatiossggaed a value. In this
chapter, these values are constant over time, but theredwasdebate on whether
the values of educational categories have changed as aqummse of strong changes
in the distribution of education and the labor market (Rurgbg 1981; Clogg and
Shockey, 1984; Groot and Maassen van den Brink, 2000). Ihasdime-varying es-
timates of the value of the levels of education, then thes&a@lso be incorporated in
the decomposition. Changes in these values would influgb©et through only one
of the three components of the weight: the difference in #peeted highest achieved
level of education between people who pass and fail a tiansiThe decomposition
could thus also be used to study the impact of possible clsangbe values of edu-
cational levels. Third, the analysis is based on data on itjieekt achieved level of
education in combination with a stylized model of the ediocasystem. The transi-
tions that respondents have passed were derived from theqaedces of information
rather than being directly observed. The main advantagesiofjthighest achieved
levels of education is that much more data is available orhifjleest achieved level
of education and that this data covers a larger period themataactual transitions.
However, an additional analysis using observed transtisresirable. An interest-
ing question that could be answered this way would be the étngfdsecond chance
paths’, that is, paths where one switches from one track tdhan The effect of
these second chance paths on IEO is not clear: on the one leseldecond chance
paths could offer a way out of lower tracks for those disathged students that were
disproportionably assigned to them, on the other hand stadi®m advantaged back-
ground are generally better capable of making the best uteesé ‘loopholes’. An
additional advantage of using observed transitions isdhatno longer has to rely
on pseudo-cohorts to measure trends over time, as in thatoeesdirectly observes
when a transition occurred.

In conclusion, this chapter has shown how the study of ethreatinequality can
be enriched by studying IEOpp and IEOut as complementaigepief information
and by studying the impact of the distribution of educaticather than by simply
controlling for it. This has the key advantage of enablingiragrated discussion
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of IEOpp and IEOut and the study of the impact of phenomenh aseducational
expansion.
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Appendix: Derivation of equation (6.3)

Equation (6.3) is the first derivative of equation (6.2). Etjn (6.2) is repeated be-
low:

E(L;) = (1 — pri)lo + pri(1 — P2i)ly + prap2i(1 — P3i)la + Drip2ipsils
whereby they,;s are represented by equation (6.1), repeated below:

exp(ag + A SES;)

if 1, =1
1+ eXp(Oék + )\kSESl) R L

Dri =

This derivative can be computed using the sum futee product rulé, and the
derivative of a logistic regression equatidrising the sum rule, the first derivative
can be written as:

"Suppose that we have two functions $f2S: f(SES) andg(SES). The sum rule states that the
derivative of the sum of these functions with respecf 65 is (e.g. Gill, 2006, p. 190):

A(f(SES) + g(SES)) _ 9f(SES) . 9g(SES)
ASES ~ 9SES ASES

8The product rule states that the derivative of the produthiese functions with respect BES is (e.g.
Gill, 2006, p. 191):
O(f(SES) x g(SES)) _ af(SES)g(SES) " 0g(SES)
OSES OSES OSES
A special case occurs when a function®E S is multiplied by a constant because the first derivative
of a constant is zero:

F(SES)

O(cf(SES)) _ OI(SES) = 0, o OF(SES)

9SES  OSES 9SES 9SES <

9Equation (6.1) is a logistic regression equation, whichanaown first derivative (e.g. equation 3.14
Long, 1997):

O
OSES
Together with the sum and the product rule this also imphes t

= Pri(1 — Pra) Mk

o0 —prs) _ 01 O~ pi (sum rule)
9SES 9SES ' SES
OPri

= ~SES (product rule)

= —Pri(l = Pri)Ax
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O0E(L;) _ (1 — p1i)lo n Op1(1 — Pa2i)ly n O0p1ip2i(1 — Psi)la  OPriPeiPsils
OSES OSES OSES OSES OSES

Using the product rule, this can be rewritten as:

OE(L;) la(l—ﬁu)+
oSES ~— ' OSES
P Ly, 0 =po)
h(aSES(l b2)+ —55pg i)+

Op1 . Op2 .
l2 <8SESp2z(1 _p3z) 8SESp1z(1 _sz) + Wp

; Op1i Opa Ops
3 8SESp2lp3l 8SESp1lp3z 8SESplzp2z

All derivatives in the equation are derivatives of logisigression equations. To
facilitate the comparison with the previous equation,hrhckets are used to enclose
these derivatives.

oB(L)  _

95ES

lo { D1 1(1 —p11)/\1}+

Iy ({p1:(1 — Pri) M H(L — P2s) + {—P2i(1 — P2s) A2 }P1s) +

ly ({15 i(1 = pra) M }p2i(1 — Psi) + {Pai(1 — p2i) A2 }pra(1 — pai)+
{=1D3i(1 — P3i) A3} Prip2i) +

I3 ({ﬁ (1 — Pri) A1 }D2iP3i + {P2i(1 — P2i) A2 }Pripsi+

{ﬁ (1 - p31)/\3 }p11p21)

The terms in this equation can be rearranged in such a wagplirelements that
have the same IEOpp) in common are grouped together.

OB(L) _
95ES
A1 {=p1i(1 = pri)lo + P1s(1 — p1s) (1 — P2s) i+
P1 ( — p1i)p2i(1 — p3i)la + Pri(1 — Pri)paiPsils}+
A2 {=P2i(1 — Pai)p1ly + P2i(1 — P2s)p1 (1 — P3i)la+

le( — Po2i)P1iP3ils }+
A3 {—=D3i(1 — P3i)pribaila + P3i(1 — P3i)pripails}
Simplifying this equation will yield equation (6.3).
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Chapter 7

The consequences of unobserved heterogeneity
in a sequential logit model

7.1 Introduction

Many processes can be described as a nested sequence @frdecissteps. Con-
sider the three following examples. Mare (1979, 1980, 1%&kcribes the process
of attaining education as the result of a sequence of tiansibetween educational
levels, for example: 1) whether to finish secondary edunaiiao leave school with
only primary education, and 2) whether or not to finish teyteducation given that
one finished secondary education. O’Rand and Henretta [IR&2ribe the decision
when to retire using the following sequence of decisionswiigther to retire before
age 62 or later, and 2) whether to retire before age 64 or ¢aten that one has not
retired before age 62. Cragg and Uhler (1970) describe theadd for automobiles
as the result of the following sequence of decisions: 1) tdredr not to buy an au-
tomobile, 2) whether to add an automobile or to replace aomaabile given that one
decided to buy an automobile, 3) whether or not to sell anraatile or not given that
one decided not to buy an automobile. An attractive modehfese processes is to es-
timate a separate logistic regression for each step oridaciEhese steps or decisions
are often called transitions. This model is known under &taof names: sequential
response model (Maddala, 1983), sequential logit modetlz(Ti991), continuation
ratio logit (Agresti, 2002), model for nested dichotomiEsX, 1997), and the Mare
model (Shavit and Blossfeld, 1993). This model has howeegenksubject to an in-
fluential critique by Cameron and Heckman (1998). Their npaiimt starts with the
observation that the sequential logit model, like any othedel, is a simplification
of reality and will not include all variables that influendetprobability of passing
a transition. The presence of these unobserved variabteteis called unobserved
heterogeneity, and it will lead to biased estimates, evémei$e unobserved variables
are not confounding variables. There are two mechanisnesigifir which these un-
observed non-confounding variables will influence the ltestrhe first mechanism,
which | will call the averaging mechanism, is based on the flaat leaving a vari-
able out of the model means that one models the probabilipas$ing a transition
averaged over the variable that was left out. The effect®fémaining variables on
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this average probability of passing a transition is not e as the effect of these
variables on the probability that an individual passestitaatsition, because the rela-
tionship between the variable left out of the model and thabability is non-linear
(Neuhaus and Jewell, 1993; Cameron and Heckman, 1998pAlli999). The sec-
ond mechanism, which | will call the selection mechanismhased on the fact that
even if a variable is not a confounding variable at the ihitensition because it is un-
correlated with any of the observed variables, it will beeatonfounding variable at
the higher transitions because the respondents who akaifrpassing these higher
transitions form a selected sub-sample of the original $aifiare, 1980; Cameron
and Heckman, 1998).

The aim of this chapter is to propose a sensitivity analysis which one can in-
vestigate the consequences of unobserved non-confouwdiiaples in a sequential
logit model. This will be done by specifying a set of plausilsicenarios concern-
ing this unobserved variability and estimating the indidttlevel effects within each
of these scenarios, thus creating a range of plausible vdtwethe individual-level
effects.

Any method for studying such individual-level effects wilhve to deal with the
fact that it tries to control for variables that have not bebserved. This is a prob-
lem that also occurs with other models that try to estimatesabeffects (Holland,
1986). A common strategy in these causal models is to useniraftion that might be
available outside the data. The clearest example of thiisxperiment in which one
knows that the respondents have been randomly assignesltretiment and the con-
trol group, and it is this information that is being used tafrol for any unobserved
variables. Various variations on this strategy have beepgsed for non-experimental
settings (Morgan and Winship, 2007), for example one miglotkthat a variable in-
fluences the main explanatory variable but not the outcomabla, in which case
one can use this variable as an instrumental variable, omiglet know that all vari-
ables influencing the main explanatory variable are prasehe data, in which case
one can use propensity score matching. An example of suchtagy that has been
applied to the sequential logit model is the model by Mare9g,9994), who used
the fact that siblings are likely to have a shared family lggokind. If one has data
on siblings, one can thus use this information for contnglfior unobserved variables
on the family level. Another example of this strategy is thedel used by Holm and
Jaeger (2008), who use instrumental variables in a sequprdlzit modet to identify
individual-level effects. The strength of this strategypeéeds on the strength of the
information outside the data that is being used to identigyrmodel. However, such
external information is often not available. In those casas can still use these mod-

1The sequential probit model is similar to the sequentiait lmpdel except that the probit link function
is used rather than the logit link function.



Unobserved heterogeneity 139

els, except that the identification is now solely based orstable assumptions. This
implies a subtle shift in the goal of the analysis: insteattyihg to obtain an empir-
ical estimate of a causal effect, one is now trying to predicat would happen if a
certain scenario were true. This is not unreasonable: thsat@ffects are often the
quantity of interest, and if it is not possible to estimaterth then the results of these
scenarios are the next best thing. However, the modelliatigsige now changes from
making the best use of some information outside the datadmfjrthe most informa-
tive comparison of scenarios. The goal of such an analysisfiad a plausible range
of estimates of the causal effect and to assess how sentsitveonclusions are to
changesin the assumptions (Rosenbaum and Rubin, 1983)lasga, 2002; DiPrete
and Gangl, 2004). | will propose a set of scenarios that Widkhaone to directly ma-
nipulate the source of the problem: the degree of unobsérsiogeneity. This way
one can compare how the results would change if there is d,snwderate, or large
amount of unobserved heterogeneity.

This chapter will start with a more detailed discussion afumobserved hetero-
geneity can cause bias in the estimates of the effect of therebd variables, even
if the unobserved variables are initially non-confounduagiables. | will then pro-
pose a sensitivity analysis, by specifying a series of st@naoncerning the unob-
served variables. The estimation of the effects withingrseenarios will be discussed
next. Finally, the method will be illustrated by replicagian analysis of the effect of
parental background on educational attainment in the Metids by De Graaf and
Ganzeboom (1993) and in Chapter 2, and assessing how rdigiistesults are for
changes in assumptions about unobserved heterogeneity.

7.2 The sequential logit model and two effects of unob-
served heterogeneity

The effect of unobserved heterogeneity in a sequential tagdel is best explained
using an example. Figure 7.1 shows a hypothetical procdsshus to be described
using a sequential logit model. There are three levels ;yghocess: A, B and C. This
process consists of two transitions: the first transitioa &hoice between A on the
one hand and B and C on the other. The second transition iseedmetween B and C
for those who have chosen B and C in first transition. Figutec@uld be a represen-
tation of both the educational attainment example and ttieeneent example in the
introduction. In the former case, A would correspond to priyreducation, B would

correspond to secondary education, and C would correspotedtiary education. In

the latter case, A would correspond to retire before age 6&pald correspond to

retire between age 62 and 64, and C would correspond to efteeage 64.
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Figure 7.1: Hypothetical process

p2
1—]92

b1 B,C
A B,C

I—p1

The sequential logit model models the probabilities of pasthese transitions.
This is done by estimating a logistic regression for eachsiten on the sub-sample
that is at risk, as in equations (7.1) and (7.2). Equatioh)@hows that the probability
labelledp; in Figure 7.1 is related to two explanatory variabteand > through the
function A(), while equation (7.2) shows the same for the probabilityelil p; in
Figure 7.1. The functior\ () is defined such thak(u) = lj’g(;“(zt) This function
ensures that the predicted probability always remainsdetvd and 1, by modelling
the effects of the explanatory variables as S-shaped cufescoefficients of andz
(811, P21, P12, andBss) can be interpreted as log odds ratios, while the constagts (

andgy2) represent the baseline log odds of passing the first andhddransitions.

p1 =Py € {B,C}|z,2) A(Bor + iz + Parz)  (7.1)
p2 =Py € {C}z,z,y € {B,C}) = A(Bo2 + fr2x + P222) (7.2)

Table 7.1 turns Figure 7.1 and equations (7.1) and (7.2)dmomerical example.
Panel (a) shows the counts, the probabilities of passimgodiis and log odds ratios
whenz is observed, while panel (b) shows what happens in this ebawipenz is not
observed. Both: andz are dichotomous (where low is coded as 0 and high as 1), and
during the first transition andz are independent, meaning thas not a confounding
variable at the first transition. The sequential logit magiederlying this example is
presented in equations (7.3) and (7.4).

Priy € {B,C}|z,z) = Allog(.333)+ log(3)z + log(3)z] (7.3)
Pr(y € {C}z,z,y € {B,C}) = Allog(.333) + log(3)x + log(3)z] (7.4)

Consider the first transition in panel (a). The constant altyistic regression
equation is the log odds of passing for the group with valuer@Hi explanatory vari-
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Table 7.1: Example illustrating the consequences of notivirsg a non-confounding
variable ¢)

(a) while observing z

y
transition z X A B,C | N Pr(pass) odds(pass) log odds ratio
low Iqw 300 100 | 400 0.25 0.333 log(3)
1 high | 200 200 | 400 0.5 1
high Iqw 200 200 | 400 0.5 1 log(3)
high | 100 300 | 400 0.75 3
B C
low Iqw 75 25 100 0.25 0.333 log(3)
5 high | 100 100 | 200 0.5 1
high Iqw 100 100 | 200 0.5 1 log(3)
high | 75 225 | 300 0.75 3
(b) without observing z
y
transition X A B,C | N Pr odds log odds ratio
low | 500 300 | 800 0.375 0.6
L high | 300 500 | 800 0.625  1.667 log(2.778)
B C
2 low | 175 125 | 300 0.417 0.714 log(2.6)
high | 175 325 | 500 0.65 1.857 '

ables, so the constant is in this case log(.333). The effectima logistic regression
equation is the log odds ratio. Within the lowgroup, the odds of passing for the
low z group is .333 and the odds of passing for the higlroup is 1, so odds ratio
is % = 3, and the log odds ratio is log(3). The effectaofn the highz group is

also log(3), so there is no interaction effect betweeandz. The effect ofz can be
calculated by comparing the odds of passing for a highd a lowz individual within

the low z group, which results in a log odds ratio of log(3). There isimeraction
betweenr and z, so the log odds ratio for within the highz group is also log(3).
Panel (b) shows what happens if one only obsesvasdy but notz. For example, in

that case 300 + 200 = 500 lawpersons are observed to have failed the first transition
and 100 + 200 = 300 low: persons are observed to have passed the first transition.
The resulting counts are used to calculate the probabkilitiedds, and log odds ratios.
Panel (b) shows that the log odds ratiosafre smaller than those computed in panel
(a). Leavingz out of the model thus resulted in an underestimation of tfexebf «

for both the first and the second transition, even thoug¥as initially uncorrelated
with z.
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This example can be used to illustrate both mechanismsghrehich unobserved
heterogeneity can lead to biased estimates of the indilddual effects. First, the
selection mechanism can explain part of the underestimafithe effect ofr at the
second transition. A characteristic of the sequentialtlowidel is that even it is
not a confounding variable during the first transition, ithhiecome a confounding
variable during the later transitions (Mare, 1980; Camenoth Heckman, 1998). The
example was created such thandx are independent during the first transition, as the
distribution ofz is equal for both the low group and high: group. As a consequence,
z cannot be a confounding variable during the first transiti®ut this is no longer true
during the second transition. For the higlgroup, the proportion of persons with a
high z is 300/500 = .6, while for the lowz group that proportion i800,/300 = .667.
The selection at the first transition has thus introducedyatiee correlation between
x andz, andz has become a confounding variable. If one does not obsgraad
thus can not control fog, one would expect to underestimate the effect @t the
second transition. This could in part explain the undemeegtion of the effect of in
the second transition in panel (b) of Table 7.1, but not thdewestimation of the effect
of z in the first transition.

The averaging mechanism can explain the underestimatitreadffect ofx dur-
ing the first transition. The models implicit in panels (ayidh) have subtly different
dependent variables: in panel (a) one is modelling the foiihathat an individ-
ual passes the transitions, while in panel (b) one modelsatezageprobability of
passing the transitions. The two result in different estésdecause the relationship
between the unobserved variables and the probabilitiesnslinear. This issue is
discussed in terms of the sequential logit model by CamenahHeckman (1998).
It also occurs in other non-linear models, and has been siscuby Neuhaus et al.
(1991), Allison (1999) and Mood (2010). It is also closellated to the distinction
between population average or marginal models on the ong dwash mixed effects
or subject specific models on the other (Fitzmaurice et @420hapter 13; Agresti
2002, chapter 12). The averaging of the probabilities casdsm in Table 7.1: for
example the probability of passing transition 2 for lawndividuals when not con-
trolling for z is (100 x 0.25 + 200x 0.5)/300 = 0.417. The consequence of this is
that if we think that equations (7.1) and (7.2) form the truedel for the probabili-
ties of passing the transitions, then the true model for thbabilities averaged over
z should be represented by equations (7.5) and (7.6), where) kS the average of
u over z. Instead, the model represented by equations (7.7) anylgie8stimated
whenz is not observed and is thus left out of the model. The two models are not
the equivalent becaug¥) is a non-linear transformation. Neuhaus and Jewell (1993)
give an approximation of how;, andg;, deviate from3;; andgis: 85, ands;, will
be smaller tha;; andg;2, and the difference between the estimatgsandg;, and
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the estimateg;; andj;, will increase when the variances 6§, z and 322z increase
and when the probability of passing is closer to 50%.

E.(Ply € {B,C}|z,2]) = E.(A(Bo1 + Buz+ P212)) (7.5)

E.(Prly € {C}|z,z,y € {B,C}]) = E.(A(Bos + Pi2x + P22z)) (7.6)
E.(Pry € {B,C}z,z2]) = A(BG + B112) (7.7)

E.(Pfy € {C}z, 2,y € {B,C}]) = A(Bga + B1a7) (7.8)

7.3 A sensitivity analysis

The previous section discussed what kind of problems umabdevariables might
cause. The difficulty with finding a solution for these praheis that it is obviously
challenging to control for something that has not been aleskerOne possible solution
is to perform a sensitivity analysis: specify a number ofiplale scenarios concerning
the unobserved variables, and estimate the effects witith escenario. The aim of
this type of analysis is not to get an empirical estimate ef effectper se but to
assess how important assumptions are for the estimatex affd to get a feel for the
range of plausible values for the effect. There are manynpiaigoroblems that could
all simultaneously influence the results of an analysis ahdse influence could all
be investigated using sensitivity analysis. However, teedhe analysis focus it is
often better to narrow down the scope of the sensitivity ysigalby concentrating
on a specific subset of potential problems. For example, itheof the sensitivity
analysis proposed in this chapter is to assess the setysitithe effect of unobserved
heterogeneity through the selection mechanism and aveyagéchanism.

A key step in creating such scenarios is to create a set obmahfe scenarios
concerning the unobserved variableln the example in the previous sectianwas
assumed to be dichotomous, because that would result insgmeaanerical example.
When creating the scenarios, it is more useful to think abcag not being a single
unobserved variable but as a (weighted) sum of all the umebdesariables. Such a
sum of random variables can usually be well approximated hgrenal distribution,
even if the constituent variables are non-normally disted. So, it is reasonable to
represent the distribution of the composite unobserveidbi with a normal distri-
bution. There are two equivalent ways of thinking about tedes of this compound
unobserved variable. It is sometimes convenient to thinthefresulting variable as
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being standardized, such that mean is 0 and the standamtidevis 1. This way the
‘effect’ — call thaty — can be compared with the effects of standardized observed
variables to get a feel for the range of reasonable valudsfaffect’. Alternatively,

it is possible to think of the composite unobserved variasligust being an unstan-
dardized random variable or error term. In this case, thedstal deviation of this
random variable is the same as The standardized unobserved variable will be re-
ferred to asz, while the unstandardized unobserved variable will berreteto as:

in order to distinguish between the two. The two are relatethé following way:

Y2 = €.

In this chapter | will propose a set of scenarios based onrdipisesentation of the
unobserved variable. This basic scenario is introduceduagons (7.9) till (7.12). In
this example there are two transitions, with the probabgdibf passing these transi-
tions influenced by two variablesandz, wherez is as defined above. The observed
dependent variables are the probabilities of passing tberawnsitions averaged over
z. S0 by estimating models (7.9) and (7.11), one can recoedrtie effects of. To
estimate it, all one needs to know is the distributionyef(= ) and to integrate over
this distribution, as in equations (7.10) and (7.12). Theamefc will be set at 0 and
a standard deviation equal 49 which isa priori fixed in the scenario. Furthermore,
it assumes that a person’s value owill not change over the transitions, implicitly
assuming that both the value anand the effect ot () will not change over the
transitions.

E.(Plly € {B,C}|z,e]) = E(A(Bor+Buz+ vz)) (7.9)
-

€

_ /A(ﬁm 4 Buz +¢)f(e)de (7.10)

E.(Pfly € {C}|z,e,y € {B,C}]) = E(A(Boz + P2z + vz)) (7.11)
~—
= /A(ﬁw + B2z +¢)
f(ely € {B,C})de (7.12)

The effects in each scenario are estimated using maximwtindod. Referring
back to Figure 7.1, the likelihood function for an individdaan be written as equa-

2All these assumptions can be relaxed, but relaxing theserastons will quickly lead to an unmanage-
able number of scenarios. Moreover, these complicationgdvmt contribute to the aim of these scenarios,
which assess the sensitivity of estimates to unobserveddgeineity through the selection mechanism and
averaging mechanism.
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tion (7.13), that is, the probability of observing someoiithwalue A equals the prob-

ability of failing the first transition, the probability oftserving someone with value
B equals the probability of passing the first transition anlihfa the second transi-

tion, and the probability of observing someone with valuequals the probability of

passing both transitions.

1 — P14 |f yi = A
L; = pri x (1 —pg) ify; =B (7.13)
pri X p2i iy =C

By replacingp;; with equation (7.10) ang.; with equation (7.12), one gets a
function that gives the probability of an observation, githe parameters. This
probability can be computed for each observation and thdymtoof these form the
probability of observing the data, given a set of parametdeximizing this function
with respect to the parameters give the maximum likelihostthetes. These esti-
mates include the true effects of the variable of interesssuming that the model for
the unobserved heterogeneity, in particular the standarition ofe, is correct.

The difficulty with this likelihood is that there are no clas®rm solutions for the
integrals in equations (7.10) and (7.12). This can be reshby numerically approxi-
mating these integrals using maximum simulated likelih@rdin, 2003). Maximum
simulated likelihood uses the fact that the integral is dhlgre to compute a mean
probability. This mean can be approximated by drawing aleammany values for
from the distribution of, computing the probability of passing a transition assgmin
that this randomly drawn value is the true value pdnd then computing the average
of these probabilities. This approach can be further refineealizing that using true
random draws is somewhat inefficient as these tend rathdustec Increasing the
efficiency is important as these integrals need to be cordgieteeach observation,
meaning that these simulations need to be repeated for dmenation. One can
cover the entire distribution with less draws if one can usease regular sequence
of numbers. An example of a more regular sequence of numbersialton (1960)
sequence. A Halton sequence will result in a more regulaesef quasi-random
draws from a uniform distribution. These quasi-random draan be transformed
into quasi-draws from a normal distribution by applying theerse cumulative nor-
mal distribution function. These are then used to compugeatierage probability of
passing the first transition, as is shown in equation (7.44grem represents the
number of draws from the distribution ef At subsequent transitions, the distribution
of € is no longer a normal distribution, but conditional on beatgisk. The integral
over this distribution is computed by drawiadrom a normal distribution as before,
but then computing a weighted mean whereby each draw is giweeight equal to
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the probability of being at risk assuming that that draw westtue=. In the appendix
to this chapter | show that this is a special case of impogaaenpling (Robert and
Casella, 2004, 90-107). This procedure is implementedéaselglogit  package
(Buis, 2007b) in Stata (StataCorp, 2007), using the fédlifor generating Halton
sequences discussed by Drukker and Gates (2006). Thisgmakaocumented in
Technical Materials II.

E.(Pr(y € {B,C}|z,¢)) %Z (Bor + Bz +¢5) (7.14)

E.(Pr(y € {C}|z,e,y € {B,C}) =
. [Prye(B.CYzc ) A(Boa + Braztey)] (7.15)
7 Pr(ye{B,C}|z.e;)

7.4 An example: The effect of family background on
educational attainment in the Netherlands

An important application for the sequential logit modelhs study of the influence
of family background on educational attainment (for reaewiews see: Breen and
Jonsson, 2005; Hout and DiPrete, 2006). The potential preblthat unobserved
variables can cause were recognized from the time that theeséial logit model was
introduced in this literature (Mare, 1979, 1980, 1981), intetrest in this issue has
been revived by the critique from Cameron and Heckman (19B®wever, only a
limited number of empirical studies have tried to actuatig@unt for unobserved het-
erogeneity (for exceptions see: Mare, 1993; Rijken, 199@\@lier and Lanot, 2002;
Lauer, 2003; Arends-Kuenning and Duryea, 2006; Coldin@62Qucas et al., 2007;
Holm and Jaeger, 2008). The method proposed in this papdraniilustrated by repli-
cating an analysis that does not control for unobserveddgtaeity by De Graaf and
Ganzeboom (1993) and in Chapter 2 of the effect of fathercsipational status and
education on transition probabilities between educatiewvels in the Netherlands,
and assessing how sensitive the conclusions are to assum@Etbout unobserved
heterogeneity. The original study by De Graaf and Ganzebd®83) was part of
an influential international comparison of the effect of fignbackground on educa-
tional attainment (Shavit and Blossfeld, 1993). It used 1Qch surveys that were
post-harmonized as part of the International Stratificeiad Mobility File [ISMF]
(Ganzeboom and Treiman, 2009). In Chapter 2 | updated thily/sis by using an
additional 33 Dutch surveys that have since been added 1S ME.
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Figure 7.2: Simplified model of the Dutch education system

D
p3 (=tertiary)

C
(=higher
secondary)

B
(=lower
secondary)

1-p A

(=primary)

7.4.1 The data

The total of 43 surveys were held between 1958 and 2006. Oalg nespondents
older than 25 are used in the analysis. These surveys c@i@846 men with valid

information on all the variables used in the model. Familgkgagound is measured
as the father's occupational status and the father’s higheseved level of educa-
tion. Time was measured by 10-year birth cohorts coveriagtihorts that were born
between 1891-1980. The main effect of time is added as a shirofmies, while

the effects of the family background variables is allowedhange linearly over the
cohorts.

The father’s occupational status was measured using teational Socio-Economic
Index (ISEI) of occupational status (Ganzeboom and Trej2@@3), which originally
ranged between 10 and 90 and was recoded to range betwee0Olarmbncordance
with De Graaf and Ganzeboom (1993) and Chapter 2, educatiboth the father
and the respondent were measured in four categories: priedaication (LO), lower
second secondary education (LBO and MAVO), higher secognedmcation (HAVO,
MBO, and VWO), and tertiary education (HBO and WO). The vadfi¢he father’s
highest achieved level of education was created by giviagdleducational categories
the numerical values 1 till 4. The transitions that were gtdéy De Graaf and Ganze-
boom (1993) and in Chapter 2 are: 1) from primary educatidess to a diploma in
secondary or tertiary education; 2) from a diploma in lowesmxandary education to a
diploma in higher secondary or tertiary education; 3) frodiloma in higher sec-
ondary education to completed tertiary education. Thesesttions are displayed in
Figure 7.2.
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7.4.2 The results

The effects of father’s occupational status and educatiereatimated for four sce-
narios, and the results are represented in the differentuud in Table 7.2. The first
scenario assumes that the standard deviationisfzero, which is a replication of
the model used by De Graaf and Ganzeboom (1993) and in CHapiéris replica-
tion shows three main patterns. First, both father’s octtapal status and father’s
education have a positive effect on the probability of pagdransitions. Second,
this effect decreases over transitions. Third, the effétdtber’s education decreases
over cohorts during all three transitions while the effddather’s occupational status
clearly decreases over cohorts for the first transition thetrend is non-significant
negative during the second transition and non-significasitpe during the third tran-
sition. These patterns are the same as those found by De @& anzeboom (1993)
and in Chapter 2 with the exception of the significant negsttiend in the effect of
father’s education during the third transition, which was found to be significant by
De Graaf and Ganzeboom (1993).

The remaining three scenarios assume that the standaatidawfc is .5, 1, and
2. As was discussed before, the standard deviations repréeeeffects (log odds
ratios) if the unobserved variableis a standardized variable. To put these scenarios
into perspective, one can look at the effects of father'sipational status and educa-
tion when both are standardized in the earliest cohort dfitetransition, when the
effects are largest. These standardized effects are .82&l@r's occupational status
and 1.453 for father’'s educati&in So, the values .5, 1, and 2 capture a reasonable
range of values for the effect of a standardized unobseragdhle.

The results from the different scenarios, as presentedeireémaining columns
of Table 7.2, show that the qualitative conclusions remaichanged, that is, those
effects that were significant remained significant and ttibaewere not significant
remained not significant. However, the size of the effectatbier’s occupational sta-
tus and education and their trends did change over the sosntre effects increased
as the amount of unobserved heterogeneity increased, thiilgends in the effects
over time became more negative, and the decrease in théseffesr transitions be-
comes less pronounced. This is also shown in Figures 7.3 .dndr7addition, these
figures show that difference between the scenarios dedreasz time, indicating
that the bias due to unobserved heterogeneity decreasetimee This is particularly
strong for the first transition.

In section 7.2 | discussed that unobserved heterogeneitlg ¢ofluence the re-
sults through two mechanisms. First, the averaging meshais based on the fact

3The effects of the unstandardized variables are present&ddle 7.2, and the standard deviation of
father's occupational status is 1.55 and the standard titaviaf father’s education is 1.01.
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Table 7.2: Log odds ratios in models for men assuming diffedegrees of unob-
served heterogeneity (the main effects of the cohort dumane the constant are not
displayed)

SdE)=0 sdE)=.5 sd)=1 sde)=2

primary v lower secondary

father’s education 1.439 1.496 1.641 2.092
(11.50)  (11.56) (11.70) (12.10)
father’s education X cohort -0.117 -0.124 -0.142 -0.192
(-4.80) (-4.96) (-5.28) (-5.87)
father’s occupation 0.531 0.558 0.628 0.833
(13.08) (13.22) (13.46) (13.73)
father’s occupation X cohort -0.057 -0.061 -0.070 -0.097

(-6.34) (-6.57) (-7.02) (-7.60)
lower secondary v higher secondary

father's education 0.713 0.796 0.995 1.512
(11.79) (12.50) (13.86)  (15.94)

father’s education X cohort -0.026 -0.034 -0.051 -0.092
(-2.34) (-2.88) (-3.88) (-5.31)

father’'s occupation 0.294 0.333 0.424 0.655
(8.10) (8.73) (9.96)  (11.90)

father’s occupation X cohort -0.010 -0.014 -0.023 -0.045

(-1.49)  (-2.01) (-2.98)  (-4.42)

higher secondary v tertiary

father’s education 0.445 0.539 0.748 1.252
(7.11) (8.14) (10.05) (12.99)

father’s education X cohort -0.031 -0.039 -0.057 -0.099
(-2.78) (-3.34) (-4.31) (-5.70)

father’'s occupation 0.149 0.187 0.275 0.486
(3.41) (4.07) (5.34) (7.42)

father’s occupation X cohort 0.010 0.007 0.001 -0.011

(1.25) (0.87)  (0.15)  (-0.97)

(z-values in parentheses)
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Figure 7.3: The effect of father’s occupational status
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Figure 7.4: The effect of father’s education
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that a model that leaves out the unobserved variables mtdeb/erage probability
of passing the transitions rather than an individual’s ptolity of passing. This will
lead to an underestimation of the effect if one leaves th@abhe out of the model,
and this bias will be larger when the variance of the unolestyariable increases and
when the probability of passing is closer to 50% (Neuhauslamaatll, 1993). Second,
the selection mechanism is based on the fact that after stetriansition the unob-
served variable becomes correlated with the observedblasia This means that at
later transitions, leaving the unobserved variable ouhefrhodel will result in omit-
ted variable bias, even if the unobserved variable was nonéanding variable at
the first transition. A key element in both mechanisms is tis&ribution of the un-
observed variable. Table 7.3 shows how the distributiorhefunobserved variable
changes over the transitions for the different scenariosrfen born between 1931
and 1940 (the largest cohort in the data). The first row shbvwgtoportion of re-
spondents at risk of passing this transition, which indisdtow selective a transition
is. The second and third set of rows shows for each scenaditransition the corre-
lation between the unobserved variable and father’s odmu status, and between
the unobserved variable and father’s education, resgdtiVhis correlation captures
the selection mechanism. At the first transition this catieh is by definition 0, but
at later transitions it becomes negative, leading to an nastienation of the effect
of father’s occupational status and education at the laagsitions. The correlation
becomes larger at later transitions and when the variantdeeainobserved variable
increases. The correlation betweeand father’s education is stronger than the cor-
relation between and the father’s occupational status. The reason for thisisthe
correlation is the result of the selection on all the vaealdt the earlier transitions,
and the selection on father’s education is stronger thasdleztion on father’s occu-
pational status (the standardized coefficients for the eféétts are, as was mentioned
before, 1.453 and .823 respectively). The fourth set of relsvs that the variance
of the unobserved variable, which plays a key role in theayieg mechanism, and
which decreases somewhat over the transitions, but not mlieh fifth set of rows
shows that the respondents score higher than average omahsarved variable at
the higher transition.



Table 7.3: Changes in the distribution of the unobserveidlabr over the transitions for men born between 1931 and 1940

primary v lower secondary v  higher secondary v
lower secondary  higher secondary tertiary
Pr(at risk) 1 .837 487
corr(g, sde)=0 0 0 0
father’s occupation) sdj=0.5 0 -0.028 -0.070
sde)=1 0 -0.051 -0.124
sdE) =2 0 -0.081 -0.187
corr(g, sde)=0 0 0 0
father’s education)  sdf=0.5 0 -0.048 -0.111
sde)=1 0 -0.087 -0.193
sde)=2 0 -0.134 -0.282
sdE) sde)=0 0 0 0
sdE)=0.5 0.5 0.492 0.480
sde)=1 1 0.950 0.883
sdg) =2 2 1.764 1.531
meang) sdE) =0 0 0 0
sdg)=0.5 0 0.038 0.132
sde)=1 0 0.143 0.460
sdE)=2 0 0.460 1.313

Ansusbousjay pariasqoun

€GT
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Table 7.3 gives an idea of the distribution of the unobsewable at one point
in time, but it cannot explain why this bias changed over tiamewas shown in Fig-
ures 7.3 and 7.4. The way unobserved heterogeneity inflsghegesults is a func-
tion of the proportion of respondents that are at risk at ¢&misition and these have
changed considerably over time as is shown in Figure 7.5nAvsast other countries,
younger cohorts will on average receive more educationtt@older cohorts, so the
proportion of respondents at risk increases over time.rEigLb also explains why the
bias in the first transition decreases. The bias in the fassition is due to the averag-
ing mechanism, and the bias due to the averaging mechanisoesiease when the
probability of passing approaches 1 (or 0) (Neuhaus andlJé®83). The proportion
of respondents that passed the first transition is the ptiopaat risk of passing the
second transition. Figure 7.5 shows that this proporticreased dramatically and is
now virtually 1, thus leading to a reduction in the size of tis. Figure 7.6 showed
how the correlation between the father's occupationalistand education and the un-
observed variable changed over time. It shows that thigtaiion strongly decreased
over time as the higher transitions became less selectidethaus that the bias due
to the selection mechanism decreased over time. Figurehdwssthat the standard
deviation of the unobserved variable hardly changes omes.tFigure 7.8 shows how
the mean of the unobserved variable decreases at each sabs&gnsition and how
these transitions have become less selective over time.

In summary, this replication showed that the qualitativeatasions from De Graaf
and Ganzeboom (1993) and Chapter 2 are largely robust agasamnptions on unob-
served heterogeneity. However, the scenarios also shdwaethe size of the effects
and the trends are likely to have been underestimated bedaei®riginal sequential
logit models estimated the effect on the average probwbiipassing rather than on
an individual’s probability of passing, and because thebseoved variable and the
observed variables became negatively correlated at thehigansitions.
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Figure 7.5: The proportion of respondents at risk of passamh transition
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Figure 7.6: The correlation between the unobserved varind father’s occupational

status and father’s education
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Figure 7.7: The standard deviation of the unobserved Variab
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7.5 Conclusion and discussion

The aim of this chapter is to present a sensitivity analys$ tan be used to inves-
tigate the consequences of unobserved variables in a g@juegit model, and in
particular the consequences of leaving a non-confoundinigile out of a sequen-
tial logit model as discussed by Cameron and Heckman (1981&). bias that these
unobserved variables cause are shown to be the result of eBebanisms: first, the
averaging mechanism is based on the fact that when a vaisbleout of the model,
one models the probability of passing the transitions ayetaover the variable that
is left out. As a consequence, just leaving the unobservedbia out of the model
will lead to estimates of effects of the observed variableshe probability of pass-
ing the transitions averaged over the unobserved variahtbsr than the effects on
the individual’s probability of passing. These two are eliéint because the unob-
served variable is related to the probabilities through - liveear function. Second,
the selection mechanism is based on the fact that a variadiéstnot a confounding
variable at the first transition is likely to become a confoimg variable at the later
transitions. The reason for this is that the process of 8eteat the earlier transitions
will introduce correlation between the observed and unoleskvariables.

The method proposed in this chapter to investigate the cuesees of unob-
served heterogeneity is to perform a sensitivity analygisgecifying a set of scenar-
ios regarding the extent of unobserved heterogeneity, stimdating the effects of the
observed variables given those scenarios. This will na givempirical estimate of
the effects of interest, but does give an idea about thetsgtysof the estimates to
assumptions about unobserved heterogeneity, and dinegftthe bias, the size of the
bias, and the range of likely values of the effect. The sdesdhat have been pro-
posed in this chapter are constructed in the following wag unobserved variable
is normally distributed, for each individual the value ofstluinobserved variable is
assumed to remain constant over the transitions, and thet effthe unobserved vari-
able also remains constant over the transitions. The sosrdiffer from one another
with respect to the variance of the unobserved variables Waly one can compare
what happens to the effects of the observed variables whega th a small, medium,
and large amount of unobserved heterogeneity. Moreovsrpitssible to recover the
distribution of the unobserved variable at the later tidmss. This makes it possible
to see how, in each scenario, the correlation between thernadss and unobserved
variables change over the transitions, and/or over a tharable, for example time.
The effects of the observed variables within each scenagiestimated by maximum
likelihood. The likelihood is defined by integrating overethinobserved variable,
which is done using Maximum Simulated Likelihood (Train03).

This method was illustrated by replicating a study by De Geaal Ganzeboom
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(1993) and in Chapter 2 on the effect of the father’s occopali status and educa-
tion on the offspring’s educational attainment. The praubanalysis showed that the
results of statistical tests were rather robust to changéeiassumptions about unob-
served heterogeneity, but that the effects of both the fatbecupational status and
the father’s education were likely to be underestimatethese effects were stronger
in scenarios with more unobserved heterogeneity. Scenaith more unobserved
heterogeneity also resulted in a stronger downward trerd ttme in the effect of
father's occupational status and education. The decreabe ieffect of father’s oc-
cupational status and education over transitions becasseriescenarios with more
unobserved heterogeneity. This indicates that the comyrionhd pattern of decreas-
ing effects of family background variables over transiias at least in part due to
unobserved heterogeneity.

This chapter can be seen as part of a larger effort aimed ainifg an empirical
estimate of the causal effect of family background whiletoalling for unobserved
variation between individuals (Mare, 1993, 1994; Camenwhtdeckman, 1998; Lu-
cas et al., 2007; Holm and Jaeger, 2008). The challenge dftthisture is that it tries
to solve an unsolvable problem, since obtaining an empiestimate is by definition
incompatible with controlling for unobserved variationn @e one hand this means
that it is very unlikely that a single study can build a contg@l convincing empirical
argument for such an effect. On the other hand, that does eahnhat estimates
obtained in these studies contain no information whatsoé&uge key is that each of
these methods exploits different parts of the data to gepproaimation of the effect.
For example, Mare (1993, 1994) uses the nesting of indivéduihin families, Lucas
et al. (2007) and Holm and Jaeger (2008) use the presencetfmental variables,
and Mare (2006) uses the strong assumption that all changbs ieffect of the ex-
planatory variables over transitions is due to unobsenatdrbgeneity. In the long
run, these differences in strategy can be used to get a plausinge for the causal
effect of family background by collecting a sufficient bodyevidence using these
different methods, followed by an analysis of how the défeses in strategy has led
to the differences and similarities in the conclusions esthstudies.
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Appendix: Sampling from the distribution of ¢ condi-
tional on having passed the previous transitions

One method of sampling from a distribution is importance jgamy (Robert and
Casella, 2004, 90-107). This appendix will show that thehmeéused in this chapter
is a special case of importance sampling. The idea behindriapce sampling is
that instead of sampling from the distribution of interg&t) one draws samples from
another distributioy(¢), and compute the mean by weighting each draw-5y
one could approximatB.[A(SBo2 + S22 + )] with equation (7.16).

9’

E.[A(Boz + Braoz + )] ~ % 3 gg:;

J=1

A(Boz + P12z +€) (7.16)

In this chapter the distribution of interest is the disttibn conditional on being
at risk, while the other distribution is the distributiontrrmnditional on being at risk.
These distributions are independentrpfo the conditioning on in equation (7.17)
is superfluous, but this will prove useful later on.

€j|x7y € {37 C})
f(g5])

E.[A(Bo2 + Braw + )] ~ % Z I A(Boz + Prax +¢) (7.17)
=1

Instead of using equation (7.17) directly, the integral gsnputed using equa-
tion (7.18). The aim of this appendix is to show that thesedwmequivalent.

Sy [Py € {B, CYz,e5)A(Boz + iz + )]
> Py € {B,C}lz,¢5)

Ec[A(Boz + P2z +¢)] = (7.18)

The denominator of equation (7.18) can be rewritten as irmggpu (7.19), which
leads to equation (7.20)

mZ}n:l Pr(y € {B,C}|z,¢;)
m

mPr(y € {B,C}|x) (7.19)

Z Pr(y € {B,C}|z,¢;)

Q



Unobserved heterogeneity 161

E.[A(Bo2 + Brazw +¢)] ~ % Z Pg?rj(;é?’BCg}x'gj)A(ﬁoz + P12z +¢) (7.20)
1 )

m
j=

Comparing equations (7.17) and (7.20) indicates that thlelem can be simplified
to showing that equation (7.21) is true.

f(€j|x7y € {B,C}) _ Pr(y € {B,CH.T,EJ‘)
f(gjlz) Priy € {B,C}|z)
Equation (7.21) can be rewritten as equation (7.22). UsiageB’ theorem, equa-
tion (7.22) can be rewritten as equation (7.23). Equatio®3)/is true, thus showing
that equations (7.17) and (7.18) are equivalent. Noticeieler, that this is based on
the approximation in equation (7.19), which will get betisrthe number of samples
m increases.

(7.21)

f(ejle,y € {B,C})Pr(y € {B,C}|z) = Pr(y € {B,C}|z,¢;) f(e;]z)  (7.22)

f(gjﬂye{B,C}|x):f(y€{B,C}ﬂ€j|x) (7-23)
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Conclusions and discussion

In this dissertation | have investigated the changing aason between family back-
ground and educational attainment in the Netherlands dguhia 2" century. This
association is a measure of the inequality in access to &daocas it indicates the
extent to which persons with a more privileged backgrourdnaore likely to attain
a higher level of education than persons with a less prietilgackground. This in-
equality in access to education is not only important to stigate because education
is a valuable and scarce resource in its own right, but alsau= it influences fu-
ture success in other domains of life, like work, family f@tion, and health. The
research literature on the inequality of access to edutéiis a long history (Hout
and DiPrete, 2006; Breen and Jonsson, 2007). This digsertadntributed to this
literature by studying the following aspects of inequalityaccess to education: 1)
the inequality in the outcome of the process of attainingcatian, 2) the inequality
during the process of attaining education, as well as thaioglship between these
two types of inequalities. | have labelled these two typemefuality Inequality of
Educational Outcome (IEOut) and Inequality of Educatiddaportunity (IEOpp) re-
spectively. The overarching research question that guidedhdividual studies that
make up this dissertation has been: “To what extent, howndresh has a trend toward
less inequality in educational opportunities and in edooal outcomes of persons
from different family backgrounds occurred in the Netheds?”

As a point of departure | replicated in Chapter 2 a study by Peaand Ganze-
boom (1993) using more, and more recent data. This repicarved as a bench-
mark, as it represents what can be learned from the mosttrda&nusing ‘default’
methods. The remaining chapters consisted of applying nethaods that improved
on these ‘default’ methods. Chapters 3, 4, and 5, showed thags of improving the
estimates of IEOut: In Chapter 3 a scale of education wasr@aly estimated to
replace the priori scale that has been used in the ‘default’ method. In Chaptes 4
trend in IEOut was estimated using a local polynomial curbéctvis more flexible
than the quadratic curve and more powerful than the disatee that have been
used in the ‘default’ approach. In Chapter 5 a new method wiasduced for test-
ing whether the relative differences in effects of occupal status and education of
the father and the mother on the offspring’s educationalratient have changed over
time. Chapter 6 showed a new way of relating IEOpps to IEOtickvalso turned

163



164 Chapter 8

out to provide a meaningful way of analyzing the effect of @ational expansion on
IEOut. Chapter 7 showed a way of improving the estimatesef®pps, by propos-
ing a sensitivity analysis to assess the potential impaghobserved variables on the
results.

The conclusions from all these chapters will first be disedss detail, and are
then summarized by answering the overarching researcliguesinally, some short-
comings of these studies are discussed together with saomreendations for future
research.

8.1 Conclusions

8.1.1 Areplication

The dissertation started with a replication of the study ley@&aaf and Ganzeboom
(1993), which was the Dutch contribution to an influentigkimational comparative
project by Shavit and Blossfeld (1993). The role of the iegdlbn in this dissertation
is to create a point of reference in terms of the estimatetitne inequality of access
to education using ‘default’ methods. De Graaf and Ganzebhd®93) studied IEOpp
and IEOut, which both play a prominent role in this disséstat Moreover, the data
used in this dissertation is an extension of the data usedeb@iaaf and Ganzeboom
(1993). They used data from ten cross-sectional surveysihi@ post-harmonized
and then stacked to form a single dataset. Ganzeboom andar€¢2009) have since
extended this data as part of the International Stratifioagind Mobility File (ISMF)
such that the Dutch part of this file now contains informafimm 54 surveys. It is
this data that has been used throughout this dissertation.

The main finding of this replication is that despite the fdwttthis replication
used more than five times as many respondents (69,868 vets2dAlrespondents)
and covered 20 additional years (1891-1980 versus 1890}1tBé results remained
largely unchanged. Using default methods on the extendebelathe following
trends in IEOpp and IEOut were found for the Netherlands:gaiicant negative
trend in IEOut and a significant negative trend in IEOpp fer titansition whether or
not to continue after primary education; mixed evidencatiertrend in IEOpp for the
choice of track during secondary education; and no trendragdme cases a positive
trend for the transition whether or not to finish tertiary eafion. Moreover, these
trends are mostly found to be linear.
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8.1.2 IEOQOut: operationalizing education, the trend, and family
background

Chapters 3, 4, and 5 of this dissertation proposed three whiraproving on the
‘default method’ of estimating the trend in IEOut.

Chapter 3 focussed on the values assigned to each of thetiexhatzategories.
These values are necessary in order to estimate IEOQutwintjde Graaf and Ganze-
boom (1993), the replication in Chapter 2 assigned valuedticational categories by
distinguishing between four educational categories (aniower secondary, higher
secondary, and tertiary education) and assigning themahes 1 to 4. A major ad-
vantage of this method is that it is easy to apply, all thakisassary is a rank order of
the educational categories. A disadvantage is that thieademplicitly assumes that
the distances between successive educational categoziai aqual. An often-used
alternative approach is to assign each category a valud tqgtie number of years
it would take a ‘standard’ student to complete that categdm advantage of this
method is that these values can easily be derived for mosta¢idaal systems from
(semi-)official documents. However, it conflates two distiooncepts: the duration
and the value. As a result, the rank ordering of educatioatggories based on these
standard durations sometimes does not correspond to theordering based on a
priori knowledge about the values. This is the case in thé&t&inds for higher sec-
ondary vocational education [MBO], which has led Ganzebaoih Treiman (2009)
to apply anad hocadjustment to their scale values when creating their scaléhe
ISMF. Another potential problem with thesepriori scales of education is that they
assume that the values of the educational categories hanad#red constant over time,
while there are two plausible mechanisms through which #teevof an educational
category could change over time: educational reform, wh@shmean that an educa-
tional category before and after a reform should be treat@d@ different categories,
and changes in the supply of highly schooled labor relabvii¢ demand for highly
schooled labor, so called ‘diploma inflation’.

Chapter 3 improved these standard ways of assigning vatuttgeteducational
categories by empirically estimating a scale of educatithis scale of education
is estimated such that it is optimal for predicting occupadil status, using a model
with parametricaly weighted covariates proposed by Yarohf2002). The resulting
scale largely corresponds with thegoriori scale by Ganzeboom and Treiman (2009).
The major deviation from tha priori scale is that the priori scale overrates the
value of lower secondary vocational education [LBO], whicdans that respondents
with LBO had, on average, lower status occupations than wediqgied using tha
priori scale. The resulting scale also showed that there is lititheace that the values
changed over time, as measured by the year in which the suasyeld. The time



166 Chapter 8

at which the survey was held was used as a proxy for the time wherespondents
held their job. As a consequence, the lack of change overisraa indication that
changes in the labor market during the period that was sludi#58 to 2006) had
little effect on the relative distances between educatiocategories. However, the
values of two educational categories did differ when conmgacohorts that were in
education before and after a major educational reform irNtstherlands, the “Mam-
moet Wet” or “Mammoth Law”, which was implemented in 1968 €ldategories that
were influenced by it were lower general secondary educiitkvO] and higher
professional education [HBO]. The change in the value of MAVas to be expected,
as this diploma changed from a level that prepared for therlatarket to a level that
prepared for a subsequent level of education (MBO). A ptess@ason for the change
in the value in HBO could be that it became accessible frorhdrigeneral secondary
education [HAVO].

Showing the consequences of using this new scale rathetthieanpriori scale
for the estimates of IEOut was one of the subsidiary aims apBdr 4. The main
aim of this chapter was to assess whether or not the trenddatlBas changed over
time. Past research had found a steady negative trend intJa@uifound no evidence
for any non-linearity in this trend. However, it is implabkd that this linear trend
will continue as this would eventually result in a negatigsaciation between family
background and educational attainment. So, at one pointia the negative trend
in IEOut will have to slow down, and the aim of Chapter 4 wasrjotd detect this
declaration of the trend. This chapter hypothesized thatdbk of evidence for a
non-linear trend in the default approach was due to the ndsthised in testing for
non-linearities: these methods either estimated a naatitrend using a quadratic
trend, which could be not flexible enough to adequately detag non-linearities
in the trend, or as a discrete trend model, which could be ®abile and thus not
powerful enough. The alternative proposed in this chaptes to represent the trend
as a local polynomial curve, which is more flexible than a gqatd curve but more
powerful than a discrete curve.

This chapter did find evidence that the trend has been neadljtut did not find
the expected deceleration in the decreasing trend in IE®périod of negative trend
was found for both men (1941-1960) and women (1952-1971¢hnhas preceded
by a period of significantly accelerating trend (1935-19ddrfien and 1949-1952
for women). There is some evidence — only for men — that theatiegytrend de-
celerated prior to becoming insignificant, but this deaglen is not (yet) significant.
There is no indication that the negative trend for women lgeat=d prior to becom-
ing insignificant, indicating that the lack of significancktlee negative trend in the
youngest cohorts has more to do with lack of power than witttk bf negative trend.
Surprisingly, the trend did not show any effect of a major adional reform, the
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‘Mammoet Wet’ or ‘Mammoth Law’, which was aimed at reducirigQut and was
implemented in 1968.

A subsidiary aim of this chapter was to assess the robustri¢éissse conclusions
to three potential sources of error: different scales otatlan, differences in quality
of the data across surveys, and missing data. Using the statiucation estimated
in chapter 3 rather than thepriori scale by Ganzeboom and Treiman (2009) led to a
slightly more stable trend, but did not qualitatively charilge conclusions. Control-
ling for differences between surveys led to a decrease il tfer the earliest cohorts,
while using multiple imputation to control for missing vekidid not influence the
results.

In Chapter 5 | assessed which resource — occupational staéication — and
which parent — the father or the mother, the highest edufsitdds parent or the
lowest educated/status parent, or the parent with the samassthe respondent or
the parent with a different sex to the respondent — contitbatost to the offspring’s
educational attainment. The results indicate that théndison between highest and
lowest status parent is the main distinction between therpsy rather than the dis-
tinction between fathers and mothers or the distinctionvben the parent with the
same sex as the respondent or a different sex to the respofideme is also moder-
ate evidence that occupational status is more importantgheental education. | also
found that the mother being a homemaker had a negative effetiie educational
attainment of the offspring if the mother has little edusatand the father has a low
status job, but that this effect becomes positive when théhenas well-educated or
when the father has a high status job.

In this chapter | also investigated whether the relativetriountions of each of
these resources changed over time. | expected the value abtitributions of the
mother’s resources to have increased over time relatiieet@dlues of the resources
contributed by the father due to changes in the roles of menwamen in society
during the period studied (1939 till 1991). | also expectesl\talue of occupational
status to decline as it is more closely related to the econoesiources available in
the family, and economic constraints have become lesgltkdimit the educational
choices as almost everybody has become wealthier and estubais become more
heavily subsidised during the period studied. In ordersotteese hypotheses, | used a
model with parametricaly weighted covariates proposeddmy&guchi (2002), which
estimates the model under the null hypothesis that thevelebntributions of these
resources have remained unchanged over time. Contrary texpgctations, this
hypothesis could not be rejected.
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8.1.3 Combining IEOpp and IEOut

When investigating inequality in access to education, itseful to distinguish be-
tween inequality during the process of attaining educatiba IEOpp) and the in-
equality in the final outcome of that process (the IEOut)s klso useful to recognize
that IEOpp and IEQut provide complementary informationjstassion of the pro-
cess of attaining education can be meaningfully suppleeadny a discussion of the
outcome of that process anite versa In order to make the best use of this comple-
mentarity between IEOpp and IEOut, one needs to move beyapaiate discussions
of IEOpp and IEOut and towards an integrated discussioneofwio. Chapter 6 pro-
posed a new method that makes such an integrated discussisible. This method
starts with the standard model for estimating IEOpps, thgiestial logit model as
proposed by Mare (1981), which estimates the effect of fatdckground on the
probabilities of passing from one level of education to tegtnit then shows that this
model implies a decomposition of IEOut as a weighted sum@iBOpps, such that
the weights assigned to each transition between levels wfain are the product
of three elements: 1) the proportion of respondents at figlassing that transition,
which means that a transition receives more weight when meople are affected
by it; 2) the variance of the indicator variable indicatingether or not respondents
passed that transition, which means that less weight imdivéransition where vir-
tually everybody fails or virtually everybody passes; andh®& expected increase in
highest achieved level of education due to passing thasitian, which means that a
transition receives more weight when passing it is more {afgi#. This makes it pos-
sible to supplement the IEOpps with estimates of how reletrase IEOpps are for
IEOut. Moreover, it provides a substantively interpre¢aflechanism through which
educational expansion can influence educational ineguatiteducational expansion
influences the probabilities of passing the educationaktt@ns, which influence the
weights, which in turn lead to changes in IEOut.

When applying this methodology to the Netherlands, | digtished four transi-
tions: continue or not after primary education, taking tbeational track versus the
academic track, continue to higher secondary vocationataibn given that a re-
spondent entered the vocational track, continue to urityggven that a respondent
entered the academic track. | found that the latter two itians not only have low
IEOpps, which was already known, but they also have low wisighhese low weights
were primarily due to the relatively low proportion of respients that are at risk of
passing these higher transitions compared to the lowesitiams. By contrast, edu-
cational expansion had a big influence on the first two tremmsit The first transition,
whether or not to continue after primary education, staoigidas the main source of
IEOut, but declined quickly as passing this transition lbeealmost universal. The
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second transition, whether to enter the vocational trad&(Land MAVO] or aca-
demic track [HAVO and VWO], strongly increased in importaras the percentage of
people passing that transition increased to about 50% hwhgulted in an increase in
the variance of the dependent variable, and as more and rmopgepbecame at risk
of passing this transition.

8.1.4 IEOpp: the influence of unobserved variables

The standard model for estimating IEOpps, the sequentiil hoodel, has been sub-
ject to an influential critique by Cameron and Heckman (1998hey argue that,
like any other model, a sequential logit model cannot inelatl variables that influ-
ence the dependent variable. However, leaving these Vasiabit will influence the
results, even if these variables are not confounding viesablrhese so-called unob-
served variables influence the results through two mechemigirst, the ‘averaging
mechanism’ is based on the fact that when a variable is l¢fbbthe model, one
models the probability of passing the transitions averageul the variables that are
left out. As a consequence, leaving the unobserved variallef the model will lead
to estimates of effects of the observed variables orattezageprobability of passing
within groups defined by the observed variables rather tharftfects on thandivid-
ual’'s probability of passing. These two are different in nondinmodels like logistic
regression because the unobserved variables are related pwobabilities through
a non-linear function. Second, the ‘selection mechanisnased on the fact that a
variable that is not a confounding variable at the first titiors is likely to become
a confounding variable at later transitions. The reasontisris that the process of
selection at the earlier transitions will introduce caateln between the observed and
unobserved variables at the later transitions.

This suggests that one needs to control for these unobseavidles, but it is
by definition impossible to get an empirical estimate thataatrolled for variables
that have not been observed. However, it is possible toematenario, by speci-
fying assumptions about the unobserved variables, anchatitig the effects within
that scenario. There are roughly two ways in which thesesst@sncan be used. First,
one can try to put as much empirical information as possititethese scenarios. For
example Mare (1993, 1994) uses the similarity betweenngjblio capture the unob-
served variables on the family level. Alternatively, on@ cse a set of scenarios to
assess the sensitivity of the estimates to the assumpt@irapter 7 is an example of
this latter approach as it proposed a set of scenarios thaefsl for such a sensitivity
analysis and a method for estimating the effects withindgrseenarios. This method
was illustrated by replicating the analysis in Chapter 2wghg that the results of
statistical tests were robust to changes in the assumpiomst unobserved hetero-
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geneity, but that the effects of both father’s occupatiatatius and father’s education
were likely to be underestimated, as these effects wer@gtroin scenarios with

more unobserved heterogeneity. Scenarios with more ungtbbeterogeneity also
resulted in a stronger downward trend over time in the efiééther’'s occupational

status and education, indicating that the trend in the &ffetparental background
variables across cohorts is also likely to be underestithattowever, the effect of

father’s occupational status and education decrease Vesgransitions in scenarios
with more unobserved heterogeneity. This indicates treattmmonly found pattern
of decreasing effects of family background variables orgerditions is at least in part
due to unobserved heterogeneity.

8.1.5 Summary

These conclusions can be summarized by explicitly answdtie overarching re-
search question: “To what extent, how, and when has a trevatttbless inequality in

educational opportunities and in educational outcomesdsst persons from different
family backgrounds occurred in the Netherlands?” The ansteethis question can
be broken up into the following elements:

IEOut

e The trend in IEOut was shown to have decreased during the dlaiarter
of the 20" century, during which time it approximately halved. Thigne
ative trend was preceded by an acceleration of the trendhanel is some
indication that IEOut was initially increasing. The nondarity of this
trend is a new finding, as previous studies failed to rejechtypothesis of
a linear declining trend.

e The ‘Mammoet Wet', a major educational reform in the Netheds im-
plemented in 1968, did not have a noticeable influence on tEOu

e An improved scale for the educational categories was aldatthis dis-
sertation, but this was found to have little effect on thénested trend in
IEOut.

e The relative contributions of the education and occupaitistatus of the
father and the mother to the respondent’s educationahattit were
found to have remained constant over cohorts.

IEOut and IEOpp

e The main driving force behind the trend in IEOut turned outéche ma-
jor shift in which transition between educational levelsributed most
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to IEOut. Initially, the transition between whether or notdontinue in
education after finishing primary education was the maintridaurtor to

IEOut. However, the contribution of this transition quigkdeclined as
passing this transitions became almost universal. At theesime the
contribution of the second transition between enteringtteglemic or vo-
cational track increased in importance as more people beeamsk of
passing that transition and as the number of people entdringcademic
track and vocational track became more evenly balanceds Sfift be-
tween the transitions resulted in both the initial increiask=EOut, as the
decline of the contribution from the first transition was mdhan com-
pensated by the increase of the contribution from the setmmdition,

and the subsequent decline in IEOut, as the less unequaldéamsi-
tion replaced the more unequal first transition as the domisaurce of
inequality.

IEOpp

e At the lowest transitions a declining linear trend in the [® over time
was found, while at the higher transitions the evidencetmeaaixed with
negative, insignificant, and even positive trends.

e The IEOpps at the lower transitions were higher than the Oy the
higher transitions.

¢ A sensitivity analysis showed that qualitative conclusiame robust, but
that both the size of the IEOpps and the size of the trend kadylto be
underestimated when the unobserved variables are notrtecbior.

8.2 Discussion

What all chapters in this dissertation have in common is they used data from
the International Stratification and Mobility File [ISMFE@nzeboom and Treiman,
2009). As a consequence, all these chapters share thethsemgl weaknesses as-
sociated with this source of data. One of these weaknestestithe ISMF contains
data from surveys of differing quality. Chapter 4 found tbantrolling for differences
between surveys did have a moderate effect on the estintated ih IEOut. Future
research could extend on this finding by also modelling tfexes of survey character-
istics, thus gaining more insight into the way survey gyafifluences the substantive
conclusions that can be drawn from it. This would turn théatam between the sur-
veys present in the ISMF from a potential weakness into agthe as this variation
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can then be used to control for characteristics of the suirveyays that are impos-
sible when analyzing surveys separately or only analyzimgeys with certain (high
quality) characteristics.

Another potential weakness is the way time is measured ssirgalled synthetic
cohorts, that is, cohorts that are observed in a crosseseturvey. These synthetic
cohorts are used to estimate the trend in IEOpp and IEOutthargdplay a key role
in this dissertation. The key advantage of using synthetiods is that it makes it
possible to study a long period of time using a large amouxiatd. However, there
are also problems associated with the use of synthetic th®he first problem is
that a synthetic cohort is not a proper sample from the pdpul@f people born in
a certain year, but a sample from the population of peopla boa certain yeaand
who are still alive and living in the Netherlands at the tirhe survey was held. This
can be a problem for cohorts that are very old when the sunasyheld because in
these cohorts higher-educated respondents are likelydodyerepresented, as higher-
educated persons are more likely to live longer. Such atseteon the dependent
variable can bias the results (Breen, 1996). This was pasilyed in most chapters
by only using respondents younger than 65 years. dlthis way, not enough people
will have died for this to have become a problem. The secoablpm with synthetic
cohorts is that education happens over a period of time isadt exactly clear which
historical period is represented by a cohort. A reasonaiiée is to look at the time
when the respondent was 12, as in the Netherlands that iggthatavhich people
make the most important decision in their educational catae any such choice
will necessarily be an approximation. This is particulagievant when studying the
consequences of a policy change, as synthetic cohortsmjllapproximately classify
the respondents as being affected or not affected by theypdtiange.

Another difficulty with the use of cross-sectional surveike lthe ISMF is that
they do not directly measure which transitions a respongdassed. The transitions
a respondent has made are reconstructed based on the respohijhest achieved
level of education and a simplified model of the educatiogatean. In particular,
in order to be able to reconstruct a respondent’s educataareer, such a model
must impose that a respondent can only reach a certain I&eduzation through
one route. This is a limitation, especially within educatibsystems consisting of
multiple tracks, as it precludes the study of indirect patireugh the educational
system. This can be of substantive interest as these ingiaties represent ‘second
chances’ open to respondents after they have chosen/baegdph a certain track.
As a consequence, the ‘synthetic educational careerseit3RIF preclude the study
of the question concerning who benefits most from these sedaances: the people

1Exceptions are chapters 2 and 7, which replicate the studyeb@raaf and Ganzeboom (1993).
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with fewer family resources, who were initially disprogortately placed in the lower
tracks, or the people with more family resources, who artebeapable of making
the best use of any loophole in the system.

A way to avoid problems with synthetic cohorts and synthetiacational careers
is to use data for which the time at which events took placetla@@ducational career
are directly measured. This type of information is ava#abl panel data, where stu-
dents are followed during their educational career, or assfsectional surveys where
respondents are asked to retrospectively reconstrucetiecational career. However,
this does not mean that these sources of data are uniforrtér ltean cross-sectional
surveys that only asked for the highest achieved level ofation. It is actually strik-
ing how much the strengths and weaknesses of these diffiyyme® of data comple-
ment one another. An analysis of panel data and retrospactieer data can add to an
analysis of highest achieved level data as the panel dateetnodpective career data
have directly observed time and educational careers. Alysinaf the final stages
of the educational process and the outcome of the educhpomeess is difficult to
make in the panel studies due to attrition, but neither thhespective career data nor
the highest achieved level data suffer from this probleme available panel studies
contain data on only a few cohorts, making it difficult to getedailed description of
changes over time, while both the retrospective careeratadahe highest achieved
level data contain information on many cohorts. Howeveg, réstrospective career
data contain data on relatively few respondents, meanaigedich cohort consists of
a small number of respondents. The panel data contain feartsplbut each cohort
contains many respondents. The highest achieved levetatadao contain many co-
horts, and each cohort consists of many respondents. THogpettive career data can
suffer from the fact that its information is based on whatsgpondent can remember of
events that, for some cohorts, occurred many years prdyiolise panel data do not
suffer from this as the data is collected shortly after trenés occur, while the highest
achieved level data collects information on the highestesglt level of education,
which is much more salient and easier to remember than tive exlucational career.
Future research could make real progress if it were to edlese complementarities
between the data sources rather than continuing to use thganately.

On a more general level, a discussion of this dissertati@is¢o confront its
rather specific nature, as one of the defining charactesisfithis dissertation is the
central role that methodological innovations play in evelapter. One could ask
whether such a methodological orientation is a good thinghé¢ end, methodology is
just a tool and not an aim in itself. | think that such a metHodiwal dissertation has
its place within a substantive field like social stratificatiresearch, but such a study
should meet a number of challenges. When proposing new mefbgies, it is easy
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to get carried away and to purely focus on applying the laast most fashionable
techniques. Similarly, when pointing out a defect in a mdtiogy it is very easy to
forget that all models are defective, as models by their matyre are simplifications
of reality and a simplification is nothing other than a ‘remeble error’. In other
words it is not enough to show that one can invent or apply ne@thodologies or
show that some ‘old’ methodology is defective, one must alsmw that this helps to
either better answer existing questions or answer new ignsstMoreover, when one
proposes new methodologies it is easy to forget that thessimdreate a new tool that
can be used by others. If it takes more than a reasonable ambefiort for other
researchers to use this new method, then the methodolagizht has not achieved
its aim. In this dissertation | have attempted to meet thbadlanges by focussing in
each chapter on using the methodological innovations twensubstantive questions,
leading to some truly new findings, thus showing that it isjnst new technology but
that this new technology contributes to the study of edoaatiinequality. Moreover,
the methods proposed in this dissertation used eitheimrxsbftware or new software
was written to implement the new methodologies. In paréicuthapter 4 used the
locfit module by Loader (1999), while two new software modules werigen
within the statistical programme Stata (StataCorp, 200 Tinplement the remaining
new methodologiesseqglogit  (Technical materials Il) for chapters 6 and 7 and
propcnsreg (Technical materials I) for chapters 3 and 5. This has emithie new
methods proposed in this dissertation to be accessibldn&y akers.
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sheafcoef and propcnsreqg:
Stata modules for fitting a measurement model
with causal indicators

Both chapters 3 and 5 used thepcnsreg package, but for subtly different pur-
poses. In chapter 3 information from several education&igmay dummy variables
were combined into a single optimally-scaled educatiomatée, while in chapter 5
tested whether the relative sizes of the effect of severaintal background variables
have remained constant over time. The aim of this appendix @escribe both this
package and a related packagkeeafcoef (Buis, 2009b). Botlpropcnsreg and
sheafcoef have been implemented in Stata (StataCorp, 2007).

The models implemented in both packages can be derived fieragsumption
that the observed variables influence the latent variableomon alternative as-
sumption is that the latent variable influences the obseveedbles. For example,
factor analysis is based on this alternative assumptiordidilnguish between these
two situations, some authors, following Bollen (1984) ardl& and Lennox (1991),
call the observed variables “effect indicators” when they iafluenced by the latent
variable, and they call the observed variables “causatatdrs” when they influence
the latent variable. Distinguishing between these two igdrtant as each requires
a very different strategy for recovering the latent vamaahd its effect. In a basic
(exploratory) factor analysis, which is a model for effealicators, one assumes that
the only thing the indicators have in common is the lateniadde, so any correlation
between these variables must be due to the latent variatdeit & this correlation
that is used to recover the latent variableptopcnsreg andsheafcoef , which
estimate models for causal indicators, the latent varisdssumed to be a weighted
sum of the indicators (and optionally an error term), andweéghts are estimated
such that they are optimal for predicting the dependenttdei Within the models
implemented in theropcnsreg  package this turns out to be equivalent to a propor-
tionality constraint, that is, the constraint that the tigtinfluence of each indicator
remains constant over a set of other variables, in case git€ha, cohort and gender.

Models for dealing with causal indicators come in roughhgthflavors: A model
with “sheaf coefficients” (Heise, 1972), a model with “paegtnicaly weighted covari-
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ates” (Yamaguchi, 2002), and a Multiple Indicators and Mddt Causes (MIMIC)
model (Hauser and Goldberger, 1971). The latter two can benaed using
propcnsreg , while the former can be estimated usstgeafcoef

.1 Sheaf coefficient

The sheaf coefficient is the simplest model of the three. mg&swe want to explain a
variabley using three observed variables, x5, andxzs, and we think that; andz,
actually influence, through a latent variablg andz; is a control variable. Because
7n is a latent variable, we need to fix its origin and its unit. Tmigin can be fixed
by settingn to 0 when bothr; andz, are 0, and the unit can be fixed by setting the
standard deviation of equal to 1. The model starts with a multiple regression model
where thess are the regression coefficients and a normally distributed error term,
with a mean of 0 and a standard deviation that is to be estinate

y = Bo + frx1 + Boxa + Paxs + € (1.1)

We want to turn this into equations (1.2) and (I.3), whaiis the effect of the latent
variable and thess are the effects of the observed variables on the laterghlari

= Po+ I+ Bz +e (1.2)
Yo + Y1T1 + Y22 (1.3)

We can fix the origin ofy by constrainingy, to be 0. This way, will be 0 when
bothz; andz, equal 0. This leaves; and~,. We want to choose values for these
parameters such thatoptimally predictgy, and the standard deviation gfquals 1.
This means thaf; and~- are going to be a transformation 6f andj.. We can start
with an initial guess that; equalsg; and~; equalsss, and call the resulting latent
variabler/’. This will get us closer to where we want to be, as we now haleegdor
all parameterszy=0, v1=51, v4=02, and\'=1. The value for\’ is derived from the
fact that that is the only value where equations (1.2) arg) (ead to equation (I.1).
However, the standard deviation @fwill generally not be equal to 1. The standard
deviation ofy’ can be calculated as follows:

sdn’) = \/ﬁfvar(azl) + B2var(zz) + 21 82c0V(x1, 72)

We can recover by dividingn’ by its standard deviation, which means that the
true values ofy; and~, are actuallys; /sd(’) and 32/sd7’). If we divide ' by
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its standard deviation, then we must multiplyby that same number to ensure that
equations (1.2) and (1.3) continue to lead to equation (IA3 a consequencewill
equal sdr’).

This illustrates how the following set of assumptions carubed to recover the
latent variable and its effect on the dependent variable:

e the latent variable is a weighted sum of the observed vasablich that the
latent variable optimally predicts the dependent variable

e a constraint that fixes the origin of the latent variable.

e a constraint that fixes the unit of the latent variable.

One possible application of the sheaf coefficient is the @mmspn of effect sizes
of different blocks of variables. For example, we may havdoalbof variables rep-
resenting the family situation of the respondent and amditeek of variables repre-
senting characteristics of the work situation and we askaues whether the work
situation or the family situation is more important for deténing a certain outcome
variable. In that case we would estimate a model with twonkat@riables, one for
the family situation and one for the work situation, and siboth latent variables are
standardized their effects will be comparable.

This can be useful, but a sheaf coefficient merely reordermfbormation obtained
from a regular regression. As a consequence, it is simplyfereint way of looking
at the regression results, and it does not impose a testab#traint. Moreover, this
model does not allow for any errors in the measuremenyt afs equation (1.3) does
not contain an error term.

|.2 Parametricaly weighted covariates

The model with parametricaly weighted covariates Yamag(&002) builds on the
model with sheaf coefficients, but allows the effect of thehé variable to change
over one or more other variables. This means that equatiy Where the effect of
changes overs will be estimated, instead of equation (1.2).

y=Bo+ (Ao + M)y + fsxs +¢ (1.4)

If n is replaced by equation (1.3), and the originaf fixed by constraining, to
be zero, we get:
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y = Po+ (Ao + Mx3)(mizr + vew2) + Bars +¢
Bo + (Mo + Azs)yizs + (Ao + Mxs)yexe + fszs + €

This means the effect aof; (throughn) on y equals(Ag + A1x3)y1, and that
the effect ofz, (throughn) ony equals(Ag + A1x3)vs. This implies the following
constraint: for every value afs, the effect ofz; relative tox, will always be(Ag +
Az3)y1/ (Ao + A1x3)y2 = v1/72, which is a constant. In other words, the model
with parametricaly weighted covariates imposes a propoality constraint.

This proportionality constraint can also be of substanititerest without referring
to a latent variable. Consider a model where one wants taaxhe respondent’s
educationd) with the eduction of the father ¢d) and the mothenf.ed), and that one
is interested in testing whether the relative contribubbthe mother’s education has
increased over timearopcnsreg  will estimate this model under the null hypothesis
that the relative contributions ofed and med have remained constant over time.
Notice that the effects ofed andmed are allowed to change over time, but the effects
of fed andmed are constrained to change by the same proportion over timi tiSe
effect of fed drops by 10% over a decade, then so does the effepkdf

The default way in whiclpropcnsreg  will identify the unit of the latent variable
is by setting its standard deviation to 1. Alternatively tmit can be identified in one
of the following two ways: the coefficient, can be set to 1, which means thatand
~2 represent the indirect effects of andx, through the latent variable anwhenzs
equals 0. This is the default parametrization, but can aésexplicitly requested by
specifying thdcons option. Alternatively, either the coefficient or «- can be set
to 1, which means that the unit of the latent variable will &dhe unit ofz; or -
respectively. This can be done by specifyingtim¢( varnamég option.

.3 MIMIC

The MIMIC model builds on the model with parametricaly wetiggh covariates by
assuming that the latent variable is measured with erras mikans that the following
model is estimated:

= Bo+ (Ao + Aixs)n + fsxs + ¢y (1.5)
Y1T1 + Y222 + &y (1.6)

Wheres, ande,, are independent normally distributed error terms with nsezamo
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and standard deviations that need to be estimated. By ieglain equation (1.5) by
equation (1.6) one can see that the error term of this model is

Ey + ()\0 + )\1%3)87]

This combined error term will also be normally distributed, the sum of two
independent normally distributed variables is itself almmally distributed. The
mean of this combined error term will be zero and it will hake following standard
deviation:

\/var(sy) + (Ao + Aizg)?var(e,)

So the empirical information that is used to separate thedsta deviation o,
from the standard deviation af,, is the changes in the residual variance aver
The data will thus contain rather indirect information tbhah be used for estimating
this model. However, if the model is correct, it will make bgsible to control for
measurement error in the latent variable.

There is an important downside to this model, and that ishiktdroscedasticity,
and in particular changes in the variancepfoverzs, could have a distorting influ-
ence on the parameter estimates\gfand \,. Consider again the example of want-
ing to explain the respondent’s education through the adhrcaf the father and the
mother, but now assume that we are interested in how thet effélce latent parental
education variable changes over time. In this case we hawe igason to suspect that
the variance ot, will also change over time: education consists of a disaneta-
ber of categories, and in early cohorts most of the respdadend to cluster in the
lowest categories. Over time the average level of educ#étiods to increase, which
in practice means that the respondents tend to clustemdhs ilowest category, and
have more room to differ from one another. As a consequemceeidual variance is
likely to have increased over cohorts. Normally this heteealasticity would not be
an issue of great concern, but in a MIMIC model this heterdasgcity is incorrectly
interpreted as indicating that there is measurement anrtira latent variable repre-
senting parental education. Moreover, this ‘information’the measurement error is
used to ‘refine’ the estimates af and\;. So, this would be an example where the
MIMIC model would not be appropriate.

.4 Maximization of the likelihood function

A difficulty with both the model with parametricaly weightedvariates and the MIMIC
model is that the parameters are highly correlated, thusngatdifficult for the stan-
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dard maximization algorithms to find the maximum of the likebd function. To
overcome this issue, an EM algorithm is first used to find bietatarting values.
The EM algorithm breaks the correlation by first treatingwregghts for the observed
variables as fixed and estimating the effect of the latenabbe, and then treating the
effect of the latent variable as fixed and estimating the fitsig By default, this is
iterated 20 times or until convergence. These parametenasts are then used as
starting values for the regular maximum likelihood algmit

.5 Example

Thesheafcoef programme uses the fact that a sheaf coefficient is simplgresr
formation of regression coefficients, which allows it to beplemented as a post-
estimation programme. This means that one must first egtiav@gression model, us-
ing an estimation command likeegress or logit , and then one can use
sheafcoef to redisplay the results as a model with sheaf coefficients there-
fore possible to ussheafcoef for continuous, ordered, and binomial dependent
variables.

The use of this command can be illustrated usingrtise/88.dta  dataset that
comes with Stata (StataCorp, 2007). The first step is to opaindataset using the
sysuse command, and prepare the variables.

. sysuse nlsw88, clear
(NLSW, 1988 extract)

. gen highschool = grade == 12 if grade < .

(2 missing values generated)

. gen somecollege = grade > 12 & grade < 16 if grade < .
(2 missing values generated)

. gen college = grade >= 16 if grade < .

(2 missing values generated)

. gen Inwage = In(wage)

. gen ttl_exp2 = ttl_exp™2

. gen white = race == 1 if race < .
. gen other = race == 3 if race < .

In this example we have a set of dummies representing aniéhudils education
(highschoaol somecollegeandcollege meaning that the reference category is those
that have not finished high school), and a set of dummiesseptimg an individual's
race (vhite andother, with African Americans as reference category), and we weond
which set of variables is more important for predicting adividuals wage while
controlling for total experience in the labor mark#t_expandttl_exp3d. So, first a
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regression of all these variables on log wage is estimatétér hat,sheafcoef is
used, specifying in th&atent() option the blocks of variables that belong to the
same latent variable. The blocks are separated using acsdom-(; ). Each block
of variables is preceded by its name followed by a coton Go in this example, the
block of education dummies is given the nastkic and the block of race dummies
is given the nameace . The parametersduc andrace in the main equation
represent the effects of the two latent variables. The perens in theon_educ and
on_race equations represent the effects of the dummies on the édncatd race
latent variable respectively. The results show that edoicas more important than
race for determining a person’s income.

. reg Inwage white other ttl_exp ttl_exp2 highschool someco llege college
Source | SS df MS Number of obs = 2244
+ F( 7, 223 6) = 120.98
Model | 203.545105 7 29.0778722 Prob > F = 0.0000
Residual | 537.417694 2236 .240347806 R-squared = 0.2747
+ Adj R-sq uared = 0.2724
Total | 740.962799 2243 .330344538 Root MSE = .49025
Inwage | Coef. Std. Err. t P>|t| [95% Conf. Interval]
ommmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmee e
white | 118158  .0241501 4.89  0.000 .0707991 .1655169
other |  .1079395  .0987438 1.09 0.274 -.0856996 .3015786
ttl_exp |  .0616495 .009803 6.29  0.000 .0424255 .0808734
tt_exp2 | -.0008656 .000395 -2.19  0.029 -.0016403  -.00009 09
highschool |  .1087398  .0320975 3.39 0.001 .0457958 171683 8
somecollege | .3568001  .0365223 9.77  0.000 .2851789 42842 13
college | .5167365  .0360893 14.32  0.000 4459644 .5875086
_cons | .9272152 .061262 15.14  0.000 .807079 1.047351
. sheafcoef, latent(educ: highschool somecollege college ; race: white other)
Inwage | Coef. Std. Err. z P>|z| [95% Conf. Interval]
main |
educ | .1898757  .0107139 17.72  0.000 .1688769 .2108746
race | .0517396  .0105663 4.90 0.000 .03103 .0724491
ttl_exp |  .0616495 .009803 6.29  0.000 .0424359 .080863
tt_exp2 | -.0008656 .000395 -2.19  0.028 -.0016399  -.00009 13
_cons | .9272152 .061262 15.14  0.000 .807144 1.047286
emmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmee e
on_educ |
highschool |  .5726894  .1645151 3.48 0.000 .2502457 .895133 2
somecollege |  1.879124  .1570053 11.97  0.000 1.5714 2.18684 9
college | 2.721446  .1063338 25,59  0.000 2.513036 2.929857
emmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmee e
on_race |
white |  2.283707  .0197364  115.71  0.000 2.245024 2.32239

other | 2.086208 1.859547 1.12 0.262 -1.558437 5.730853
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The propcnsreg  programme can estimate both models with parametricaly
weighted covariates and MIMIC models. Unlike the modelsweiheaf coefficients,
these models need to be separately estimated, and can this as flexibly imple-
mented as the post-estimation commahedafcoef . In particular,propcnsreg
can only be used for continuous dependent variables withréagimately) normally
distributed errors.

The use opropcnsreg  can be illustrated by continuing the example. Now we
assume that the effect of education changes for differeatdef experience. The pa-
rameters in the ‘constrained’ panel represent the scaldwafation, such that parame-
ters of high school and some college represent the positibiese levels relative to
less than high school (0) and college (1). These are thetefféthe education dum-
mies on the latent variable. The parameters in the panebit@irepresent how the
effect of the latent optimally-scaled education changesmdxperience changes. The
unconstrained panel shows the main effects of experiertttharcontrol variables. A
test of the proportionality constraint is reported at thédra of the output.

. propcnsreg Inwage white other ttl_exp ttl_exp2, / *
> */ lambda(ttl_exp ttl_exp2) / *
> */ constrained(highschool somecollege college) / *
> */ unit(college) nolog
Number of obs = 2244
LR chi2(10) = 101.57
Log likelihood = -1573.1308 Prob > chi2 = 0.0000

Constraint: [constrained]college = 1

Inwage | Coef. Std. Err. z P>|z| [95% Conf. Interval]
O,

unconstrai"d |

white |  .1166583  .0240475 4.85  0.000 .0695259 .1637906
other |  .1101377  .0981958 112 0.262 -.0823226 .3025981
ttl_exp |  .0211701 .015895 1.33 0.183 -.0099836 .0523237
ttl_exp2 | .0006399  .0006602 0.97 0.332 -.0006541 .0019339
_cons |  1.150775  .0859399 13.39  0.000 .9823357 1.319214
constrained |
highschool |  .2431708  .0550686 4.42  0.000 .1352384 .351103 2
somecollege | .7056825  .0538163 13.11  0.000 .6002046 8111 605
college | 1 .
O,
lambda |
ttl_exp | .1079688  .0299633 3.60  0.000 .0492419 .1666957
tt_exp2 | -.0039162  .0012162 -3.22  0.001 -.0062999  -.0015 325
_cons | -.1390864  .1748364 -0.80 0.426 -.4817595 .2035867
O,
In_sigma |
_cons | -.7178998 014927  -48.09  0.000 -.7471563  -.6886434

LR test vs. unconstrained model: chi2(4) = 13.31 Prob > chi2 = 0.010
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A MIMIC model can be estimated usimopcnsreg by specifying thenimic
option. This means that an extra parameter_igma _latent ) is estimated repre-
senting the log of the standard deviation of the measurepreait of the latent vari-
able. In this case this does not lead to major changes in sétse

. propcnsreg Inwage white other ttl_exp ttl_exp2, / *
> */ lambda(ttl_exp ttl_exp2) / *
> */ constrained(highschool somecollege college) / *
> */ unit(college) mimic nolog
Number of obs = 2244
LR chi2(10) = 135.26
Log likelihood = -1571.1459 Prob > chi2 = 0.0000
Constraint: [constrained]college = 1
Inwage | Coef. Std. Err. z P>|z| [95% Conf. Interval]
unconstrai"d |
white | 1187835  .0240303 4.94  0.000 .0716851 .1658819
other | 1017959  .0970624 1.05 0.294 -.0884429 .2920346
ttl_exp | .016967  .0151072 112 0.261 -.0126427 0465766
ttl_exp2 | .0009142  .0006198 1.48  0.140 -.0003006 .0021291
_cons | 1.160823  .0805208 14.42  0.000 1.003005 1.318641
ommmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmee e
constrained |
highschool | .2304431 .0556791 4.14  0.000 1213141 .339572 1
somecollege | 7022772 .0550723 12.75  0.000 5943375 .8102 169
college | 1
lambda |
ttl_exp | .1182191 .0291939 4.05  0.000 .0610002 .1754381
ttl_exp2 | -.00456  .0011831 -3.85  0.000 -.0068787  -.002241 2
_cons | -.160952 .168419 -0.96  0.339 -.4910472 .1691433
In_sigma |
_cons | -.8121788  .0501504 -16.19  0.000 -.9104719  -.713885 8
mmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmee e
In_sigma_I't |
_cons | -.9502158  .2506895 -3.79  0.000 -1.441558  -.4588735

This example illustrates how to estimate models with thedhypes of causal
indicators using theheafcoef

description of the syntax atheafcoef

andseqlogit

andpropcnsreg modules in Stata. A complete
is given below.
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.6 Syntax and options
Syntax of sheafcoef

sheafcoef, latent( varlist.1 [ ; wvarlist2 [; varlist.3 [...]]] )

[ eform post iterate( #) level( #) |

Options of sheafcoef

latent( varlistl [; varlist.2 [; varlist.3 [...]]]) specifies the blocks of
variables that make up the latent variables, whereby eamtkli$ separated by
a semicolon (;). Each block needs to consist of at least twiabies. These
variables must be explanatory variables in the estimatmmmand preceding
sheafcoef , and the same variable can only appear in one block.

eform specifies that the effects of the latent variable and therobwéariables are
exponentiated. The effects of the indicator variables ichdalock on its latent
variable are not exponentiated, because these represeeffdicts of these vari-
ables on the standardized latent variable and not on thendepévariable. This
option can be useful after commands likgit  or poisson , as this will cause
the effects on the dependent variables to be displayed ifothe of odds ratios
and incidence rate ratios respectively.

post causesheafcoef tobehave like a Stata estimation (e-class) command. When
post is specifiedsheafcoef will post the vector of transformed estimators and
its estimated variance-covariance matrixe{d . This option, in essence, makes
the transformation permanent. Thus you could, after pgstieat the transformed
estimation results in the same way as you would treat reBolts other Stata es-
timation commands. For example, after posting, you coudtest to perform
simultaneous tests of hypotheses on linear combinatiotiseafransformed esti-
mators.
Specifyingpost clears the previous estimation results, which can then baly
recovered by refitting the original model or by storing thinaation results before
runningsheafcoef and then restoring them; sed estimates storé.

level( #) specifies the confidence level, as a percentage, for conéidatervals.
The default idevel(95) or as set byet level |, seeR] level

iterate(  #) specifies the maximum number of iterations used to find thinapt
step size in calculating numerical derivatives of the tfamsations with respect

1] am following Stata’s convention when referencing to thentads of Stata. These conventions are
discussed in the User’s Guide that comes with Stata, sett®a: [U] 1.2.2 Cross-referencing
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to the original parameters. By default, the maximum numibéecations is 100,
but convergence is usually achieved after only a few iterati You should rarely
have to use this option.

Syntax of propcnsreg

propcnsreg  depvar [indepvars [if | [in] [weight] ,
con strained(  varlist) lambda( varlist) [ stand ardized Icons
unit( varnamé@ mimic r _obust cl _uster( varnamé@ |_evel( #)

em.maximizeoptions maximizce)ptions}

Options of propcnsreg

constrained(  varlist.c) specifies the variables that are measurements of the same
latent variable. The effects of these variables are to bstcaned to change by
the same proportion as the variables specifiddimbda() change.

lambda( varlistl) specifies the variables along which the effects of the laterit
able changes.

standardized specifies that the unit of the latent variable is identifiedcopn-
straining the standard deviation of the latent variableg@ual to 1. This is the
default parametrization.

Icons specifies that the parameters of the variables specified énoition
constrained() measure the indirect effect of these variables throughahe |
tent variable on the dependent variable when all varialgesified in the option
lambda() are zero.

unit( varnam@ specifies that the scale of the latent variable is identifigddn-
straining the unit of the latent variable to be equal to thi#& ahvarname The
variablevarnamemust be specified inonstrained() option.

mimic specifies that a MIMIC model is to be estimated.

robust specifies that the Huber/White/sandwich estimator of vaedas to be used
instead of the traditional calculation; seg R3.14 Obtaining robust variance es-
timates. robust combined withcluster() allows observations which are not
independent within cluster (although they must be indepatbetween clusters).

cluster(  clusterva) specifies that the observations are independent acrosggrou
(clusters) but not necessarily within groupdustervarspecifies to which group
each observation belongs; e.gluster(  personid in data with repeated ob-
servations on individuals. See][23.14 Obtaining robust variance estimates
Specifyingcluster() impliesrobust
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level( #) specifies the confidence level, in percent, for the confidareevals of
the coefficients; se&] level.

em.maximizeoptions

emiterate(  #) specifies the maximum number of iterations for the EM algonit
When the number of iterations equalsiiterate() , the EM algorithm stops.
If convergence is declared before this threshold is readghedll stop when con-
vergence is declared. The default valuepfiterate() is 20.

emtolerance( #) specifies the tolerance for the coefficient vector. When dfe r
ative change in the coefficient vector from one iterationhie hext is less than
or equal toemtolerance() , theemtolerance() convergence criterion is
satisfied.emtolerance(1le-6) is the default.

emltolerance(  #) specifies the tolerance for the log likelihood. When the rel-
ative change in the log likelihood from one iteration to thexiis less than or
equal toemltolerance() , theemltolerance() convergence is satisfied.
emiltolerance(le-7) is the default

These options are seldom used.

maximizeoptions

difficult , technique( algorithmspeg , iterate(  #) , trace , gradient ,
showstep ,hessian ,shownrtolerance ,tolerance( #),ltolerance( #) ,
gtolerance(  #), nrtolerance( #), nonrtolerance( #); see
[R] maximize. These options are seldom used.
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seglogit:
Stata module for fitting a sequential logit model

1.1 Introduction

Chapters 6 and 7 propose two extensions to the sequentiafriodel, both of which
have been implemented in Stata (StataCorp, 2007) aseifflegit  package (Buis,
2007b). The aim of this appendix is to show how to use this pgek This will be
done by presenting an example analysis using data alreadgmrin Stata and by
giving a complete description of its syntax.

1.2 Example

The use of thseqlogit  package is illustrated using tiésw88.dta  dataset that
comes with Stata, and can be opened using¥isese command. This dataset con-
tains a variablgrademeasuring the respondent’s highest achieved level of ¢iduca
in years. The dependent variable is created by transforthangariablegradeinto the
variableed which measures the respondent’s highest achieved levadwfation in
the categories: less than high school (1), high school ¢2escollege (3), and college
(4). In the example | assume that the respondents achieg&ddtel of education by
passing or failing the following sequence of transitions:

1. respondents either finished high school or not
2. those respondents that finished high school either wartdlbege or not

3. those respondents that went to college either finishedrayi@ar course or not

This decision tree is fed intseglogit  using thetree()  option. Within this
option the levels are represented with the values in therdbgrd variable €d), the
transitions are separated using commas, and the choidgis witransition are sepa-
rated by a colon. This tree would thus be represented in flening way: tree(1
0234 ,2:34,3:4 . So the first transition is a choice between less
than high school (1) and all other levels (2, 3, and 4), thesé¢ransition is a choice

189
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between leaving after high school (2) versus going to celigyand 4), and the final
transition is a choice between some college (3) and a foargaurse (4).

The key explanatory variable in this example is whether drtihe respondent is
white (white), and the effect of this variable can change over titng)( These vari-
ables need to be specified in thifinterest() andover() options respectively
in order to make use of the post-estimation commands that aeith seqlogit
This will causeseqglogit  to make a new variablavhite X_byr, the interaction term
betweenwhite andbyr, and to add the variableghite and _white_X_byr to the list of
explanatory variables. Notice that the main effecbgf is not added automatically
and needs to be added separately as one of the independabtesr This makes it
possible for the main effect diyr to have a different functional form than the interac-
tion effect. The values assigned to each level of educat®aecified in théevels
option. This won'tinfluence the output obtained freeglogit , but will influence
post-estimation commands ligedict andseqlogitdecomp . Finally, | added
a variable indicating whether or not the respondent livethin south of the USA
(south as a control variable, and | added thre option to specify that the odds ratios
are to be displayed. Together this resulted in the followsaguence of commands
and output:

. sysuse nlsw88, clear
(NLSW, 1988 extract)

. gen ed = cond(grade< 12, 1, ///

> cond(grade==12, 2, /l/

> cond(grade<16,3,4))) if grade < .
(2 missing values generated)

. gen byr = (1988-age-1950)/10

. gen white = race == 1 if race < .

(Continued on next page

1The choices specified in theee()  option do not have to be binary (pass or fail). For example, we
may believe that after finishing high school, students chdieween leaving the schooling system, junior
college, and college. In that case tinee()  option would look liketree(1 : 2 3 4, 2 : 3 :
4) .
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seqlogit ed byr south, i
ofinterest(white) over(byr) n
tree(1 : 2 34,2:34,3:4)1
levels(1=6, 2=12, 3=14, 4= 16) /Il
or nolog

V V.V V"

Transition tree:

Transition 1: 1 : 2 3 4
Transition 2: 2 : 3 4
Transition 3: 3 : 4

Computing starting values for:

Transition 1
Transition 2
Transition 3
Number of obs = 2244
LR chi2(12) = 110.38
Log likelihood = -2881.2013 Prob > chi2 = 0.0000
ed | Odds Ratio Std. Err. z P>|z| [95% Conf. Interval]
ommmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmee e
2.3 4v1 |
byr | 3.377124  1.062584 3.87  0.000 1.822735 6.257061
south | 6440004 .0807557 -3.51  0.000 5036723 8234254
white | 2.17841 .3029219 5.60  0.000 1.658726 2.860913
_white_X_byr | .3330505 1351488 -2.71  0.007 1503489 737 7681
ommmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmee e
_3.4v2 |
byr | 1.139388 3722391 0.40 0.690 6005969 2.161523
south | .8258418 .0793651 -1.99  0.046 6840607 .997009
white | 1.090765 .1244936 0.76  0.447 8721274 1.364214
_white_X_byr | 9148277 .3372712 -0.24  0.809 4441455 1.88 4314
ommmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmee e
_4v3 |
byr | 1.217693 5757529 0.42 0.677 4820255 3.076134
south | 1.501026 .2063442 2.95 0.003 1.146501 1.965178
white | 1.340784 .2183215 1.80 0.072 .9744438 1.84485
_white_X_byr | 7585029 4037806 -0.52  0.604 2671958 2.15 3203

The results show that being white was particularly bendfitithe first transition
(whether or not to finish high school), but had little effettttae higher transition.
The effect of being white decreased only at the first tramsitiChapter 6 showed
that one can also derive the effect on the highest achievetidéeducation from this
sequential logit model if we can assign a value to each Iehedacation. Within Stata,
this effect can be recovered afssqglogit  using thepredict  command with the
effect option. In this example, the levels are given values that@pmately equal
the years of education. One characteristic of this effetihas it will change when
any of the explanatory variables change, so in order to stomwthe effect ofwhite
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changed over time we first need to create a dataset whereepeniyl differ with
respect to time. This is done in the example below by setmghandwhite to 0.
Thepreserve andrestore commands are used to ensure that these changes are
only temporary. This sequence of code results in Figure WHich shows that the
advantage of being white dropped from almost 3 years to abogars.

. preserve

. replace white = 0
(1637 real changes made)

. replace _white_X_byr = white * byr
(1479 real changes made)

. replace south = 0
(942 real changes made)

. predict eff, effect

. gen coh = byr %10 + 1950

. label variable coh "year of birth"

. twoway line eff coh, sort n

> ylab(0(1)3) 1
> ytitle("effect of respondent being white")

. restore

Figure I1.1: Effect of the respondents being white on théghlest achieved level of
education

effect of respondent being white

T T T T
1940 1945 1950 1955
year of birth
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Chapter 6 showed that this effect on the highest achieves veducation is
a weighted sum of the effects on passing each transition. cbhé&ibution of each
transition can thus be visualized by the area of a rectangleawvidth equal to the
weight and a height equal to the effect on the probability @a$ging the transition
(the log odds ratio). This is shown in Figure I1.2 for threffetent cohorts, showing
that the contribution of the first transition to the effectthie highest attained level
of education has dropped dramatically over time. This graph made using the
call to seqlogitdecomp  command shown below. Thet() option tells that the
effect is being decomposed for black respondents who aré&amtthe south. The
overat()  option tells that this decomposition is shown for the cobef, 0, and .4.
Time is measured in decades since 1950, andubétle() optionis used to give
more meaningful column titles. The transitions are lalgelising theeglabel()
option. Each transition label spans two lines. This is aekdeby surrounding each
line with double quotes'(" ). Each transition’s label is in turn surrounded by so-
called compound quotes'(™ ), to tell Stata which lines belong together.

. seglogitdecomp, at(south 0 white 0) n
> overat(byr -.5, byr 0, byr .4) n
> subtitle("1945" "1950" "1954") 7
> eglabel(""finish" "high school™"” I

> “"high school v" "some college™ ///

> “"some college v" "college™”) I

> xline(0) yline(0)

Chapter 6 also showed that the weights can in turn be decadssthe product
of three elements: The proportion of respondents at rigsky#riance of the dummy
variable indicating whether one passes a transition orard, the expected gain in
level of education resulting from passing. The weights aazhef these elements can
also be recovered usiqmyedict and can be displayed using the same tricks as were
used when displaying the effectwhite on the highest achieved level of education.

Chapter 7 proposed a way of assessing how sensitive theége$d sequential
logit model is to unobserved heterogeneity. This stratemsists of estimating the
effects of the observed variables given various scenaansearning the degree of un-
observed heterogeneity. The unobserved heterogeneitgisreed to be the result of
a normally distributed unobserved variable, and the degfraaobserved heterogene-
ity is captured by the standard deviation of this variablbisTs implemented in the
seqglogit packageinthe formofthed() option, which sets the standard deviation
of the unobserved variable. The entire sensitivity analgensists of multiple models,
each with a different degree of unobserved heterogeneitthd example below, just
one such model is shown. Notice that we first need to dropwhée X_byr variable,
as this variable will be created by each calstmlogit , and this will cause an error
if the variable already exists.
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Figure 11.2: Decomposition of effect of the respondentsigenhite on their highest
achieved level of education
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. drop _white_X_byr

. seglogit ed byr south,

> ofinterest(white) over(byr)

> tree(1 : 23 4,2 :34,3:
> or sd(1) nolog

Transition tree:

Transition 1: 1 : 2 3 4

Transition 2: 2 : 3 4

Transition 3: 3 : 4

Computing starting values for:

Transition 1
Transition 2
Transition 3

I

N

(Continued on next page
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Number of obs = 2244
LR chi2(12) = 109.61
Log likelihood = -2881.5827 Prob > chi2 = 0.0000
ed | Odds Ratio Std. Err. z P>|z| [95% Conf. Interval]
ommmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmmee e
_2.3 4vl1 |
byr | 4.143983 1.527877 3.86 0.000 2.011787 8.535991
south |  .6132818  .0872595 -3.44  0.001 4640328 .8105343
white | 2.429149 .3848478 5.60 0.000 1.780734 3.313669
_white_X_byr | .2739024  .1274384 -2.78  0.005 .1100418 .681 7639
_3 42 |
byr | 1.387615 5412719 0.84 0.401 6460077 2.980576
south |  .7622253  .0879274 -2.35 0.019 .6079838 9555969
white | 1.212081 .1658456 1.41 0.160 .9269668 1.58489
_white_X_byr | .7634598  .3365498 -0.61  0.540 .3217791 1.81 14
_4v3 |
byr | 1.481788 .82091 0.71 0.478 .5002889 4.388857
south | 1.49327  .2411018 248 0.013 1.088189 2.049144
white | 1.539153 .2944113 2.25 0.024 1.057944 2.239241
_white_X_byr |  .6233829  .3892371 -0.76  0.449 .183345 2.119 536

The effect of the

standardized unobserved variable is fixed

equation | sd
____________ S

2.3 4vi |1
3_4v2 | 1
4v3 |1

Part of the problem with unobserved variables is that thiildigion of that vari-
able tends to change over transitions due to selection.cHaisge in distribution can
be shown using thehdesc command. Of particular interest is the change in the cor-
relation between the observed variable of interest (sgekifi theofinterest()
option in seglogit ) and the unobserved variable. This correlation is labedied
corr(e, x) )inthe output. It shows that over transitions an initialgnaconfounding
variable has become a confounding variable. The syntax nslasi to the
seqglogitdecomp  command.

(Continued on next page
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. uhdesc, at(south O white 0) i
> overat(byr -.5, byr 0, byr .4) 7
> overlab("1945" "1950" "1954")
| p(atrisk) mean(e) sd(e) corr(e,x)
1945 |
2 3 4vl | 1.000 -0.000 1.000 -0.000
3 4v2 | 0.706 0.248 0.928 -0.070
4v3 | 0.347 0.618 0.862 -0.075
1950 |
2 3 4vl | 1.000 -0.000 1.000 -0.000
3 4v2 | 0.815 0.161 0.945 -0.035
43 | 0.414 0.530 0.876 -0.039
e ———
1954 |
2 3 4vl | 1.000 -0.000 1.000 -0.000
3 4v2 | 0.879 0.108 0.959 -0.012
4v3 | 0.461 0.475 0.887 -0.015

This example illustrates the use of thexjlogit  package and its post-estimation
commands. The full syntax of these commands is describevbel

[1.3 Syntax and options
Syntax for seqglogit

seqlogit  depvar [indepvarg [if | [in] [weight] , tree( tree) |
ofint _erest( varnamé@ over( varlist) sd( #) rho( #) draws( #)
drawstart( #) or levels( levellis) ¢ onstraints( numlis)

robust cl_uster( varnamg@ nolog | _evel( #) maximizeoptions |

Options for seqlogit

tree( tree) specifies the sequence of transitions that make up the mblaelransi-
tions are separated by commas and the choices within tiarstre separated by
colons. The levels are represented by the levels adiépwar It is thus convenient
to codedepvaras a series of integers. For example, say there are thrds, l&y2,
and 3, and the first transition consists of a choice betwekmeviaversus values 2
and 3, and the second transition consists (for those whdtaidoose value 1) of
a choice between values 2 and 3. The tree option should thareke¢l : 2
3,2: 3
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All values ofdepvarmust be specified in the tree and all values in the tree must
occur indepvar Furthermore, all levels must be accessible through onealyd
one path through the tree.

ofinterest( varnam@ specifies the variable whose effect will be decomposed
when using theseglogitdecomp  command. The variable specified is added to
the list of explanatory variables.

over( varlist) specifies the variable(s) over which the effect of the vdeiapecified
in the
ofinterest() option is allowed to change. This/these variable(s) anihtiee-
action effect between the variable(s) specifiedwer() andofinterest()
are added to the list of explanatory variableinterest() needs to be spec-
ified when specifyingver()

sd( #) specifies the initial standard deviation of the unobsenreihble. The default
is 0, which means that there is no unobserved variable.

rho( #) specifies the initial correlation of the unobserved vagadnid the variable
specified inofinterest() . The default is 0, which means that the unobserved
variable is initially not a confounding variable.

draws( #) specifies the number of pseudo random draws per observatahwhen
calculating the simulated likelihood. These pseudo randoaws are created us-
ing a Halton sequence (seeu-§] halton()?). The default is 100. Because max-
imum simulated likelihood is only used when thd() option is specified, the
draws() option can only be specified when the() option is specified.

drawstart(  #) specifies the index at which the Halton sequence starts. &taeiid
is 15. This option can only be specified in combination witagt() option.

levels( levellis) specifies the values attached to each level of the dependent v
able. If it is not specified, the values of the dependent béeiwill be used. The
syntax forlevelsis: #=#[, #=#, ...]

or report odds ratios

constraints( numlis) specifies linear constraints to be applied during estimatio
see R] constraint.

robust specifies that the Huber/White/sandwich estimator of vaeds to be used
instead of the traditional calculation; seg R3.14 Obtaining robust variance es-
timates. robust combined withcluster() allows observations which are not
independent within clusters (although they must be inddpetbetween clusters).

2] am following Stata’s convention when referencing to thenoads of Stata. These conventions are
discussed in the User's Guide that comes with Stata, setth@: [U]1.2.2 Cross-referencing
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cluster(  clusterva) specifies that the observations are independent acrospgrou
(clusters) but not necessarily within groupdustervarspecifies to which group
each observation belongs; e.gluster(  personid in data with repeated ob-
servations on individuals. See][23.14 Obtaining robust variance estimates
Specifyingcluster() impliesrobust

level( #) specifies the confidence level, in percent, for the confidareevals of
the coefficients; se] level.

nolog suppresses an iteration log of the log likelihood

maximizeoptions

difficult , technique( algorithmspeg , iterate(  #) , trace , gradient ,
showstep ,hessian ,shownrtolerance ,tolerance( #),ltolerance( #) ,
gtolerance( #), nrtolerance( #) ,

nonrtolerance( #) ; see R] maximize. These options are seldom used.

Syntax for seqglogitdecomp

seqlogitdecomp , overat( overatlis) [ at( atlist)
subt itle( titlelist) egl able( labellist) xI_ine( linearg)
yl ine( linearg) ti_tle( title)) na_me(name [, replacq)
xlab _el( rule orvalue$ ylab el( rule or value$
ysc ale( axissuboption} xsc ale( axissuboption} ysiz _e( #)

xsiz_e(#) |

Options for seqlogitdecomp

Specifying the groups to be compared

overat( overlis) Specifies the values of the explanatory variables of the ggou
that are to be compared. It overrides any value specifiectiatfh option. Each
comparison is separated by a comma. The syntagverlistis:

varnamel #[varname2 #[...]], varnamel #[varname2 #[...]], [...]

at( atlist) specifies the values at which the equations are evaluates syiritax for
atlist is: varnamel #[varname2 #...]. The equations will be evaluated at the
mean values of any of the variables not specifiedt{) or overat()
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Say the dependent variable is highest achieved level ofaidun; which is influ-
enced by child’s Socioeconomic Statsgeg and cohort§oh), and the interaction
betweersesandcoh(_sesX_coh). We want to compare the decomposition of the
effect of sesover different cohorts for mean value sés Say thatcoh has only
three values: 1, 2, and 3 and the mean valugesis .5. Then theverat() and
at() options would read:

overat( coh 1, coh 2, coh 3 ) at( ses .5)

Notice that the values for the interaction term need not keifipd in theoverat()
option, as long as it was created usingtiver() option inseglogit

Other options

subtitle( titlelist) specifies the titles above each group, cohort in the example
above. The syntax dftlelist is "string” "string” [...]. The number of titles must
equal the number of groups.

eglabel( labellist) specifies labels for each transition. The syntatatfellist is
"string” "string” [...]. The number of labels must equal thember of transitions.

[X]yJline( numlis) see: 5] added line options

title(  title) see: ] title options

name(name [, replacqd) see: 5] name option
[y|x]scale( axis sub options see: ] axis scale options
[y|x]label( rule or value§ see: [5] axis options

[y|x]size( #) see: [] region options
Syntax for predict

predict  [type | newvar [if | [in] [, statistic outcome( #)

trans ition( #) c hoice( #) eq uation( #) ]

Options for predict

transition( #) specifies the transition, 1 is the first transition specifiedhie
tree optioninseqlogit , 2 the second, etc.

choice( #) specifies the choice within the transition, 0 is the first cedihe refer-
ence category), 1 the second, etc.
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equation( #) specifies the equatiorl is the first equation#2 the second, etc.
The “#” before the number is required.

statistic description

xb linear predictor

stdp standard error of the linear predictor

trp r probability of passing transition

tra_trisk proportion of respondents at risk of passing transition

trv_ar variance of the indicator variable indicating whether or the
respondent passed the transition

trg ain difference in expected highest achieved level betweerethos
that pass the transition and those that do not

trw_eight weight assigned to transition

pr probability that an outcome is the highest achieved outcome

y expected highest achieved level

eff ect Effect of variable of interest on expected highest achideeel.
This variable is specified in th&finterest() option in
seqlogit . Interactions with the variables specified in the
over() option ofseqglogit are automatically taken
into account.

resid uals difference between highest achieved level and expectdubhig
achieved level.

score first derivative of the log likelihood with respect to thedar

predictor.

Syntax for uhdesc

uhdesc [ , at( atlist) overat( overatlis) ovarlab( stringlist)

draws( #) |

Options for uhdesc

overat( overlis) Specifies the values of the explanatory variables of the ggou
that are to be compared. It overrides any value specifiectiatfh option. Each
comparison is separated by a comma. The syntagverlistis:

varnamel #[varname2 #[...]], varnamel #[varname2 #[...1], [...]
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at( atlist) specifies the values at which the equations are evaluatesl syiritax for
atlist is: varnamel #[varname2 #...]. The equations will be evaluated at the
mean values of any of the variables not specifiedt{h or overat()

Say the dependent variable is highest achieved level ofaidun; which is influ-
enced by child’s Socioeconomic Statseg§ and cohort ¢oh) and the interaction
betweersesandcoh(_sesX_coh). We want to compare the decomposition of the
effect of sesover different cohorts for mean value sés Say thatcoh has only
three values: 1, 2, and 3 and the mean valugesis .5. Then theverat() and
at() options would read:

overat( coh 1, coh 2, coh 3 ) at( ses .5)

Notice that the values for the interaction term need not beifipd in theoverat()
option, as long as it was created using ¢tiver()  option inseqlogit

overlab( stringlist) specifies the label that is to be attached to each group speci-
fied in theoveratlist() option. Spaces are not allowed but afi Will be
displayed as an space. The number of labels has to be the saimermumber of
groups specified in theveratlist() option.

To continue the example above: say that a value of 1 on thablagoh cor-
responds to the cohort born in 1950, a value 2 correspondetoahort born in
1970, a value 3 corresponds to the cohort born in 1990, thewarlab()
option would read:

overlab(1950 1970 1990)

draws( #) specifies the number of pseudo random draws from the ditisibaf the
unobserved variable used for computing the descriptiviisits. These pseudo
random draws are created using a Halton sequence,xsaghplton(). uhdesc
uses by default the same number of draws as specifiseiglogit
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Ongelijkheid in onderwijsuitkomsten en
onderwijskansen in Nederland in de 26/ eeuw
Nederlandse samenvatting / Summary in Dutch

Kinderen van ouders met betere beroepen en een hogereingl&ijgen over het
algemeen een hogere opleiding dan kinderen van ouders euwttteste beroepen of
een lagere opleiding. Deze samenhang tussen sociale harkaropleiding is zowel
in Nederland (bijvoorbeeld, De Graaf en Ganzeboom 1993 sfl@ézen en anderen
2005) als internationaal (bijvoorbeeld Shavit en BlossfE993 of Breen en anderen
2009) gevonden. Gedeeltelijk hangt deze onderwijs ordpid samen met het feit
dat ouders met meer sociale, culturele, en economischeeteititheter in staat zijn
hun kinderen te helpen. Dit schept een paradox. Aan de enés<aet goed dat ou-
ders zoveel om hun kinderen geven dat ze alles doen om huerkinéen voordeel te
geven. Aan de andere kant willen we niet dat sommige kindeeervoordeel krijgen
en andere een nadeel, alleen maar omdat sommigen de ‘joistets hebben en an-
dere niet. Een mogelijke oplossing van dit probleem is hdeomijssysteem zo in te
richten dat de extra inspanningen van ouders minder invhedten. Het onderwijs-
systeem in een land kan op deze wijze een grote invloed eieefop hoe personen
op bevoorrechte posities belanden: vooral op basis van eggrdigheden en inzet of
meer op basis van afkomst (Blau en Duncan 1967). Om deze kedéhet onderzoek
naar de samenhang tussen sociale afkomst van kinderen esplaiding een lange
geschiedenis. Recente overzichten van deze onderzadikistrdjn geschreven door
Hout en DiPrete (2006) en Breen en Jonsson (2007).

Het doel van dit proefschrift is om aan dit onderzoek bij tagém door aan te
tonen hoe een aantal methodologische vernieuwingen heelijommaakt om met
reeds bestaande data tot nieuwe inzichten te komen. Deaeai@zichten hebben
betrekking op de volgende vraag:

In welke mate, hoe, en wanneer heeft de trend in Nederlandmader
ongelijkheid in onderwijskansen en onderwijsuitkomstessen personen
die uit verschillende sociale milieus komen plaatsgevofide

In deze vraag wordt onderscheid gemaakt tussen twee voraremwderwijs-
ongelijkheid:

1. de ongelijkheid in onderwijs-uitkomsten, waarmee ik iglg¢e van de samen-
hang tussen sociaal milieu van de ouders en de hoogst behgaklding van

203
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hun kinderen bedoel. In dit proefschrift heb ik dit Ineqtialbf Educational
Outcome (IEOut) genoemd.

2. De ongelijkheid in onderwijs-kansen, waarmee de santenhassen het ou-
derlijk milieu en de kansen om van het ene onderwijs nivear hat andere
onderwijs niveau te gaan bedoel. In dit proefschrift hebitkimequality of
Educational Opportunity (IEOpp) genoemd.

IEOut is relevant wanneer men geinteresseerd is in de nasamhet onderwijs-
systeem als geheel gekenmerkt wordt door ongelijkheidobipeeld omdat men wil
weten hoe deze ongelijkheid in het onderwijssysteem dattweandere type onge-
lijkheden zoals succes op de arbeidsmarkt, het vinden vapanner, en gezondheid.
IEOpp is relevant wanneer men wil weten welke fase in de amijserarriere geken-
merkt wordt door de grootste ongelijkheid, bijvoorbeelddainmen wil weten hoe
IEOut tot stand gekomen is, of waar in het onderwijssystaagagrepen moet wor-
den om ongelijkheid te verminderen.

Het proefschrift bestaat uit een zestal hoofdstukken. dfider geef ik een korte
beschrijving van elk hoofdstuk. Daarna ga ik op een aanta¢omerpen dieper in.

Korte beschrijving hoofdstukken

Als uitgangspunt dient hoofdstuk'.2 Dit is een replicatie van een studie door De
Graaf en Ganzeboom (1993), die aangeeft wat men van de reeeste gegevens met
de bestaande ‘standaard’ methoden leren kan. De overigddtokken welke extra
inzichten de nieuwe methoden opleveren. Hoofdstukken 8,ldten drie manieren
zien om de schatting van IEOut te verbeteren.

Hoofdstuk 3 neemt de meting van onderwijsniveau onder de. [dgaditioneel
wordt bij de schatting van IEOut aan iedere opleiding eerrdetoegekend op basis
van ‘standaard jaren opleiding’. Met behulp van nieuw md#drowordt de waarde die
aan iedere opleiding toegekend empirisch geschat op baside beroepsstatus die
de respondenten met een gegeven opleiding verkregen heldieznit blijkt dat met
name de waarde van lager beroeps onderwijs door de tragltiomethode behoorlijk
overschat wordt.

In hoofdstuk 4 is onderzocht hoe IEOut in de loop der jareranderde. Tradi-
tionele methoden hebben tot nog toe gevonden dat IEOutagesfaeemt. Nieuw
methoden stellen dit beeld bij: deze trend was met name @emtfeen in de jaren '40
en '50 voor mannen en in de jaren 50 en '60 voor vrouwen.

IHoofdstuk 1 is de inleiding.
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In hoofdstuk 5 is gekeken of het effect van de moeder op dediptevan het kind
over de tijd relatief belangrijker geworden is ten opzickda het effect van de vader.
Daarnaast is onderzocht of het effect van de opleiding vaouders relatief belang-
rijker is geworden ten opzichte van het effect van de bestapss. Uit dit hoofdstuk
blijkt dat deze verhoudingen gedurende de onderzochtege(i1939-1991) onver-
anderd zijn gebleven.

In hoofdstuk 6 onderzocht ik de relatie tussen IEOpp en IEQgze twee ver-
schillende vormen van onderwijsongelijkheid zijn nauw elkaar verbonden. IEOpp
beschrijft ongelijkheden in het proces dat leidt tot eenaadgh opleidingsniveau, ter-
wijl IEOut de ongelijkheid in de uitkomst van dat proces begtt. Toch zijn beide
vormen tot nog toe apart onderzocht.

Dit hoofdstuk beschrijft een nieuwe methode om hun ondgelsamenhang te be-
schrijven door gewichten te berekenen voor iedere overgemsgn onderwijsniveaus.
Deze gewichten geven aan hoe belangrijk ongelijkheid gedie iedere overgang
(de IEOpps) is voor de ongelijkheid in het uiteindelijk balte onderwijsniveau (de
IEOut). Hieruit blijkt dat aan het begin van des¥eeuw IEOut voornamelijk ver-
oorzaakt werd door ongelijkheid gedurende de eerste tiarfef men na het basis-
onderwijs nog een diploma behaald of niet), terwijl voorengte cohorten de tweede
transitie dominant is (of men een beroepsgerichte of acagémrichting op gaat).

In hoofdstuk 7 wordt nader ingegaan op een invloedrijkaditivan Cameron en
Heckman (1998) op het model dat het meest gebruikt wordt kebschatten van IE-
Opp, de sequentiéle logistische regressie. Hun kritigleisaseerd op de waarneming
dat dit model extra gevoelig kan zijn voor vertekende indir@van niet geobserveerde
variabelen. De mogelijke sterkte van deze verstorendeduadn is in dit hoofdstuk
onderzochtdoor modellen te schatten onder verschillemdlesanes over deze niet ge-
observeerde variabelen, en vervolgens te kijken hoe ertomze aannames moeten
zijn voordat de conclusies veranderen. Het resultaat wadalkwalitatieve conclu-
sies voor Nederland slechts onder zeer extreme aannansgleeden, maar dat de
omvang van de IEOpps end de trends daarin waarschijnlijleisatiat worden. Dit
betekend dat de problemen die door Cameron en Heckman waeatgyekaart niet
groot genoeg zijn de resultaten van statistische testsnligzte beinvioeden. Deze
problemen hebben echter wel invioed op schatting de IEOppdeetrends daarin.
Ondanks dat blijven deze schatting nog steeds bruikbaaneearze geinterpreteerd
worden als een “ondergrens”, dat wil zeggen, de werkelijganden voor de IEOpps
en hun trends liggen naar alle waarschijnlijkheid niet ariize schatting.
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Replicatie

De dissertatie begint met een replicatie van de Nederlabijitmge van De Graaf
en Ganzeboom (1993) aan een invloedrijke internationatpaligking door Shavit en
Blossfeld (1993). Deze replicatie creeert een referentiegat weergeeft wat met de
‘standaard’ methoden uit recente data geleerd kan worderGiaaf en Ganzeboom
(1993) bestudeerden zowel IEOpp als IEQut wat gezien degejke rol van beide
begrippen in dit proefschrift een voordeel is. Bovendidjn, de data die in dit proef-
schrift gebruikt wordt een uitbreiding van de data die DeaBen Ganzeboom (1993)
gebruikten. De originele data bestonden uit 10 enquétssiji samengevoegd tot een
gegevensbestand. Later hebben Ganzeboom en Treiman @0g8yevensbestand
in het kader van het ‘International Stratification and MipiFile’ (ISMF) uitgebreid
door meer enquétes toe te voegen. Het Nederlandse deebvi@MF bestond ten
tijlde van dit proefschrift uit 54 enquétes. De replicatebguikte hierdoor ongeveer
5 maal meer respondenten dan de originele studie (69.868ndent versus 11.244
respondenten) en omvatte 20 extra jaren (1891-1980 veg81s-1960).

De belangrijkste bevinding van deze replicatie is dat, okdaleze veel uitge-
breidere data, de resultaten in grote lijnen overeenkomeminda resultaten van de
oorspronkelijke studie. Met de standaard methoden zijrodigende trends in IEOpp
en |IEOut gevonden. Voor IEOut geldt een significante negatirend. De trend in
IEOpp verschilt per transitie. Voor de overgang van lageteswijs naar het behalen
van een vervolg diploma werd een significante neergaandd gevonden. Voor de
doorstroom van LBO en MAV®naar hogere opleidingsniveaus werd in een aantal
gevallen een significant negatieve trend gevonden temvghidere gevallen geen sig-
nificante trend werd gevonden. Voor de transition van HAV@/®, en MBO aan de
ene kant naar HBO en WO aan de andere kant werd in de meesteegeeen trend
gevonden en in een aantal gevallen een positieve trend. Bstengan de trends in
IEOpp en IEOut waren linear.

IEOut: operationalisatie van opleiding, trends en hulp-
bronnen van families

In hoofdstukken 3, 4, en 5 ligt de nadruk op het schatten varete in IEOut.

Een van de zwakke punten van de wijze waarop IEOut geschdtiwdoofdstuk
2 is dat, in navolging van De Graaf en Ganzeboom (1993), dipigéniveau werd
uitgedrukt in 4 opleidingscategorieén die de waardes 4 taegen. Hierdoor wordt

2]k gebruik de namen van na de Mammoet Wet, maar bedoel daavakege equivalente niveaus van
voor de Mammoet Wet.
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impliciet verondersteld dat de afstanden tussen de vdiesathé categorieén gelijk
zijn. Een populair alternatief is de opleidingen een waaedgeven op basis van het
aantal jaren dat een ‘standaard’ student nodig heeft omidaaun te bereiken. Een
nadeel van deze methode is dat er vadlhocaanpassingen nodig zijn om te zorgen
dat de rangorde overeenkomt met w&atriori bekend is over de opleidingen. Een veel
gebruikte schaal van dit type is depriori schaal van Ganzeboom en Treiman (2009).

Hoofdstuk 3 verbeterde deze standaard manieren van toefenan waarden aan
de opleidingscategorieén door deze waarden empirisathtdten, zodanig dat de re-
sulterende opleidingsschaal optimaal is voor het voolsp&bn beroepsstatus. Deze
geschatte schaal werd vervolgens vergeleken mathéori schaal van Ganzeboom
en Treiman (2009). De empirische schaal komt grotendeelszen met da priori
schaal, met als belangrijkste uitzondering dat de waardéhea LBO in dea priori
schaal overschat werd. Dit betekent dat respondenten metddBniddeld een aan-
zienlijk lagere beroepsstatus hadden dan was voorspeldemetdp van dea priori
schaal. De resultaten gaven bovendien aan dat de verageeiim de arbeidsmarkt
gedurende de onderzochte periode (1958 tot 2006) weirggtefehad hebben op de
relatieve afstanden tussen onderwijs categorieén. Dayen hebben, ten tijde van
de invoering van “Mammoet Wet”, de MAVO en het HBO relatiehasaarde ver-
loren. De verandering in de waarde van de MAVO was te verveaxtaangezien dit
niveau veranderde van een niveau dat voorbereid voor d&larbarkt tot een niveau
dat voorbereidt op een volgend niveau van het onderwijs (MEBEen mogelijke re-
denvoor de verandering in de waarde in het HBO zou kunnemlaijhet toegankelijk
werd vanuit het toenmalig nieuwe niveau HAVO.

In hoofdstuk 4 werd onderzocht of de trend in IEOut is veraddwer de tijd.
In eerder onderzoek is voornamelijk een constante negatiend in IEOut gevon-
den. Het is echter onwaarschijnlijk dat deze lineaire treind zal voortzetten, omdat
dat uiteindelijk zou leiden to een negatieve samenhanguissnilie achtergrond en
opleidingsniveau. De negatieve trend in IEOut zal dus og emdment moeten ver-
tragen en het doel van Hoofdstuk 4 was te proberen deze giergraan de trend te
ontdekken. Ik heb inderdaad bewijzen gevonden dat de trateimeair is, maar
de verwachte vertraging in de dalende trend in de IEOut isggeonden. Voor zo-
wel mannen als vrouwen is een periode van negatieve trerahden (respectievelijk
1941 -1960 en 1952 — 1977). Er is dus geen significante trarahden voor recente
cohort (mannen die 12 jaar oud waren na 1960 en vrouwen di@&at2oud waren
na 1977). Bij dergelijke schattingen is het statistischeradheidingsvermogen het
geringst bij de jongste en oudste cohorten, dus de afweriglam een significante
trend kan ook daardoor verklaard worden. Alleen voor marzijarer enige aanwij-
zingen gevonden dat de periode van niet-significante trendaérafgegaan door een
vertraging, maar deze vertraging is (nog) niet signific&mtzijn wel duidelijke aan-
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wijzingen dat de dalende trend werd voorafgegaan door egodeewaarin de trend
aanzienlijk versnelde (1935 — 1944 voor mannen en 1949 — {8&2vrouwen).

De reden dat veranderingen in de trend gevonden werderjlteender onderzoek
deze niet kon waarnemen, is een verschil in de methoden digewaebruikt bij
het testen voor niet-lineariteiten. De standaard methbéstonden uit een schatting
van een niet-lineaire trend met behulp van een kwadratis€likscrete trend. De
kwadratische trend is vaak niet flexibel genoeg om eventielelineariteiten in de
trend te kunnen waarnemen. De discrete trend is vaak juisiibel, waardoor teveel
statistische onderscheidingsvermogen verloren gaaalfematief is de trend geschat
met behulp van een lokale polynomiale curve. Deze is flegitadn een kwadratische
curve maar behoudt meer statistisch onderscheidingsyamaan een discrete curve.

Ik heb ook gekeken of de in hoofdstuk 3 geschatte schaal ttgranconclusies

leidt dan dea priori schaal van Ganzeboom en Treiman (2009). De geschatte schaal

voor opleiding leidde tot een iets stabielere trend (miredéreme uitschieters bij de
jongste en oudste cohorten) daredgriori schaal van Ganzeboom en Treiman (2009).

In hoofdstuk 5 heb ik gekeken welke ouder de meeste inviodapale opleiding
van de kinderen. Hierbij heb ik niet alleen onderscheid gadhhussen de vader en
de moeder, maar ook tussen de ouder met de hoogste statu®edeatanet de laag-
ste status, en tussen de ouder met hetzelfde geslacht dimtietn de ouder van het
andere geslacht. Bovendien heb ik gekeken naar de relatvdoed van de beroeps-
status en de hoogst behaalde opleiding van de ouders.

Met betrekking tot welk type onderscheid tussen ouders destaénvioed uitoe-
fend heb ik gevonden dat het onderscheid tussen de ouderenfetadjste status en
de ouder met de laagste status belangrijker is dan het ariegdgtussen de vaders en
moeders of het onderscheid tussen de ouder met hetzelfldéelgiesls het kind en de
ouder van het andere geslacht. Met betrekking tot welkesimppvan de ouders het
belangrijkste is heb ik matig bewijs gevonden dat beroepssbelangrijker is dan de
opleiding van de ouders. Daarnaast vond ik dat het thuiglliyan de moeder alleen
een negatief effect heeft op het opleidingsniveau van dégken als de moeder weinig
onderwijs heefende vader heeft een baan heeft met een lage status. Dit effedt w
echter positief als de moeder goed opgeleid is of wanneeaderveen baan met een
hoge status heetft.

Daarnaast heb ik ook onderzocht of deze patronen verangember de tijd. Ik
had verwacht dat veranderingen in de rollen van mannen ameoin de samenle-
ving gedurende de onderzochte periode (1939 tot 1991) oolerten tot een veran-
dering in de verhouding de effecten van de moeder en de effeetn de vader. Ook
verwachtte ik dat het effect van beroepsstatus zou dalespEiohte van het effect van
opleiding. De achterliggende redenering is dat beroejsstaeer verbonden is met
de economische middelen die beschikbaar zijn in het genidat economische be-
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perkingen over de tijd minder invioed op opleiding zoudeigkn. Deze afname van
de invloed van economische beperkingen in een gezin komtlaame kant doordat
de grote economische groei ervoor gezorgt heeft dat bigheréen welvarender ge-
worden is en aan de andere kant doordat het onderwijs zwagodét gesubsidieerd.
Om deze hypothesen te toetsen, heb ik gebruik gemaakt vamedel met parame-
trisch gewogen covariaten zoals voorgesteld door Yamag@e82). Dit model schat

de effecten onder de nulhypothese dat de relatieve effectere opleiding en be-
roepsstatus van beide ouders onveranderd zijn geblevemevgd. In tegenstelling

tot wat ik verwachtte, kan deze hypothese niet worden afgeme

De relatie tussen IEOpp en IEOut

Bij het onderzoek naar ongelijkheid in toegang tot ondex\gijhet nuttig om onder-
scheid te maken tussen ongelijkheid gedurende het ondereges (de IEOpp) en de
ongelijkheid in de uiteindelijke uitkomst van dat procee (EOut). Daarnaast is het
ook goed verdedigbaar dat IEOpp en IEOut elkaar aanvullexfdematie bevatten;
een beschrijving van het onderwijsproces kan zinvol worakemgevuld met een be-
schrijving van de uitkomst van dat proces. Hoofdstuk 6 besigreen nieuwe methode
die een geintegreerde discussie van IEOpp en IEOut megedipkt. Deze methode
begint met het standaard model voor het schatten van IEQgpsequentiéle logit
model zoals voorgesteld door Mare (1981). De IEOpps dietimdidel geschat wor-
den zijn het effect van familie achtergrond op de waarstjkiireid dat iemand de
overgang naar een volgend (hoger) onderwijsniveau maalkdit hoofdstuk toon ik
aan dat dit model een decompositie van IEOut impliceert afsgewogen som van
de IEOpps. Met andere woorden, de ongelijkheid in ondewitiemsten is de som
de ongelijkheden gedurende iedere stap in het onderwgspronaar niet iedere stap
is even belangrijk. De “belangrijkheid” van iedere stap staveergegeven door een
gewicht dat aan die stap wordt toegekend. Deze gewichtieblnet product te zijn
van drie elementen:

1. het percentage van respondenten dat de overgang kan nvekerdoor een
overgang meer gewicht krijgt wanneer hij meer mensen treft,

2. het percentage respondent dat slaagt voor de overganfgetgercentage res-
pondenten dat niet slaagt voor deze overgang. Hierdoagtlegn overgang
minder gewicht wanneer ofwel vrijwel iedereen slaagt ofwidlvel iedereen
niet slaagt, en

3. de verwachte toename in het hoogst bereikte onderwganials gevolg van
het slagen bij een bepaalde stap, waardoopr een overgamgewieht krijgt
naarmate respondent die slagen daar meer profijt van hebben.
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Deze drie elementen maken het mogelijk schattingen vanpE@an te vullen met
schattingen van hoe relevant deze zijn voor IEOut. Bovaniiiedt deze decompositie
een inhoudelijk interpreteerbaar mechanisme waardoarateame in het gemiddelde
onderwijsniveau onderwijsongelijkheid kan beinvloedea toename van het gemid-
delde onderwijsniveau hangt samen met een toename in deckgalijkheden om
te slagen bij de verschillende overgangen, waardoor dectpésvi veranderen, wat op
zijn beurt weer leidt tot veranderingen in IEOut. Dit is vasldng omdat veel van
de methoden die in eerder onderzoek gebruikt werden diemtde toename in ge-
middeld onderwijsniveau controleerden, waardoor heteffan de ontwikkeling niet
onderzocht kon worden.

Bij de toepassing van deze decompositie op Nederland hedt ikéderlands on-
derwijs systeem samengevat door onderscheid te makemtuigseovergangen: De
eerste overgang maakt onderscheid tussen diegene diekkentruit het onderwijs
met alleen een diploma primair onderwijs en diegene die egeridiploma behalen.
De tweede overgang is toegankelijk voor diegene die doorgahet onderwijs, en
maakt onderscheid tussen een ‘beroepsgericht’ pad (LBO ANl en een ‘acade-
misch’ pad (HAVO en VWO). De derde overgang is alleen toegéjkvoor diegene
die het beroepsgerichte pad hebben gekozen en maakt omeieracssen diegene die
vertrekken met alleen een LBO of MAVO diploma en diegene éie ®BO diploma
behalen. De vierde overgang is alleen toegankelijk voggeatie die het academische
pad hebben gekozen en maakt onderscheid tussen diegerikedieeen HAVO of
VWO diploma halen en diegene die ook nog een HBO of univérsliploma beha-
len.

Ik vond dat het merendeel van de IEOut veroorzaakt wordt deogerste twee
overgangen, en dat de laatste twee overgangen slechtsarddere deel van de IEOut
verklaarden. Bovendien vond ik dat IEOut in het begin van adéeozochte periode
(ongeveer 1905-1940) voornamelijk werd bepaald door det éansitie, terwijl de
tweede transitie dominant is in recentere cohorten (oregel@60—-1990). De eerste
overgang daalde snel in belang doordat het passeren vamdegng bijna univer-
seel werd. Diegene die niet voor deze overgang slagen koogestaeds dispropor-
tioneel uit minder bevoorrechte milieus, maar het aantalgeen dat niet slaagt is in
recentere cohorten zo laag dat dit nauwelijks nog invioesfttop IEOut. De tweede
overgang is daarentegen sterk in belang toegenomen dausatmensen toegang
hebben gekregen tot deze overgang en doordat van deze nmensen groter aandeel
in het academische pad terechtkomt. Veranderingen in deligdeeid in onderwijs-
uitkomsten zijn dus niet zozeer opgetreden doordat hetranjdproces ‘eerlijker’
geworden is. De verklaring ligt voornamelijk in het feit di eerste transitie, die ge-
kenmerkt wordt door een zeer hoge sociale ongelijkheidiaregen is door de minder
ongelijke tweede transitie als dominante bron van IEOut.
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IEOpp: de invloed van niet-waargenomen variabelen

In hoofdstuk 7 ga ik in op een invloedrijke kritiek van Cameen Heckman (1998)
op het standaard model voor het schatten van IEOpps, heesgégle logit model.
Cameron en Heckman (1998) betogen dat het sequentiétentagiel, net als ieder
ander model, niet alle variabelen bevat die de afhankelifk@abele beinvioeden.
Echter, deze niet geobserveerde variabelen kunnen eegrgiovloed hebben dan
gebruikelijk, voornamelijk omdat zij de resultaten kunrinvioeden zelfs wanneer
deze niet-geobserveerde variabelen oorspronkelijk argeeerd zijn met de geob-
serveerde variabelen.

Dit suggereert dat men voor deze niet geobserveerde viarabeu moeten con-
troleren, maar dat is per definitie onmogelijk. Het is eclatermogelijk een scenario
te creéren over de niet-waargenomen variabelen en vamside effecten te schat-
ten gegeven dat scenario. In hoofdstuk 7 wordt een set varasois voorgesteld
die nuttig kunnen zijn om de gevoeligheid van de schattingem niet-geobserveerde
heterogeniteit te beoordelen. Bovendien wordt een metlhiode het schatten van
de effecten binnen deze scenario’s besproken. Deze aargrdk geillustreerd door
middel van een replicatie van de analyse uit hoofdstuk 2riijieverd gekeken naar
de robuustheid van twee testen — of de IEOpps veranderencov@rten en over
transities. Daarnaast werd de robuustheid van de schattivan de omvang van de
IEOpps en de trend in IEOpps onderzocht. Uit de gevoeliglagidlyse blijkt dat
de resultaten van de statistische tests slechts verantherdger extreme scenario’s.
De IEOpps en de trend in IEOpps namen echter al toe in gengasigehario’s, wat
aangeeft dat modellen die niet voor niet-geobserveer@edgeniteit controleren deze
effecten waarschijnlijk onderschatten. In gematigde adeis dalen de IEOps minder
over transities dan in modellen die niet voor niet-geobsernte heterogeniteit contro-
leren. Dit betekent dat het algemeen gevonden patroon nemande effecten van de
familie achtergrond variabelen over transities ten migs@eeltelijk is te wijten aan
niet-geobserveerde heterogeniteit.

Conclusies

De onderzoeksvraag van dit proefschrift is: “In welke matee, en wanneer heeft de
trend in Nederland naar minder ongelijkheid in onderwijgden en onderwijsuitkom-
sten tussen personen die uit verschillende sociale mikeusen plaatsgevonden?”.
Het antwoord is opgedeeld in de volgende elementen:
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e Er was een neerwaartse trend in IEOut in Nederland gedurmgsren

'40 en '50 voor mannen en de jaren '50 en '60 voor vrouwen. Bifh

geleid to ongeveer een halvering van IEOut. Hieraan gingpeende van

versnelling vooraf, en er zijn zelfs enige aanwijzingen diattrend aan-
vankelijk stijgend was. Deze uitkomst is nieuw, aangezemere studies
de hypothese van een lineaire trend niet konden verwerpen.

In deze dissertatie is een betere schaal voor de opleiditeggarieén ge-
schat, maar deze nieuwe schaal had slechts een beperktagdfde ge-
schatte trend in IEOut.

De relatieve invloed van de vader op de opleiding van zijrd&nen ten
opzichte van het effect van de moeder op de opleiding van wigeken
bleef onveranderd. Dit geldt ook voor de relatieve invload de beroeps-
status van de ouders op de opleiding van hun kinderen teolipaian de
invioed van de opleiding van de ouders op de opleiding varkimaeren.

IEOut and IEOpp

e De ongelijkheid in IEOout trad aanvankelijk vooral op tijede transitie

na het behalen van een diploma primair onderwijs. Het gingaia uit-
stromen of verder leren. Deze transitie heeft veel aan belageboet
doordat tegenwoordig het overgrote merendeel in dezeitiastaagt.
Hierdoor is ook de daaropvolgende transitie, die onderdahaakt tus-
sen een ‘beroepsgericht’ pad (LBO en MAVO) en een ‘acaddmijzad
(HAVO en VWO), belangrijker geworden.

Deze verschuiving verklaart zowel de aanvankelijke stiggn IEOut als
de latere daling van IEOut. De oorzaak van de stijging is éietdat de
daling in het belang van de eerste transitie ruim gecompedserd door
een toename in het belang van de tweede transitie. De dalisdhet ge-
volg van het feit dat de minder ongelijke tweede transitiegieste transitie
vrijwel kompleet vervangen heeft als de dominante bron ZDuit.
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IEOpp

e Er zijn significant neergaande trends in IEOpps gevonden de®erste
transities van de onderwijscarriere. Voor latere tra@sizijn significant
negatieve, niet significante, en significant positievedseim IEOpps ge-
vonden.

e De IEOpps voor de eerste transities van de onderwijscarzign groter
dan de IEOpps voor latere transities.

e Een gevoeligheidsanalyse heeft aangetoond dat deze smtcin kwali-
tatieve zin robuust zijn, maar dat de omvang van de IEOppsdredds
daarin waarschijnlijk onderschat worden door modellergéien rekening
houden met niet geobserveerde heterogeniteit.
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