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Becoming Economically Independent:
Weakening or Strengthening Parental Ties?

Marisa Civardi and Franca Crippa

Abstract

This paper analyses patterns of behaviours of alibutde thousand
graduates in some northern and central Italian ensities. Different
approaches to the job market and/or to further ifjgations are followed
up during the year after graduation and are reldteth to some choices
adopted previously at university and to family tsai by means of
longitudinal methods of Event History Analysis (EMHA Apparent
behavioural inertia from college to the postgraduateriod reveals a
commonly shared underlying attitude. Also, familyfluence seems well
conveyed by parents’ educational levels, which eagte the mothers’ role
in improving graduates qualifications and the faghdéunction in involving
their children in self employment.

1 Introduction

Surveys on social mobility generally compare the s@donomic level of young
adults directly to the corresponding socio-econon@eel of their families of
origin, expressing the latter mainly, but not exchesy, with reference to the
fathers’ economic condition. Traditionally computetasures of personal socio-
economic level are based both on educational lamdlon professional activity, in
a static representation.

However, the underlying process is quite complex drgpreads through the
first decades of the life cycle. In this dynamicsg thansition from University to
work appears as an unambiguous step in the defmitif an individual’s social
and economic status in adulthood. Therefore, weugoboth on personal and
family determinants of early occupational experiencesarching for specific
patterns in the life course.

! The order of the authors was determined by randation. Correspondence concerning this
article can be addressed to Marisa Civardi or tanEa Crippa, Universita di Milano-Bicocca,
piazza delllAteneo  Nuovo, 1, 20126 Milano, Italy; ansa.civardi@unimib.it;
franca.crippa@unimib.it
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2 Data and object

Our data is a section of an archive called STELIlaAA @cronym of Statistiche sul
Tema Laureati e Lavoro in Archivio on line, Staitiston the Theme of Graduates
and Work in Archive on line). The Stella archivevatves data from 163,836
graduates in the three-years degree course in 2002-2from 12 Italian
Universities that ratified the project. The surveyith a stratified probabilistic
sampling design, was carried out via a questiomnaant by electronic mail or,
where a graduate did not have an e-mail address, aviCATI record. The
guestionnaire was completed in the month of May 2a@&refore within 15/18
months after graduation. The sample under examinais composed of 3,481
graduates from eight universities in northern amdhtal Italy, both under the
academic regimen existing prior to 2001 (with aaleduration from 4 to 6 years
depending on the Faculty statement) and under the orelinance (a B. Sc. of
three-year duration) graduating in the academicisessfrom September-October
2003 to January-February 2004.

Our analysis focuses on the transition from uniugrso the labour market
with respect to family and personal characteristieducational choices, living
conditions, work, statuses customarily analysed oypene, cannot, in fact, be
adequately understood without considering them amified whole. Moreover,
events experienced by parents in a family may infleethe course of events and
outcomes experienced by their children, their libesng ‘linked’ (Wu, 2003). We
therefore aim at explaining the effect on job shataration of both individual and
family characteristics by means of a casual modelerehcovariates can be
measured with regard to two domains. The first dionpertains to competencies
gained by the graduate her/himself and specifiedragectories in the University
curriculum. Indeed, the distinction between a bé&whef sciences and a masters
degree -the first one corresponding to a three-yeaversity course, the second
one to a five year course and therefore to a high&lification level- is fairly
recent in the Italian education system, since it wmaoduced in 2001 by means of
the so called “3+2 reform”. The second domain cstssiof the educational and
economic level of the young adults’ parents. Its awtpon the transition to the
labour market, in terms of professional successth® graduate, is analysed
differentially between parental roles, with emphasisthe maternal role.
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Table 1: Descriptive statistics on characteristics of grategs and their parents.

Personal characteristics Parental characteristics

Sex father's education
Female 59.4y primary/middle school 42.04
Male 40.53 high school 39.86

degree 18.10

working condition Mother's education
looking for a job 9.1% primary/middle school 46.22
working only 51.59 high school 39.48
studying while working 8.24 degree 14.30
studying only 25.68
working while looking for
another job 3.18
not looking for a job 2.16

coherence of job with course of studies | father's sector of activity
very coherent 49.53 public 25.97
rather coherent 28.63 private 73.33
not very coherent 14.06 none 0.7(
not at all coherent 7.47

job search channel Mother's sector of activity
reply to job offer 16.52 public 31.31
active search 32.40 private 39.27
family/friends help 30.6H non labour force 29.42
employer direct call 11.21
stage 9.22

work experience while at University
occasional 34.9b
part time 17.08
full time 7.17
none 40.8(

3 Methods

As aforementioned, our analysis deals with duratr@mely with time spent in the
transition from having graduated to the job mark8tatistical methods for
analysing the length of time until the occurrencesofme event are grouped under
the denomination of Event History Analysis (EHA). @eally speaking, the
purpose of EHA is the detection of times patternd the explanation of why some
individuals are at a higher risk of experiencingttlparticular event rather than
others.

Since Cox’s contribution in 1972, models for lifee data have met increasing
acceptance especially in the case of continuous-tdat@ in several disciplines,
from medicine to engineering, from sociology to eawrcs (Singer and Willett,
1993). Nevertheless, in many applications and paldity in the case of
retrospective data collection, continuous-time nisd#o not adapt to contexts,
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because events are measured in discrete-time usuis) as years or months.
Besides, ties, also known as coinciding event tincas lead to bias in parameters
estimates when using Cox’s method (Yamaguchi, 19%dgnce, discrete-time

survival analysis has been adopted as a straigh#fiwrvapproach that prevents
possibly inaccurate statistical adjustments of camius-time methods to discrete-
time data (Allison, 1982, Singer and Willet, 1998)has also been shown that the
discrete-time model, developed for intrinsically aiste data, provides estimates
that are a close approximation to a model for vaécensored data. This model
assumes that the continuous hazard is constantnwiitervals (Allison, 1992).

We consider graduates in the years 2003-2004 at sonversities in northern
Italy, at risk of experiencing the target event widing a job. Event occurrence is
recorded in discrete intervals from the common iorigf graduation. Let the letter
j index months, th¢th month of work search beginning immediately aftare t;.,
and ending at tim¢; continuous time is then divided into an infindequence of
contiguous time periodsO( ti], (t1, t],..., (t-1, §], ... and so forth. Interest centres
on whether and, if so, on when and how first emplegtrtakes place. By ‘how’ is
here meant whether graduates decide to work exalsior instead whether to
work and to look for another job at the same tilBEA is therefore declined in the
form of a series of independent multinomial trialgith first employment as a
nonrepeatable event, with three specificationsad)the exclusive activity, ii) as
co- occurrent with additional investments in edumator iii) with further job
search. We thus adopt a competing risk model, coimpeisks being different
events that may occur within the same risk periotie Tevent occurrence is
inherently conditional, since first employment afggaduation can be experienced
in monthj only if never experienced before; each event isrepeatable, since it
can occur only one time and, once it has occurredthar itself nor others may
occur again. Considering different strategies tstfiemployment allows one to
overtake a potential aggregation bias that arisgs & single event (Yamaguchi,
1991).

Let T represent the discrete random variable (r.v.) thdicates the duration,
i.e. time distance from origin to monghwhen a randomly selected graduateom
our population finds her/his first employment; thgrdenotes the month when
subjecti experiments the event under study. In tryths observed only if théth
graduate finds a job before the end of the survey-sihr-called truncation daté,
otherwise her/his participation time is said torlght censored. To each graduate
it then corresponds a vectospecifying whether subjectis not right-censored:

0 j <t
Gi = . .
1>t
The censoring indexcj, when unitary, indicates that théh subject

experienced no events, while it is null if any ofetlkompeting risks occurred
before the last observation date With reference to the latter case, we can record
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the chronology of event occurrence, by means of dunvaayablesY;, whose
valuesy;; are defined as:

y = 1j=j

!

The indicatoryj, when unitary, means that subjeatxperienced the event in
month j; therefore it is always equal to zero for a rigesored subject. For a
non-censored subjecy; is null for all intervals prior tg; and equal to one i,
when the event occurs for individual The two notations; andy; synthesise
personal event histories.

Discrete-time hazarch’; is defined as the conditional probability of the
competing riskr of first employment in monthfor a randomly selected graduate
given that the event did not take place prior tonthoj. The hazard function
models graduates’ transitions out the state of ilogkfor a job into therth
employment state above-mentioned, as a functiaindd j, j=1,2,..,J , beingJ the
last period observed:

h=pf=jT2j) r=12.R (3.1)

The survivor function is then defined as the indival probability of
experiencing the event after time given she/he experienced no events befjore
and it is equal to:

S(t)=Pr(T 2t) = |‘ls (t)= ﬂ( Mo-n; (i)]] (3.2)

i<t
where:
S =Pr(T20)=[] L-n () r=12..R
i<t (3.3)
Hazard and survivor functions allow one to deseribe time trend of specific
risks. Their determination for discrete-time dagéers to the so called actuarial or
life table method. Ley"; =%;y'j be the number of subjects experiencing a target
event in each interval ang =Zic; the number of censored subjects in the same
interval. Therth risk rate in each intervalis then estimated by:
~ Y
N T e
n.—21 i
i1 2
wheren;; is the number of individuals at ri$lat the beginning of intervalg
are losses to follow up ipand riskr is assumed constant within the interval. The

r=12,..,R (3.4)

2 From the assumption of uniform distribution ofkim each unitary interval, it follows that
y'; are exposed to that risk on average only for calé &f the interval. From a similar assumption
of uniform distribution of losses to follow-up, dreouts take place on average at the midpoint of
each interval. Therefore, the quantity j-e;)/2 is to be subtracted at the denominator of ibk r
rate from the numben;, of subjects at the beginning of the interval, beszathe exposure of
subjects ¥’ j+e)) is just half of each interval.
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non parametric estimation of the risk and the swowifunctions represent the
traditional descriptive method in EHA, with establed procedures for comparing
survivor functions (Blossfeld and Rohwer, 2002, Lawless, 2003).

After examining the general risk profile, covagatare commonly introduced.
Their inclusion permits us to both estimate the=efffof one covariate, holding the
effect of all other covariates constant, and to enakplicit systematic differences
between people, in order to know what constitutes-tisk from high-risk
individuals (Singer and Willett 1993, Yamaguchi 199 This means assessing
whether different types of individuals, distinguesh by their values on specific
predictors, correspond to different hazard funciiofCrippa, 2004). Observed
heterogeneity is therefore introduced By predictors X, (p=1,2,...P), whose
values may be constant or vary over time. Individis values for each of thE
predictors in month are denoted as vectoxg=[ Xuij, X21ij,-.., %ij]. Thus, equation
(3.1) becomes:

hjr = P(T| = J‘-I_I 2 |, X = X K = Xoij y-0 X =XPij) r=12..R (3.5)

The functional form of the population hazard depsmzk, upon covariates and
time periods in (3.5), can be hypothesized as togi€Cox, 1972, Brown, 1975).
Such a model has the advantage of factorizing mtbaseline profile, when
covariates are null (see (3.1)) and into shift paaters, expressing the effect of
covariates on the baseline:

h' . .
In(l_"hrJzaDj + B, X, (3.6)

ij

where:

a=[ v, a2 ,..,ay ] is a vector of intercept parameters that capthesbaseline
level in each time period;

D;=[ Dajj , Dzjj ,.., Dyjj ] is a vector of dummy variabled,being the last period
observed, with valuedd{;, dj,.., djj ] indexing time periods, identically defined
for everyone:dy;=1 for j=1 and d;;=0 otherwise,dy;=1 for j=2 and d;=0
otherwise and so on;

L=[ B, B ,..., B3] is a vector of slope parameters expressing, dogsstic
scale, the variation of the baseline function doeat unitary variation of the
covariates;

X, is a vector of covariates, accounting for all heteneity between
individuals.

Expression (3.4) is the logit of the probability etperiencing the target event,
given it has never been experienced before, foriveng covariate vector. It
postulates that a predictor has a linear effecth@nhazard profile and that there is

®In particular, it is possible to compare two or nemosubgroups, defined by values of a
covariate as measured on population such as geedacation level and alike, relying on specific
test statistics, such as log-rank test, Wicoxor, tgeneralized Wilcoxon test, Wilconxon-Gehan
test and alike.
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no unobserved heterogeneity as above-mentionedid®&gsit assumes that the
odds ratio of the occurrence of a target event aivee is constant among groups
with different covariates Equivalently, it implies that, for every individuin the
population, at each timpthe odds of experiencing the event are proporticna
the odds of some individuals who represent the dates baseline values. It
therefore implies both that every covariate is timeéependent and that all
possible logit-hazard profiles, generated by dgfdrvalues of covariates, share a
common shape and are mutually parallel. This propoal-odd characteristics is
referred to as the ‘proportionality assumption’ (Yaguchi, 1991, Singer and
Willet, 1993).

Maximum likelihood estimatéf the discrete-time hazard model (3.6) can be
obtained using standard logit regression techniguethe case of competing risks,
a multinomial logistic regression model with cowdds can be fitted, where
multinomial responses are different risks of fieshployment as opposed to non
employment or another given reference status (&Mjsl982, Yamaguchi, 1991).

4 Results

4.1 Postgraduate crossroads

Descriptive life table analysis highlights time fahs in the transition to the
labour market Apart from cases of exclusive attendance to pashigates studies
and the like, a graduate’s first job takes placestiyowithin the first year of
search. In fact, less then 10% of health sciencems are still looking for a job
after twelve months, almost 20% in the case of eegiing, economics or statistics
majors and about 30% of humanities (Figure 1.a)eskh differences prove
significant in tests for life tables comparisonsamely to Wilcoxon-Gehan
statistics.

When they are determined to study further afterdgedion, subjects mostly
opt to postpone their entry onto the job marketead of working while studying.
The latter option, in effect, involves only 19,4%toof all postgraduate students

4 As the width of time intervals diminishes, theioaof two odds approaches the ratio of the
corresponding rates and the model becomes a cantgtime proportional hazard model.

®> Time varying covariates can be introduced by edieg the model to a non proportional odds
model.

® The likelihood function for the discrete-time hagarocess isL = |_| |_| (hijr )q (1— hj )(M)
i

" out of 3481 subjects, 394 found a job long befgraduation, having some students enrolled
at University while working. As a cut-off rule inetermining this group, when joined more than
twelve months prior to graduation, a job was regards extraneous to the University educational
process. Therefore 394 subjects were excluded fitoenanalyses of post graduate employment
strategies.
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and it varies according not only to subjects’ majoas above, but also to the
parental level of education. Actually, family culah background seems well
synthesized by the mothers’ educational level onBRirstly, homogamy -

homogeneity of education levels- is prevalent, sircinvolves 66.8% of parental
couples, being Spearman’s Rho equal to 0.634, @000 Secondly, when

schooling is heterogeneous across parents, liféeesabomparisons tend to be
clearer with reference to mothers. The higher threducation, the more young
adults devote solely to their postgraduate studied conversely, the lower their
educational level, the more graduates’ work at $heme time as improving their
educational qualifications (Figure 1.b).

hiajar mathers' education
. acanamic & junioriunior high
statistics 4 — — - high schoal
om-l — angenaaring I degrae
health .

-- GEjafcas

Figure 1: Survivor cumulative functions of entries in thédar market according
respectively to a) majors b) mothers’ level of edltian.

4.2 The long adolescence of the young adult: outdoas indoor?

Although quite powerful for time trends identifieat, methods so far adopted
become awkward when searching for explanations. s@@ning covariates in
Wilcoxon-Gehan comparisons one by one, or even lbhywdwo, turns out no less
than unproductive. As described in paragraph 2, EidAto be considered a
Generalized Linear Models (GLM), as it introdudase dimension in binary and
multinomial logit regression (Allison, 1984; Yamagihi, 1991). Discrete-time
model regression in equation (3.6) is estimatednvidtinomial logit procedures as
incorporated in current statistical software, sashSAS or SPSS (used both in our
analysis), provided data are stored in the forneguired.. As a matter of fact, in
typical person-oriented formats, each person indample has a single record of
data. Prior to a multinomial logistic regressiomabses, such a data set must be
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converted into a new one, where each record reptegbe person-‘time unit’, in
our case, person-month, in order that each perssnals many records as her/his
months of observation (Allison, 1984; Yamagouch891; Singer and Willet,
1993). Henceforth, the dynamics of entries in thigolur market is modelled as the
dependent variable in a corresponding multinomaegjitt model, where covariates
are time-invariant and separable in two sets. Titst et includes personal traits
and educational path: gender, months spent in hapkor the present job, years
spent at University for graduating, possible worperiences during studies. The
second set consists of parental characteristiceh @as level of education and
professional activity. Just one variable, chanrfelsjob search, merges personal
and family action, the latter being parents’ acqtances helpful in finding their
children a job,.

Firstly, graduates’ strategies of improving theivatjfications, either at
academic institutions or at other training site®, @@ken into account, as a function
of personal and parental human capital. Resultsthef multinomial model
estimation show gender and previous work experignas significant on the
subjective side, mother’s education on the famiiae (Table 2).

Table 2: Analysis of variance table and model fitting imfmation for multinomial logit
model on time patterns of qualifications improvernen

-2 log likelihood

Effect® for reduced model | Chi-square | df Sig.
Intercept 1740.397 .000| O .
month 2422.210 681.813 2 .000
gender 1843.833 103.436, 2 .000
work as 1789.282 48.885 2 000
undergraduates

mother's education 1801.939 61.542 4 000
Model -2 log likelihood | Chi-square | df Sig.
Final® 2285394  821.974 14 .000

(a) Results refer to subjects, namely 1150 out of th813 that attend some
kind of courses after graduation, for any workirandition.
(b) Final model is tested against the one with therogpt only

Table 3: Parameters estimates for multinomial logit moaleltime patterns of
gualifications improvement.
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95% confidence
interval for
Odds Exp(B)
B Std ratio | Lower | Upper
error | Wald | df | Sig. | Exp(B) | limit limit
Intercept -1.584| .140| 127.101] 1| .000
% month -.278 .013| 444.143] 1| .000 757 .738 77
o female 011 .087 .014| 1| .904 1.011 .851 1.199
;, male 0 0
£ 2| not working while
%‘ g -.607 .089| 46.638| 1| .000 .545 .458 .649
S o at college
» £ | working while at
o > 0 0
= © | college
< 2 mother: basic
i o ] .685 129 28.157| 1| .000 1.983 1.540 2.554
g education
£ [ mother: high 151 135 1.248 1 264 1.163 .892 1516
= school
mother: degree 0 . .10 .
; Intercept -2.303| .088| 683.771] 1| .000
E) month -.010 .005 3.337| 1| .068 .990 .980 1.001
= female 579 .059| 97.811| 1| .000 1.784 1.591 2.001
= male 0 0
S > not working while
- -.062 .054 1.290| 1| .256 .940 .845 1.046
o O at college
= g’ working while at 0 0
= | college
83 mother: basic
'9“0’: ] -.248 .073| 11599 1| .001 .781 677 .900
© education
£ | mother: high -197| 071 7.743] 1| .005| .822| 715 .944
24 school
_~<8 mother: degree 0 _ |0

(a) (.) implies that the antilog value is omitted besauhe corresponding parameter
is non significant
(b) Results in italics are non significant

Focus is here on the probability of attending sdwmel of postgraduate courses
respectively: a) as an exclusive activity, b) wehworking or c) while looking for
a job. Assuming category a) as the reference, pefr@m® estimation suggests an
inertial attitude, since the option for working astlidying at the same time after
graduation tends to be related to the same behavwetore graduation. Former
work experience at University doubles the propgnsido work and study
simultaneously with respect to subjects who neverked as undergraduate, as
odds ratio& show (Table 3).

8 In order to interpret parameters correctly in gilanodel estimation, their antilog has to be
computed. Then, the antilog @ parameters in Table 3 gives the odds ratio ofdhent under



Becoming Economically Independent: Weakening... 187

Gender plays a decisive role in the option of lemkfor a job while improving
one’s qualifications, as young women have this prgty almost twice (precisely,
1.784) as much as their male colleagues. Pareattdround receives its share in
this decisional process. When their mothers hal@wvaeducation level, graduates
have double the chance to work while studying ttair colleagues whose
mothers hold a degree, being the odds ratio equal384. Due to the homogamy
phenomenon aforesaid, this implies that the moréuced are their parents, the
greater the graduates’ investment in further leagribecomes, with driving forces
on mothers’ side.

Table 4: Analysis of variance table and model fitting infmation for multinomial
logit model on job agreements

-2 log likelihood

Effect (a) for the reduced
model Chi-square | df | Sig.

month 1470.554 247.960 2 .000
gender 1272.588 49.994| 2 .000
father's education 1278.262 55.668| 4 .000
work as undergraduates 1230.843 8.249| 2 .016
Model -2 log likelihood | Chi-square | df Sig.
Final® 1343.885 443.420 7| .000

(a) Results refer to 1753 subjects in the labour foveleile other 394 ones were
discharge since they had already found a job mdmen ta year before
graduation

(b) Final model is tested against the one with therggpt only

Table 5: Parameters estimates table for multinomial logitdel on time patterns of
contractual job agreements in entering the laboarkeit.

scrutiny for the specified covariate. In our cas¥aple 3 gives respectively the odds of working
while studying, and the odds of looking for a johile studying, over the probability of studying
exclusively.
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95% confidence
interval for
Odds  Exp(p)
Std _ ratio Lower Upper
B__error Wald df Sig. Exp(B) limit limit
Intercept 1.039| 0.106| 96.624] 1| 0.000
D month 0.079| 0.008|106.021] 1| 0.000| 1.082| 1.066| 1.098
g [|female 0.275| 0.062| 19.464] 1| 0.000| 1.317] 1.165| 1.488
§ male 0.000 0
o father: basic
g education -0.610] 0.103] 35.241] 1| 0.000f] 0.543] 0.444] 0.664
c father: high
= school -0.477| 0.104] 20.918] 1| 0.000] o0.620] 0.506] 0.761
5 father: degree 0.000
L not working while
T at college -0.129| 0.062| 4.325| 1| 0.038] o0.879] 0.778] 0.993
working while at
college 0.000 . ] o
5 |!ntercept 0.150| 0.142] 1.122| 1] 0.289
% month -0.049| 0.015| 11.213] 1| 0.001] 0.952| 0.925| 0.980
< female -0.253| 0.092| 7.564] 1| 0.006] 0.776] 0.648] 0.930
g [male 0.000 0
tg father: basic
= education -0.906| 0.140| 41.699] 1| 0.000| 0.404] 0.307] 0.532
o father: high
o school -0.545| 0.139| 15.421] 1| 0.000| 0.580| 0.442| 0.761
g' father: degree 0.000 _ 1 o
2 not working while
© at University 0.070| 0.093| 0.575] 1| 0.448] 1.073| 0.895| 1.286
n working while at
University 0.000 . ] O

(a) (.) implies that the antilog value is omitted besauhe corresponding parameter
is non significant
(b) Results in italics are non significant

Regardless of studies extension, when graduatesveedo enter the labour
market, determinants in Table 1 can be appraiseth wéspect to monthly
probabilities of attaining respectively: a) operded contracts, b) fix-term
contracts or instead of c) self-employment. Adogtoategory a) as the reference,
estimation procedures once again establish asfaignt gender and undergraduate
work experiences as personal resources, while fatleeucation replaces mothers’
one in familiar determinants (Table 4). Not surprigy, this result reflects
domestic course in self-employment as a family dgseenomenon, with children
joining family business or legal practice and thHé&e When fathers’ hold a
degree, graduates opt for self-employment almostewas much as graduates
whose fathers are less educated (Table 5). Theseddon of graduates’ human
capital with their family resources becomes visitsigoining parents’ professional
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activities, especially fathers’ ones. Such integyational junctions are above all a
male business, for women are less involved in esglployment altogether. Instead,
they are involved more often in fixed-term contsacather than in open ended
jobs, being the odds ratio equal to 1.37 with respe men. Lack of employment
stability should not necessarily be ascribed negaimplications, though. The
higher their fathers’ education level, the moredyrates accept contracts other
than open ended ones. In particular, with a graslfeather, employment instability
is tolerated twice as much as in other cases (Taple

5 Conclusive remarks

As sketched by results above, suggestions are tdiofim the first place, the
attitude of studying while working appears as canstin time, before and after
graduation. Subjects who devote their efforts btmthncrease their qualifications
and to keep their professional achievements injtlbe market, very often were
working as undergraduates. In addition, far morterthan their colleagues, they
belong to the least cultured families. This behavab inertia certainly reflects a
cogent needs of self-sustainment and it appeams stsategy of upward mobility
from one generation, less cultured, to the nexdt tises in education at the cost of
a more intense struggle. In the second place, theome of this mobility is not
undifferentiated in terms of employment conditioms, it proves to be a function
of parental background. Family influence, in fasgems well synthesized by
parents’ education levels, with emphasis on thehmi® role in affecting the
choice of postgraduate studies/training. The emjighahifts to the fathers’ role
when comes to the options for job legal agreemeHigher levels of parents’
education correspond, in effect, to more resolutgestment in postgraduate
gualifications and to specific forms of self empiognt.

Implications on intergenerational relations drawmnfar could be understood
further extending EHA to allow the inclusion of us®rved heterogeneity between
graduates due to unobserved individual charactesighat are fixed in time, in a
model also known ashared frailtymodel.
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