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Abstract. The analysis of horizontal inequalities in the educational yields has recently
raised an increasing interest, as they explain a larger portion of the inequalities in the
labour market, both in terms of wagesand in terms of employment risk. Thispaper analyses
the horizontal inequalitiesin termsof one-year employment risk for bachelor and master’s
graduates between 2009 and 2013 at the University of Trento (Italy). It is studied the
employment situation of students one year after graduation, distinguishing between those
who are unemployed, those whose job is consistent with their academic career, and those
whosejobisat all different fromstudies. It isalso considered the portion of graduateswho
areinvolved in an internship, asthis seemsto have become an important way of accessto
the Italian job market. In order to describe both the multiplicity of the employment
situationsandthehierarchical clustering of graduateswith respect totheir degree courses,
data are modelled by means of multilevel multilogit models. The analysisis based both on
administrative data of the University of Trento and on results of the periodic surveys on
Italian graduates conducted by the Italian intercollegiate consortium Almalaurea; this
allowsusto assesstheeffect of theregularity of theeducational path, thetimeof graduation,
thefinal mark and other characteristicsof students' academic careersontheir employment
situation one year after graduation.

Keywords: educationyields; horizontal inequality; multilevel modelling; multilogit model;
employment risk.

1. INTRODUCTION

From the seminal work of Shavit, Arum and Gamoran (2007), many recent studies
on socia stratification in education have begun to analyse the role of horizontal
stratification of educational qualificationsin the reproduction of social inequality.
This paper follows this stream of research focusing on tertiary education, and
analyses the horizontal inequalities in terms of one-year employment risk and
study-work consistency for bachelor and master’s graduates between 2009 and
2013 at the University of Trento (Italy).
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Thiswork ismotivated by threemain considerations. Firstly, higher education
enrolment has expanded considerably in recent decades, and this pointed out the
question about the qualitative differentiation within tertiary education for
occupational and non-occupational outcomes (Lucas, 2001; Triventi, 2013).
Secondly, the increase in numbers of students have been accompanied by a
diversificationin courselevels, fieldsof study, typesof institutions, and educational
sectors (Teichler, 1988) with a consequent problem of unity and homogeneity
among industrialised countries and among universities within country. Thirdly,
there are relevant differencies in labour market outcomes among graduates from
different fields of study. Several comparative studies indeed have shown that
different fields of study have different occupational returns in terms of wages,
unemployment risks, occupational status (Reimer, Noelke and Kucel, 2008; van de
Werfhorst, 2008, Brunello and Cappellari, 2008).

In this context, the aims of this paper are to assess: (i) the heterogeneity in
occupational return of Trento graduates among different fields of studies one year
after graduation; (ii) whether and to what extent socid origin and gender are related
to the success on labour market even after controlling for the school and the university
career (academic track and final grades in secondary education and in university).

Data used in this paper resulted from the integration between survey data
provided by the Italian intercollegiate consortium Almalaurea on bachelors and
master’s graduates of the University of Trento between 2009 and 2013, and
administrative registers on students' careers of the same university. Information
collected by Almalaurea permitted to reconstruct the employment situation of
bachel orsand mastersoneyear after graduation, di stingui shing between thosewho
were working from those who were having a training work experience and those
who were not employed but werelooking for ajob. Moreover, amongst workers, it
has been possible to distinguish graduates who found a job consistent with their
studies from those who did not.

Fromamethodol ogical point of view, theemployment situation and thestudy-
work coherence have been studied by means of multilogit and logit multilevel
models, in order to take into account (and model) clustering effects and field-of -
study heterogeneity emerged from aggregated stati stics(see Section 2) and confirmed
by model estimates (Sections 4 and 5).

The rest of the paper is organised as follows. Section 2 illustrates and
discussessomestylised factsabout graduatesof theUniversity of Trento considered
in the analysis. Section 3 provides details on data and variables used in the paper,
aswell asmethodol ogical approach issues emerged and the statistical tool we have
adopted in order to addressthem. Section 4 and Section 5illustrate and discussthe
results of model estimates on employment situation and study-work coherencefor
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bachel ors and masters respectively, whereas Section 4 focuses also on bachelors
decision to enrol a master’s degree course after graduation. Section 6 concludes.

2.SOME STYLIZED FACTS

The Italian academic education, after the Bologha Process, is structured into three
levels, which correspondtolaurea(bachel or’ sdegree, d soknownaslaureatriennale),
laurea magistrale (master's degree), and‘ dottorato di ricerca (philosophy doctor).

Italian studentstypically conclude the high school when they are 19, then they
can enrol either a bachelor’s programme or asingle-cycle master’'s programme.

Theformer path isthe most common, and consistsin athree-year programme
which confers the bachelor’s degree and allows the graduates to enrol atwo-year
master’s programme.

Thelatter path consistsin five or six-year programme which directly confers
amaster’s degree. The single-cycle master’'s courses are provided for by law for
some specific academic programmes such as law, medicine, and architecture.

Bachelors can enrol a two-year master's course called corso di laurea
specialistica (until 2012) or corso di laurea magistrale.

Two-years, five-years, and six-yearsmaster’ sdegree havethe same academic
and legal value, and allow oneto enrol a PhD programme. If a student completes
either a bachelor’s course and a two-year master’s course or a five-year master’s
course on time, she should be 24 (25 in case of a six-year master’s programme).

In the context of educationa yields, horizontal inequality is defined as
inequality in the employment opportunities (in terms of employment risk, wages,
legal framework, and other terms of employment) amongst groups of people with
equivalentlevel of education, incontrasttovertical inequality whichregardsgroups
of individuals with different levels of education. It follows that the analysis of
horizontal inequality requires a grouping criterion to be specified.

Although several variables are eligible as grouping criterion (e.g. field of
study, gender, residence, social class, ...), amultitude of variablesistypically taken
into account in order to control for several sources of horizontal inequality.

1 Itispossiblethat astudent concludesthehigh school when sheisolder than19if shehasfailed
one or more than one year at the high school or at the primary school. There is aso the
possihility that astudent concludesthe high school before sheis19 either if shecompletesthe
school programmeinlessthan fiveyearsor if shewasborn before April 30, asthelaw allows
parentsto enrol their sonsor daughtersat the primary school oneyear in advanceif they were
born before April 30. Y et, it should be pointed out that the cases of students who concludes
the high school before 19 are not frequent (about 1% in our dataset).
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Tables 1 and 2 report data on employment situation of 8592 graduates of the
University of Trento one year after graduation; data refers to students graduated
between 2009 and 2013 and are grouped with respect to the type of degree (hence,
the level of education) and the faculty (that is, the field of study).

Tab. 1: Per cent distribution of bachelorsand mastersoneyear after graduation. Bachelors
and masters are grouped depending on whether either they arein workforce, or they

are studying, or none of them. Graduates which are either apprenticeor arein a

(paid or non-paid) training work experience areincluded in the labour force. 8592

graduates are consider ed.
Faculty Labour force Education None
Bachelor’sdegree
Economics and Management 50.16 48.97 0.87
Cognitive Sciences 56.67 41.78 1.56
Engineering 35.75 63.51 0.74
Arts and Humanities 57.31 39.99 271
Science 36.24 62.15 161
Sociology 59.10 37.36 3.54
Master’sdegree
Economics and Management 95.17 3.70 112
Cognitive Sciences 75.10 16.73 8.16
Engineering 85.53 13.21 1.26
Law 92.43 4.96 261
Arts and Humanities 89.47 7.66 2.87
Science 59.60 38.11 2.29
Sociology 86.21 10.28 3.50
International Studies 83.85 13.85 231
Single-cycle master’s degree
Engineering 94.18 514 0.68
Law 93.30 5.67 1.03

In particular, Table 1 distinguishes between graduates who participatein the
labour force, those who are studying, and those who are neither working, nor
looking for ajob, nor studying. Graduates who are apprenticed or arein a(paid or
non-paid) training work experience are included in the labour force.

Table 2 shows the composition of the labour force and reports data on
coherence between university studies and work.

Data on bachelors in Tables 1 and 2 allow us to identify three groups of
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faculties which are characterised by quite different workforce participation rates,
unemployment rates, and skills-work coherence rates.

Tab. 2: Per cent distribution of bachelors and master s by employment situation one year
after graduation. Numbersin parentheses ar e the per centages of working graduates
who have ajob consistent with their university studies. 8592 graduatesare

considered.

Faculty Employed Trainee Unemployed
Bachelor’sdegree
Economics and Management 82.48 (78.01) 12.05 5.47
Cognitive Sciences 86.27 (59.09) 3.92 9.80
Engineering 87.24 (62.15) 4.13 8.63
Arts and Humanities 85.10 (62.52) 3.36 11.54
Science 90.00 (73.66) 3.33 6.67
Sociology 85.58 (66.67) 5.35 9.08
Master’s degree
Economics and Management 76.53 (91.53) 13.33 10.14
Cognitive Sciences 63.04 (82.76) 27.17 9.78
Engineering 87.21 (93.09) 6.18 6.62
Law 36.44 (75.97) 55.37 8.19
Arts and Humanities 78.79 (75.34) 2.85 18.36
Science 87.98 (90.71) 3.37 8.65
Sociology 76.40 (78.74) 6.35 17.26
International Studies 66.06 (81.94) 12.84 21.10
Single-cycle master’sdegree
Engineering 81.45 (96.88) 8.73 9.82
Law 30.52 (71.04) 61.33 8.15

Tab. 3: Percentage of female graduates by field of study (faculty) and type of degree. 8592

graduates are considered
Faculty Bachelors Master’'s degree Single-cycle
degree master’s degree

Economics and Management 48.97 48.15

Cognitive Sciences 75.78 69.80

Engineering 16.90 17.99 48.97

Law 60.98 65.27 63.66

Arts and Humanities 76.37 78.79

Science 33.96 31.23

Sociology 72.22 70.68

International Studies 62.31
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Thefirst group consists of graduates in engineering and science which have
thehighestinclination (about 60%) to continuestudying after thebachel or’ sdegree,
whilst face amedium (7%0) risk to be unemployed if they decideto look for ajob.

Thesecondgroupincludesbachel orsin cognitivesciences, artsand humanities,
and sociology. Thisclassof graduateshavethelowestinclinationto goonwiththeir
studies and they face the highest unemployment rate (roughly 10%).

Finally, thethird group consists of bachel orsin economicsand management,
which exhibit a high inclination in taking training work experiences (about 12%,
nearly three times higher than other bachelors), face a low unemployment rate
(5%), and the percentage of graduates who have found ajob consistent with their
university studies is by far higher than other bachelors (close to 80% against an
average rate near 65%).

Dataonmaster’ sand single-cyclemaster’ sdegreesaremore complex and are
aso affected by legal obligations about the apprenticeship required to practice a
profession. Yet, datain Tables 1 and 2 show aremarkabl e variety amongst thefields
of study in the employment situation of graduates, and reveas a horizontal
inequality which iseven more pronounced than in the case of bachelors. Consider,
for example, mastersin artsand humanities: they facean unemployment ratelarger
than 18%, whereasonly 75% of workershaveajob consistent with their studies. On
the other hand, masters in science face an unemployment rate less than 9% and a
percentage of workers which have ajob coherent with their studies near 93%.

Data in Tables 1 and 2 suggest that there is a high horizontal inequality
amongst both bachelors and masters of the University of Trento in terms of
employability oneyear after graduation, however two i ssues should be considered.

Firstly, theremay beseveral confounding factorswhich may beabletoexplain
part of such inequality. Gender, social class, quality of curriculum studiorum, and
other relevant characteristics may not be evenly distributed amongst courses, and this
may results in a composition effect on aggregate percentages of Tables 1 and 2.

Table 3 proves that this issue may be relevant for gender: since thereis an
uneven distribution of maleand femal e graduates amongst the faculties, part of the
horizontal inequality exhibited by data in Tables 1 and 2 may stem from gender
inequality, and it may have nothing to do with, say, labour market segmentation.
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Tab. 4: Per cent distribution of graduatesfrom the University of Trento oneyear after
graduation by faculty and employment situation. Therange of numbersrelatesto
within-faculty cour se estimates. Rangesin parentheses refer to per centages of
wor king graduates who have a job consistent with their university studies; 8592
graduates are considered. (Note: thereisonly one master’scoursein law, that isthe
reason why thereisonly onevalueinstead of therange.)

Faculty Employed Trainee Unemployed
Bachelor’sdegree

Economics and Management  69.23-100.00 (62.50-100.00) 0.00-24.62 0.00-6.15
Cognitive Sciences 69.70-89.53  (56.67-65.22) 2.21-9.09 5.81-21.21
Engineering 63.64-100.00 (46.15-90.00) 0.00-9.09 0.00-27.27
Arts and Humanities 79.59-98.36  (28.21-81.43) 0.00-5.13 0.00-16.33
Science 79.17-95.24  (37.04-92.86) 0.00-6.25 0.00-16.67
Sociology 80.51-90.23  (46.39-78.05) 2.87-7.50 5.00-12.82

Master’s degree

Economics and Management  33.53-88.24  (50.00-100.00) 3.85-40.00 0.00-33.33
Cognitive Sciences 50.00-87.50 (81.90-100.00) 0.00-29.41 8.82-50.00
Engineering 81.67-95.92 (84.86-100.00) 0.00-11.11 1.92-11.67
Law 36.44 (75.97) 55.37 8.19

Arts and Humanities 60.00-91.30  (55.36-97.14) 0.00-8.00 4.35-32.00
Science 66.67-95.12  (50.00-100.00) 0.00-11.11 0.00-33.33
Sociology 63.33-100.00 (63.16-89.13) 0.00-13.73 0.00-28.33
International Studies 56.10-72.22  (76.92-91.30) 6.25-19.51 16.67-24.39

Single-cycle master’s degree
Engineering 69.23-82.06  (96.74-100.00) 0.00-9.16 8.78-30.77
Law 30.43-100.00 (70.91-100.00) 0.00-61.41 0.00-8.16

Secondly, thereisheterogeneity al so amongst degree programmes belonging
to the samefield of study. Table 4 reports the ranges of the percentages of Table 2
computed for each degree programme and aggregated with respect to the faculty.
As Table 4 shows, some faculties (such as, for example, economics and manage-
ment or arts and humanities) offer bachelor’s and master’s courses which provide
heterogeneousemployment prospects. It followsthat the effectsof factorsaffecting
graduates’ employment situations may be either masked or warped by course-level
heterogeneity, if not properly treated.

In order to tackle both composition effectsand course-level heterogeneity, in
the rest of the paper data are analysed by means of multilevel models (see e.g.
Goldstein 2011) where level-1 units are graduates and level-2 units are degree
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courses. The choice of graduates as level-1 units permits to avoid composition
effects originating from aggregation, whereas the hierarchical multilevel structure
allows to model clustering effects of graduates with respect to degree courses
(course-level heterogeneity).

3. DATA AND MODELLING APPROACH

Dataanalysed in this paper resulted form the integration of answersto the surveys
conducted by theltalianintercollegiate consortiumAlmalaureaand administrative
dataabout graduates’ university careersof studentsgraduated between 2009 and 2013.

The administrative data has been provided by the University of Trento and
mainly consistsin personal dataand detailed information on graduates’ academic
careers (exams, marks, dates when the exams have been passed, and so on).

Data provided by Almalaurea consists of several surveys (they experienced
several updates between 2009 and 2013) conducted at the moment of graduation and
oneyear later over the popul ation of bachel orsand mastersof the University of Trento.

The survey conducted when students are about to graduate covers the entire
population, asthe studentshavetofill in the questionnairesin order to takethefinal
examination and get graduated. The survey is conducted on-line, so data are
collected continuously, whil st the structure and the questions of the questionnaires
are updated yearly and are shared by all graduates of the same cohort.

The survey on employment situation is conducted by Almalaurea one year
after graduation in afirst step on-line and later by phone for non-respondents.
Although the survey aims to cover the entire population of graduates, thereis a
portion of non-respondents (11%). The survey has been carried out once one year
had passed after graduation and respondents have been asked to fill in the
questionnaire with referenceto their situation on the day of thefirst anniversary of
their graduation. Just like the survey for graduating students, the questionnaire on
employment situation is updated yearly for homogeneous cohorts of graduates.

Almalaurea’s questionnaires are mainly focused on students’ and graduates
employment situation, their social and family conditions, their personal skillsand
competencies, their opinions on their university experiences and their preferences
about thejob (if any) they arelooking for (e.g. about industry, working hours, type
of contract, business trips and mobility, type of employer).

Asprevioudy stated, thispaper anal ysestheempl oyment situation of bachel ors
and master’s graduates, and the coherence between studies and job for those who
areworking; itisalsostudiedthebachel ors’ decisionto enrol amaster’ scourseafter
graduation. All analyses refer to graduates' situation one year after graduation.

The employment situation has been described by means of a trinomial
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variable which classifies graduates in the workforce as “ employed”, “trainee”, or
“unemployed” (according to datain Tables 2 and 4). The “trainee” group consists
both of apprentices and graduatesin apaid or non-paid training work experience,
whilst “unemployed” are peoplein the labour force which are neither “employed”
nor “trainee” (that is, graduates which are not working, studying, or training, and
are looking for ajab).

The study-work coherence and bachelor’ s decision to keep on studying have
been modelled by means of dichotomous variables. In particular, information
available from Almalaurea’s surveys allowed us to determine whether a working
graduate had a job consistent with her degree course or not, as well as to know
whether a bachelor enrolled a master’s degree programme or not.

Wehaveexcludedfromall theanalysesillustrated in thispaper graduateswho
were working when they graduated. Although working students represent a
sizeable portion of students of the University of Trento,? they are particularly
heterogeneousin terms of economic and personal condition, age, and employment
situation. Inthesamegroup thereare, for exampl e, part-timeworkerswho work for
earning extra money for their studies, and full-time workers who enrolled a
university coursefor improving their professional position. Sincedatado not allow
us to effectively distinguish amongst such different situations, we focus only on
non-working students, as they face more homogeneous conditions.

Thethree variables of interest are categorical, hence they can be analysed by
means of multilogit (employment situation) and logit (study-work coherence and
bachelors' decision on studies) regression (see e.g. Madsen and Thyregod 2010,
Agresti 2002), however, asit isdiscussed below, multilogit and logit modelsfitted
in this paper capture the hierarchical structure of data by including intercept and
covariate random effects at a degree course level (i.e. multilevel modelling
approach).

The regressors included into the analysis are based on graduates’ personal
information, information on the university studies they have just concluded, and
other information about their school career and the matriculation time.

The personal information considered are:

» gender, dichotomous (male/female);

e domicile, whichmay be“ Trentino—AltoAdige’, “North-East”, “ North-West”,
“Centre, South, and Islands”, and “Abroad”;

 social class, asclassified by Almalaureaaccording toinformation about parent’s

2 The portion of graduates which were working when they graduated ranges from 30% (for
bachelors) to 60% (for masters) in our sample.
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education, job, and income, and other family and social information. There are
four social classes:® “working class’ (classe operaia), “white-collar workers’
(classe media impiegatizia), “petty bourgeoisie” or “lower middle class’
(piccola borghesia), “ upper middle class’ (borghesia), and aresidual category
consisting of graduatesthat for any reason do not fall within any of the previous
categories.

The information on university studies are based on the following variables:
duration, computed as the number of days between matriculation date and
graduation date, and expressed in years (with decimals);
final degree score, which ranges between 66 and 110;
irregularity index of the academic career, which measures the divergence
between theplanned and theeff ectivetiming of theexamstaken by students. The
irregularity index of student = is computed as follows:

n

W.
Irr, = Zil T
zH:l""h

S
=1

—t].‘

wheren isthetotal number of examsof the degreecourse, t istheyear whenthe

exam j should be taken (according to the plan of studies), T isthe year when

student s effectively took the exam j, and W, is the number of ECTS credits

(European Commission, 2009) of exam j;

number of course changes, that is, the number of degree coursesthat agraduate

has changed between the matricul ation and the graduation.
Sincethedistributions of thefirst three variablesvary alot amongst faculties

and courses, we have standardised those variables within each degree course, that
is, thesampledistribution of duration, final degreescore, andirregularity index has
zero mean and unit variance within each degree course. This fact implies that the
regressors are relative measures of duration, level of competence, and career
irregularity respectively. All three variables have been included into the regression
modelsasdummy variabl es, oncethey have been categorised according to whether
standardised values belong to either the first, the second, or the third tertile of the
coursedistribution. Thus, the possibleval uesof each variablearethree: either short/
average/long (for duration), or low/average/high (for final degree score and
irregularity index).

The variable “number of course changes’ is included amongst regressors

8 We put in brackets the original names of social classes assigned by Almalaurea.
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along with two other dummy variables. Thefirst isdefined asan indicator variable
(caled*” if changed” ) which equal soneif the student haschanged thedegree course
at least once (that is, if variable “number of course changes’ is greater than zero).
The second dummy variable (called “internal”) indicates whether the student
enrolled only degree courses of the same faculty or not. Thesethree variables have
been included as regressors in the following manner:

(B + o,number_of_changes + 9, internal) Lif _changed

According to such parameterisation, the effect of, say, two internal changes
isB+29,+ 4.

The other variables we have considered are:

» high school, which may be “Liceo scientifico”, “Liceo classico”, and others
lycesa, technical schools and vocationa schools;

+ final mark of high school, ranging between 60 (minimum) and 100 (maximum).
The scores based on different grading systems are rescaled on the interval [60,
100];

» matriculationage, measured asthedifference between theyear of matriculation
and the year of birth;

 vyear of graduation.

The “matriculation age” has been used to determine whether students
enrolled the degree course on time or later. If astudent regularly attended the high
school, she should enrol abachelor’s course or a5-year master’s course during the
year when she becomes 19 and she should enrol a2-year master’scourseintheyear
when she becomes 22. Thuswe haveincluded the variable“matriculation time” as
aregressor which may have one of the following values: “On time”, “Up to two
yearslate”, and “ Later than two years’ .4

Asmentioned above, themultilevel modelling approach (see Goldstein 2011)
has been adopted both in case of multilogit and logit models, so asto account for
clustering effectsoriginating from hierarchical structureof data. Indeed, itisworth
noting that data about University of Trento graduates can be organised according
toa2-level structurewherelevel-1 units(graduates) areclusteredinto groupswhich
represent thelevel -2 units(degreecourses) and determinethehierarchical structure
of data.

Multilevel models permit to describe cluster effects (that is, group

4 The matriculation time of students who enrolled any degree course earlier than expected
equals“Ontime’.
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heterogeneity) by including random effects at level-2 units, such that all level-1
unitsbelongingtothe samecluster sharethe sameval ue of random effects. Werefer
to the literature on multilevel (also known as mixed-effects) models for further
details (see e.g. Goldstein 2011).

Multilogit and logit multilevel models (Madsen and Thyregod 2010, Agresti
2002, Fahrmeir and Tutz 1994) considered in this paper capture course-level
heterogeneity by including random effects on the intercept and on the dummy
variables about final degree score and duration. Random effects on the intercept
alow usto model covariate-independent heterogeneity, whereasrandom effectson
final degree score and duration dummies permit to capture possible heterogeneity
in the relation between indicators of relative performance and the probability
distribution of the dependent variable.

Since the estimation of generalised linear multilevel models is particularly
tricky, especially from a computational point of view (see e.g. Goldstein 2011,
Pinheiro and Chao 2006), al the modelsin this paper have been fitted through the
cross-entropy algorithm (Rubinstein and Kroese 2004) as proposed in Bee et al.
(2017). The presence of small clusters (some degree courses consist of a little
number of graduates) and the large number of parameters make the cross-entropy
method suited both from a computational and a statistical point of view (see. Bee
et a. 2017).

Intherest of the paper we separately present and discusstheresultsof models
estimation for bachelors (Section 4) and masters (Section 5).

4. BACHELORS

I nthis section weanalysethe estimates of model s on the employment situation and
the decision to enrol a masters' degree course of bachelors. Table 5 reports the
results of the 2-level multilogistic regression for bachelors’ employment situation,
whilst Table 6 shows the result of the 2-level logistic regression on employed
graduates’ coherence between study and work. Table 7 reports the results of a 2-
level logit model about the choice to enrol amaster’s programme.

Estimatesin Tables 5 and 6 suggest that gender has asignificant effect on the
employment situation and the study-work coherence of bachelors one year after
graduation. Female bachel ors face an unemployment risk higher than their male
colleagues (see Table5), and the probability that an empl oyed bachel or found ajob
whichisinconsistent withitsstudiesisstatistically larger for femal esthanfor males
(Table 6).

Theestimates on the effect of domicile show marked differencesamongst the
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four regionswe consideredintermsof job opportunities. In particular, it seemsthat
bachel ors coming from the Northeast Italy face aless favourable job market than
bachelors who are domiciled in Trentino-Alto Adige, whilst the opportunities are
much richer for bachelors coming from the Northwest Italy. Thisfact is borne out
by the effect of the domicile on both the unemployment risk (Table 5) and the
probability of finding ajob incoherent with the studies (Table 6).

Tab. 5: Parameter estimates and standard errors (in parenthesis) of the 2-level multilogistic
regression on the employment situation one year after graduation for 1377 bachelors
graduated at the University of Trento between 2009 and 2013.

Unemployed Trainee
coef. se coef. se.
Intercept -2.308 ***  (0.0661) -2.125 *** (0.0874)
Per sonal information
Female 0.314 ***  (0.0699) -0.006 (0.1773)
Domicile (ref.: Trentino—A. A)
North-East 0.134 * (0.0800) 0.156 * (0.0811)
North-West -1.269 ***  (0.0970) 0.136 * (0.0775)
Centre, South and Isles -0.100 (0.1680) 0.720 *** (0.1640)
Social class (ref.: working class)
White-collar workers -0.168 (0.1949) 0.422 *** (0.0854)
Lower middle class -0.238 . (0.1511) 0.669 *** (0.0573)
Upper middle class -0.284 * (0.1505) 0.717 *** (0.0598)
Indeterminate social class -0.263 ***  (0.0740) 1.294 *** (0.1180)
University career
Duration (ref.: average)
Short -0.336 ***  (0.0962) 0.325 *** (0.0888)
Long 0.573 ***  (0.1390) -0.023 (0.1850)
Final degree score (ref.: average)
Low -0.962 (0.0902) -0.124 (0.0992)
High -0.106 (0.1071) 0.462 *** (0.0653)
Irregularity index -0.025 (0.0719) 0.074 (0.0904)
if_changed 0.796 ***  (0.1420) -0.021 (0.1060)
if_changed * number_of changes -0.324 *** (0.1020) 0.094 (0.12730)
if_changed * internal -0.570 ***  (0.0767) -0.855 *** (0.0774)
following

following from page 79 Tab. 5:
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Unemployed Trainee

coef. se. coef. se.
Other information
High school (ref.: scient. lyceum)
Classical lyceum -0.350 ***  (0.0747) 0.091 (0.0901)
Other 0.062 (0.1230) 0.185 (0.1520)
High school final mark -0.003 (0.0793) -0.005 (0.1482)
Matriculation age (ref.: on time)
Up to two years late 0.307 ** (0.1182) -0.305 ***  (0.0563)
Later than two years 0.722 ***  (0.1030) 0.419 ***  (0.0639)
Year of graduation (ref.: 2009)
2010 0.803 ***  (0.1530) -0.292 * (0.1690)
2011 0.931 ***  (0.1180) 0.094 (0.1520)
2012 0.906 ***  (0.1120) -0.789 ***  (0.0630)
2013 0.901 ***  (0.1129) 0.048 (0.0894)
Random effects
Intercept 0.031 (0.1060) 0.247 * (0.1350)
Short duration 0.004 (0.1873) 0.022 (0.0852)
Long duration 0.020 (0.0822) 0.012 (0.1713)
Low final degree score 0.004 (0.0507) 0.021 (0.1062)
High final degree score 0.014 (0.1350) 0.031 (0.1700)

Sign. codes: “ . " for p-valuesbetween 0.05and 0.1, “ * ” for p-values between 0.01 and 0.05, “ ** ” for p-values
between 0.001 and 0.01, “ *** " for p-values smaller than 0.001. No symbol is reported for p-values larger than
0.1.

Tab. 6: Parameter estimates and standard errors (in parenthesis) of the 2-level logistic
regression on coherence between study and work oneyear after graduation for 1002
employed bachelors graduated at the University of Trento between 2009 and 2013.

Study-work incoher ence

coef. s.e

Intercept -0.229 ** (0.0772)
Personal information

Female 0.340 *** (0.0658)
Domicile (ref.: Trentino—A. A)

North-East 0.077 . (0.0497)
North-West -0.532 *** (0.0615)
Centre, South and Isles 0.799 *** (0.0691)

following

following from page 80 Tab. 6:
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Study-work incoher ence

coef. se.
Social class (ref.: working class)
White-collar workers 0.278 ** (0.1060)
Lower middle class -0.046 (0.0869)
Upper middle class -0.071 (0.0667)
Indeterminate socia class -0.315 *** (0.0789)
University career
Duration (ref.: average)
Short 0.129 * (0.0695)
Long -0.238 * (0.1220)
Final degree score (ref.: average)
Low -0.115 . (0.0779)
High -0.309 (0.1030)
Irregularity index 0.087 . (0.0648)
if_changed -0.498 *** (0.0814)
if_changed * number_of changes 0.099 (0.1230)
if_changed * internal 0.565 *** (0.0782)
Other information
High school (ref: scient. lyceum)
Classical lyceum 0.300 *** (0.0746)
Other -0.255 ** (0.0950)
High school final mark -0.011 (0.0564)
Matriculation age (ref.: on time)
Up to two years late 0.336 ** (0.1130)
Later than two years -0.518 *** (0.0695)
Graduation year (ref.: 2009)
2010 -0.331 *** (0.0445)
2011 0.437 *** (0.0829)
2012 -0.046 (0.0838)
2013 0.228 *** (0.0511)
Random effects
Intercept 0.273 *** (0.0352)
Short duration 0.007 (0.0882)
Long duration 0.004 (0.1320)
Low final degree score 0.011 (0.1350)
High final degree score 0.015 (0.0513)

Sign. codes: “ . " for p-values between 0.05and 0.1, “ * ” for p-values between 0.01 and 0.05, “ ** ” for p-
values between 0.001 and 0.01, “ *** ” for p-values smaller than 0.001. No symbol is reported for p-values
larger than 0.1.

Unlike what may be expected, bachelors coming from the centre-south of
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Italy do not face a significantly higher unemployment risk, in spite of the high
unemployment rateswhich characterised that part of the Country, whilst they seem
to take training work experiences more often than graduates from the rest of Italy
and face a high probability to find ajob which is not consistent with their studies.

The effect of the socia class is particularly clear and unambiguous. The
coefficients on the unemployment risk monotonically become more and more
negative as the graduate’s social class raises, whilst the statistical significance
strengthens. The inclination to take a training work experience grows with the
socia class, and the magnitude of the coefficients suggests that this phenomenon
tends to be more important than the effect on the unemployment risk.

Onthisregard, it should be pointed out that any coefficient of amultilogistic
regression cannot be interpreted asthe effect of acovariate on the probability that
the dependent variable assumes a certain val ue. On the contrary, the coefficients of
multilogistic regressionrepresent the effect of covariatesontherel ative probability
that the dependent vari abl eassumesacertain val ue, wherethereference probability
isgiven by the probahility of thereferenceval ue of thedependent variable. Interms
of the regression reported in Table 5, we may indicate with . and 7, the
probahilitiesto be employed and unempl oyed for agiven profileof amalebachel or.
Theestimated effect of gender on the unemployment risk (0.314) allowsustoinfer
that if the same profilewould have been afemale, thelog-ratiolog(r, /7.) increase
by 0.314. Obviously, analogous interpretation is valid for the coefficients of the
“Traineg” column.

Themodelling approach of multilogi sticregression makessometimesdifficult
to interpret the effect of the covariates on the probabilities of the values of the
dependent variable by just looking at the coefficients. For this reason, we use the
ternary plotssuggestedin Santi et al. (2017) for representing theeffect of acovariate
inamultilogistic regression when the dependent variable can assumethree val ues.

Figure 1 representsinaternary plot the effect of the covariate“ Upper middie
class’ on the probabilities to be employed, unemployed, or in a trainee work
experience. Inparticular, each arrow showshow thethree probabilitieschangeif we
consider agiven graduate’ sprofileintheworking class (starting point of thearrow)
and we assume that the social class changes to “Upper middle class’ (the
arrowhead). Consider, for example, the arrow starting from the bullet drawn near
thelower-right vertex of theternary plot. The bullet point hasthe coordinates given
by the average employment rate (72,9%), unemployment rate (15,7%) and rate of
participation to internships (11,4%) in the population of bachelors. The arrow
endpoint shows the probability distribution of the employment situation for
graduates from the upper middle class. The arrow shows that, ceteris paribus,
graduatesin the upper middle class have nearly 10% higher probability to bein an
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internship and roughly 6% lower probability to be unemployed than graduatesin
the working class, whose expected probabilities to be employed, unemployed or
traineearerespectively 0.729, 0.157, 0.114. Sincethe effectsof covariatesdepends
on probabilities, plot in Figure 1 shows several arrows for various points in the
probability space (see Santi et a. 2017).

As mentioned, the magnitude of the effect of the dummy variable “Upper
middleclass’ ontheprobability to beinatraineework experienceislarger thanthe
magnitude of the effect on the probability to be unemployed. Figure 1 shows that
theasymmetriesbetween thesetwo effectstendto grow astheexpected unemployed
probability decreases, suggesting that graduates of the upper middleclassaremore
inclined to take a training work experience as the unemployment risk lowers.

The effect of other dummy variables on socia classfollowsthe same pattern

Trainee
100

Employed

Fig. 1. Effect of dummy variable“Upper middle class’ on the probability to be employed,
unemployed or in an internship for bachelors according to estimates of Table5,
represented asa vector field in aternary plot. The bullet representsthe population
values, and thelinked arr ow shows the effect associated to them.
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as Figure 1, however the strength of the effect (and thus the length of the arrows)
increases as the socia classis higher (see Figure 2).
In general, estimates of Table 5 shows that ceteris paribus the bachelors
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Fig. 2: Effect of dummy variable “ White-collar workers’ on the probability to be employed,
unemployed or in an internship for bachelors according to estimates of Table5,
represented asa vector field in aternary plot. The bullet representsthe population
values, and the linked arrow the effect associated to them.

employment situationimprovesasthe social classraises, even though estimateson
coherencebetween studiesand work do not compl etely agreewith such pattern (see
Table 6).

Theuniversity career of bachel ors seemsto affect mainly the unemployment
risk. As Table 5 shows, the duration of the university studies heavily affects both
the unemployment risk and the probability to take a training work experience.
Figure 3 showsthat ashort duration of the university studiesmainly tendstoreduce
the unemployment risk when the expected unemployment probability is high,
whereas tends to increase the participation to internships when there is a low
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unemployment risk. On the other hand, along duration of the university career
seems to affect only the unemployment risk (which sharply increases), but
significantly increases the probability to find a job inconsistent with bachelors
studies.

The final degree score affects only the probahility to take a training work
experience when it is high, whereas there is no evidence of an effect on the
unemployment risk or the study-work coherence.

Trainee
~100
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Fig. 3: Effect of dummy variable“ Short duration of university studies’ on the probability to
be employed, unemployed or in an internship for bachelors according to estimates of
Table5, represented asa vector field in aternary plot. The bullet representsthe
population values, and the linked arrow the effect associated to them.

Theeffect of matriculation ageismarked and significant both for unemployment
risk, probability to take an internship, and also the probability to find a job
consistent with the university study. In the case of unemployment risk, the longer
is the delay, the higher is the probability of being unemployed one year after
graduation. The other two probabilities do not have a monotone behaviour, as the
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probability to take atrainee work experienceislower for graduates who enrol the
university uptotwoyearslatethanfor bachelorswhoenrol itontime, anditishigher
for peoplewhose delay islonger than two years. On the other hand, the probability
of finding ajob consistent with the university studies has the opposite behaviour
(higher for delays up to two years, lower later).

Oncepersona information, university curriculumand other control variables
are considered, horizontal inequality should emerge in terms of course-level
heterogeneity. Tables 5 and 6 show the estimates on random effect standard
deviations over intercept and covariates about duration and final degree score.

The first remarkable result concerns the non-significant heterogeneity on
duration and degree score coefficients. Since both dummies on duration and final
degreescorehavebeen standardised at acourselevel (and thusarerel ativemeasures
of graduates’ performances), non-significant random effects should be interpreted
interms of ahomogeneous effect of those two covariates (actually, four dummies)
on employment opportunities once the relative performances are accounted for. In
other words, both relative duration and rel ative final score have asignificant effect
on the graduates employment opportunities (as discussed earlier, say, engineers
who conclude their studies earlier than their mates reduce their unemployment
risk), however, such effectsarehomogeneousamongst all degreecourses(according
to the previous example, we could conclude that, ceteris paribus, the quickest
engineers reduce their unemployment risk to the same extent as the quickest
philosophers).

The second result concerns estimates of standard deviation of random effect
on the intercept, as this is the only case where there are statisticaly significant
results. Estimates of Tables 5 and 6 suggest that there is horizontal inequality
amongst bachel ors, however this does not appear to affect the unemployment risk,
but rather the probability either tobein atrainingwork experienceor to haveawork
inconsistent with one's studied. This result suggests that the field of study have a
little effect on the unemployment risk, which ismainly influenced by other factors
(such as persona condition, university career, and so on), whereas it has a
significant effect on the way bachelors access the labour market (training work
experiences) and the type of job they find (study-work coherence).

Sincealargenumber of bachel orsdecideto enrol amaster’scourse (see Table
1), we have analysed also what are the factors that explain the bachelors' decision
to go on with their studies after graduation. Table 7 reportsthe results of a 2-level
logistic regression estimated on the population of bachelors who were either
studying or participating to the workforce one year after graduation (see the first
two columns of Table 1). As Table 7 shows, most of the variables we have
considered are statistically significant at 0.1%.
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Tab. 7: Parameter estimates and standard errors (in parenthesis) of the 2-level logistic
regression on the decision to continue studying one year after graduation for 4382
bachelors graduated at the University of Trento between 2009 and 2013.

Studying

coef. se.
Intercept 0.018 (0.0540)
Per sonal information
Female -0.626 *** (0.0544)
Domicile (ref.: Trentino—A. A)
North-East 0.241 *** (0.0629)
North-West 0.294 *** (0.0464)
Centre, South and Isles 0.641 *** (0.0898)
Abroad 15.864 *** (0.0544)
Social class (ref.: working class)
White-collar workers 0.205 *** (0.0711)
Lower middle class 0.019 (0.0343)
Upper middle class 0.161 *** (0.0405)
Indeterminate socia class 0.170 *** (0.0519)
University career
Duration (ref.: average)
Short 0.201 ** (0.0709)
Long -0.523 *** (0.0733)
Final degree score (ref.: average)
Low -0.117 *** (0.0362)
High 0.0853 . (0.0616)
Irregularity index -0.178 *** (0.0449)
if_changed 0.748 *** (0.0797)
if_changed * number_of changes -0.511 *** (0.0361)
if_changed * internal -0.323 *** (0.0717)
Other information
High school (ref.: scient. lyceum)
Classical lyceum 0.327 *** (0.0321)
Other lycea -0.480 *** (0.0524)
Technical ingtitutes -0.665 *** (0.0610)
Other high schools -0.182 *** (0.0542)
High school final mark 0.014 (0.0633)

following
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following from page 87 Tab. 7:

Studying

coef. se.
Matriculation age (ref.: on time)
Up to two years late -0.505 *** (0.0441)
Later than two years -1.005 *** (0.0509)
Year of graduation (ref.: 2009)
2010 -0.037 (0.0587)
2011 -0.065 (0.0924)
2012 0.157 *** (0.0347)
2013 0.261 *** (0.0645)
Random effects
Intercept 0.183 *** (0.0235)
Short duration 0.006 (0.0513)
Long duration 0.012 (0.0710)
Low final degree score 0.004 (0.0745)
High final degree score 0.030 (0.0371)

Sign. codes: “ . " for p-values between 0.05 and 0.1, “ * " for p-values between 0.01 and 0.05, “ ** " for p-
values between 0.001 and 0.01, “ *** ” for p-values smaller than 0.001. No symbol is reported for p-values
larger than 0.1.

Variables on personal condition show that, ceteris paribus, females have a
muchlower probability to continuetheir studiesthan malebachel ors. Moreover, the
inclinationto go onwith studiesincreasesasbachel ors’ domicilegetsfar away from
Trento: Northeast Italy (0.241), North-West (0.294), Centre, South and Ides
(0.641), and abroad (15.846).

The social classisasignificant explanatory variable, however, two facts are
worth being noted. Firstly, the significant coefficients on social class are not
mutually statistically different, it followsthat therearetwo groupsof classeswhich
affect the probability to continue with bachelors’ studies. Secondly, the group with
low inclination to study after bachel or’s degree includes the working class and the
lower middle class. The reasons for such alimited inclination to continue studies
from thosetwo classes of bachel ors may bedifferent. In case of bachelorsfrom the
working class, economic condition may play somerole, whereasbachel orsfromthe
lower middle class may have job opportunities within their family business.

Unliketheanalysisonemployability, the choiceon continuation of bachelors
studiesisaffected by all thevariablesabout the university career. AsTable 7 shows,
the shorter isthe time taken to graduate (duration), the higher isthe probability to
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continuewith studies, although the effect isasymmetric: along duration affectsthe
probability more than a short duration (0.523 > 0.201). There is an analogous
asymmetry in the effect of final degree score: a low degree score significantly
(0.1%) reduce the probability to continue studying, whereas a high degree score
haveaweaker positive effect (significant only at 10%) onthe probability itself. The
magnitude of the two groups of coefficients reveals that duration of bachelors

studies has a critical role on the decision to enrol amaster’s programme, whereas
thefinal degree score has aweaker association which may beinterpreted in terms
of athreshold effect: onceagivenfinal grade hasbeenreached, such avariabledoes
not affect the probability to enrol a master’s course anymore.

The variables which measure the irregularity in the university career are
significant and consistent with the effect of duration: in general, astheirregularity
and the duration of acareer grows, the probability to continue with studies drops.
It follows that the coefficient of the irregularity index is negative, as well as the
coefficient of the number of changes, however it should be noted that the sign of the
coefficient of the dummy variable “internal” is negative. This suggests that if a
bachelor enrols degree courses from different faculties (thus if changed = 1,
num_changes>0, and internal = 0), itislikely that hewill continue studying after
graduation. In thisregard, note that a single non-internal change of degree course
hasapositiveeffect (0.748—0.511=0.237) onthe probability to go onwith studies.

AsTable7 shows, weintroduced afiner description of bachelors’ high school.
Estimates suggest that students of classical lyceum and scientific lyceum (the
referenceclass) havethe highest probability to continue studies, whereasbachel ors
who attended technical high schools have the lowest probability to continue.

Thevariables on matricul ation age show aremarkabl e effect of the delay: the
later bachelors enrolled their course, the lowest isthe probability to continue with
studies after graduation. Finally, dummy variables on the year of graduation show
a positive effect for bachelors graduated after 2012; this may be indicative of an
increased propensity to go on with studies after the bachelor’s degree.

Random effectssuggest that thereisnot any form of course-level heterogeneity
on coefficientsabout duration and final degree score, whilst the significant random
effect of intercept reveal sthe presence of amarked heterogeneity®intheinclination
to enrol amaster’s degree programme amongst bachelors from different fields of
study oncethat personal condition and other variablesareaccounted for. Thisresult

5 Notethat the estimated standard deviation of the random effect isabout ten timeslarger than
the absolute value of the estimated intercept.
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may be related to the heterogeneity emerged in the employment opportunities of
bachelors and master’s graduates (see Section 5), as it may reflect both the
employment condition that bachelors face after graduation and the employment
opportunities they expect to have if they would enrol and complete a master’s
programme.

5.MASTER'SGRADUATES

M odel son master’ sempl oyment situati on arediscussedinthissection. Tables8 and
9 report the results of 2-level multilogistic and 2-level logistic regression on
employment situation and on the study-work coherence.

If we focus on gender, we note that both the statistical significance and the
magnitude of the effect are much larger than in the case of bachelors for both
models. The estimates bring out the presence of astrong gender inequality interms
of job opportunities which results mainly in a higher unemployment risk (as the
ternary plot in Figure 4 shows) and a larger probability to have a job which is
inconsistent with graduate’'s studies.

The effect of masters' domicile is significant for unemployment risk, the
probability of taking an internship, and the probability of finding ajob consistent
with university studies. The estimates of Tables 8 and 9 suggest that the better are
the employment opportunity of ageographic area (both in terms of unemployment
risk, and study-work incoherencerisk), the lower isthe probability that amaster is
taking an internship one year after graduation.

Likefor bachelors, the social class hasastatistically significant effect on the
unemployment risk of masters, however the magnitude of the coefficientissmaller
for lower social classes, whereasthereisnot astatistically significant effect onthe
probability of taking atrainee work experience. On the other hand, the social class
has aremarkable, statistically significant, and increasing effect on the probability
of finding ajob consistent with the masters' studies:. the higher the social class, the
higher is the probability (see Table 9).

Unlike bachelors, the unemployment risk isweakly affected by the duration
of the university career, which indeed has a marked negative effect on the
probahility of finding ajob consistent with masters’ studies, if longer than normal.
Duration seems to positively affect the probability to be in a training work
experience both when it is shorter and longer than normal.

Theeffect of final degree scoreissignificant and marked. The unemployment
risk isdightly increased if thefinal degree scoreislow, whereasit markedly drops
if thefinal degreeishigher than normal. The probability of being inatrainingwork
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experienceoneyear after graduation growssignificantly withthefinal degreescore,
as well as the probability of having ajob consistent with university studies. It is
worth stressing the marked reductioninthe probability of having anincoherent job
for masters which graduated with a high final score (see Table 9).

The number of course changes positively affects the unemployment risk,
although the effect tendsto decrease asthe number of changesgrows. If the courses
have been chosen in the same faculty (internal = 1), the unemployment risk drops.
The effect onthe probability of being in atraining experienceispositively affected
by course changes, however it is independent of the number of changes, and it
decreases if the changes are internal.
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Fig. 4: Effect of dummy variable“female” on the probability to be employed, unemployed
or in an internship for mastersaccording to estimates of Table 8, represented asa
vector field in aternary plot. The bullet representsthe population values, and the

linked arrow the effect associated to them.



92 Bison, |, Dickson, M.M., Espa, G., Santi F.

The magnitude of the effect of the matriculation age on unemployment is
significant but does not show a regular and common pattern both for 5-years and
2-years master’s courses. On the other hand, the effect is negative and significant
ontheprobability tobeinatraining experiencefor graduatesof 2-yearsprogrammes,
whilst it is positive and significant for graduates of 5-years programmes. Thisfact
can be explained if we consider that 5-years master’s programme are preparatory
coursesfor professionswhich can belegally practiced only once an apprenticeship
and an examination are successfully passed.

Random effectsarestatistically significant only for interceptsof theprobability
totakeatrainingwork experienceand the probability to find ajobinconsistent with
graduates’ studies. Theseresultsfollow those on bachel ors, withthe differencethat
significant estimates of Tables 8 and 9 are larger in absol ute val ue, suggesting that
heterogeneity (horizontal inequality) is larger amongst master's graduates than
amongst bachelors. This result may reflect the segmentation of labour market,
which emerges more clearly as graduates’ professional profiles become more
qualified.

Tab. 8: Parameter estimates and standard errors (in parenthesis) of the 2-level multilogistic
regression on the employment situation one year after graduation for 2775 masters
graduated at the University of Trento between 2009 and 2013. The dummy variable

“2YMC" (2-years master’s course) indicatesif the master’scourseisa 2-years

programme.

Unemployed Trainee

coef. se. coef. s.e
Intercept -0.020 (0.0243) 0.895 *** (0.0148)
Personal information
Female 0.632 ***  (0.0261) 0.429 *** (0.0407)
Domicile (ref.: Trentino—A. A)
North-East 0.053 (0.0496) 0.442 *** (0.0476)
North-West 0.128 ** (0.0456) 0.195 *** (0.0312)
Centre, South and Isles 0.736 ***  (0.0258) 1.060 *** (0.0489)
Social class (ref.: working class)
White-collar workers -0.076 ** (0.0316) 0.041 (0.0583)
Lower middle class -0.065 . (0.0453) 0.032 (0.0306)
Upper middle class -0.470 ***  (0.0197) 0.054 (0.0491)
Indeterminate social class -0.507 *** (0.0292) -0.669 *** (0.0567)

following
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following from page 92 Tab. 8:

Unemployed Trainee

coef. se coef. se.
University career
Duration (ref.: average)
Short -0.018 (0.0465) 0.346 *** (0.0182)
Long 0.117 ***  (0.0199) 0.343 *** (0.0227)
Final degree score (ref.: average)
Low 0.093 ***  (0.0223) -0.178 *** (0.0383)
High -0.435 ***  (0.0216) 0.206 *** (0.0369)
Irregularity index 0.015 (0.0307) -0.062 ** (0.0220)
if_changed 2.090 ***  (0.0177) 0.732 *** (0.0406)
if_changed * number_of changes -0.917 *** (0.0364) 0.008 (0.0438)
if_changed * internal -0.530 ***  (0.0239) -0.106 *** (0.0339)
Other information
High school (ref.: scient. lyceum)
Classical lyceum -0.451 . (0.0325) 0.356 *** (0.0303)
Other -0.075 ** (0.0319) 0.146 *** (0.0471)
High school final mark -0.025 . (0.0180) -0.025 . (0.0186)
Matriculation age (ref.: on time)
Up to two years late -0.574 ***  (0.0300) 0.738 *** (0.0249)
Later than two years 1.118 ***  (0.0323) 1.709 *** (0.0224)
Ontime* 2YMC 0.205 ***  (0.0520) -1.083 *** (0.0270)
Uptotwo yearslate* 2YMC 0.707 *** (0.0247) -1.867 *** (0.0291)
Later than two years* 2YMC -0.937 ***  (0.0387) -2.782 **x (0.0420)
Year of graduation (ref. 2009)
2010 0.034 (0.0324) -0.017 (0.0573)
2011 0.185 ***  (0.0478) -0.074 * (0.0395)
2012 0.352 ***  (0.0232) 0.102 *** (0.0260)
2013 0.400 *** (0.0217) -0.138 *** (0.0217)
Random effects
Intercept 0.001 (0.0359) 0.643 *** (0.0440)
Short duration 0.007 (0.0499) 0.030 (0.0369)
Long duration 0.008 (0.0437) 0.021 (0.0509)
Low final degree score 0.005 (0.0591) 0.019 (0.0541)
High final degree score 0.044 (0.0359) 0.021 (0.0303)

Sign. codes: “ .” for p-values between 0.05and 0.1, “ * ” for p-values between 0.01 and 0.05, “ ** ” for p-values
between 0.001 and 0.01, “ *** " for p-values smaller than 0.001. No symbol is reported for p-valueslarger than
0.1.
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Tab. 9: Parameter estimates and standard errors (in parenthesis) of the 2-level logistic
regression on coher ence between study and work oneyear after graduation for 1668
employed masters graduated at the University of Trento between 2009 and 2013.
Thedummy variable“2YMC” (2-yearsmaster’s course) indicatesif the master’'s

courseisa 2-years programme.

Study-work incoher ence

coef. se.
Intercept -0.558 *** (0.1000)
Personal information
Female 0.769 *** (0.0934)
Domicile (ref.: Trentino—A. A)
North-East 0.242 * (0.1290)
North-West -0.675 *** (0.1280)
Centre, South and Isles 0.393 *** (0.0732)
Social class (ref.: working class)
White-collar workers -0.347 *** (0.0946)
Lower middle class -0.482 *** (0.0853)
Upper middle class -0.905 *** (0.0474)
Indeterminate socia class -1.018 *** (0.1510)
University career
Duration (ref. average)
Short -0.086 (0.1230)
Long 0.484 *** (0.0630)
Final degree score (ref.: average)
Low 0.174 *** (0.0517)
High -1.022 *** (0.0460)
Irregularity index -0.134 ** (0.0456)
if_changed -0.954 *** (0.0725)
if_changed * number_of changes 0.476 *** (0.1180)
if_changed * internal 0.335 *** (0.0687)
Other information
High school (ref.: scient. lyceum)
Classical lyceum 0.055 (0.1160)
Other -0.146 * (0.0706)
High school final mark -0.015 (0.0437)

following
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following from page 94 Tab. 9:

Study-work incoher ence

coef. se.
Matriculation age (ref.: on time)
Up to two years late 0.495 *** (0.0516)
Later than two years -8.768 *** (0.0549)
Ontime* 2YMC 0.307 * (0.1440)
Up to two yearslate* 2YMC -0.655 *** (0.1190)
Later than two years* 2YMC 8.685 *** (0.0550)
Year of graduation (ref.: 2009)
2010 -0.271 *** (0.0515)
2011 -0.405 *** (0.1080)
2012 -0.192 ** (0.0641)
2013 -0.446 *** (0.0987)
Random effects
Intercept 0.284 *** (0.0356)
Short duration 0.002 (0.1040)
Long duration 0.019 (0.1090)
Low final degree score 0.015 (0.1020)
High final degree score 0.041 (0.0747)

Sign. codes: “ .” for p-values between 0.05and 0.1, “ * ” for p-values between 0.01 and 0.05, “ ** ” for p-values
between 0.001 and 0.01, “ *** ” for p-values smaller than 0.001. No symbol isreported for p-values larger than
0.1.

6. CONCLUSION

Theanalysisproposedinthispaper highlighted the presence of factorsaffectingthe
employment opportunities of graduates. gender and socia class. Both variables
have a significant and remarkable effect both on unemployment risk and on the
probability of finding ajob consistent with their studies.

Female graduates and graduates from the lowest social classes face the
hardest work opportunities, neverthel esssuch disparitiesareby far morepronounced
amongst masters than bachelors.

A possibleexplanationto thisfact may belabour market segmentation, which
is more pronounced for high-skilled workers. Support to this interpretation is
provided by estimates on course-level random effects, which suggest that thereis
alarger heterogeneity inemployment opportunitiesamongst mastersthanbachel ors.

A second result which isworth of being stressed hasto do with field of study
heterogeneity. Estimatesillustrated in Section 4 and in Section 5indicatethat there
isnot horizontal inequality inthe unemployment risk once personal conditionsand
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university curriculumisaccountedfor. Ontheother hand, asignificant (andin some
cases remarkable) horizontal inequality emerges on the probability to be in a
training work experience and on the probability to find ajob consistent with one’'s
studies.

This evidence may be interpreted as the result both of labour market
segmentation which gives rise to inhomogeneous working conditions amongst
different industries, and of low overall unemployment rate of Northeast Italy
(where most of graduates considered actually livesand works) which makeseasier to
findajob (eventually inconsistent with peopl € sskills) for any personlooking for it.
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