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Survey Nonresponse, Attrition and Unemployment
Duration

Marjo Pyy-Martikainen* Leif Nordberg'

Abstract

We study the effectiveness of re-weighting methods in correcting for
bias due to nonresponse and attrition in the analysis of unemployment
duration. We use the Finnish subset of European Community House-
hold Panel (ECHP) data complemented by a longitudinal register data.
Data on unemployment spells as well as covariates are taken from the
register. This information is available both for respondents and non-
respondents. The survey data is used only to obtain the result of the
interview and information about the sample design. Separate analyses
are conducted based on the full information sample and its subsets
restricted by nonresponse and attrition. The observed information set
of unemployment spells corresponds to the data normally available for
a survey data analyst. The third set consists of unemployment spells
by total respondents. Estimates based on the full information set serve
as benchmarks to which estimates from the other sets are compared.
In the first phase of the study, weights available in ECHP User Data
Base (UDB) are used. In the second phase, we use inverse probability
of censoring (IPC) adjusted weights specifically created for the anal-
ysis of unemployment duration. The observed information estimates
are closer to benchmark values than total respondents estimates. How-
ever, the weighting strategies used in the observed information set of
spells improve estimates only slightly. In the subgroup of men, using
the total respondents set of unemployment spells and UDB weights
from the last wave produce badly biased results. The IPC adjustment
to weights is not helpful in correcting for bias.

*Department of Economics and Statistics, Abo Akademi University and Statistics Fin-
land
TDepartment of Economics and Statistics,Abo Akademi University



1 Introduction

During recent years, dynamic individual-level analyses have gained popular-
ity among social scientists. For example, event history analysis deals with
individuals’ transitions between a set of states and with the timing of these
transitions. It is usually of interest to study the effect of certain covariates
on the timing of the transitions.

In response to the need of data sets suitable for dynamic analyses, panel
surveys have been launched in many countries. The European Community
Household Panel (ECHP) was conducted during 1994-2001 in 15 EU member
states. The Finnish ECHP started two years later resulting in 6 panel waves
during 1996-2001. The ECHP was centrally designed and coordinated by
Eurostat. It covers a wide range of topics concerning living conditions, the
core topics being income and employment.

Survey data sets have always some degree of nonresponse. In panel sur-
veys, nonresponse may occur not only at the initial wave but also at each
of the subsequent waves of the panel. The resulting response patterns can
be classified into four groups (Kalton and Brick 2000): total respondents,
who provide data on every wave; attrition nonrespondents, who drop out
of the panel at some wave after the first and remain out of the panel for
all subsequent waves; temporary drop-outs, who return to the panel after
missing one or more waves; and total nonrespondents, who provide data for
none of the waves. Nonresponse not only reduces the sample size available
for analysis but may also lead to biased estimates. Bias occurs if nonre-
sponse is nonignorable i.e. it is related to the process under study even after
controlling for covariates.

In an earlier study by Pyy-Martikainen and Rendtel (2006), it was shown
that nonresponse in the Finnish subset of ECHP (Fi ECHP) data is non-
ignorable with respect to analysis of unemployment duration. This means
that the nonresponse mechanism is related to the length of unobserved du-
ration of unemployment spells even after conditioning on covariates and
observed duration of spells. The analysis made use of a register panel data
combined at person-level to Fi ECHP survey data. Data on unemployment
spells as well as covariates were taken from the register data. These data are
available both for respondents and nonrespondents. The survey data were
used only to obtain the result of the interview. The existence of bias, taken
as evidence of nonignorable nonresponse, was evaluated by comparing esti-
mates based on different sets of unemployment spells. The full information
set has no restrictions by nonresponse or attrition. The partial information
set is obtained by excluding spells unobserved by total nonresponse. The



observed information set of spells is obtained from partial information set
by excluding spells unobserved by attrition.

Weights are frequently used in survey analysis to correct for nonresponse.
Weights are also used to compensate for unequal selection probabilities and
for non-coverage. For descriptive inference i.e. inference about known func-
tions of the finite population values, the use of weights is widely accepted
(Pfeffermann 1993). However, for analytic inference about model param-
eters, there is no consensus on whether weights should be included in the
analysis or not (see e.g. Pfeffermann 1993, Little 1991).

There are two approaches to the analytic inference of survey data. In the
model-based approach, it is assumed that the finite population data values
Y1,...,yn are generated by a model f(y;0) often called a superpopulation
model. The parameter of interest is the superpopulation parameter #. The
superpopulation parameter 6 is estimated for example by maximum likeli-
hood. The probability distribution induced by the sampling design is ignored
in the estimation procedure; the sample is held fixed. The only source of
random variation in the estimate of 8 is due to the model. In a pure model-
based approach, survey weights play no role in the analysis.

A design-based approach to the inference about 6 is to specify a finite pop-
ulation parameter 6y that would be obtained from the model estimation
procedure if all data values in the finite population U were available instead
of having a sample only. An estimate of 0y is then obtained using sample
data values and survey weights. In the design-based approach, the only
source of random variation in the estimate is due to sampling. The finite
population data values are treated as fixed.

In this paper, we take the design-based approach to the analysis of unem-
ployment duration. We study whether weighting methods help to correct
for bias due to nonresponse and attrition. If weights include information not
included as covariates and if this information is related both to nonresponse
and to the duration of unemployment, then weights may help to reduce bias.

In the first phase, we use weights included in ECHP Users’ DataBase (UDB).
ECHP UDB is a user-friendly version of ECHP data created by Eurostat.
ECHP UDB includes a multitude of survey weights to be used in all analyses
based on ECHP data. These weights were constructed centrally at Eurostat
using the same weighting procedure for each ECHP country. It is question-
able whether these all-purpose all-country weights are helpful in reducing
bias in the analysis of unemployment duration. This is assessed by compar-
ing nonresponse-weighted estimates to full information estimates i.e. to the



estimates that would be obtained without nonresponse and attrition.

In the second phase, we try constructing alternative weights aiming to be
better suited for the analysis of unemployment duration. These weights are
used to produce new estimates and the estimates are again compared to full
information estimates.

2 Data

2.1 Finnish subset of the ECHP

Target population

The target population consists of members of private households perma-
nently resident in Finland. Persons living permanently abroad, as well as
persons without a permanent place of residence and persons living in insti-
tutions do not belong to target population.

Sample design

The sample and data collection were joined with the Income Distribution
Statistics (IDS). The IDS has a two-year rotating panel design. The ECHP
sample consisted of the households belonging to the new part of the sample
i.e. households participating in the survey for the first time in 1996. The IDS
sample is a two-phase stratified network sample. The population information
system of the Population Register Centre was used as a frame. The frame
population consisted of persons permanently living in Finland aged 15 and
above. A master sample was drawn by systematic selection from the frame
ordered according to domicile code. Dwelling units were constructed by
adding to the master sample all the persons sharing the same domicile code
as the persons originally drawn into the master sample (so called target
persons). Before the drawing of the final sample, persons living permanently
in institutions and other overcoverage were excluded. The final sample was
drawn using stratification according to target person’s socio-economic group
and aggregate taxable income; farmers, entrepreneurs and high-income wage
earners having the largest sampling fractions.



Pattern wl w2 w3 w4 wd Frequency Percent

Total respondents 0 0 0 0 0 4364 37.5
Attrition at wave 5 0 0 0 0 1 1486 12.8
Attrition at wave 4 0 0 0 1 1 469 4.0
Attrition at wave 3 0 0 1 1 1 680 5.8
Attrition at wave 2 0 1 1 1 1 575 4.9
Total nonrespondents 1 1 1 1 1 3146 27.0
Temporary drop-outs 921 7.9
All 11641 100.0

Table 1: Distribution of missingness patterns of the 11641 sample persons.

2.2 Construction of unemployment spell data

Our analysis was based on the unemployment spells from the 11641 sample
persons aged 16 or over at the beginning of 1996. Sample persons are defined
in the ECHP as all members of the initial sample of households.

The ECHP contains information on unemployment spells on a monthly level
for the year preceding the interview. However, to get identical information
for both respondents and nonrespondents, data on unemployment spells was
taken from the register of job seekers compiled by the Ministry of Labour.
The background variables used in the analysis were also taken from ad-
ministrative registers. By using register-based spells and covariates, we get
identical information for both respondents and nonrespondents. The survey
data were used only to obtain information of the occurrence and timing of
nonresponse. The first five waves of the Fi ECHP survey data covering the
years 1996-2000 were used in the analysis. The survey and register data
were linked at person level by personal identification numbers.

Table 1 shows the distribution of missingness patterns of the 11641 sam-
ple persons. Value 0 refers to observed data and value 1 to missing data.
Of all sample persons, 37.5% responded in each of the 5 interviews. This
group of total respondents also includes the small group of persons who
exited the survey population during waves 2 to 5. Exits from the survey
population occurred because of death, moving abroad or into an institu-
tion. Attriters constituted 27.6% of sample persons. Slightly fewer, 27.0%
of sample persons did not respond in any of the survey waves. Most of these
total nonrespondents were wave 1 nonrespondents that were not forwarded
to wave 2. For the follow-up rules implemented in the Finnish ECHP, see
Pyy-Martikainen et al. (2004). In the following, we will use the terms total
nonrespondent and nonrespondent to indicate the same group.



# spells Frequency Percent
0 7790 72.7
1 695 6.5
2 602 5.6
3 457 4.3
4 326 3.0
5 233 2.2
6-10 460 4.3
11 or more 157 1.5
All 10720 100.0

Table 2: Distribution of number of spells among the 10720 sample persons
having a regular response pattern.

Temporary drop-outs are persons who do not participate in one wave but
re-enter the panel the next wave. Temporary drop-out can occur in any
of waves 1 to 4. Of all sample persons, 7.9% dropped temporarily out of
the panel. For simplicity, they were excluded from the analysis. After this
exclusion we were left with 10720 sample persons.

Spells by sample persons beginning during 1 January 1995 and 31 Decem-
ber 1999 were chosen for the analysis. This corresponds to the period of
observation that would have been available had one taken information on
unemployment spells from the ECHP survey data. Spells lasting one or two
days were excluded from the analysis as they were not considered as ”true”
unemployment spells but just registrations into the records of the employ-
ment office for some legislative reason. This way we got 10734 spells from
2930 persons. Of all spells, 47.6% ended because of getting employed.

Table 2 shows how the spells are distributed among the 10720 sample persons
having a regular response pattern. The majority of the sample persons had
no unemployment spells at all during the 5-year period. Among those having
one spell or more, the mean number of spells was 3.7.

3 A taxonomy of unemployment spells

For each person who generates one or more spells the participation behavior
in the survey is known. It is assumed that unemployment spells are observed
until the time of last interview or until the end of the observation period,
whichever comes first. This creates a number of different cases:



a Spells that end before the last interview (or before 31.12.1999, whichever
comes first) are regarded as fully observed.

b Spells ongoing at the time of the last interview which is followed by at-
trition are regarded as right censored by attrition at the time of last
interview.

c Spells that start after the last interview which is followed by attrition are
not observed by attrition.

d Spells by persons without any interviews are not observed by total nonre-
sponse.

e Spells that continue at 31.12.1999, unless they are unobserved by attrition
or by total nonresponse or censored by attrition, are right-censored
by end of follow-up period. This category includes also spells that
start before the last interview which is followed by exit from survey
population.

Table 3 shows the distribution of taxonomy of unemployment spells. At the
level of unemployment spells, the most important pattern of nonresponse
was total nonresponse: 28.2 % of all spells were not observed for this reason.
11.3 % of spells were not observed by attrition whereas only 2.4 % of spells
were right-censored for the same reason. The small percentage of spells right-
censored by attrition is a consequence of the high frequency of spells with
short duration. Apparently the chance of a spell to be censored increases
with its length.

Taxonomy Frequency Percent
a Fully observed 5959 55.5
b Censored by attrition 253 2.4
c Not observed by attrition 1216 11.3
d Not observed by total nonresponse 3022 28.2
e Censored by end of follow-up 284 2.7
All 10734 100.0

Table 3: Distribution of taxonomy of unemployment spells

The boxplots in Figure 1 show the distribution of spell length according
to the type of spell. For spells right-censored by the end of the follow-up,
the duration is recorded only until the censoring time. These spells are
therefore excluded from the figure. For spells right-censored by attrition,
the whole duration is used. The median of right-censored spells is far above
the median of other spells. The median of fully observed spells, 49 days,
is close to the median of spells unobserved by attrition, which is 41 days.



Spells unobserved by total nonresponse have a somewhat higher median: 67
days. All spell distributions are heavily skewed towards long durations.
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Figure 1: Boxplots of spell length by type of spell.

For analysis purposes, the unemployment spells were grouped into three
different sets:

The full information set of spells uses the entire register information
without restrictions by nonresponse or attrition.

The observed information set of spells is obtained from the full in-
formation set of spells by excluding spells unobserved by total nonre-
sponse and attrition and the remaining length of the spells censored
by attrition.

Spells by total respondents, a subset of observed information spells,
belong to persons who have responded in each of the five survey waves.

Estimates from the full information set serve as benchmarks to which es-
timates from the other two sets are compared. The observed information
set of spells corresponds to the set of spells normally available for a survey
analyst. A longitudinal analysis comprising n waves is sometimes restricted



to persons who have responded in each of the n waves i.e. by discarding
attriters. This corresponds to the third set of spells, spells by total respon-
dents. There were 10734 spells in the full information set, 6496 spells in the
observed information set and 4066 spells by total responders.

4 Survival analysis in a design-based setting

4.1 Kaplan-Meier estimator

The Kaplan-Meier estimator (Kaplan & Meier 1958) is a nonparametric es-
timator of the survival function S(t) = P(T" > t), where T is the event
time. Williams (1995) developed an estimator that is appropriate when sur-
vival data is obtained from a complex survey. Let t;,7 = 1,...,n be the
observed event and censoring times in the sample of size n. In our appli-
cation, an event is defined as getting employed. Spells ending for other
reasons such as retirement, as well as spells ending because of end of follow-
up or because of attrition are treated as censored. Let (1),... ¢y, .-, ¢
be the ordered event times. The weighted number of observations under-
going an event at t) is Dy = >0 I(ti = tg,))diw;, where w; is the
weight attached to observation ¢ and ¢§; is an event indicator that gets
value 1 if observation ¢ undergoes an event at time ¢ and 0 otherwise. The
weighted number of observations with event or censoring times exceeding
tny is Ny = 200y L(t(n) < ti)w;. The weighted Kaplan-Meier estimator of
survival function is defined as

r I(tn)<t)

X D

St =11 <1 - “) . (1)
h=1 N

h
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Variance estimation

4.2 Cox proportional hazards model

Models for event history data are usually constructed by defining the way
covariates affect the hazard function. The value of hazard function at time
t describes the conditional probability of the event of interest given survival
until . In the Cox proportional hazards model (Cox 1972) the hazard



function is specified as a product of two terms:

At | z) = Ao(t) exp(z), (2)

where A\g(t) is a baseline hazard function that depends only on the event
time t and exp(x3) defines the way covariates affect the hazard function.
One reason for the popularity of the Cox proportional hazards model is
the fact that the model parameters 3 can be estimated without assuming
any parametric distribution for the event time variable 7. Binder (1992)
developed a modification of Cox proportional hazards model that is suitable
for survival data obtained from a complex survey.

The model is estimated by maximising a partial likelihood function. For
a population of N unemployment spells, the partial likelihood function is
defined as

(ti < )AL | z5)

N
PL=]] |=x . (3)
=1

Jj=1

where t; is the length of i spell and ¢; is an event indicator that gets value
1 if spell i is ended by employment and 0 otherwise. I(t < t;) indicates
whether spell j is still going on at time ¢. The sum Zj»v:l I(t < t;) defines
the size of the risk set, i.e. the number of spells still going on at time t. We
define time as the time since the start of an unemployment spell; if a person
has multiple spells, the ”clock” is set to zero at the beginning of each spell.
Note that the part of the hazard function that depends on event time only
is common to each observation and cancels from the expression. The partial
likelihood function can thus be expressed as

PL= ﬂ [ (i) (4)
1=1

5
S It < ) eXP(ﬂ?jB)] 7

where B is the vector of population regression coefficients. B is determined
as the solution to the score equations:

Olog PL 5 l ;V:l I(t; <tj)x; exp(a:jB)] 0
OB —t T ;\/:1 I(t; <tj)exp(z;B)

7

10



To estimate the population regression coefficient B from a sample of n ob-
servations, Binder (1992) proposed the following estimating equations:

W i wil (t < t)zj exp(;B)
Z wiéi T; — oy ~ = 07 (6)
= 21wl (t; < tj) exp(z;B)

where wj,j = 1,...,n are the weights attached to the sample observations.

Variance estimation

5 Weights used to correct for nonresponse and at-
trition

Nonresponse in sample surveys is usually handled by weighting methods
i.e. by discarding the nonresponding units and and assigning weights to
the responding units that attempt to compensate for possible bias entailed
by restriction to the respondent sample (Little 1992). If weights include
information not included in the analysis and if this information is related
both to nonresponse and to the duration of unemployment, then weights
may help to reduce bias.

5.1 Weights in ECHP UDB

For the first wave, weights were calculated at Statistics Finland. For the
subsequent waves, the common weighting procedure developed at Eurostat
was applied.

5.1.1 Weights for the initial wave

Design weights

The design weight of a household is calculated as the inverse of the inclusion
probability of the household. The inclusion probability of household k is
calculated as

mgny % n2h
M nLh’

T =

(7)
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where my, is the number of persons aged 15 or more in dwelling unit k; ny
is the number of dwelling units in the master sample; M is the number
of people aged 15 or more in the frame population; noj is the number of
dwelling units in stratum h in the master sample. The design weights are
calculated for each household selected in the sample. The design weight of
a household member equals the design weight of his/her household.

Calibrated weights

In calibration, auxiliary information is used to improve the precision of esti-
mates. Calibration modifies weights so that the sample sum of the weighted
auxiliary variables equals the population total for that variable, while retain-
ing the weights as close as possible to the original weights. If the auxiliary
information is correlated both with the probability of nonresponse and with
the study variable, then calibration may also help to reduce nonresponse
bias.

Calibrated weights are calculated for interviewed households. The provi-
sional weight aj of household k used as input in the calibration is

1

Tk (Srn/n2.n)’

(8)

ap =

where s, is the number of respondent households in stratum % in the
sample. The construction of weights is thus a three-stage procedure in-
volving the calculation of design weights, the calculation of stratum-specific
nonresponse-adjustment weights and the calculation of adjustment factors
(g-weights) due to calibration. The sample of interviewed households was
to have the same distribution as the population of households for the fol-
lowing variables: age (5-year categories) and sex, dwelling unit size, region
of residence, income liable to state taxation. After calibration, weights were
scaled so that the average weight of interviewed households is one. In the
first wave, all household members get the weight of his/her household.

5.1.2 Weights for the subsequent waves

The common algorithm to construct weights in the ECHP includes correc-
tion for attrition, calibration and scaling. The algorithm is explained in
various documents by Eurostat (Eurostat 2000b, Eurostat 2002b, Eurostat
2002c). In the following, we give a summary of the weighting algorithm.

12



The weighting algorithm provides 3 types of weights: base weights to be
used in longitudinal analyses and personal weights and household weights
to be used in cross-sectional analyses. Base weights are defined for sample
persons only and they represent the basis for adjusting weights from one
wave to the next. Personal weights and household weights are derived from
base weights. Personal weights allow the inclusion of non-sample persons
into cross-sectional analyses. As our analysis is based on sample persons,
we describe the construction of base weights only.

The first step in the analysis is to estimate probabilities of being resident
i.e. being a member of an interviewed household and of response:

P1 probability for an individual being resident in current wave t given
he/she was resident in previous wave

P2 probability for an individual for having been resident in previous wave
given he/she is resident in current wave

P3 probability for an individual being interviewed in current wave given
he/she is eligible for interview

Logistic regression is used to estimate these probabilities. Explanatory vari-
ables are selected from the following variables collected at the previous year’s
interview: region, household status (whether a split-off household), number
of arrivals or departures from the household, main source of income, num-
ber of economically active persons in the household, household size, tenure
status, sex, age and equivalised income. The base weights from the previous
year are then multiplied by the ratio of P1 and P2 to obtain provisional
weights. For sample person ¢ the provisional weight a; is

P1

a; = w; X E, (9)

where w; is the base weight from previous wave. The provisional weight
ay, of each household is calculated as the average of provisional weights of
sample persons in that household:

e
ay = M’ (10)
ng

where ny, is the number of sample persons in household k. These provisional

household weights are then calibrated using household size, region and cross-
classification of age and sex as auxiliary information. In order to calculate

13



weights of interviewed sample persons the calibrated household weight was
assigned to each interviewed sample person and divided by the probability
of being interviewed, if eligible (P3). The weights were scaled so that the
average weight of interviewed sample persons is one.

5.2 Alternative weights

Our alternative weighting strategy consists of calculating inverse probability
of censoring (IPC) adjusted weights of Robins (1993) that aim to correct
for dependent censoring. Loosely speaking, censoring is dependent if it is
related to the process under study. In our application, it may very well
be that censoring due to attrition is dependent. This would be the case
if individuals with low employment probability droppped out of the study
more probably than others. Sometimes it can be assumed that the censoring
and event times are independent, given a set of covariates. These covariates
may then be used to construct IPC adjusted weights. The IPC weighted
estimates can then correct for bias due to dependent censoring attributable
to these covariates. The IPC adjusted weights of observation i are defined
as follows:

w;(t) ™t = m, x G(t | x;), where (11)

7 is the inclusion probability of the household related to observation 1.
G(t | x;) is the conditional probability of having remained uncensored by
attrition until time ¢, given covariates and defined for the observations in
the sample:

Gt | ;) = P(C>t]| xR = 1), (12)

where C' is the censoring time and R; is a sample inclusion indicator that
gets value 1 if observation ¢ is in the sample and 0 otherwise. Note that
for each observation ¢, only the shorter of the censoring and event times is
observed: t; = min(T;,C;). G(t | z;) can be estimated on the basis of a
Cox proportional hazards model with censoring by attrition as the event of
interest and z; as the covariates.

Note that the weights w;(t) are time-varying and they get a new value each
time a censoring occurs in the sample. In case there are both events and

14



censorings occurring at the same time, censorings are assumed to occur after
events.

In order to be effective, the covariates used in the IPC adjustment should
explain both the probability of censoring and of getting employed. There-
fore, the covariates in the censoring model were chosen among those used
to model the hazard of getting employed. Only covariate groups contain-
ing covariates significant at the 10 % level were retained in the censoring
model. The models were estimated separately for women and men as the
final analyses were also conducted in this manner. The variables in the cen-
soring model for women were: proportion of unemployment time and year
dummies indicating the starting year of the unemployment spell. The co-
variates included in the censoring model for men were, in addition to the
above mentioned covariates: the statistical grouping of municipalities and
area dummies. The variables are described in section 6.3.

6 Results

6.1 Estimation strategies

A longitudinal survey data set usually contains one or more weights for
each survey wave. One has then to decide which wave weights to use in a
longitudinal analysis. In an analysis involving waves 1 to ¢, it is sometimes
recommended to use the wave ¢ weight (see for example Kalton & Brick 2000,
Eurostat 2003). However, this strategy involves the loss of unemployment
spells by persons who have attrited from the panel during waves 2 and t.
This strategy discards a part of available information and may increase the
possible bias due to nonignorable attrition. Roberts and Kovacevic (2001)
suggest the use of the first year weight or the weight from the year when
the spell began. These weighting strategies enable to retain the spells by
attriters in the analysis. However, first year weights are not able to correct
for possible bias due to attrition.

We use all the 3 weighting strategies combined with two different sets of un-
employment spells: observed information set of spells and total respondents
set of spells. As wave t weights are not available for all spells in the ob-
served information set, we have altogether 5 different estimation strategies
involving different combinations of spell sets and weights. Our 6" esti-
mation strategy involves the use of IPC weights that we have specifically
constructed for the analysis of unemployment duration. These weights aim

15



to correct for right-censoring due to attrition and are therefore applicable
in the observed information set of spells only.

We calculate also design-weighted estimates in the full information, observed
information and total respondents sets of spells. The design-weighted full
information estimates serve as benchmarks to which the other estimates
are compared. The comparison of design-weighted observed information
estimates to full information estimates show the effect of nonresponse and
attrition. The design-weighted total respondents estimates show whether the
discarding of spells by attriters results in additional bias. The comparison
of the 6 estimation strategies with the design-weighted estimates shows how
the weights aiming to correct for nonresponse and attrition are performing.

The estimation was performed by Sudaan software (Research Triangle In-
stitute 2004). The sample design was approximated by Sudaan WR option.
The estimation procedure is able to take into account unequal weighting,
stratification, and clustering of spells into individuals. The clustering of in-
dividuals into households was ignored as a majority, 73 %, of individuals in
the unemployment spell data lived in households without other unemployed.
Sudaan estimates the variances by Taylor linearization using the between
cluster within stratum variance estimator. The IPC weighted Kaplan-Meier
estimates were calculated by R (R Development Core team 2005). The vari-
ance estimation methodology for IPC weighted Kaplan-Meier estimates in
the longitudinal survey context is undeveloped (Lawless 2003). Therefore,
no variance estimates are provided.

6.2 Kaplan-Meier estimates

The Kaplan-Meier estimates are shown in figures 2 to 5. Estimates of sur-

vival functions along with their standard errors at time points ¢t = 3, 100, 200, 300, . . .
are shown in Appendix A. The plots are truncated at 1000 days as there

are very few events occurring after 1000 days. The estimates are calculated
separately for women and men. Design weights are denoted by dweight, first

year weights by weight1, weights from the starting year of the unemployment

spell by weight2 and last year weights by weight3.

Figure 2 shows how the observed information estimates are performing in
the subgroup of women. The bias due to nonresponse and attrition is quite
small in this subgroup. First year weights and weights from the starting
year of the unemployment spell produce almost identical estimates which
are a little bit better than design-weighted estimates. The IPC correction
has virtually no effect at all in the estimates. Therefore, the IPC weighted
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estimates are omitted from Figure 2 and only shown in Appendix A, Table
A.

The use of total respondents only increases the bias in the subgroup of
women (Figure 3). Weights from the starting year of the unemployment
spell and last year weights ”overcorrect” the estimates both at durations
less than 300 days and exceeding 800 days.

In the subgroup of men the bias due to nonresponse and attrition is larger
than in the subgroup of women (Figure 4). Nonresponse weighting has
virtually no effect at all: both first year weights and weights from the starting
year of the unemployment spell produce estimates almost identical to design-
weighted estimates. Also in the subgroup of men, IPC weights produce
estimates that are very close to to design-weighted estimates. The IPC
weighted estimates are shown in Appendix A, Table A.

By comparing the design-weighted estimates in the subgroup of men we see
that restricting the analysis to total respondents only does not cause any ad-
ditional bias in the estimates (Table X in Appendix A). Figure 5 shows that
first year weights do not have an effect in the estimates. Weights from the
starting year of the unemployment spell shift estimates even somewhat fur-
ther from the true values. Last year weights are performing disastrously at
durations exceeding 300 days: the estimates of survival function are shifted
further from the true values by 5 percentage points or more.

6.3 Estimates from Cox regression

Before discussing the estimation results, we briefly comment on the con-
struction of the explanatory variables used in the model. The variables are
spell-specific and they are usually measured at the end of the year preceding
the start of the unemployment spell. Age is measured in years. Level of edu-
cation divides individuals into three classes. Basic education corresponds to
the completion of comprehensive school. Upper secondary education com-
prises matriculation examination and upper secondary vocational education.
Higher education comprises, for example, vocational college education and
university education. Proportion of unemployment time measures the share
of a person’s follow-up time (since 1 January 1995) spent in unemploy-
ment before the spell in question. The statistical grouping of municipalities
divides municipalities into urban, semi-urban and rural ones by the propor-
tion of the population living in urban settlements and by the population of
the largest urban settlement. The area dummies are based on the NUTS3
classification of regions. Earnings-related unemployment benefit indicates
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Figure 2: Kaplan-Meier estimates of survival function for women. Observed
information set of unemployment spells. Design weights are denoted by
dweight, first year weights by weightl and weights from the starting year of
the unemployment spell by weight2.
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Figure 3: Kaplan-Meier estimates of survival function for women. Total
respondents set of unemployment spells. Design weights are denoted by
dweight, first year weights by weight1, weights from the starting year of the
unemployment spell by weight2 and last year weights by weight3.
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Figure 4: Kaplan-Meier estimates of survival function for men. Observed
information set of unemployment spells. Design weights are denoted by
dweight, first year weights by weightl and weights from the starting year of
the unemployment spell by weight2.
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Figure 5: Kaplan-Meier estimates of survival function for men. Total respon-
dents set of unemployment spells. Design weights are denoted by dweight,
first year weights by weightl, weights from the starting year of the unem-
ployment spell by weight2 and last year weights by weight3.
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whether a person has received this kind of benefit at the starting year of the
unemployment spell. Year dummies indicate the starting year of the unem-
ployment spell. Continuous variables age and proportion of unemployment
time are transformed to measure deviation from variable mean.

The estimation results from Cox regression models for women are shown in
table 4 and for men in table 5. The Efron’s (1977) approximation of partial
likelihood was used to handle tied event times. The overall impression from
the tables is that none of the weights used are very helpful in reducing
bias. However, it is difficult to compare the models because of a multitude
of regression coefficients. We therefore computed quadratic distances of
estimated regression coefficient vectors by using the following formula:

d(z,y) = (x —y)'S™H(z —y), (13)

where x is the vector of full information coefficient estimates, y is the vector
of coefficient estimates from the model being evaluated and S~! is the inverse
of the estimated covariance matrix of y.

It is clear from Table 4 that the observed information estimates are superior
to total respondents estimates. First year weights bring the estimates some-
what closer to full information estimates whereas weights from the starting
year of the unemployment spell increase the distance between full informa-
tion estimates and observed information estimates. Using total respondents
only increases the bias in the model estimates. Weighting improves esti-
mates slightly. The three weights perform equally well in terms of distance
of model estimates from full information estimates.

Also in the subgroup of men the observed information estimates are superior
to total respondents estimates. Both first year weights and weights from
the starting year of the unemployment spell bring estimates closer to full
information estimates, the latter performing slightly better. All weights are
performing badly in the total respondents set of spells. The weights aiming
to correct for nonresponse and attrition shift estimates further from full
information values. Last year weights are again performing disastrously.

7 Discussion

In this paper, we studied the effectiveness of re-weighting methods in cor-
recting for bias due to nonresponse and attrition in the analysis of unemploy-
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ment duration. We used the Finnish subset of ECHP data complemented
by a longitudinal register data. The register data provides us with informa-
tion on unemployment spells as well as covariates both for respondents and
nonrespondents. The survey data was used only to obtain the result of the
interview and information about the design of the sample.

The analyses were conducted separately for three different data sets. The full
information set of unemployment spells uses the entire register information
without restrictions by nonresponse or attrition. The observed information
set of unemployment spells corresponds to the set of spells normally avail-
able for a survey data analyst in the presence of nonresponse and attrition.
A longitudinal analysis comprising of waves 1 to ¢ is sometimes restricted
to persons who have responded in each wave i.e. by discarding attriters.
Unemployment spells by these total respondents constitute the third data
set. Estimates from the full information set serve as benchmarks to which
estimates from the other two sets were compared.

In the first phase of the study, weights available in the ECHP UDB were
used to produce design-based Kaplan-Meier estimates and estimates from
the Cox proportional hazards model. The analyses were conducted sepa-
rately for men and women. In the second phase, we used inverse probability
of censoring (IPC) adjusted weights that were specifically created for the
analysis of unemployment duration.

According to the estimation results, the bias due to nonresponse and at-
trition is larger in the subgroup of men than in the subgroup of women.
Also, the observed information estimates are closer to full information es-
timates than estimates based on total respondents. Among observed in-
formation estimates, estimates calculated by using first year UDB weights
and estimates calculated by using UDB weights from the starting year of
the unemployment spell are close to each other. However, neither of the
weighting strategies is able to remove bias: at best, they produce estimates
that are slightly better than design-weighted estimates. In the subgroup of
men, using total respondents set of unemployment spells and weights from
the last wave produce badly biased results. This result is remarkable as this
is the estimation strategy recommended in ECHP UDB manual (Eurostat
2003). Our results stress the importance of using all the information avail-
able in the sample. The IPC weighted Kaplan-Meier estimates were almost
identical to design-weighted estimates. The calculation of IPC weighted es-
timates of Cox proportional hazards model is in progress so the results are
not reported here.

According to the study by Pyy-Martikainen and Rendtel (2006), nonre-
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sponse at the initial wave biases estimates more than attrition. Hence, it
is not so surprising that weights from the starting year of the unemploy-
ment spell are not doing better than weights from the initial wave. It is
the nonresponse at the initial wave that needs to be corrected in order to
achieve unbiased estimates. The uneffectiveness of IPC weighting points to
the same direction and confirms our earlier results on effects of censoring

(Pyy-Martikainen & Rendtel 2003).

Our results stress the importance of minimising nonresponse at the start of
the panel. However, some extent of nonresponse and attrition is inevitable.
One should then put all the efforts to the careful construction of initial wave
weights, as these weights form the basis of constructing weights for all the
subsequent waves.
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