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Multiple pathsin educational transitions:

A multinomial transition model with unobserved heter ogeneity

1. Introduction
Individuals obtain educational qualifications thgbuvarious routes in the educational system.
These routes are defined by the structure of theatnal system and can be thought of as
comprising a set of sequential branching pointau®m, 1974; Gambetta, 1987). In many
countries particularly in Western Europe these @inarg points involve more than two choice
alternatives. In these situations, the standardesgal logit model (SLM) for educational
transitions developed by Mare (1980, 1981) is imappate because it does not capture the
multiple and unordered nature of choice alternatié@nsequently, using the SLM for
diversified educational systems may ignore impdrketerogeneity in the ways family
background influences educational decisions. Im#nential paper Breen and Jonsson
(2000) proposed a multinomial transition model (M)Titd accommodate the multiple and
unordered choice alternatives of diversified edocal systems.Using large-scale Swedish
administrative register data, Breen and Jonssorehtbd transition from primary to
secondary education and the transition from seagridaertiary education, with each
transition comprising three choice alternativeseifmodel allows for path dependence (i.e.,
that fact that previous tracks completed influetineelikelihood of completing later tracks),
and they test whether their results are robushtbserved heterogeneity. Thus, the MTM
suggested by Breen and Jonsson is a viable altezriatthe SLM.

However, although Breen and Jonsson (2000) prapibeeMTM more than a

decade ago the model has so far not been adoptedimstream stratification research.

! Other alternatives to the SLM have been suggestemrticular the ordered logit or probit modetés
Cameron & Heckman, 1998; Lucas, 2001; Bretal.,2009; Ballarino and Shadee, 2010).



Rather, stratification researchers using multindhoigit models typically focus on either the
transition from primary to secondary educationhar transition from secondary to tertiary
education. For the transition from primary to setany education, Need and de Jong (2001)
provide results for the Netherlands, Becker (2G6B8fermany, Hansen (2007) for Norway,
Kreidl (2004) for the Czech Republic, Jao and Mokeg2006) for Taiwan, Ayalon and
Shavit (2004) for Israel, and Jeeger (2009) for DamFor the transition from secondary to
tertiary or higher education, Tieben and Wolbefx(® and Tolsmat al (2010) provide
results for the Netherlands, Becker and HeckenqRfify Germany, and Mastakaasa (2006)
for Norway. The fact that joint modeling of two miore transitions with a MTM has not
found its way into mainstream practice of stra#ifion research is problematic for two
reasons. First, the standard multinomial logit maglbased on the often unrealistic
assumption of Independence from Irrelevant Altévest(11A).> Second, applying
multinomial logit models to later transitions (e.fyom secondary to tertiary education)
ignores the fact that individuals who face thesgsiens represent a selective sample.
Regression coefficients estimated on selective kzsnpay be influenced by unobserved
heterogeneity and may therefore suffer from sedadbias (cf. Heckman, 1979).

In this paper | continue the work by Breen ands3on (2000) by estimating a MTM
that incorporates unobserved heterogeneity. | nthmenodel the multinomial transition
model with unobserved heterogeneity (MTMU). The elad a flexible finite mixture model
that accommodates both selection bias and viokbthe 1A assumption. With the MTMU
I jointly model the effects of family backgrounddamdividual characteristics on the
probability of making two transitions using datarfr the Danish Longitudinal Survey of

Youth (DLSY). First, in the transition from primatg secondary education, individuals

2 Similar to the model proposed in this paper, J&2209) uses a finite mixture model to overcoms thi
limitation. However, Jaeger (2009) is an exceptothe rule.



complete the academic track, complete the vocdtioamek, or leave the educational system.
Second, in the transition from secondary to terteatucation, individuals complete the
university track, complete the short-cycle traakleave the educational system. Thus, in
contrast to the model by Breen and Jonsson (200MTMU is simpler in terms of the
number of branching points to be estimated andrimg the possible pathways to pursue.
Moreover, in my analysis the academic track in sdaoy education is an absorbing state,
which means that only individuals completing acadesecondary education “survive” to
make the transition into tertiary education. Thiggerty reflects the institutional structure of
the educational system in Denmark in the 1960s1&7@s. | use Stata commagithmmto
estimate my model, and sample data and code iblafrom the author. | proceed as
follows. First, | present the multinomial transitimodel with unobserved heterogeneity.
Second, | introduce the data from the DLSY. Thingkesent the results. Fourth, | conclude

with a discussion of the advantages of the MTMU.

2. A multinomial transition model with unobserved heter ogeneity

In this section | present the MTMU. The MTMU is axtension of the SLM popularized by
Mare (1980, 1981) which, first, allows for more havo choice alternatives at two or more
branching points and, second, controls for theiptesselection bias caused by unobserved
heterogeneity. | capture these unobserved variabtesa finite number of latent classes. This
specification is highly flexible and makes the miaaénite mixture model. Conceptually, the
model may be thought of as two or more multinortuglt models with a common,
unobserved variable affecting each choice alteraatlative to a baseline alternative for each
transition. In the next sections | first presem thodel formally, and then | provide an

intuitive explanation of the model.



2.1 The multinomial logit model

| first consider a multinomial logit model preseshia a latent variable framework (cf.
McFadden, 1974; Powers & Xie, 2000:238-9). ¥&1 be a continuous latent propensity of
individuali to choose thath educational alternative, wherre 1,..,Nanda = 1,..,A Letx; be
thejth explanatory variable for individualwherej = 1,...,J Lety*iy be a linear function

function ofx; and an alternative-specific random error tefm
. J
Yo =2y% +&, where  sd§, Fo, (1)
j=1

o, is the standard deviations of the alternativei$jpe@siduals (and therefore captures the

variance of each alternative not explained by theeoved variables),; is the effect ofx; on

the latent propensity. In (1) each individual hasiaobserved propensity to choosedtte
alternative, but we only observe which of the Aeaittives the individualctually chooses.
To identify the model, we need to assume that
y.=aif y, >y, forallaza ()
In other words, we assume that the individual ckedke alternative for which he or she has

the largest propensity. Moreover, we assume tleatethdom error terny,_ , is uncorrelated

across alternatives and that it follows a stantigrd-I extreme value distribution. The
assumption of uncorrelated error terms is also knasithe assumption of Independence from
Irrelevant Alternatives (I1A). IIA implies that ilve remove one alternative individuals who
would have chosen this alternative are randomliyyidiged among the remaining alternatives
(McFadden, 1974; Wooldridge, 2002:50133iven the assumptions on the error terms, the

probability of choosing can be written as

® To fix ideas, imagine an educational system witieé¢ choice options in the transition from primary
secondary education: exit, vocational track, aratiamic track. If Il1A holds, then the consequenceloging
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where ZPr(yi =a )=1. We normalize the model such th%% =0, which is equivalent to
a=1 g,

stating that alternativa = 1 is a reference category that defines the contieshative

against which the other alternatives are definedsiinplify notation we also leg, =
9

a

where 3, is the well-known logit coefficient (i.e., the leglds-ratio)! We may thus rewrite

equation (3) such that

eXp(Z?: :Baj % )
1+Z:=26ngj=1ﬂaj)§j )

Taking the log-odds of the probability in (4) retarthe familiar multinomial logit model:

Pr(y, =a|x )= fora > 1. (4)

logit[Pr(y, =a|x )]:i,[a’aj ¥ fora>1 (5)

The multinomial transition model is an extensiortt@ model in (4) and (5).

down the academic track (i.e., removing that chalternative) is that individuals that would hav®sen the
academic track (i.e., individuals with a high progi¢y for doing so) would be distributed randomtyass the
two remaining tracks. This assumption is not réalis this example because we would expect thectstl
individuals to have a higher propensity to ennolthie vocational track than to exit the educatisyatem. The
multinomial transition model with unobserved hetmmoeity | present below relaxes the IIA assumption.

“ Notice that these logit coefficients are identfielative to the scale of the residual variandesach
alternative. If these variances vary across alteres(i.e.,0, # J,. ), we cannot know whether differences in

regression coefficients across alternatives ardadédferences in residual variance or in the utyieg
regression coefficients (from the model in (1)) @&llison, 1999). | return to this issue in theuks section.



2.2 The multinomial transition model with unobsereterogeneity

In this subsection | extend the model in (4) andd@5nclude two or more transitions and to
accommodate unobserved heterogeneityykgtbe a continuous latent propensity of
individual i associated with choice of th#é educational alternative at th#h transition,
wherek = 1,...,K We definex; as before. | now decompose the error term sirtoléne one

in (1) into a systematic and random componégt:=u,,, + £, U, IS drawn from a discrete

distribution withW latent classes, wheve= 1,...,W and wherer, is the share in class and

W
where an =1. These latent classes can be thought of as gafupdividuals that have

w=1
similar unobserved characteristics which lead th@make similar educational choices.
Following the specification of the multinomial ibghodel defined in (1)-(4), | write

the conditional multinomial probability of tteéth choice on thétransition as:

&P ( Z j=1’8 ag X * I/akw)
1+ Z::zexlo (Z j:lﬂakj X Vo) ,

Pr(yik =a I )ﬁ, 1Vakw) =

where 3, is the logit coefficient ofx; for alternativea at transitiork, andv,,,, captures the

effect of the unobserved variable for thi¢h latent class (for alternativa transitionk).® In
the analysis | model two transitions (i€.= 2), and | therefore define the joint probabibty
making two consecutive transitions as
Priyy, =alX Vau, X PCY.= @] XWa)
Finally, | write the multivariate probability uncditional on unobserved variables (i.e., they

are averaged or integrated owR)(y, = a,a"), as a finite mixture model:

u
——aw__ | other words, the effect

® Note that, because | use a latent variable fortiulait holds thatv,,, =
Sd(&)

of the unobserved variable is only identified ustale.
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w exp(Z?:1 1% V) § epr“?:lﬂa.2 X Vo) - (6)

W:11+z::2epr;:1,Balj>gj Vo ) 1+Z:;26XPE?:13€21’% Vo)
The unconditional joint probability in (6) is givdry a weighted (over the/ latent classes)
product of the conditional probability of compleajinhoicea at transitiork (cf. Wedel &
DeSarbo, 1995, 2002; McLachlan & Peel, 2000:145§.an indicator taking on the value 1
for those who survive to face the second transition 2), and taking on the value 0 for those
who do not survive. In other words, the MTMU in {6ntly models two transitions and
accommodates for unobserved heterogeneity. If tetrdoes not correct for unobserved
heterogeneity, then the initial sorting of indivadsi on observed and unobserved
characteristics results in bias of the estimatdatat transitions (Cameron & Heckman, 1998;
Holm & Jaeger, this issué)Moreover, correcting for unobserved heterogerigithe
multinomial case also relaxes the assumption of¢fAHenscher & Greene, 2003).
nonparametrically identify the parameters in md@gthat | estimate in my analysis by
including alternative-specific instrumental variebhat the first transition (see the data
description). This identification strategy providaes with the necessary exclusion restrictions

for identifying the unobserved variables (withoeitymg on arbitrary parametric

® In the duration model literature, this dynamiceséibn problem is known dsailty. It refers to the
identification problem that in duration models chas in survival probabilities can be a mixture nblbiserved
population heterogeneity and state dependenc®¥dcifpel & Yashin, 1985; Trussel & Richards, 1985:245
Yamaguchi, 1987:78; Lancaster, 1990:64). In my gdanthe problem can also be conceived of as alsamp
selection problem, because only select individeafserience later transitions (see Heckman, 197€,B883;
Winship & Mare, 1992).

" Notice that the model in (6) also corrects focadisig bias induced by not includirg,,,, (Cameron &

Heckman, 1998:282; Nicoletti & Rondinelli, 2006 1i$ problem is related to the fact that logit caédits are
identified up to scale and thus depends on theidied variables in the model (Amemiya, 1975; Winghip
Mare, 1984; Yatchew & Griliches, 1985).



assumptionsy.I estimate the model withllammfor Stata (Rabe-Heskett al, 2004). A

worked example with sample data and dofile is awéd from the author.

2.3 Intuition behind the MTMU

Before | proceed to the data description, | givaacount of the intuition behind the model,
in particular the role played by the unobservedaide. Imagine two transition points, each
with three choice alternatives: primary to secopdatucation (exit, vocational track,
academic track) and secondary to tertiary educdéxri, short-cycle track, university track).
Assume that only students who complete the acadeatk at the first transition are allowed
to make the second transition (i.e., they “survithe® first transition). Similar to Cameron and
Heckman (1998:296), | assume that the populatisiuaients can be divided into two
mutually exclusive types (or classes). The firpietys characterized by low educational
aspirations, while the other type is characterizgtiigh educational aspirations. The
researcher does not observe whether an individtlahfys to one type or the other, i.e., the
aspiration variable is unobserved. In addition,gma that the researcher observes the social
class membership of the student (low/high), ilee,gocial class variable is observed.

We expect that, compared to students with lowragpns, students with high
aspirations are more likely to complete the acadearack in the first transition and, if they
“survive,” also more likely to complete the univigydrack in the second transition. We also
expect that, compared to lower class studentsghiglass students are more likely to
complete these tracks. From these expectationassuimptions, it follows that students who
survive to face the choices of the second tramshieve higher aspirations and tend to come

more from the high social class than those whoatsuarvive. This selection or sorting

8 Another identification strategy that establisHes necessary exclusion restrictions is the inctusictime-
varying covariates (see Holm & Jaeger and Lucas,isBue). In the multinomial case, alternative gjpec
variation is also a necessary condition for idérgifon.



mechanism inducesregativecorrelation between aspirations and social clagisarsample
of those who survive (Cameron & Heckman, 1998:276ylare, 1980:298f, 1981:82).
Because omitted variables (aspirations) which areetated with both the observed variables
(social class) and the outcome (completing theersity track in the second transition) give
rise to bias in the estimates of the observed bkesathe selection mechanism obscures the
estimates of the influence of social class on #wsd transition (cf. Heckman 1979).
Cameron & Heckman (1998) refer to this kind of stta bias as dynamic selection bias.
The consequences of dynamic selection bias oadtmates at later transitions may
be severe (depending on the magnitude of the intcoeelation between the observed and
unobserved variables and on the magnitude of fieetedf the unobserved variable on the
outcome). However, in the multinomial case matéeeseven more complicated. We identify
a standard multinomial logit model as in (5) throulge assumption of llIA. If this assumption
does not hold, we expect bias to arise in the eséisnof the multinomial logit model. A
similar logic holds for a multinomial transition uhel. We would expect that, compared to
students with low aspirations, students with higpiiations are more likely to complete the
academic track in the first transition and uniugrsiack in the second transition. A
consequence of this expectation is that studentsdvmt distribute themselves randomly
across the remaining alternatives if one of thaaghalternatives was removed. The IIA
assumption is thus violated: If the academic tracthe first transition was removed then we
would expect those with high aspirations to optthar vocational track more so than those
with low aspirations. We would expect the same wapect to social class, thereby inducing
a correlation between the unobserved (aspiratiamd)observed (social class) variables that

may result in biased estimates of the observeadbims. Thus, unobserved heterogeneity

10



may, if not corrected for, bias estimates bothugfodynamic selection and through

violations of the IIA assumption. The model in @@yrects for both sources of bias.

3. Data and variables

| analyze data from the Danish Longitudinal Surgéyouth (DLSY) (Hansen, 1995). | refer
to Jeeger and Holm (2007) and Jaeger (2007) forasleddata description. The DLSY
follows the life course of 3,151 children born inavound 1954 who were all attending tffe 7
grade of comprehensive school when they wereifitstviewed in 1968. The DLSY is based
on cluster sampling and respondents were sampded I61 complete school classes. The
survey contains information on family background ability, and the longitudinal data
structure enables me to reconstruct the educatcamakrs of the individuals. My final sample
consists of 2,199 individuals, i.e., 30 percenthef original sample is set to missing. This
non-response is a consequence of drop-out of tiveysand of total non-response on both
dependent and explanatory variables. Because ¢bwhaon-response rate, | take the sample

to be representative of the 1954 birth cohort.

3.1 Dependent variables
Figure 1 shows the institutional structure of theni3h educational system and the flow of
students born in 1954 as they progress througbdbeational system (see Table 1 for the

marginal distributions}.Students first complete comprehensive school ZfED years of

° The presentation in Figure 1 is simplified. Acdagdto the Danish Education Act of 1958 (“Skolelovk958”)
those students who did not leave comprehensiveoselfier 7 years of schooling were divided into tinacks
(of two to three years of length): a theoreticalfiented track (“Realafdelingen”) or a practicadiyented track.
Completion of either track gave the opportunitghmose the academic track in secondary educatmke&p
my transition model as simple as possible and ép kecomparable to the one in Breen and Jonsad0§21 do
not include this early tracking. Moreover, at thate students who completed the theoretically aeidrrack in
comprehensive school were allowed to enroll in shycle tertiary education programs. Thus, a fractf the
birth cohort did enroll in tertiary education witlitccompleting the academic track in secondary ethrca

11



schooling. After completing comprehensive schobhges 14-17, the individual can choose
between three alternatives in secondary educdtesne school, enroll in a vocational track
(apprenticeship based education, typically three-j@ars), or enroll in an academic track
(Gymnasiuma three year program). Of the total sample, ataure fifth leaves the
educational system after ending primary educatoond half completes the vocational
track, and around one third completes the acad#atk. Those who complete the academic
track face the tertiary education decision, aroagels 19-20: Leave school, enroll in a short-
cycle track (typically aiming at the professionsisas teacher or nurse, two-four year
programs), or enroll in a university track (fiveaygrograms). Of the 718 individuals
completing the academic track, around one fousdkids the educational system with the
degree, around half completes a short cycle educaind around one third completes a

university education.

-- FIGURE 1 HERE —

-- TABLE 1 HERE --

3.2 Explanatory variables

I include both family background characteristicd amdividual characteristics as explanatory
variables in my analysi®arental highest social class measured with the EGP scheme
divided into five classes (EGP-5) (Halpin, 1999982007, cf. Erikson & Goldthorpe,
1992): I/ll (professional and managerial employaed self-employed with 10 or more
employees), Il (routine non-manual professiondM)self-employed and small employers

(1-9 employees), V/VI (skilled workers), and Vlingkilled and semi-skilled workers). To

thereby compromising the logic of the academickiiacsecondary education being an absorbing state.
However, they account for a minor fraction of tb&at sample. | exclude these individuals in my gsial

12



avoid too large non-response, | include a categuahgating missing information in the EGP-
5 variable (12 percent of the total sampRgrental highest educatias the number of years
of completed schooling for the parent with the legfHevel of education. Because 22 percent
of the parents in total sample have not reported #ducational attainment, | replace these
missing values with the average number of yeatBeriotal sample and | include a dummy
variable indicating whether the parents are missingot.Non-intact familyis a dummy
variable indicating whether the child did not Iwéh both biological parents at age Bby
indicates the gender of the chilshility is a measure of the academic skills of the student
age 14 and is constructed as the principal compdran a principal component analysis on
three test scores in a verbal test, spatial testjreductive test (each measured by the number
of correct answers on the test). The principal comemt accounts for 70.5 percent of the total
variation in the three items. Ability is transforchimto a scale from 0 to 100 in the total
sample, where higher scores indicate higher ability

Table 2 shows descriptive statistics for the exaiary variables for the total
sample and the sample that survives to face thareeducation decision. We see that the
sample becomes more selective as respondents gsdbreugh the educational system. For
example, 11.5 percent originates in social clakaes 1l in the total sample, while 21.7
percent does so in the selected sample. We alsbaeaverage number of years of parental
highest education changes from around 10 yeanotmd 11 years. These changes show that
students from socioeconomically well-off familieavie a higher propensity to complete the
academic track in secondary education. Moreoveratterage ability score is 13 points larger
for the selected sample than for the total sanfpden(53 to 66 points), and the standard
deviation of ability decreases 4 points (from 184opoints). This selection pattern suggests

that students with higher ability have a higherpamsity to complete the academic track, and

13



that these students are more homogeneous thaot&h@apulation in terms of academic

ability.

-- TABLE 2 HERE --

3.3 Instrumental variables

| also include two instrumental variables for thstftransition in the MTMU, one for each
choice alternative (vocational and academic). Thesbles ensure nonparametric
identification of the MTMU model, and their distutions are described in the bottom
columns of Table 2. The instrumental variable far vocational track is the share of the
respondent’s school class in comprehensive schabkhooses the vocational track.
Similarly, for the academic track | use the shdrie respondent’s school class that chooses
the academic track. In the construction of bothaldes 151 school classes are used, and the
respondent is omitted in the calculation of thesglmean (thereby avoiding tautological
inferences)l thus exploit the cluster design of the DLSY inigthrespondents are nested in
school classes. | interpret my two instrumentsdgcators of thenfluenceof peerson the
educational decisioff. This influence operates through the revealed peates for secondary
education choices of the school class peers in paimepsive school (i.e., in primary
education). Given the sociological evidence ofittileience of peers on educational
attainment (e.g., Sewadt al, 1969), | find this assumption plausible. Moreguscause |

control for family background and ability, the pedtuence operates net of these potentially

19 Because these two variables work as instruments/imodel, | assume that they (A) directly affdutit
respective choice alternatives on the first tramsjtbut do not, directly or indirectly, (B) eithaffect the choices
made in the second transition or the other chdteerative in the first transition. Other ident#iton strategies
would have been possible to pursue. For examphe-tiarying covariates combined with covariates weyy
across choice alternatives (and not individualsjilaiprovide nonparametric identification.

14



confounding characteristics. Thus, I net out thiepiial sorting into school classes on
parental characteristics and child characteristics.

| only include instrumental variables at the firsinsition in order to establish
the necessary exclusion restrictions. Because sclasses in comprehensive school dissolve
after the completion of comprehensive school, &edrfluence of those peers therefore
markedly decreases later in the educational cat@ennodel strategy appears credible.
Moreover, at later points in the educational caveeexpect other peer groups to have
formed, and we expect these peer groups, rathertiigaold ones, to influence the later
educational decisions. In addition to this, | findredible that each instrument only affects
the chosen alternative on the first transition (tleat the instruments are alternative-specific).
Thus, the instrument for the vocational track aaffects the respondent’s propensity to
choose the vocational track, not the academic trat vice versa for the academic track.
This assumption may be violated if school clasBasgr effects exist, but given the control

for family background and ability, | find this assption credible.

4. Results

In this section | present the results from my MTMiddel with two latent classes and
compare the results with a standard MTM (i.e., @ehavithout unobserved heterogeneity). |
first report the results in logit coefficients (j.bog odds-ratios), and thereafter report average
partial effects as defined by Wooldridge (2002:22-2 pay particular attention to the
influence of parental social class, parental edocaand the student’s academic ability on the
choices alternatives at each of the two branchoigtp (see Figure 1 to recall the institutional

structure of the educational system).
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4.1 The MTMU
Table 3 shows the logit coefficients from a MTM anTMU. Although the logit
coefficients from the two models cannot be directynpared (because they are measured on
different scales), in the final column of Table &40 report whether the MTM coefficients
differ substantially from the MTMU coefficients. reneral the MTM underestimates the
effects compared to the MTMU, although exceptiaxiste"* For example, the effect of social
classes I/l (relative to class VII) on the univgrdrack in tertiary education (Panel D in
Table 3) is about 75 percent larger for the MTMLRES) than for the MTM (1.295). Such
difference reflects considerable underestimatiothefMTM estimates. Moreover, in some
cases the significance of estimates changes, thee&lrning qualitatively different
conclusions. For example, the gender effect orstioet-cycle track (Panel C in Table 3) is
statistically significant in the MTM (-0.477), busignificant in the MTMU (-0.339), and the
effect is around 30 percent smaller in numericathte Compare this change to the change in
the gender effect on the university track (Panei Dable 3), where the effect almost doubles
from the MTM (0.916) to the MTMU (1.868). Thus, hiadot controlled for unobserved
heterogeneity, | would have drawn somewhat errogmeounclusions with respect to the
effects of many of the included variables in my mlodireturn to this issue below, when |
report average partial effects.

For now, however, | report the results from theNAT (and not the MTM), because
| consider this model to be my preferred model,(tlee model on which | will base my

inferences). For the vocational track at the tir@hsition (Panel A in Table 3), all social

1 Given the nature of rescaling bias in logit mogels would expect—all other things being equal—the
coefficient to increase between MTM and MTMU, besmawe divide the logit coefficients with a smaller
number in the MTMU than in the MTM (because the MIMxplains “more variation” in the outcome and thus
reduces the underlying residual standard deviatibmys, whether the percent change from MTM to MTMU
reflects a change in the underlying “causal” efeor simply is a consequence of rescaling, igogasible to
confirm here (for a thorough discussion of thisitfecation problem, see Karlson, Holm, & Breen 21
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classes are more likely than class VII to complle¢etrack (a joint Wald-test confirms that
the joint social class effect is statistically sfgrant). Parental education is, on the other hand,
insignificant, indicating that the socioeconomimily influence on this decision runs through
social class. The effect of ability is highly sificant and positive. Thus, the vocational track
appears to be both socially and academically se&ect

For the academic track at the first transitiomn@a in Table 3), the effects of
parental social class, parental education, andestuability are all positive and significant.
We see that the higher the social class, the hitieelikelihood of completing the academic
track, indicating a linear trend. It would now Inéarmative to investigate at which track
(vocational or academic) the effects are largestvéVer, because track-specific logit
coefficients are identified up to different scalek footnote 4), we cannot compare the
coefficients from the two tracks. Thus, althougé flocial selectivity (i.e., the family
background effects) and the influence of abilitpegr larger for the academic track than for
the vocational track, we cannot ascertain suchlasimn. To overcome this issue, | later

report average partial effects, which are lessiseaso scale identification.

-- TABLE 3 HERE --

For the short-cycle track in tertiary educationn@eaC in Table 3), the effect of each social
class is insignificant and their joint contributimnalso insignificant (confirmed by a joint
Wald-test). In addition, the effect of parental eation is negative, although insignificant.
This pattern suggests that the social selectivityompleting the short-cycle track is

negligible!? if not even reversed in such a way that studeintgeti-educated parents are less

12 Note that the main reason for the effects beisigitificant is the low number of individuals surivig to face
the tertiary education decision (N = 718). Moreadabuld provide me with more efficient estimates.
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likely to complete the track (relative to leavingheol) than students of less-educated parents.
Moreover, the effect of ability on the short-cytidack is insignificant, indicating that ability
does not matter for completing the track. One exatian of these negligible effects is that
completing the short-cycle track in tertiary edumais just as difficult (if not less than) as
completing the academic track in secondary educdtiothe cohort under study. Thus, the
selective nature of the academic track renderstheence of family background and ability
less important for completing the short-cycle trathis finding supports the conclusions
drawn for the somewhat more selective universagkrto which | now turn.

For the university track in tertiary educationrielD in Table 3), the effects of
social classes I/l and IV are positive and stafdly significant, while parental education is
insignificant. Consequently, the socioeconomic farmfluence on the completion of this
track appears to run through social class. Contawhat might be expected, the effect of
ability is not statistically significant, once agandicating the selective nature of the
academic track in secondary education. Thus, wiele€annot trace any social or academic
selectivity in the short-cycle track, we do traoeng social selectivity in the university track.
The relative sizes of the effects across tracksamralready mentioned, difficult to evaluate,
because of the scale identification of logit caxéts. Before | therefore return to reporting
the results in average partial effects, howevbridfly dwell on the unobserved variable in

the MTMU.

-- TABLE 4 HERE --

Table 4 describes the distribution and effectdiefliinary unobserved variable in the MTMU.

Each category in this variable can be equated th@hunobserved types described in a
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previous section (e.g., unobserved aspirations.firkt type or class comprises around 44
percent of the population, while the second typamaises the remaining 56 percent.
Members in the first type have a persistently lolkeslihood of completing the four
educational tracks in the model (two on each ttenmgirelative to the baseline group defined
by the intercepts in the MTMU. By way of contrasiembers in the second type have a
higher likelihood of completing the tracks. Thus interpretation of the binary unobserved
variable as capturing educational aspirations migh@ppropriate. The population consists of
low-aspiring individuals (type 1) and high-aspirimglividuals (type 2), who differ in success
rates at the different track¥Omitting the variable capturing these types mayeha

consequences for the estimates of a MTM and shbaléfore be included as in the MTMU.

4.2 Average partial effects

Table 5 presents average partial effects of the Mifil MTMU (Wooldridge 2002 This
effect measure has two notable properties. Firstates the effects on the probability scale
(from zero to one), i.e., how a one unit change @manges the probability of the outcome,
Pry=1). Second, it is less sensitive to the scaletifieation than logit coefficients> Since
Table 5 contains as many estimates as Table 3, $jpecial attention to the average partial

effects of social class (indicating the social sty of the tracks). Using estimates from the

'3 Notice that the unobserved variable involves cedattual statements. For example, a type-1 stutianin
fact chose vocational track would have performeariyoon the academic track, had he chosen the atade
track. Similar counterfactuals can be construdtemvever, the general conclusion to be drawn hetteaisno
matter which track factually completed, the typéype-2) students would have had lower (higher) gletion
rates on the other tracks, had they pursued thean,the baseline group defined by the interceptiseMTMU.
“ The expected probability used in the calculatieerage partial effects for the MTMU is given witsspect to
the prior distribution of the unobserved variafllee gllammpost estimation commandllapred, predicts these
probabilities (Rabe-Heskett al, 2004). The authors of the command recommendyukise predicted
probabilities (rather than those given with respedhe posterior distribution of the unobservedalale).

15 Average partial effects are not fully insensitivechanges in the scale parameter (for a formalidison, see
Karlson, Holm, & Breen, 2010). Moreover, through #xpected probability of the model it dependshen t
marginal distribution of the observed binary outeovariable. Thus, average partial effects are eapfoof
effect measures for comparing the effects acres&srand transitions.
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MTMU, I first report differences across tracks batithin and across transitions. Thereafter |
emphasize how the MTM considerably underestiméiegtfects for the university track
given by the MTMU.

Looking at the first transition, we see that tbeial class effects are substantially
larger for the academic track than for the vocati@mounterpart (compare Panels A and B in
Table 5). For example, social classes I/ll haveualBgercent larger probability of
completing the vocational track than social claigWe reference). For completing the
academic track, social classes I/l have aboute32emt larger probability than social class
VII, reflecting a large difference in the socialesgivity of the two tracks. We reach a similar
conclusion for the second transition. Here theaadass effects are much more pronounced
for the university track than for the short-cyaiack (compare Panels C and D in Table 5).
For example, students originating in social claéare about 10 percent more likely to
complete the short-cycle track than students aaigiig in social class VII, while this
difference is about 32 percent for the univergiagk. Thus, the overall conclusion to be
drawn from the MTMU estimates stated as averagiapaffects is that the academic track at
the first transition and the university track arerensocially selective than the other tracks at
the respective transitions. Among all tracks, thversity track appears to be the most

socially selective.

-- TABLE 5 HERE --

The average partial effects reported in Table &rgfeshow that controlling for unobserved

heterogeneity increases the influence of familyjkgaaund at later transitions (see the final

column which contains the difference between théwiahd MTMU average patrtial effects).
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The MTM tends to underestimate the “true” paransetgiven by the MTMU). For example,
the social class effects for the university traélriel D in Table 5) are underestimated with
between eight and 15 percentage points. Such eliftexs are considerable. Thus, had we not
controlled for unobserved heterogeneity, we wowdehreported that social class V/II are
about six percent more likely to complete the ursitg track than social class VII. However,
correcting for unobserved heterogeneity reveals pe2cent difference, indicating much
more pronounced social selectivity. Such a diffeecim effects between the MTM and the
MTMU must be considered to “make a difference”amts of the social selectivity of the

university track.

5. Discussion
The multinomial transition model with unobservedenegeneity is a flexible tool for
modeling the influence of family background chagastics and individual characteristics on
complex educational pathways in diversified edwreti systems. Compared with a standard
SLM, the model allows for branching points with mahan two choice alternatives (e.g., exit
or continue), it controls for the selection biasadr transitions induced by the selective
nature of educational systems, and it relaxes file@ anrealistic assumption of IIA on which
the standard multinomial logit model is based. Thius MTMU provides researchers with
insight into the social and individual heterogey@iteducational decision making in
diversified systems and with better (i.e., unbiasetéris paribuy estimates.

In the paper | estimate the MTMU on longitudinah&y data from a cohort born in
1954 in Denmark. | find marked social selectivity the academic track in secondary
education and for the university track in tertiaducation, while the social selectivity is less

pronounced for the vocational track in secondancation and more or less non-existent for
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the short-cycle track in tertiary education. Moregacademic skills appear to matter for
completion of the secondary education tracks, niqudar for the academic track, but not for
the completing the tracks in tertiary educationu§,;icompared to the standard SLM,
multinomial transition models have the potentiatefealing important heterogeneity in the
social and academic selectivity across tracks egsitions in diversified educational
systems. Moreover, using a MTMU compared to a MTibves estimates that are
controlled for the potential bias caused by sedechias and violations of the 1I1A assumption.
The MTM generally underestimates the true estimges/ided by the MTMU), in particular
the social class estimates for the university tiadkertiary education. In terms of average
partial effects, these social class effects arergstimated with between eight and 15
percentage points. If stratification researchertaiaform policy-makers such considerable
differences may “make a difference” in terms ofippinterventions to be constructed and
implemented. Thus, researchers may have good re&soadopting the MTMU rather than
the conventional MTM.

Despite the apparent advantages of the MTMU aadétt that Breen and Jonsson
(2000) presented the model more than a decaddhlegmodel has not diffused into
mainstream stratification research. In this pageve tried to address this problem by
applying a MTMU on the educational careers of aiBacohort born 1954. However,
although the Danish educational system at that hiatka specific institutional structure (cf.
Figure 1), the MTMU can be accommodated to almogtdiversified educational system.
Future research on educational transitions shiwaliefore exploit the opportunities and
flexibility of the model to study the selectivity educational decisions in diversified

educational systems.
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TABLE 1. Marginal distribution of dependent variabl

FrequencyPercent
Secondary education
Leave school 406 18.46
Vocational 1,07% 48.89
Academic (Gymnasium) 718 32.65
Total 2,199 100.00
Tertiary education
Leave school 170 23.68
Short cycle 336 46.80
University 212 29.53
Total 718 100.00
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TABLE 2. Descriptive statistics: Means and standdediations

Sample completing academ

ic

Total sample secondary education
Mean SD Mean SD
Explanatory variables
Parental highest social class
I/11 0.115 - 0.217 -
11 0.089 - 0.141 -
v 0.269 - 0.266 -
VIVI 0.120 - 0.093 -
VII (reference) 0.286 - 0.142 -
Missing 0.121 - 0.141 -
Parental highest education (years) 10.083 2.531 2871. 2.876
Parental highest education, missing dummy
(reference: not missing) 0.216 - 0.117 -
Non-intact family (reference: intact family) 0.128 - 0.102 -
Boy (reference: girl) 0.509 - 0.500 -
Ability (0-100) 53.498 18.124 66.163 14.154
Instrumental variables
Share in school class in comprehensive school
completing vocational secondary education (0-1 88.4 0.161 - -
Share in school class in comprehensive school
completing academic secondary education (0-1 70.32 0.211 - -
N 2,199 718
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TABLE 3. Multinomial transition model without anditiv unobserved heterogeneity captured
by two latent classes: Logit coefficients with &sitics in parentheses.

Standard MTMU Coefficient
MTM change®
FIRST TRANSITION: Primary to secondary (reference: leave school)
PANEL A: Vocational track
Parental highest social class
0.431 0.521
I (1.50) (1.67)
0.572 0.609* X |
Il (1.93) (1.97)
0.447* 0.491*
1Y (2.88) (2.83)
0.337 0.336
V/VI (1.66) (1.60)
VII (reference) - - -
0.007 0.054 -
Missing (0.03) (0.25)
0.036 0.048
Parental highest education (years) (1.04) (1.20)
Parental highest education, missing -0.215 -0.250 -
dummy (reference: not missing) (-1.50) (-1.57)
Non-intact family (reference: intact -0.280 -0.299
family) (-1.63) (-1.66)
0.565* 0.572*
Boy (reference: girl) (4.64) (4.50)
0.025* 0.029*
Ability (0-100) (6.45) (4.22)
Share in school class in comprehensive
school completing vocational secondany  -0.892* -0.925*
education (0-1) (-2.56) (-2.43)
PANEL B: Academic track
Parental highest social class
1.305* 1.674* I
1 (4.13) (3.97)
0.979* 1.200* I
1] (2.92) (2.89)
1.064* 1.333* I
\Y, (5.24) (4.66)
0.229 0.222
V/VI (0.86) (0.67)
VII (reference) - - -
0.814* 1.083* -
Missing (3.22) (3.10)
0.251* 0.343*
Parental highest education (years) (6.52) (5.30)
Parental highest education, missing -0.915 -1.258 -
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dummy (reference: not missing) (-4.70) (-4.19)
Non-intact family (reference: intact -0.297 -0.315
family) (-1.30) (-1.08)

0.162 0.106 D
Boy (reference: girl) (1.06) (0.52)

0.089* 0.115* I
Ability (0-100) (16.96) (8.16)
Share in school class in comprehensive I
school completing academic secondary 1.762* 2.286*
education (0-1) (5.18) (4.46)

SECOND TRANSITION: Secondary totertiary

reference: leave school)

PANEL C: Short-cycletrack

Parental highest social class

0.676 0.847 I
I/11 (1.81) (1.42)
0.296 0.356 I
1] (0.78) (0.80)
0.441 0.542 I
1Y (1.35) (1.19)
-0.329 -0.233 D
V/VI (-0.84) (-0.51)
VII (reference)
-1.447* -1.508* -
Missing (-4.10) (-2.49)
-0.088* -0.085 X
Parental highest education (years) (-2.21) (-1.94)
Parental highest education, missing -0.673* -0.582 X
dummy (reference: not missing) (-2.02) (-1.39)
Non-intact family (reference: intact 0.064 -0.053 Changes
family) (0.19) (-0.13) direction
-0.477* -0.339 x D
Boy (reference: girl) (-2.34) (-0.67)
-0.007 -0.006
Ability (0-100) (-1.01) (-0.81)
PANEL D: University track
Parental highest social class
1.295* 2.255* I
I/11 (3.02) (2.52)
0.682 1.035 I
11 (1.53) (1.40)
0.944* 1.534* I
\Y (2.43) (2.15)
0.266 0.956 I
V/VI (0.58) (0.96)
VII (reference)
-0.918* -1.098 -
Missing (-2.14) (-1.02)
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-0.009 0.022 Changes
Parental highest education (years) (-0.19) (0.30) direction
Parental highest education, missing -0.005 0.868 -
dummy (reference: not missing) (-0.02) (0.94)
Non-intact family (reference: intact -0.488 -0.972 D
family) (-1.22) (-1.43)

0.916* 1.868* I
Boy (reference: girl) (4.01) (2.65)

0.009 0.009
Ability (0-100) (1.09) (0.65)

MODEL INFORMATION

Number of observations at first transition 2,199 199,
Number of observations at second 718 718
transition
-2LogL 4,881.88 4,875.40
Pseudo-R 19.29 % 19.40 %

Note: * Statistically significant on a 5 percentéé  x indicates that the coefficient from
MTMU is statistically significant, while the coumpart from MTM is not. | indicates
numerically increasing coefficient, while D indieatnumerically decreasing coefficient. The
criterion of a large increase or decrease is wherMTMU coefficient is either more or less
than one fifth of the MTMU.
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TABLE 4. Estimated unobserved component from MTMulo latent classes

Typel Type2
First transition, vocational -0.374 0.290
First transition, academic -2.167 1.682
Second transition, short-cycle -0.578 0.448
Second transition, university -12.298 9.542
Weight (share in latent class) 0.437 0.563
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TABLE 5. Average partial effects derived from motimial transition model without and
with unobserved heterogeneity captured by two tatlasses.

Standard MTMU Difference
MTM (MTMU-
MTM)
FIRST TRANSITION: Primary to secondary (reference: leave school)
PANEL A: Vocational track
Parental highest social class

I/11 0.057 0.069 0.012

[l 0.077 0.081 0.004

\Y 0.059 0.065 0.005

V/VI 0.044 0.043 -0.001

VIl (reference) - - -

Missing 0.001 0.007 -
Parental highest education (years) 0.004 0.006 10.00
Parental highest education, missing -
dummy (reference: not missing) -0.025 -0.029
Non-intact family (reference: intact
family) -0.033 -0.035 -0.002
Boy (reference: girl) 0.076 0.076 0.000
Ability (0-100) 0.003 0.004 0.000
Share in school class in comprehensive
school completing vocational secondary
education -0.110 -0.113 -0.003
PANEL B: Academic track
Parental highest social class

I/11 0.255 0.316 0.061

[l 0.196 0.238 0.042

\Y; 0.212 0.261 0.049

V/VI 0.047 0.046 -0.001

VIl (reference)

Missing 0.165 0.216 -
Parental highest education (years) 0.051 0.070 90.01
Parental highest education, missing -
dummy (reference: not missing) -0.173 -0.226
Non-intact family (reference: intact
family) -0.060 -0.063 -0.004
Boy (reference: girl) 0.033 0.022 -0.011
Ability (0-100) 0.018 0.024 0.005
Share in school class in comprehensive
school completing academic secondary
education 0.359 0.468 0.109

SECOND TRANSITION: Secondary totertiary (reference: leave school)
PANEL C: Short-cycletrack
Parental highest social class
I/11 0.128 0.160 0.032
1] 0.053 0.064 0.011
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\Y 0.081 0.099 0.018
V/VI -0.052 -0.038 0.015
VII (reference)

Missing -0.175 -0.179 -
Parental highest education (years) -0.015 -0.014 0010.
Parental highest education, missing -
dummy (reference: not missing) -0.099 -0.087
Non-intact family (reference: intact Direction
family) 0.011 -0.009 change
Boy (reference: girl) -0.074 -0.054 0.020
Ability (0-100) -0.001 -0.001 0.000
PANEL D: University track
Parental highest social class

I/11 0.279 0.432 0.153

[l 0.151 0.227 0.076

\Y 0.207 0.323 0.116

V/VI 0.058 0.210 0.152

VIl (reference)

Missing -0.177 -0.206 -

Direction
Parental highest education (years) -0.002 0.00% change
Parental highest education, missing -
dummy (reference: not missing) -0.001 0.192
Non-intact family (reference: intact
family) -0.100 -0.186 -0.086
Boy (reference: girl) 0.201 0.378 0.177
Ability (0-100) 0.002 0.002 0.000
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FIGURE 1. Flow-chart showing educational pathways$h( percentages) in the Danish
school system, cohort born around 1954.

PRIMARY SECONDARY TERTIARY
18%
Leave
school
Comprehensive
school 49% 24%
(N =2,199)
Vocational Leave
school
33% o 47%
Academic Short-cycle
30%
University

NOTE: The percentages for tertiary education suiOtb because of rounding.
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