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Abstract

The German Microcensus is a rotating panel with units staying in the survey for
four observations. Because of the very large sample size and the mandatory partic-
ipation it appears to be a valuable data base for short duration analysis. However,
the German Microcensus uses area sampling that does not consider participants
who left the area. Consequently, there is no information on participants after they
moved. We propose two different estimation strategies in the presence of missing
data caused by residential movers. To assess their performance we use the German
Socio-Economic Panel. The example we analyze is the estimation of labour force
flows. The results indicate that both estimation strategies lead to estimates that are
less biased.
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1 Introduction

The German Microcensus (MC) is a 1% survey on households carried out by the Ger-
man Statistical Office. The primary goal of the MC is to collect information about the
population structure, labour market behaviour and the housing situation. It has been
conducted on a yearly basis, with each sample household retained for four consecu-
tive years and one fourth of the sample replaced each year. The MC was designed to
produce cross-sectional data, but it can also produce longitudinal data by linking to-
gether the data on each individual across years, see Heidenreich (2002). Thus, it has
the potential to provide data for short duration analysis, the maximum length of lon-
gitudinal information on one individual being four time points. Furthermore, the MC
is characterized by mandatory participation. This feature reduces the nonresponse to a
minimum level. However, a methodological problem of the longitudinal use of the MC
arises from the fact that residential movers are not traced in the MC. This is due to the
fact that the MC uses area sampling, where the dwellings are sampled and residential
movers are not followed to their new homes. Instead, new persons who move into the
dwellings of the residential movers enter the MC sample. The missing information
about the mobile persons in the MC might lead to some systematic non-coverage bias
in the analysis of interest. For example, if we are interested in changes from unemploy-
ment to employment, then a move to a different place may be prompted by a new job.
However, due to the lack of corresponding data for residential movers, the influence of
current changes in the labour market status on mobility behaviour can not be analyzed.
Moreover, the performance of correction methods in the presence of non-coverage bias
is normally not available.
In this article, we use data from the German Socio-Economic Panel (SOEP) that cov-
ers residential mobility in order to assess the non-coverage bias and to evaluate to what
extent our correction methods reduce this non-coverage bias. The potential caveat of
using the SOEP data for assessing the non-coverage bias in the MC have been analyzed
by Basic et al. (2005). They found that the control for some design variables and attri-
tion makes it possible to overcome this remedy.
With respect to correction methods, there are three broad strategies to reduce the non-
coverage bias in statistical estimation: Weighting, modelling and imputation of missing
data. We focus on the performance of the first two, i.e. the inverse probability weight-
ing (IPW) and the modelling approach. The idea of the IPW approach is to assign
weights to immobile persons according to their inverse probability of being immobile
in order to reduce biases. This IPW approach was proposed by Robins et al. (1995).
The modelling approach aims at formulating a model for the incomplete data and the
mechanism that leads to missing data. Several papers proposed models for cross-
tabulations with missing values, such as Baker/Laird (1988), Chambers/Welsh (1993),
Little (1985).
The data we use for our analysis is taken from the SOEP and the MC and covers the
years 1996 to 1999.
The paper is organized as follows: first, we estimate the size and significance of the
non-coverage bias for labour force flows. Then we introduce the inverse probability
weighting approach and compare the non-coverage biases with the corresponding cor-
rected estimates and their biases. In the next section, we describe a modelling approach
for estimation in the presence of non-coverage and assess the corrective power of this
approach. In the last section we summarize our findings.
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2 Non-Coverage Bias

One main objective of our analysis is the size of potential biases caused by the non-
coverage of residential movers. We study the impact of non-coverage with the example
of labour force flows. Since the SOEP not only provides information on immobile per-
sons but also on mobile persons, we can directly assess to what extent the exclusion of
mobile persons from the analysis affects the estimates of the labour force flows.
Let P̂IMMO(B|A) be the estimate of the transition from labour force statusA to labour
force statusB for immobile persons and̂PALL(B|A) the same estimate based on all
persons, i.e. based on immobile plus mobile persons. Then the bias due to the miss-
ing information on mobile persons can be calculated asP̂ALL(B|A)− P̂IMMO(B|A)
sinceP̂ALL(B|A) is a consistent estimator. The significance of the difference can be
tested by the Hausman-test, see Fitzgerald et al. (1998). If this difference is not sig-
nificant, the mechanism that leads to missing data is said to be ignorable, see Rubin
(1976). In this case, the weighting approach, described in the next section, may be
used to correct the non-coverage bias, see Robins et al. (1995). However, such an
approach does not satisfactorily correct the non-coverage bias if the propensity to be
mobile depends directly on the unobserved labour force status of the individual. In this
case, the mechanism that leads to missing data is said to be non-ignorable. As Little
(1982) noted, if the missingness mechanism is non-ignorable, one can eliminate bias
only by constructing “a model that correctly represents the missingness mechanism”
(p.246).
Table 1 presents the estimates between the three labour force states: employed (E),
unemployed (U) and being not in labour force (N). We estimate labour force flows for
different time intervals, i.e. for 1996/97, 1996/98 and 1996/99. The idea of enlarging
the time interval is to detect possible trends in the difference of estimates between im-
mobile plus mobile persons and immobile persons only. The first column (All) in

Table 1: Labour force flows estimates

E U N
AB All Immo ∆ All Immo ∆ All Immo ∆

97 91.02 91.16 0.144.92 4.86 0.064.05 3.97 0.08
E 98 87.82 88.03 0.216.32 6.04 0.285.86 5.93 0.07

99 87.01 86.37 0.646.04 6.30 0.266.96 7.33 0.37
97 32.83 30.85 1.9848.39 49.83 1.4418.78 19.32 0.54

U 98 34.92 31.79 3.1340.13 41.20 1.0724.95 27.01 2.06
99 41.37 37.46 3.9128.91 29.10 0.1929.71 33.44 3.73
97 12.74 11.64 1.105.48 4.97 0.5181.77 83.39 1.62

N 98 19.66 16.07 3.595.09 4.40 0.6975.25 79.54 4.29
99 25.89 21.13 4.764.53 3.71 0.8269.58 75.15 5.57

Source: Authors’ calculations, Data base: SOEP, Waves: 1996-1999

Table 1 displays the estimates for immobile plus mobile persons, the second column
(Immo) the estimates for immobile persons while the third column(∆) displays the
difference between the first and the second column.
As expected, there are considerable differences for some labour force flows. For ex-
ample, for labour force flows from unemployment/being not in labour force to employ-
ment (UE and NE), these differences range between 1.98 and 4.76 percentage points.
There are some plausible explanations for these differences. For example, unemployed

3



persons becoming employed might cause a residential move and children becoming
employed move out of their parental home.
In case of other estimates, the effect of non-coverage is only moderate. To assess
the significance of these non-coverage biases, we use the Hausman test, see Hausman
(1978). The Hausman test makes use of the fact that the estimatorP̂ALL(B|A) is ef-
ficient because it is the ML-estimate based on all available information. The estimator
P̂IMMO(B|A) which is based only on the subsample of immobile persons is consis-
tent under the null-hypothesis of no bias due to residential moves. According to the
Hausman test, we find that all differences for estimates from unemployment/being not
in labour force to employment are significant (p-value<0.05).

3 Inverse probability weighting (IPW) approach

Inverse probability weighted estimators are based on immobile persons. The observa-
tions are weighted with the inverse of their estimated probabilities to be immobile. The
transition between different labour force states can be expressed as a logit model with
labour force statesAi at time point t-1 as a covariate and an indicator variableYi for
the considered transition. Express this model as

ln
P (Yi = 1|Ai)

1− P (Yi = 1|Ai)
= A

′
iβ (1)

Then the first derivative of the log-likelihood gives the score equations

∑

i

Ai

(
Yi − exp(A

′
iβ)

1 + exp(A′
iβ)

)
= 0 (2)

Thus, if all values ofY andA are observed, solving (2) gives maximum-likelihood
estimates. Moreover, at the true population parameter values,βtrue, the expected value
of the left-side of (2) is zero. This property makes the parameter estimates consistent,
see Cox and Hinkley (1974). Now let

Ri =

{
1 if Yi is observed

0 if Yi is not observed

Then, the observed data score equations can be written

∑

i

RiAi

(
Yi − exp(A

′
iβ)

1 + exp(A′
iβ)

)
= 0 (3)

In general, the left-side of (3) no longer have expectation zero whenβ = βtrue, so para-
meter estimates are inconsistent. However, the use of weightsΠi can lead to consistent
estimation.

∑

i

Ri

Πi
Ai

(
Yi − exp(A

′
iβ)

1 + exp(A′
iβ)

)
= 0 (4)

with Πi = P (Ri = 1|Ai, Xi), with Xi being some socio-economic covariates, which
are assumed to affect residential mobility.
From the practical point of view, the weightsΠ−1

i cannot depend on the potentially
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missing variableYi because the estimation of the model forR, a model for missingness
mechanism, requires the potentially unobservable values ofYi.
Contrary to standard weighted least square results, where weighting does not affect
consistency, here the consistency depends on the correct model forΠi. With the law of
iterated expectations andΠ defined as above, we have:

E

[∑

i

Ri

Πi(Ai, Xi)
Ai

(
Yi − exp(A

′
iβ)

1 + exp(A′
iβ)

)]

=E

[∑

i

E

(
Ri

Πi(Ai, Xi)
Ai

(
Yi − exp(A

′
iβ)

1 + exp(A′
iβ)

)∣∣∣∣∣ Yi, Xi, Ai

)]

=E

[∑

i

Ai

(
Yi − exp(A

′
iβ)

1 + exp(A′
iβ)

)
1

Πi(Ai, Xi)
E (Ri|Yi, Xi, Ai)

]

=E

[∑

i

Ai

(
Yi − exp(A

′
iβ)

1 + exp(A′
iβ)

)
P (Ri = 1|Yi, Xi, Ai)

Πi(Xi, Ai)

]
(5)

The last term in (5) is equal to one ifP (Ri = 1|Yi, Xi, Ai) = Πi(Xi, Ai), i.e. if
the mobility behaviour is independent of the changes in labour force states, given the
socio-economic covariatesX and the observed labour force statusA. In this case the
IPW approach leads to the same results as in the case of complete observations. This
condition is fulfilled only if the mechanism that leads to missing data is ignorable. Here
the IPW approach leads to consistent estimates.
The weightsΠi are estimated by the logit model1 for Immobility versus Mobility, con-
ditional on a set of characteristics that are measured for all individuals at first wave,
i.e. in 1996. The variables we use for explaining the mobility behaviour are: house-
hold income, region, household size and number of household members with respect
to age group, education level, employment status and school level.2 The estimates of
the model parameters of the model forR are given in Table 2. The first column in
Table 2 (MC) shows the results of the logit analyses based on the MC and the second
column (SOEP) the results based on the SOEP data for the 1996 to 1998 period. The
third column displays the differences between the two estimates. Significant estimates
are indicated by bold figures. The significance level is 0.05. Concerning the estimated
effects of the observable covariates in 1996, we find the following: Age plays an im-
portant role in mobility behaviour. As expected, the number of persons over 60 years
in a household increases the probability of staying at the same address. On the oppo-
site side, the number of young persons decreases the probability of staying immobile.
Similarly, the household size is a good predictor for mobility behaviour. Nationality,
measured by an indicator for Non-Germans in the household, has a positive impact on
mobility. This is the only indicator where the MC and the SOEP differ in all three
time intervals, with higher mobility in the MC. This difference probably stems from
the oversampling of special nationalities in the SOEP.3 The remaining covariates only

1Note that we estimate a household (im-)mobility model as there is evidence that residential mobility is
not an individual decision, see Clarke and Tate (2002). Therefore, we assign the weightP̂ (R = 1|X, A)−1

to each member of an immobile household and the weight zero to each member of a mobile household.
2An important explanatory variable of household mobility, housing tenure, is not used here because it is

not available in the MC.
3The SOEP started with a separate foreigner sample, the so-called Sample B, that represents the immi-

grant workers in 1984. Furthermore, the immigrants subsample, Sample D, overrepresents immigrants from
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Table 2: Probability of residential (im-)mobility over the period 1996-1998 (Logit
analysis)

Variable MC SOEP Diff.
Intercept 1.5548 1.8182 -0.2635

(0.1147) (0.3018) (0.3229)
Household size 1 person -1.2111 -1.1797 -0.0313

(0.0614) (0.1608) (0.1721)
3 persons 0.7824 0.6776 0.1048

(0.0612) (0.1527) (0.1645)
4 persons 1.3701 1.4752 -0.1051

(0.0962) (0.2442) (0.2624)
≥ 5 persons 1.4375 1.6101 -0.1727

(0.1126) (0.2792) (0.3011)
Age≤ 30 1 person -1.4298 -1.3827 -0.0471

(0.0320) (0.0935) (0.0988)
≥ 2 persons -2.2189 -2.1525 -0.0665

(0.0496) (0.1258) (0.1352)
Age> 60 1 person 0.6612 0.8264 -0.1653

(0.0436) (0.1472) (0.1535)
≥ 2 persons 0.4538 0.6598 -0.2059

(0.0781) (0.2586) (0.2701)
Household income n/a -0.1584 -0.0132 -0.1452

(0.0449) (0.1692) (0.1750)
< 2200 0.2453 0.2656 -0.0203

(0.0389) (0.1106) (0.1172)
2200 to< 3000 0.2157 0.2519 -0.0362

(0.0403) (0.1093) (0.1165)
4000 to< 5500 -0.1540 -0.1040 -0.0500

(0.0415) (0.0954) (0.1040)
5500 and more -0.2532 -0.1944 -0.0588

(0.0463) (0.1113) (0.1206)
Region East-Germany -0.3224 -0.3881 0.0657

(0.0279) (0.0794) (0.0842)
School [No.] secondary 0.0171 0.0906 -0.0735

(0.0334) (0.0905) (0.0965)
grammar 0.1250 0.1528 -0.0278

(0.0255) (0.0758) (0.0800)
Education [No.] vocational 0.1535 0.1690 -0.0155

(0.0221) (0.0620) (0.0658)
tertiary level 0.1618 0.0723 0.0895

(0.0366) (0.0937) (0.1006)
Nationality ≥ 1foreigner -0.7096 -0.2816 -0.4280

(0.0431) (0.0942) (0.1037)
Employment 1 person 0.3964 0.0769 0.3195

(0.0583) (0.1522) (0.1630)
≥ 2 persons 0.6222 0.2395 0.3827

(0.0990) (0.2460) (0.2651)
Unemployment 1 person 0.0908 -0.0020 0.0928

(0.0616) (0.1460) (0.1585)
≥ 2 person -0.2181 -0.5496 0.3315

(0.1530) (0.3458) (0.3781)
Not in labour force 1 person 0.1943 0.0430 0.1513

(0.0564) (0.1438) (0.1545)
≥ 2 persons 0.2429 0.0296 0.2132

(0.1044) (0.2597) (0.2799)
Observations 53’821 6’777

Dependent Variable: indicator of mobility
coefficients for logarithm of odds ratioP(R = 0)/P(R = 1)

Standard deviations in paranthesis

have a low numerical influence on mobility behaviour. By varying time interval, we
find that the estimated slope coefficients are stable over time.4 Only the intercept de-

Eastern Europe. There is no information about this group membership in the MC sample.
4These results are available from the authors upon request.
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creases with the length of the time interval indicating a higher propensity for mobility
with increasing time interval, which is plausible.
To analyze the corrective power of the IPW approach, we now compare the above
computed biases (Table 1) with biases obtained when using the weights. The bias
obtained when using the weights is calculated asP̂ALL(B|A) − P̂IPW (B|A), where
P̂IPW (B|A) is the estimate obtained by weighting the observations of the immobile
persons. However, due to the lack of knowledge of the estimateP̂ALL(B|A) for the
MC, such a direct comparison is possible for the SOEP only. To assess the correc-
tive power of the IPW approach in the MC, there are two possibilities: First, we can
take the SOEP estimatêPALL(B|A) as a benchmark for the MC. However, this as-
sumption implies that the estimates on the basis of the SOEP and the MC are equal.5

Second, we can calculate an improvement rate(IR) which is based on the ratio be-
tween the Correction(:= P̂IPW (B|A) − P̂IMMO(B|A)) in the MC and the Bias
(:= P̂ALL(B|A) − P̂IMMO(B|A)) from the SOEP, i.e.IR = Correction

Bias . The IR
gives the proportion of the bias corrected by using the above weights. Here, we make
the assumption that the bias in the MC and in the SOEP is equal. According to the
interpretation of the improvement rate we distinguish five cases: First, an improvement
rate of 1 indicates a complete bias reduction. Second, the bias will be reduced to some
extent if the rate lies between zero and one. Third, a negative value of the rate implies
an increase of the bias. Fourth, a rate higher than one implies an overcorrection of the
bias and a rate equal zero indicates complete failure of the bias reduction.
We present the performance of the IPW approach for both cases, i.e. if we assume
equal absolute values (Table 3) and equal biases (Table 4) between the SOEP and the
MC.
In Table 3 we display the absolute bias only for the labour force flows in which the
substantial bias occurred, i.e. UE and NE. The bias is estimated without the weights
(uncorrected) and with the above weights (corrected). The weighting leads to improved
estimates if the corrected bias is smaller than the uncorrected bias. The comparison of

Table 3: Absolute biases of labour force flows UE and NE

Transition 1996-1997 1996-1998 1996-1999
uncorrected correcteduncorrected correcteduncorrected corrected

SOEP
UE 1.98 1.37 3.13 2.02 3.98 0.75
NE 1.10 0.66 3.59 2.49 4.56 2.21

MC
UE 3.54 2.61 2.39 0.26 5.48 3.55
NE -0.37 -0.71 1.97 0.86 3.75 2.20

the corrected and uncorrected biases shows that all biases are reduced to some extent.
This holds for the SOEP (heading SOEP) as well as for the MC (heading MC). Similar
results for the correction of attrition effects in the European Community Household
Panel (ECHP) were shown by Neukirch (2002).
Table 4 presents the estimated improvement rates for the SOEP and the MC. The
first column in Table 4 (Bias) shows the original bias, the second column (SOEP) the

5Basic et al. (2005) found that the difference of the corresponding labour force flows estimates for the
immobile persons between the SOEP and the MC range between 0.5 and 1.5 percent.
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Table 4: Bias reduction expressed by ratio correction/bias (SOEP and MC data)

t Bias Biascorrection/Bias

SOEP MC

UE

1997 1.98 0.31 0.47

1998 3.13 0.35 0.68

1999 3.91 0.81 0.49

NE

1997 1.10 0.40 0.31

1998 3.59 0.31 0.31

1999 4.56 0.56 0.35

corrected proportion of the bias for the SOEP and the third column (MC) the corrected
proportion of the bias for the MC. The results in Table 4 reveal that all the biases are
reduced to some extent. For example, in the case of the flow UE the resulting correc-
tion lies between 31 percent (1997) and 81 percent (1999) for the SOEP and between
47 percent (1997) and 68 percent (1999) for the MC.

4 Log-Linear models for missing data

In Section 3 we presented the IPW approach for the estimation of labour force flows in
the presence of missing data for residential movers. This approach leads to unbiased
results if the movers are a random sample of all individuals. However, the results in
Table 1 indicate that, for some labour force flows, the mobility is related to the future
labour force status. Mobility of this nature is an example of non-ignorable mobility
because information about the missing labour force flow is unobserved. In this case it
is necessary to specify a joint model for flows and missingness mechanism. This pro-
cedure ensures that the estimates of the labour force flows are adjusted in accordance
with the model for missingness mechanism.
In what follows, we present the use of log-linear models for labour force flows subject
to non-ignorable missingness, see Baker and Laird (1988), Fay (1986).
Let A andB denote labour force states at timet1 andt2 respectively, andR andS two
response indicators representing whetherA or B are missing or not (0 for missing; 1
for not missing). Since both variables,A andB, can be missing, our data consists of
four different types of contingency tables: a table completely classified byA andB,
two marginal tables classified byA or B only, in which the cell frequencies are the
marginal sums across the missing cells and a marginal table classified by neitherA nor
B, in which the cell frequency is the sum across the missing cells ofA andB. Table
5 provides an example of this data structure withA andB having three categories (E,
employed; U, unemployed; N, not in labour force). If persons are immobile at both
times, the observed data are the cells of this 2-way table. However, if the persons move
at t1 or t2 the observed data correspond to the margins of the table:r(E+), r(U+),
r(N+) are the observed data if persons are immobile att1, but move out att2; and
s(+E), s(+U), s(+N) are the observed data if persons move in att1 but are immo-
bile att2.
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Table 5: A 3 × 3 Table with Data partially classified on both variables

t2

Status

E U N

E n(EE) n(EU) n(EN) r(E+)
t1 U n(UE) n(UU) n(UN) r(U+)

N n(NE) n(NU) n(NN) r(N+)

s(+E) s(+U) s(+N)

As the table is incomplete, a fully saturated log-linear model is not identifiable. How-
ever, various restricted models can be estimated, including those whereR andS depend
onA andB.
We now consider possible models for the variablesA, B, R andS. The joint distribu-
tion P (A, B,R, S) can be factorized asP (A,B)P (R, S|A,B). AsA andB represent
the labour force states at timet1 andt2, we shall specify a saturated log-linear model
for P (A,B) and just consider alternative specifications ofP (R,S|A,B) which de-
termine the missingness mechanism, i.e reasons why persons move. SinceA andB
are both missing for some cases, all models that associateR or S with A or B are
non-ignorable. Thus the only ignorable model is one, which assumes that mobility be-
haviour is independent ofA andB.
The observed likelihood corresponding to the above model is given by

L =
∏

i∈S11

P (A,B)P (R = 1, S = 1|A,B)

×
∏

i∈S10

∑

A

P (A,B)P (R = 1, S = 0|A,B)

×
∏

i∈S01

∑

B

P (A,B)P (R = 0, S = 1|A,B)

×
∏

i∈S00

∑

A

∑

B

P (A, B)P (R = 0, S = 0|A,B) (6)

whereSRS is the set of individuals with response pattern(R,S). The first term in
equation (6) is the contribution to the likelihood from the completely classified indi-
viduals, the second term the contribution to the likelihood of individuals only observed
onA, analogously the third term is the contribution to the likelihood of the individuals
only observed onB and finally the last term is the contribution to the likelihood of the
individuals neither observed onA nor onB.
To ensure that the model parameters can be estimated, the modelP (R, S|A, B) must
be constrained in accordance with some assumption about the reasons why persons
move. Constraints are first placed on the probability that an individual moves in both
time periods. We assume that there are no persons who are mobile on both time points,
i.e. P (R = 0, S = 0|A,B) = 0. Next, the breakdown of mobile persons into movers
out and movers in is due to the randomization of the MC sample. As each move out is
equal to a move in it seems reasonable to assumeP (R = 1, S = 0|A,B) = P (R =
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0, S = 1|A,B), i.e. the probability that the person moves out is equal the probabil-
ity that the person moves in. Further constraints can be derived from the SOEP as in
the SOEP the mobile persons are followed to their new homes. Thus, we can check
whether the considered constraints are correct or not. However, this validation is only
possible for the persons moving out from the sample, as the persons who move into the
empty dwellings of the sample are not recorded in the SOEP. The SOEP only records
moves into already existing households.6

First, we can test whether the mobility behaviour depends on neitherA nor B, on A,
on B and onA andB together. This can be seen as a test on ignorability or non-
ignorability of the mobility process. The first two models are ignorable7 and the other
two nonignorable, sinceR is associated with variableB which is sometimes missing.
To decide which model is the best, we use the AIC and BIC indices.8 According to
these two indices the modelP (R|AB) is chosen.
The following constraints, derived from the SOEP, are made to give an estimable model
considered here, which is described below.
The probabilities of moving from labour force states E and U are constant and the same
for all persons, the only exception being the transition from U to E. The probabilities
of moving for the transitions U to E, N to E and N to U are constant and the same for
all persons.
In Table 6 we compare the absolute biases for the labour force flows UE and NE ob-
tained without modelling approach (uncorrected) and by using the above log-linear
modell (corrected). In the case of the SOEP (heading SOEP) the bias reduction is only
moderate. This is due to the fact that for the SOEP we estimate a log-linear model
with one response indicator only.9 On the other hand the bias reduction for the MC
is much higher and for the flow NE the bias is even overcorrected.10 The tendency
for overcorrection is a typical feature of the non-ignorable models, see, for example,
Chambers and Welsh (1993) or Little (1985). These findings are also supported by the
results in Table 7, which displays the estimated improvement rates. As in the case of
absolute biases we observe only moderate bias reduction for the SOEP in Table 7. But
for the MC the bias reduction is much larger. For example, in the case of the flow UE
the correction lies between 0.76 (1996) percent and 1.10 (1999) percent of the original
bias. These results reveal the importance of additional information of movers in for the
bias reduction. Here we also observe some overcorrection of the bias. Especially for
the flow NE.
Up to this point, we have presented the modelling strategy only for two time points.
As the MC is a four year panel, we now extend the approach to four time points. Let
A, B, C andD represent labour force status measured at four subsequent time points.
Since each variable,A, B, C andD, can be missing, we have four indicator variables
R, S, U andV , showing whetherA, B, C or D is observed or not. In the MC people
can return to the sample once they moved out. This is due to the fact that the MC is

6Thus, we cannot test whether the assumptionP (R = 1, S = 0|A, B) = P (R = 0, S = 1|A, B) is
correct or not.

7Contrary to the MC in which both variables,A andB, can be missing, in the SOEP onlyB can be
missing. ThusA is always observed and any model that associatesR with A is ignorable.

8The AIC measure (Akaike, 1974) includes, beside the loglikelihoodln L, the number of parameters to
be estimated(−2 ln L + 2 ∗ parameters). The BIC measure (Schwarz, 1978) considers the loglikelihood
ln L in relation to the number of subjects and the number of parameters to be estimated(−2 ln L + ln(n) ∗
paramters). The lower the AIC and BIC indices the better the model.

9In the SOEP we do not observe the marginal table for persons who move into the empty dwellings.
10The negative value of the estimated absolute bias impliesP̂LOG(B|A) > P̂ALL(B|A), with

P̂LOG(B|A) being the estimate based on the log-linear modelling strategy.
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Table 6: Absolute biases of labour force flows UE and NE

Transition 1996-1997 1996-1998 1996-1999
uncorrected correcteduncorrected correcteduncorrected corrected

SOEP
UE 1.98 1.59 3.13 2.66 3.98 3.63
NE 1.10 0.53 3.59 2.40 4.56 3.11

MC
UE 3.54 2.04 2.39 -0.10 5.48 1.16
NE 0.37 -1.85 1.97 -1.42 3.75 -2.73

Table 7: Bias reduction expressed by ratio correction/bias (SOEP and MC data)

t Bias Biascorrection/Bias

SOEP MC

UE

1997 1.98 0.20 0.76

1998 3.13 0.15 0.80

1999 3.91 0.07 1.10

NE

1997 1.10 0.52 1.35

1998 3.59 0.33 0.94

1999 4.56 0.35 1.36

an area sampling. However, such re-entries cannot be detected by linking together data
across the years, see Herther-Eschweiler (2003). Thus, we have a monotone pattern
of missing data (Little, 1982).11 The joint distributionP (A,B,C, D,R, S, U, V ) can
be factorized asP (A,B, C,D)P (R, S, U, V |A,B,C, D). As in the case of two time
points the fully saturated log-linear model is not identified. For the model representing
the missingness mechanism the following restriction seems to be plausible:

P (R, S, U, V |A, B,C, D) = P (R|A)P (S|A,B, R)P (U |B, C, S)P (V |C, D,U)

This assumption implies that the decision whether someone moves at time t depends
on the labour force states in t-1 and t and on the mobility status in the previous wave.
The probability of being mobile is equal to one for already mobile households, because
we have assumed monotone patterns of missing data.
Furthermore, we assume population homogeneity. That is, all subjects are character-
ized by the same set of parameters describing the reasons why subjects move.

P (S|A,B, R = 0) = P (U |B,C, S = 0) = P (V |C, D, U = 0)

The modelP (A,B, C, D) can be factorized asP (A)P (B|A)P (C|A,B)P (D|A, B,C).
Here, we assume a first order Markov process. That is, the category someone belongs

11A monotone pattern of missing data means that the variables can be ordered in such a way that a missing
score on one particular variable implies having missing scores on all subsequent variables too.
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to at time point t depends on the category he or she belonged to in the most recent time
point t-1 only, but not at earlier points of time.

P (A,B, C,D) = P (A)P (B|A)P (C|B)P (D|C)

These restrictions together with restrictions from above model for two time points are
assumed to give an estimable model considered here.
Table 8 presents the estimated absolute biases and Table 9 the estimated improvement
rates according to this model. The results in Table 8 reveal that the pattern valid for

Table 8: Absolute biases of labour force flows UE and NE, four time points (SOEP
and MC data)

Transition 1996-1997 1997-1998 1998-1999
uncorrected correcteduncorrected correcteduncorrected corrected

SOEP
UE 4.93 3.21 3.24 4.41 3.24 2.74
NE 2.84 2.26 2.55 3.22 2.26 2.17

MC
UE 5.33 -0.64 1.06 -3.10 4.49 -2.37
NE 0.48 -3.11 2.17 -1.22 3.16 -2.93

the model of two time points also transfers to the model of four time points. Thus, the
bias reduction for the SOEP is only moderate and, for the transition 97/98, the bias is
even enlarged. In the case of the MC, the bias reduction is much larger and also the
overcorrection of biases increased.
In Table 9 we observe the same patterns as in Table 8, i.e. overcorrection of the bias

Table 9: Bias reduction expressed by ratio correction/bias, four time points (SOEP
and MC data)

t Bias Biascorrection/Bias

SOEP MC

UE

96 to 97 4.93 0.35 1.21

97 to 98 3.24 -0.36 1.28

98 to 99 3.24 0.15 2.12

NE

96 to 97 2.84 0.20 1.26

97 to 98 2.55 -0.26 1.33

98 to 99 2.26 0.04 2.69

for the MC and only moderate bias reduction for the SOEP.
Furthermore, we can estimate a model, with labour force flows that are assumed to be
time homogenous , i.e.P (B|A) = P (C|B) = P (D|C). Tables 10 and 11 display the
estimated absolute biases and the estimated improvement rates for this model. Here,
we also observe the same patterns as in the case of the previous models, i.e. larger bias
reduction for the MC and some overcorrection of the biases in the MC.
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Table 10: Absolute biases of labour force flows UE and NE, time homogenous
labour force flows

Transition uncorrected corrected
SOEP

UE 3.83 3.50
NE 2.54 2.47

MC
UE 3.59 -1.87
NE 1.96 -2.18

Table 11: Bias reduction expressed by ratio correction/bias, time homogenous
transition probabilities (SOEP and MC data)

Bias Biascorrection/Bias
SOEP MC

UE
3.83 0.09 1.42

NE
2.54 0.03 1.63

5 Conclusion

Our starting point was the question to what extent the non-coverage of residential
movers in the MC affects the estimates of labour force flows. Here, we used the SOEP,
which covers residential mobility to asses these affects. The results show that the labour
force flows from unemployment/being not in labour force to employment are underes-
timated on the basis of the immobile persons only.
Next, we presented two approaches which are used to reduce the effects of non-coverage
in the estimation of labour force flows: Weighting and modelling approach. The
weighting approach leads to systematic improvements in the case of all biases. The
longer the time interval, the higher the bias reduction due to the application of weights.
However, the bias reduction range between 30 and 70 percent of the original bias.
The modelling approach leads to a higher bias reduction than the weighting approach.
However, this approach tends to overcorrect the bias. This feature is typical for the
non-ignorable models .
Beside the difference in the reduction of biases, the two approaches, weighting and
modelling, differ in the use of the available information. The weighting approach only
makes use of the information of immobile persons. The information of movers enters
indirectly the estimation through the estimated probabilities of being immobile. In the
case of the modelling approach all available information is directly incorporated into
the estimation. Thus, the modelling approach is more efficient than the weighting ap-
proach.
A recommendation regarding the use of either weighting or log-linear approach to cor-
rect for the non-coverage bias needs knowledge about the missingness mechanism.
Since, the missing data mechanism is not verifiable, we recommend to use both ap-
proaches, the weighting and the log-linear approach. If the estimates are robust to both
approaches, this could be seen as an indication of ignorable missing data mechanism.
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If the estimates are not robust, this suggests that mechanism that leads to missing data
is non-ignorable. In this case one may be cautious about interpreting the results.
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