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Survival rates in unemployment

Vasilica Ciu@, Monica Matei

Abstract— In this paper we use survival analysis tools for théndividual in the labor force experiences unemployment during
examination of some aspects of the labor market in 16 counties®fyeeks per year and another where 10% of the population are
Romania. Our analysis is developed on a database which indugﬁ']%mployed during the whole year. “ A labor market in which

individual information about the subjects registered at the Natio w people become unemployed, but where those who do are

Agency for Employment of Romania during three years, starting wi} v to remain unemoloved for a verv lond time is likelv to be
2007. We analyzed the unemployment duration and we used y In unemploy very long time Is likely

Kaplan Meier estimator of the survival functions in unemployment iftore damaging than one in which are many more who become
order to estimate the probabilities of leaving unemployment. Thenemployed but remain in that position for only a short period
results of our estimation show that the survival rates iaftime.

unemployment are ir)fluenced by age, edycation, gender and also thatne welfare of unemployment depends on the probability of
each county has a different survival function. leaving unemployment and obtaining a job (hazard rate).
Duration of unemployment is sensitive to the level of

unemployment benefits and to the entitlement period to
benefits. In this paper we try to determine other factors (age,
I. INTRODUCTION education) which may produce variations of the unemployment

It is not enough to study the labor market only by anal Zinduration, using the survival analysis,
9 y y by y gﬁen the unemployment duration is computed as the average

the static variables ~like rates of employment an ration of unemployment spells currently in progress (or
unemployment. For the decision making on the labor market ploy P y prog

is essential to see the movement of people into and out ijoglserrupted/ incomplete spells) but there are also some

. - . ._nohparametric and parametric methods available for estimating
the extent to which they can or cannot quickly find alternat|vi? There are some studies [7] which highlight the main

employment and to which extent different groups of the Iab(c)jrifferences existing between the results obtained from the two

force are more affected than others. . )
. . methods. The nonparametric methods are those used in
Unemployment duration refers to the amount of time that an” . . . .
medical studies, known as survival analysis.

individual remains unemployed. What makes the . : ; :

. mploy . . . Survival analysis was used for analyzing the Romanian
unemployment duration an important variable in modeling ﬂ]ebour market in 2009, In that paper a semi-parametric Cox
labor market? The unemployment duration is an importarﬁ )

variable which can explain the changes in labor markets and o e>ston approach was employed to model the impact of the

S . ) - . . ariables age, gender, education level, and region on the
is widely used in the job destruction and job creation mode . A

. uration of unemployment spells in five Central and Eastern
when analyzing the flows between emponmentE

duropean countries [5]. Their results have shown that
unemployment and out of the labor force. Blanchard an ; . . .

. . . unemployed persons with higher levels of education are in a
Diamond ~ [1] ' examined " the unemployment duratlorﬂ)etter osition in the labour market. Another conclusion drawn
dependence and suggested that this affects both the match P '

. . o . |r|1n91e paper was that the longer the unemployment spell lasts
function and the wage function. Also it is interesting to stud ’

. . Pﬁe less pronounced the differences between different age
the unemployment duration over the economic cycle an
roups are.

afterwards to see which are the implications on other econon%
indicators are and how these affects other labor market

. . . . II. METHODOLOGY. ESSENTIAL CONCEPTS AND NOTATION
variables. During recession the unemployment rate increases

but also the unemployment durations. This has consequences

for household spending and financial solvency which requird®nparametric methods based on actuarial methods such as
specific labor market policies. those of Kaplan and Meier provide important tools for

In the “Employment in Europe 2009” we find an exampl inmstlnlg th(;/layerage ungmpt)kl)_yn_lentt(mrinon. developed
which illustrates the importance of estimating th% € Kaplan-Meier or product imit estimator was develope

unemplovment duration: “a 10% unemplovment rate cat Kaplan and Meier [4]. Their procedure is widely used in
ploy ) 0 ploy ‘medical studies where “death” and “alive” are used frequently.

reprgsept two entirely different realities in terms of thelrn the context of our paper “alive” is remaining unemployed
implications for the welfare of those affected: one where every 4 «death” is finding a job. Thus, the survival function (S[t])

Keywords— Hazard, Kaplan Meier, Survival, Unemployment
Duration.
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is the probability of an individual surviving (remainingWhere theO, and O, are the total numbers of observed events

unemployed) t units of time from the beginning of the study . .
The survival function shows what proportion of a cohort of' 9roups 1 and 2, respectively, arid,and E,the total

people who become unemployed remains unemployed as timgnber of expected events. In the context of our paper the

passes. In this paper we present a few survival functions ffent is given by leaving the unemployment. The total
various breakdowns- counties, gender, etc. expected number of events for a group is the sum of the

expected number of events at the time of each event. The
expected number of events at the time of an event can be
alculated as the risk for “death” at that time multiplied by the

In general the survival function S(t)=Pr(T >t), gives the

population probability of surviving beyont] where T is a
random variable called the lifetime or the survival time(1958$iumber alive in that group. [11]

The cumulative distribution of T iR (t)=Pr(T <t) and the Log rank test and Kaplan Meier procedure have been
probability density function ig(f) = dP(t)/dt. This means generalized in order to allow for addition during the study
the survival function iS(t) =1- P(t). (gradual entry into the study or staggered entry).

The survival data can be analyzed by regression models,
li\nown asCox proportional hazards models, and we will use

of . X . ; :

It in order to examine the relationship of the survival
distribution to covariates. The scale on which linearity is

Also, very important in the survival analysis is thazard
function. This function assesses the instantaneous risk
demise at time t, conditional on survival to that time

h(t) =ﬂ_ (1) assumed is the log-hazard scale. A linear model for the log-
S(t) hazard may be written as:
The Kaplan- Meier estimator allows the computation of anlog ) (t) =a + B,X, + B,X, +...+ B Xy » (4)
estimated survival function in the presence of right censoringherei is a subscript for observation ardre the covariates.
[2]. ) ) ~ The constan in this model represents a kind of log-baseline
The usual sample survival function for uncensored data is the logh ) =a ,
following [8]: hazard, sinc i , when all of thex's (explanatory
A m. variables are zero. The Cox model leaves the baseline hazard
S(t)= |_| {1_ r_(l)} (Zkunction a(t)=loghy(t) unspecified:
o 0 h t)=a t)expBX, + BoXip +...+ B X ) (5)

Where:
- The distinct failure times are denoted by:

Ly <tp <<l

This model is semi-parametric because while the baseline
hazard can take any form, the covariates enter the model

linearly. Consider, now, two observatiarend i' that differ in

- The number of failure times equal tg, is denoted bym;)  theirx- values, with the corresponding linear predictors
- The number of those individuals whose failure or censoring = %, + BoX + ...+ B X (6)
time is at least =1, is denoted by;, . N = BX%y + BoXip +ooct B Xine @)

The hazard ratio for these two observations,
This estimator is also called the product-limit estimator n.
because one way of describing the procedure is that hi ) f’b(t)e ! e”i
multiplies together conditional survival curves for intervals in = = (8)
which there either no censored observations or no deaths. TltlliS (®) %(t)e”i' e”i'
becomes a step function where the estimated survival is

reduced by a facto(l—]/r(i))if there is a death at timg, is independent of time t. Consequently, the Cox model is a
proportional-hazards model. So we don’t have to make

and a population off;,is still alive and uncensored at thatassumptions about the form of the baseline hazard. [3]

time [2]. The coefficient B, will be interpreted in terms of the relative
In order to see whether twor more survival curves are X.

identical we will use thdog rank test which is based on risk when the covariate" is increased by 1:

looking at the population at each death time and computing the(t)exp(8y(%, + ByX, + ..+ B; X; + D+ ...+ B Xy )
expected number of deaths in proportion to the number of
individuals at risk in each group. This is then summed over all a ©expBy(Xy + BoXip * ...t ﬁi Xj ot Pii)
death times and compared with the observed number of deaths = exp(BJ-)

by a procedure similar to th,efztest. [2]

The null hypothesis of this test states that there is no difference
between the population survival curves. The test statistic is
calculated as follows:

(Ol B E1)2 + (02 B E2)2
E E,

x? (logrank)=

3
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[ll. ESTIMATION declined in 2008 or 2009 compared to 2007. Also the situation
presented in the figure is an aggregation of the registrations in
A. Data the 16 counties, each of these having a different pattern in
In this paper we use survival analysis tools for the examinatiégrms of monthly registrations distribution.
of some aspects of the labor market in 16 counties of Romani
Bistrita Nasaud, Bacau, Bihor, Caras Severin, Calarasi, Clu
Galati, Giurgiu, Harghita, lasi, Maramures, Mehedinti, Satt soo0]
Mare, Salaj, Sibiu, Ilfov.
Our analysis is developed on a database which include “**7
individual information about the subjects registered at thi .| \,/\‘//,f/‘\\ /\
National Agency for Employment of Romania during three
years, starting with 2007. The information available for every 2000+
individual is: the month and the year of registration to the
employment agency known as the start date, the month and t
year when the individual stopped being registered at th 0
agency, known as the end date, gender, age, educational le
and county. We can not say that the end date is the date [—e— 2007 —=—2008 2009 |
leaving the unemployment because there is no information ] ]
available about the reason why individuals stopped coming f#3-1 Number of monthly registrations per year

the agency. It is obvious that only some of them changed their i i
status from unemployed to employed. Approximately 60% of the unemployed persons registered

We are dealing with right censored data, meaning sorR@Ch year are men. In terms of percentages of entries by age
individuals are still “alive” at the end of the study so the eveOUPS, there are small variations. Thus in 2007, 20% of the
of interest (death= leaving unemployment) has not occurreRrsons registered was in the age group 15- 25 years, 25 %
Also length of follow up varies due to staggered entry. So weéas in the 26-35 years group, 26% was in the 36-45 years
can not observe the event for those individuals witB/OUP, 22% was in the 46-55 years group and only 8% in the
insufficient follow up time. In addition to censoring because 016-65 years group. In 2008 the share of those registered from
insufficient follow up other reason for censoring includes lod§€ @ge group 15-25 years increased to 23%, at the expense of
to follow up: individuals stop coming to the agency foPther three age groups: 26-35 years group, 36-45 years group,
unknown reasons. 46-55 years group, their shares decreasing by 1 percentage

Also, we can see from our data that during the period geint. In 2009, compared to 2008 the distribution have
observation individuals experience not only one spell &hanged so that the age group 15-25 years share fell to 21%,
unemployment. So multiple unemployment spells are and the share of those from thg 56-(_55 years group.fell to 7%.
common experience in Romania. In terms (_)f p_grcentages of reglstratlons by education level h_as
Another problem in this database is that for many individuaR€€n @ significant change given that the share of those with
there is no information about their end date. This happelfdtiary education increased from 3.5% in 2007, to 5.4% in
because the contact with some individuals is lost after feg08 and 7.5% in 2009. _ , .
months after registering. Unfortunately we don’t know when N the year 2007, 16% of total inflows took place in lasi
this happened. If we had this information we could have us€8Unty which is the county with the largest share. Its share
this data as censored data (death from other reasons). GiJgflines to 12% in 2009 but it still remains the maximum
this problem we had to eliminate all this individuals from oughare. There are also counties like Bacau, Maramures, llfov,
study. $|b|u, SaIaJ,.Satu Mare where there was an increase in the
The initial database contail®59 985registrations. After the [nflow share in 2009.
elimination of the individuals ove§5 years old, of those under
15 years old, and of those with no information on the end dat |
the size of our sample w&51 164 Given some errors in the 14
data series, and given the fact that there are individuals with |
information available for the “end date” the final sample siz¢
became596 772 In conclusion in our data we hag86 772
completed spells of unemployment.

Figure 1 shows the numbers of persons registered at the Put
Employment Services every month. At the beginning of eac
year there are more entries than in other months of the ye
27% of the individuals registered in 2007 were still
unemployed in 2008 and 3.2% of them were still unemploye
in 2009. From all the unemployed registered at the Nationi
Employment agency in 2008, 30% are still unemployed i ] . ]

2009.Thus we can not say that the unemployment rate Hz§-2 Share of counties registrations per year
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The most important variable in our study is the duration dfable Il Average durations by age group
unemployment: the number of months between start date and
end date. The average of this variable, computed for the 16 ~ Age  <=25 26-35 36-45 46-55 56-65
counties is5.65months and its standard deviatioridQ The Group years years years years years
average duration has its maximum in llfov County (6.64
months) with a standard deviation equaBi®5 The minimum
average duration was in Cluj County (4.68 months) with a
standard deviation ef.14

Duration 5.13 548 5.84 596 6.07
(months)

The highest value of the unemployment duration was
obtained for the 56-65 years age group and the lowest value
was that calculated for the age group 15-25 years. As shown in

Table | Average duration of unemployment by county

Average Average .
County  duration Std. dev. County duration Std.dev. Table | the number of months spent in unemployment
(months) (months) increases as people age.

Bistrita N 4.95 3.28 Harghita 5.57 4.17 When computing all these average durations we did not use
Bacau 53 3.01 lasi 6.26 494 those individuals with no information about the end date.
Bihor 5.31 4.01 Maramures 55 3.93 A imatelv 90% of th istrati de in 2009

Caras Severin ~ 6.22 4.36 Mehedinti  6.14 5.57 pproximatety o Of those registrations were made In

Calarasi 5.37 4.23 SatuMare  6.01 33 thus we can conclude that they are still unemployed at the end
Cluj 4.68 4.14 Salaj 5.53 4.15 of our study. In terms of survival analysis, they are still alive,
Galati 6.07 5.43 Sibiu 5.45 3.9 50 they might be considered as censored data.

Giurgiu 6.22 5.67 lifov 6.64 3.96

B. Estimation of survival functions —staggered entry
The histogram build on the 596 772 completed spells, fsrst we have analyzed a staggered entry situation, meaning we
represented in the figure below. have considered as inputs all the registrations in our database,
(] whatever being the registration date.
- The Kaplan Meier estimator of the survival function is
presented in fig. 4

150000
|

100000

w ]
=i =
w
—=
- = |
r T T T T T T 1 =
u] 5 10 15 20 2 30 35
Duration g T
Fig. 3 Histogram of the unemployment duration
—
:; ] T T T T

The average duration of unemployment for women is 5

months and it is larger than the men average duration which

5.54 months. Unemployed individuals with higher educatiohig. 4 Survival function for staggered entry

remain unemployed, on average 4.88 months, less than the i

unemployed who have completed only high school. Their The first column of Ta}ble 1l shows. the month of our study,

average unemployment duration is 5.68 months. The pers¢fi§ second one contains the surviving probability for the

who have completed only elementary school experience tRgrsons included in the study and the last two columns

event in question (finding a job) after 5.81 months. represent thg lower a.n.d the upper bound of a 95% confidence
There are also differences by age group in terms of averdgerval of this probability.

duration of unemployment as it can be seen in Table II.

1 1 2 ia 4a
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Table Il Surviving probabilities for staggered entry =
Lower Upper —LL
Month Survival 95% CI 95%CI a4 1
1 0.882 0.879 0.885
2 0.805 0.802 0.808
3 0.616 0.613 0.620 S
4 0.455 0.452 0.458
5 0.371 0.368 0.374
6 0.277 0.274 0.279 S
7 0.204 0.202 0.205
8 0.172 0.170 0.174
9 0.149 0.148 0.151 o
10 0.130 0.129 0.132
11 0.117 0.116 0.119 =
12 0.099 0.098 0.100 o
13 0.084 0.083 0.085 . . T T T T
14 0.073 0.072 0.074 o 5 10 1s 2 25 L
15 0.0617 0.0610 0.0624 Fig.5 Survival functions per gender
16 0.05272  0.05212  0.05333

There are significant differences between women and men

The probability of survival is 0.882 in the first month of ouonly in the first six months of the study. As can be seen in
study period. The 95 percent confidence interval of this val@ble 1V, in the 18 month there is very little difference
is (0.879, 0.885). In the third month this probability declines teetween the survival rate for women which is 0.067 and men’s
0.616 and its confidence interval is (0.613, 0.620). After 1tAte which is 0.064.
months the survival probability gets under 10%. The
probability of survival gets close to zero in the 28 month of thEable IV Surviving rates on gender
study. In the 31 month the survival rate is 0.0096.

Lower Upper
C. Estimat ¢ ving functi v at th i Month Gender Surv. 95% ClI 95% ClI
. Estimation of surviving functions- entry at the same time

1 Fem. 0.900 0.895 0.905
, ) Masc. 0.881 0.877 0.885
The results presented in the following paragraphs are Fem. 0.844 0.838 0.856
obtained from an analysis developed on a cohort entering 2 Masc 0.787 0.781 0.792
unemployment at the same time: first month of our study. Thus Fem ' 0'402 0'394 0'411

we considered only the inflows occurred on 1 January 2007. 3 X ' ' '
. o : Masc. 0.375 0.369 0.381

This means our sample size is 36 746 and we want to test on it

: . . . Fem. 0.311 0.304 0.320
if the survival rates are different for different age groups, 4 M 0270 0265 0276

educational levels, gender and counties. asc. ) ' )

Considering only these observations we obtained a survival
function which shows that the probability of survival is 0.88 in 10 Fem. 0.067 0.063 0.072
Masc. 0.064 0.061 0.067

the first month of our study period. The 95 percent confidence
interval of this value is (0.85, 0.89). Obvious this confidence o _
interval is larger than in the staggered entry situation. In tid'® Log rank test (Table V) indicates that the survival
third month this probability declines to 0.384 and it§unctions are not the same for women group and men group.
confidence interval is (0.379, 0.389). After 6 months the ) _

survival probability gets under 10%. The probability off able V Log rank test for survival function on gender
remaining unemployed gets close to zero after 13 months from

the beginning of the study. Observer  Expectel (O-E)2/E
We wanted to see if the survival function is the same fovomen 12193 12800 28,80
women and men and Fig.5 shows that there are minonen 24553 23946 15,40

differences with an advantage for men over women.
Chisq= 72.9 on 1 degrees of freedom, p=0
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In Fig. 7 are presented the Kaplan Meier estimators of the
survival curves on educational levels. We have consider _ |
four educational levels: level 1 refers to elementary schoc = 7'}
level 2 refers to vocational education, level 3 refers to hic l
school, and level 4 refers to higher education. The figu
shows that major differences in the survival curves appe &

after the forth month of unemployment.

-F'_'
0‘4
I
’I_"_r-‘-‘-‘:l]

. — 1525 years
E4l — - 26-35years
| === 36-45years
] == 4B8-55years
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o
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s T
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14 o1
) _ e - - —— e m
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Fig. 8 Survival curves in unemployment on age groups

- levell
= = level2
= leveld

- = leveld The age influence is also indicated by the log rank test
(Table VII). Given that the value qf is 1.51e-12 the null
hypothesis has been rejected.

) ) ) ] Table VII Log Rank test for survival functions on age groups
Fig.7 Survival curves in unemployment on education levels

] Observe  Expecte: (O-E)2/E (O-E)M2/V
Not only the figure but also the Log Rank test (Table VIy
suggests that education is a major factor affecting the duration®>” %° 5297 5050 12.03 23.29
of unemployment (the p-value= 0.0). The individuals within
the low level of education group have the highest probabilitg 9618 9370 6.54 14.45
of employment. Those individuals with high school diplomal?®-3° years
have the lowest probability of employment. The educational 10510 10749 531 12.42
level has no influence on the survival rates after 12 months 86-45 years
unemployment 8564 8880 11.26 24.62
46-55 year
Table VI Log Rank test for survival functions on education 2757 2696 1.39 246
levels 56-65 year
Observe:  Expecte: (O-E)"2/E (O-E)*2/V Chisq=61.4 on 4 degrees of freedom, p=1.51e-12
Level 1 24830 22654 210.8 965.1
Level 2 7226 8247 126.4 273.9 The analysis presented in the next paragraph islajzee
Level 3 3923 4975 222.6 4349  on 8 counties, one for every development region of Romania
Level 4 767 879 14.2 23.8

Considering only these 8 counties and only the iddiss
registered in January 2007 we obtained a survival function
which shows that the survival rate in the first month is 0.9 and

. . in the third month is 0.41. The probability of remaining
Also the age influences the probability of employment. Th'ﬁnemployed gets close to zero in the twelve month of the

fact is proved by fig. 8 presenting the Kaplan Meier estimato, udy

of thti\ sur}/lval cur\I/es In l:nt(;mployment b_y a%e. (\)Ar;ly afttgr 1 Next, we test if the survival rates are the same for all the
mon Sd'?f unemp oymenh € curves coincide. he nor'fge ht counties. We plotted in Fig. 6 only four of the eight
strong difierence amongt ES€ curves staytmg with mont rvival functions. The figure shows that each county has
unemploym('ent.a.nd an inversion of them in month 6. It see other survival function with a different behavior. For
that for the individuals in the age groups 36-45 years and xample, in the first months Caras Severin county has the

55 years it is the most difficult to find a job and that it is eaSi(?(Swest unemployment duration meanwhile in the interval 6-12
for those in the age group 15-25 years.

Chisg=1009 on 3 degrees of freedom, p=0
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has the highest unemployment duration. Thus in Caras SeveFable VIII a Probability of surviving in the "6month by
county the probability of remaining in unemployment after thgender
first month is under 0.8 whereas in Satu Mare or Mehedinti

this probability is close to 0.9. In October 2007 the probabilit County Men Women
of remaining unemployed gets close to zero in Calarasi coun Bacau 0.176 0.188
meantime in Caras Severin is 0.2. After 15 unemployme Binhor 0.084 0.097
months the survival curves coincide. Bistrita Nasaud 0.113 0.243
- Caras Severin 0.343 0.174
B Calarasi 0.029 0.034
Cluj 0.179 0.182
- Galati 0.052 0.091
= Giurgiu 0.062 0.0569
Harghita 0.165 0.216
lasi 0.052 0.065
= Maramures 0.041 0.098
Mehedinti 0.037 0.064
Satu Mare 0.227 0.218
= Salaj 0.068 0.122
Sibiu 0.113 0.168
— Caras Sevarin lifov 0.273 0.18
™ = = Calarasi
= === Mehedinti . .
== SatuMare In the previous sections we concluded that the unemployed
persons with high levels of education are not advantaged on
P T T e ———. the labor market. They experience high levels of
° : , : , , unemployment duration. The results presented in Table VIII ¢
0 5 10 15 20 25 show that there are two exceptions to this rule: Satu Mare and
Fig.6 Survival functions per county Maramures. In these counties the individuals with higher

education have the lowest survival rate.
The Log rank test indicates that the survival times are
indeed different: given that the chi-square statistiil&0on7 Table VIIl b Probability of surviving in the "6month by
degrees of freedom and the valugpa$ 0, the null hypothesis education level
has been rejected.

We have estimated the survival curves for every age grogpounty Level1 LevelZ Level2 Level4
on the eight counties in order to see if there is a differeBacau 0.124 0.265 0.345 0.333
behavior for every group. In the age groups 56-65 years Sagihor 0.022 0.193 0.437 0.322
Mare county seems to have the biggest problem with thgistrita Nasaud 0.13 0.163 0.224 0.2
employment. For this age groups, low survival rates icaras Severin 0.109 0.494 0.424 0.529
unemployment have counties like: Calarasi, Mehedinti, Galaticg|arasi 0.017 0.056 0.1 0.2
In the age groups 26-35 years, 36-45 years, and 46-55 yegify; 0092 0296 0.325 0314
we have the same situation as described in Fig. 6, with highgr, |5+ 0.038 0.169 0.25 0.161
survival rates in unemployment for Caras Severin county. F%iurgiu 0.029 0.097 0216 0285
the age group 36-45 years we find a significant increase of trl‘—?arghita 0076 0351 0471 0217

survw.al probablllty in gnemployment for lifov County. Ilasi 0024  0.103 0.242 018
Estimating the survival functions for each educational lev 0035 0082 0093 0.027
for all the eight counties we found that for level 1, Satu Mare%jaramures ' ' ' '

County has the highest survival rate in unemployment. ehedinti 0.034  0.098 0.113 0.171
Mehedinti and Calarasi remain the counties with the lowestatU Mare 0.249 0176 0195  0.142
survival rates independent of the educational level. Salaj 0.034 0226  0.301  0.157

For the other educational levels Caras Severin remains tRéiu 0.072 0.223 0.32 0.191
county with high probability of survival. IIifov 0.201  0.238 024 033

Finally we estimated the survival functions separately for all
16 counties and we summarized the results in the Table VIIl. When estimating the survival functions on age groups we
These results demonstrate once again that the counties $&¢ that the unemployed from the 36-45 years and 46-55 years
very heterogeneous. Thus, there are three counties whereage groups are facing the biggest problems on the labor
survival rate for the unemployed men is higher than the womatarket. We can draw the same conclusion from the Table VIiI
rate: Caras Severin, Satu Mare and llfov. c. But we must mention that in Bihor and lasi it is even more
difficult for those in 56-65 years age group to find a job.
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Table VIII ¢ Probability of surviving in the"™8month by age - The unemployed persons from the age groups 36-45 and 46-
55 years have a higher probability of remaining unemployed;

15-25 26-35 36-45 46-35 56-65 we think that it may be more difficult for them to adapt to the

County years years years years years new labor market conditions:
Bacau 0.022 0164 0239 0223 0.194 . Gjven the fact that the survival curves are different in the
Bihor 0.012  0.068 0124 013 0165 znalyzed counties, in our future research we must investigate
g::;;as'\'eizi‘;d %‘%%% %02%% 0'3733 %éﬁ_’ %'11722\v/\\/lhich factors are causing these differences.
Cluj 0.01 0.133 0.207 0.237 0.225 . L
Galati 0.009 005 0063 0105 0073 considered as very preliminary results
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