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Abstract

The main objective of this paper is to examine methodological and applicative problems of sur-
vival analysis in the analysis of socio-economic phenomena.

Although at the beginning the survival analysis was used to study death as an event specific to
medical studies, as from the '70s these statistical techniques have been increasingly used in economics
and social sciences. Besides the fact that survival data are not normally distributed, they often contain
incomplete information, censored subjects. Censoring of subjects may be on the right or left. It is vital
to include censored subjects in the statistical analysis. But, according to Greene (2003), a very large
number of censored subjects may affect the accuracy of statistical tests. We presented in this paper
methodological aspects of Kaplan-Meier analysis, and statistical significance testing for the resulted
survival curves. We have also concentrated on the Cox regression, and we have set out the concept of
hazard, baseline hazard, hazard rate, hazard rate interpretation. An application of the survival analy-
sis in unemployment is presented.
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1. METHODOLOGICAL PROBLEMS OF SURVIVAL ANALYSIS

The first use of survival analysis and duration models comes from medical research.
Survival analysis involves the modelling of time to event data; in this context, death or fail-
ure is considered an "event" in the survival analysis literature. Although at the beginning the
survival analysis was used to study death as an event specific to medical studies ([1], [19])
and demographical studies ([3], [5], [8]), as from the '70s these statistical techniques have
been increasingly used in economics and social sciences. Survival data requires a different
statistical analysis compared to the quantitative data due to their particularities. Besides the
fact that survival data are not normally distributed, they often contain incomplete informa-
tion, censored subjects. Censoring and abnormality distribution of survival data raises
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specific methodological and statistical techniques required for an adequate analysis. Censor-
ing of subjects may be on the right or left. It is vital to include censored subjects in the
statistical analysis. But, according to [9] a very large number of censored subjects may af-
fect the accuracy of statistical tests. A detailed analysis of survival is presented by [24] and
[11], [15].

The survival analysis can be used for socio-economic research to investigate complex
phenomena such as unemployment, employment, inflation, supply and demand for bank
loans, life expectancy of the products, the producer and consumer, etc. Survival analysis,
adapted in conventional econometric modelling data, received the title of duration models
([16], [14], [18]).

The advantages of survival analysis can be grouped as follows:

a) descriptive, for the sample of subjects examined;

b) predictive for the representative population of subjects;

¢) as acomparative method being objective and presenting a high accuracy.

Using survival analysis involves the simultaneous observance of the following condi-
tions:

a) the researcher must analyze empirical data for all subjects in the study. Subjects who
didn’t achieve the pre-established event will be censored on the right. All right censored
subjects are lost from the statistical observation.

In Figure no. 1 we have the graphical representation of survival data. On the abscissa
we have presented the observation period of subjects, measured in months, and on the ordi-
nate we have presented the observed subjects. Horizontal segments represent the periods of
tracking subjects, and x is marked with the event default. It is noted that subjects B and C
are right censoring, assuming that the survival time was 80 months.

A-accomplished event

B-censored X

C-censored

D-accomplished event

0 10 20 30 40 50 60 70 80

Survival time (months)
Figure no. 1 Graphical representation of survival data
b) It happens sometimes that subjects are not taken into study at the same time. If subjects

do not entry simultaneously in the study, we will have progressively censored data. (Figure
no. 2)
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Figure no. 2 Graphical representation of survival data

The study began with A, F and G subjects; then entered in the study the subject B, 15
months after its start, followed by C to 25 months from the start and subjects D and E at 40
and 20 months from the start of the study. Subjects B, E and G have not accomplished the
event during the study.

1.1. KAPLAN —-MEIER METHOD

The Kaplan-Meier method is a nonparametric (actuarial) technique for estimating time-
related events (the survivorship function). Ordinarily it is used to analyze death as an out-
come, in biostatistics, but in recent years these techniques have also gained popularity in the
social sciences or industrial statistics (an economist might measure the length of time people
remain unemployed after a job loss or an engineer might measure the time until failure of
machine parts). A plot of the Kaplan-Meier estimate of the survival function is a series of
horizontal steps of declining magnitude which, when a large enough sample is taken, ap-
proaches the true survival function for that population. The value of the survival function
between successive distinct sampled observations is assumed to be constant.

An important advantage of the Kaplan-Meier curve is that the method can take into ac-
count "censored" data — losses from the sample before the final outcome is observed (for
instance, if a patient withdraws from a study). On the plot, small vertical tick-marks indicate
losses, where patient data has been censored. When no truncation or censoring occurs, the
Kaplan-Meier curve is equivalent to the empirical distribution.

Kaplan Meier method presupposes a greater reduction in calculus volume than the ac-
tuarial method, because survival is estimated every time when the pre-established event for
a subject occurs (employment in our case), thus neglecting the registrations lost of sight
along the survey.

The stages of Kaplan-Meier method are:

- listing the time when the pre-established event occurs, since subject’s involvement
in the survey (participation time);

- finding for every participation time the number of subjects that continue to partici-
pate in the survey — those who did not achieve the pre-established event
(employment in our case);
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- establishing the number of subjects who achieved the pre-established event within
nx time interval;

- the calculus of the probability of occurrence of the pre-established event, for each
participation interval (dx) according to the formula: gx=dx/nx, where x is the par-
ticipation duration;

- as for the actuarial method, the calculus of survival probabilities for x duration is:
px=1-gx, and the cumulated survival probability is Px=px(px-1)(px-2)....p2p1.

The survival rate is expressed as the survival function S (l‘ ) :

s (t) _ number of the unemployment spells surviving until time t or longer M

total number of unempl. spells observed

The survival function S (Z ) denotes the probability of unemployment duration until
time ¢ or longer and is given by

S(t)=P(T=1)=1-F(r). @)

where T denotes survival time — duration of unemployment spell, and F (l‘ ) is distribution

function of 7. F (l ) measures the probability time of survival — unemployment duration
up to time .
The product limit method of Kaplan and Meier (1958) is used to estimates S :

S(r)= H(1—i} 3)

t;<t n;

1
i

where 7, is the survival time — duration of unemployment spell at the point i, d, is the
number of ends of unemployment spell up to time f, and 7, is the number of cases of un-

employment spells at risk just prior to #;. The survival function is based upon probability

that a case of unemployment spell survives at the end of a time interval, on the condition
that the individual was present at the start of the time interval. The survival function is the
product of these conditional probabilities.

The Kaplan-Meier technique is usually only useful as a method of preliminary evalua-
tion, since it is purely a descriptive method for the evaluation of one variable. The survival
curve of this method is scalariform because the proportion of subjects who have the chance
to continue observation without the occurrence of the pre-established event changes exactly
at the moments when the pre-established event is achieved. The survival level is of 100%
from the curve origin until the moment of the first occurrence of the event (employment in
our case), where it drops to the new calculated value, that constitutes a new level during
which survival is constant, until the next event achieved. Therefore, every step corresponds
to the occurrence of one or several pre-established events.
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1.2. COX REGRESSION

Cox regression can be used to determine whether a characteristic of subjects affecting
the survival and, if so, how much and in what direction (to increase or decrease). Survival
prediction can be difficult if not taking into account all factors that influence it. It is there-
fore necessary to identify those variables that affect the survival and that can be used in the
calculation of a predictive indicator of survival. A method to determine such an indicator,
and associated survival curve, is called Cox proportional-hazard regression. Cox proportion-
al-hazard model is a semi-parametric method that enables to determine the effect of different
variables on the hazard. Assuming that we have "n" units’ individual under observation,
then the model has the form:

AW)y=e" A =c,- A1), i=12,....,n )

’

’
where X, = (xil, Xigsenns xik) is the vector of variables factor, ,3 = (,31,,32,.. . ,ﬂk) is
the vector of regression coefficients, 27 (¢) is the hazard calculated for each individual i and

ﬂo(l‘ ) is the baseline hazard. The baseline hazard function corresponds in our case to the

probability of employment when all the explanatory variables are 0. The proportional haz-
ards assumption is the assumption that affect parameters multiply the hazard. The ratio of
the hazard function is named the hazard ratio. A comprehensive introduction to the Cox
model is given, by [11] and [15]. Hazard and the probability of survival are interrelated; the
relationship is complex, but sufficient to be able to determine a parameter with the other. If
the hazard is constant for the entire duration of study, means that the risk of death is inde-
pendent of the duration of survival of an individual.

The proportional hazards assumption is crucial for the Cox regression model. The pro-
portional hazards assumption can be checked using the log-minus-log curve or with the help
of partial (Schonfeld) residuals. In the first case, if baseline hazards are proportional, then
the lines corresponding to individual layers must be parallel; in the second case proportional
hazards assumption requires that in the Schonfeld graph there should be no pattern. If pro-
portional hazard assumption is violated, then we shall build a Cox model with non-
proportional hazard by entering an interaction between the specific covariate and time.

2. MODELLING TIME OF UNEMPLOYMENT WITH SURVIVAL ANALYSIS

In this section we analyzed the influence of exogenous variables gender, age and edu-
cational level for the duration of unemployment in Gorj County, using the survival analysis.
We used the data made available by the National Agency for Employment (NAE) Buchar-
est; the sample was made of 29544 registrations, with information concerning the start date
and the end date of unemployment spells, gender, age and level of education and the reason
of unemployment leaving for each registered person during 1* January 2005 — 4 August
2006. 39.6 percent represents female unemployment and 60.4% represents male unemploy-
ment. The minimum duration of unemployment spells is 0 days and the maximum is 675
days; the average duration of the unemployment spells is 155 days. The fluctuation around
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the mean duration of the unemployment spells is presented by the dispersion measured, with
a skewness of 0.731 and a kurtosis of 0.195.

Regarding the factor gender, we noticed that the male unemployment in Gorj County
for the analyzed period is higher than the female unemployment, and for the unemployed
men it lasts longer than for unemployed women (the more the unemployment period lasts,
the more differences between male and female unemployment increase). Taking into ac-
count the fact that the number of women in Gorj County that are able to work is higher than
the number of men in 2005 and 2006, we draw the conclusion that differences between the
number of women registered as unemployed and the number of men are a direct conse-
quence of the continuous reorganization, after 1992, of the mining sector, thermo energetic
and oil tanker in the Gorj County area, with negative effects on men belonging to all educa-
tional levels, employed in these jobs.

As for the factor age, the average age of the persons registered in the database is of 33
years, and the median is of 32 years. Most of the unemployed registered in the database are
aged between 15-35 years; the youngest subject is 15 years and the oldest is 62. The high
number of young unemployed registered in Gorj County shows that young people cannot
find a job after finishing their studies, as the labor market in the county is not ready to re-
ceive them. The age distribution is positively skewed. In our analysis we divided the
variable age into five groups (group 1 -15-24 years, group 2 - 25-34 years, group 3 - 35-44
years, group 4 - 45-54 years and group 5- 55-64 years), according to the Romanian Year
Book 2005 and the methodology of Romanian Institute for Statistics). As we can notice
from Table 1, there is a positive correlation between age and duration of unemployment:
with the age increasing the duration of unemployment increase.

Regarding the level of education, 7.8% registered in the database are university gra-
duates, 2.5% graduated from post high school, 21.1% graduated from specialty high school,
13.5% graduated from theoretical high school, 0.3% are special education graduates, 24.7%
have vocational school, 5% graduated from foremen school, 6.1% are apprenticeship com-
plementary education graduates, 16.4% graduated only from secondary school, the
educational level for 2.1% is unfinished secondary school, and 0.5% are without education.
In data processing we have grouped persons by their educational level in 5 groups: group O -
without graduated school, group 1- unfinished secondary school, secondary school, voca-
tional school, apprenticeship complementary education, special education, with the
maximum number of 10 years of study, group 2- theoretical high school, specialty high
school, with 12 respectively 13 years of study, group 3 — foremen school and post high
school with 14 years of study and group 4 corresponding to university education, (with short
form — college), with 15, 16 and respectively 17 years of study (according to the methodolo-
gy of the Ministry of Education Romania). As we can notice from Table 1, there is a
negative correlation between level of education and duration of unemployment.

In table 1 we have descriptive statistics for the duration of unemployment spells in
days and the variables gender, age, and level of education.
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Table no. 1 - Descriptive statistics for the duration of unemployment spells (in days)

N MEAN STD. DEV. 95%
CONFIDENCE
INTERVAL FOR

THE MEAN

Total 29544 155.30 132.10 (153,54, 157,0)

Factor Gender
Male 17831 157.24 138.17 (154.93-159.54)
Female 11713 151.78 118.17 (149.15-154.42)
Factor: Education

Level 0 — with- | 141 245.53 188.34 (209.09-281.98)

out education

Level 1 14643 173.42 131.89 (170.91-175.94)

Level 2 10231 143.54 129.42 (140.65-146.42)

Level 3 2212 139.71 142.93 (132.48-146.95)

Level 4 2317 106.59 108.15 (101.57-111.61)

Factor: Age

15-24 years 9505 116.30 94.56 (114.24-118.36)

25-34 years 7161 157.30 127.13 (153.94-160.65)

35-44 years 6841 187.11 150.36 (182.69-191.52)

45-54 years 5401 198.51 159.29 (193.05-203.97)

55-64 years 630 214.56 159.86 (198.29-230.83)

The result of the Kruskal —Wallis test allowed us to reject the null hypothesis. The dif-
ferences noticed for each of the levels of the factors gender, age and level of education,
regarding the mean duration of unemployment spells are statistically significant.

2.1. RESULTS OF THE KAPLAN — MEIER ANALYSIS
In figure 3 there is presented the survival curve for the women (0) and men (1) in the
database. The results suggest a significant difference in probabilities of remaining unem-

ployed between female and male; the median unemployment duration for female is 180 days
and for male is 185 days. After 600 days the curves coincide.

Survival Functions

.4 1 gen
-
= 1
2
! -+ 1-censored
0.0« = o
-2 -+ O-censored
-100 o 100 200 300 400 500 600 700
zile

Figure no. 3 Survival function estimates for female and male unemployed
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In Figure no. 4 there is presented the survival curve for the age groups 15-24 years, 25-
34 years, 35-44 years, 45-54 and 55-64 years. Applying Kaplan-Meier analysis we have:

Survival Functions

NVARSTA
1.2
e 5
1.0 o
+ 5-censored
.8 = =] a
4-censored
.6 «
3
-4 3-censored
e 2
2
+ 2-censored
0.0« 1
-2 + 1-censored
-100 o 100 200 300 400 500 600 700
zile

Figure no. 4 Survival function estimates for the age groups 15-24 years, 25-34 years, 35-44 years,
45-54 and 55-64 years

We can notice that the probability of remaining unemployed increased with age. The
older persons are disadvantage on the labor market of Gorj County. The median unem-
ployment duration for the age group 15-24 years is 173 days; for the age group 24-34 years
is 180 days, for the age group 35-44 years is 336 days, for the age group 45-54 is 346 days
and for the age group 55-64 is 346 days. The differences observed are statistically signifi-
cant.

In Figure no. 5 there is presented the survival curve for the level of education. Apply-
ing Kaplan-Meier analysis we have:

Survival Functions
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Figure no. 5 Survival function estimates for the five groups of education
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We can notice that the probability of remaining unemployed is higher for the persons
without education, followed by the persons with foremen school and post high-school and
the lowest probability of remaining unemployed is for the persons with university education.
We can also notice that after 600 days unemployment curves start to coincide and the educa-
tional level no longer influences the probability of finding a job.

The result of the log rank test with Chi-Squared distribution under the null for all three
factors, confirm the results derived graphically from the Kaplan-Meier estimates of the sur-
vival functions.

2.2. COX ANALYSIS RESULTS

The empirical analysis was performed with the SPSS 10.0 program package. The fac-
tor gender was coded as 1 for the male unemployed and O for the female unemployed. The
age variable was divided into 5 intervals, in conformity with the Romanian Year Book 2005
and with the Romanian statistical methodology. As for the variable education, we have
grouped educational levels as it follows: group O - without education; group 1: unfinished
secondary school, secondary school, vocational school and apprenticeship complementary
education and special education; group 2: theoretical high school, specialty high school,
group 3: foremen school and post high school; group 4: college, university education. It is
obvious that the duration of unemployment is higher for the lower levels of education and
lower for the higher levels of education.

The reference category of covariates was the last category, and the Enter method was
selected; all of the predictors were specified in the model simultaneously.

The results of the omnibus tests of the model coefficients are given in Table 2. The ob-

tained results allow us to reject the null hypothesis H  : B=0.

Table no. 2 - Omnibus tests of the model coefficients

-2 Log Overall Change From Change
Likelihood (score) Previous Step From Previ-
ous Block
Chi- | df | Si Chi-square | df | Sig. Chi-square | df | Sig.
square g.
123126.523 499.055| 3| .0 476913 31 .000 476.913 3| .000
00

a Beginning Block Number 0, initial Log Likelihood function: -2 Log likelihood: 123603.436
b Beginning Block Number 1. Method = Enter

In Table 3 are presented the results of the Cox regression analysis: B is the estimate
vector of the regression coefficients, Exp(B,) is the predicted change in the hazard for each
unit increase in the covariate.

Table no. 3 - Variables in the equation
B SE Wald | df | Sig. Exp(B) [ 95.0% CI for Exp(B)
Lower | Upper

Gender | .333 | .028 [ 144.537 1| .000 1.395 1.321 1.472
Age .068 | .011 36.620 1| .000 1.070 1.047 | 1.094
Educa- 334.682 4 .000

tion
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B SE Wald | df | Sig. Exp(B) | 95.0% CI for Exp(B)
Lower | Upper

Educa- 043 264921 1| .000 493 452 537
tion(1) | .708
Educa- 044 86401 | 1| .000 663 608 | 723
tion(2) | 411
Educa- 1050 21803 1] .000 760 678 | 853

tion(3) | .274

As we can notice from table 3 the hazard for the unemployment spell to end is 39.5%
higher for the unemployed female that for the unemployed male. With increased age, the
hazard is reduced by 0.7% each year. All levels of education have significant hazard ratios
of less than 1; the hazard ratio is the lowest for the level 1 - unfinished secondary school,
secondary school, vocational school and apprenticeship complementary education, special
education -0.493 and the highest for level 3 - foremen school and post high school (0.760).
As we expected, the hazard ratio increased with higher levels of education.

The proportional hazards assumption is very important for the Cox regression. Using a
graphically examination, the proportional hazard assumption is not violated if the survival
curves for different group of individuals do not cross. We performed the log-minus-log plot
and we observed that in our case the survival curves are crossed.

For the next step we performed the partial residual plot and we noticed the fact that the
baseline hazards are not proportional and R squared linear indicates a positive correlation
between partial residual and time, therefore the proportional hazard assumption does not
hold. For the next step we used a model that includes the covariate age and the interaction
term between time and age. The results of the omnibus test for the model coefficients allow
us to reject the null hypothesis. We noticed from the analysis that the estimates for all the
variables are almost similar to the Cox proportional hazards model from Table 3, the hazard
ratios for the levels of education are slightly lower than before. The comparison between
Cox proportional hazards model and Cox regression model with time-dependent covariate
gives similar conclusions for all the three factors, gender, age and level of education for the
analysed period.

3. CONCLUSION

The main objective of this paper was to examine methodological and applicative prob-
lems of survival analysis in the analysis of socio-economic phenomena. First section of the
paper deals with methodological problems specific to survival analysis. Although at the be-
ginning the survival analysis was used to study death as an event specific to medical studies,
as from the '70s these statistical techniques have been increasingly used in economics and
social sciences. Besides the fact that survival data are not normally distributed, they often
contain incomplete information, censored subjects. We presented in this section methodo-
logical aspects of Kaplan-Meier analysis, statistical significance testing for the resulted
survival curves and the peculiarities of various statistical tests used. We have also concen-
trated our attention on the Cox regression, and we have set out the concept of hazard,
baseline hazard, hazard rate, hazard rate interpretation. We pointed out that the propor-
tional hazards assumption is crucial for the Cox regression model. The proportional hazards
assumption can be checked using the log-minus-log curve or with the help of partial
(Schonfeld) residuals. In the second section of paper we wanted to present the applied side
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of survival analysis. We focused on studying the factors influencing the duration of unem-
ployment. The empirical analysis is based on data offered by the National Agency for
Employment of Romania. The data set contains information about all the subjects registered
by the National Agency for Employment in 2005 and 2006. Cox proportional hazard models
and Cox regression with time- dependent covariate conducted to similar results: persons
with a higher education have the best chances to become re-employed compared with the
persons without education or with level 1 of education. As for age, young people aged be-
tween 15-24 years remain unemployed for 173 days on the average, unlike the group 45-54
year or 55-64 year who remain unemployed for 346 days on the average. Regarding the va-
riable gender, the duration of unemployment is smaller for women than for men. Also the
chance to be re-employed is higher for women than men, in the analyzed period.
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