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Estimating a time series of temporary
employment using a combination of survey
and register data
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Abstract. In this paper we investigate the application of macro-integration methods to combine two sources of labor force
statistics: a survey and an administrative source. In particular, we aim to arrive at a single estimate of the time series of temporary
employment that efficiently combines the information from both sources. By varying the specifications of the objective function
and constraints, four different macro-integration models were defined. The most plausible results were of a model that treats
neither of the sources as fixed and uses multiplicative adjustments. The results were compared with the previous research where
a latent Markov model was used to estimate the same time series. This Markov model approach does not lead to very different
estimates of the time-series of temporary (or permanent) employment contracts but results in smaller estimates of the proportion of
“movers”, persons that change contract status from temporary to permanent or the other way around. The model-based approach
also provides estimates of the measurement errors in each of the sources. On the other hand, the macro-integration approach is less
restrictive in the sense that it does not impose a Markov property of the integrated times series of proportions and it is more easy to
implement.
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1. Introduction

As the information era is booming, statistical agen-
cies have to deal with an increasing number of all kinds
of data sources, including administrative registers, cen-
suses, big data and traditional sample surveys. Com-
bining different sources to produce official statistics is
essential in view of the necessity to meet the increasing
demand for detailed information while facing decreas-
ing response rates and a demand for reducing both re-
sponse burden and survey costs [1–4]. “The 20th cen-
tury witnessed the birth and maturing of sample sur-
veys; the 21st century will be the age of data integra-
tion” [2].
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Both survey non-response and the effort to reduce
response burden lead to smaller sample sizes and, as a
result, larger sampling errors. When population means
or totals of some survey variables are available from
another, reliable, source this information can be used to
reduce sampling errors and non-response bias by using
classical weighting and calibration methods. Other uses
of multiple sources involve combining data sets that can
(partially) be linked at unit-level. For instance, when
an already existing administrative source can be linked
to a survey, the linked data set becomes enriched with
additional variables without increasing the response
burden and with little additional costs.

Producing statistics from multiple sources has its
own specific difficulties. [5] give an overview of the
main problems that can occur when working with multi-
source statistics and describe some methods that can
be used to overcome these problems. A central issue is
that the different sources often overlap in the sense that
they have some variables in common, but the values of
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these common variables differ. This can be because of
(slight) differences in definition, in reference period or
question wording, or due to measurement errors. It is
one of the purposes of data integration to resolve these
apparent inconsistencies, thereby enhancing the data
quality. In practice this process of data integration can
be divided into two phases: phase I deals with micro
editing, in which some inconsistencies at micro-level
can be resolved by, for instance, the harmonization of
definitions and the identification of erroneous values,
often by using simple knowledge rules and using in-
formation from combinations of variables. After these
micro-level corrections, the attention shifts to estimates
of the required output, based on all sources. In this sec-
ond phase, modelling techniques can be used to com-
bine the information from the different sources into
single estimates of the output parameters of interest.

In this paper we want to combine the Labour Force
Survey (LFS) data with the Employment Register (ER)
data. Both data sources contain information on labour
market variables and there are some inconsistencies
in these variables between sources. Some studies have
been conducted in the past that investigate possible
reasons of the inconsistencies, see e.g. [6]. From these
studies it was found that the differences in the figures
are due to: slightly different definitions, measurement
errors in certain groups due to e.g. misunderstanding
of the questions in LFS or due to administrative delays
in ER. But after correcting for these issues as much as
possible, there still remain inconsistencies in the key
figures from these data sources.

Other National Statistics Institutes (NSIs) also face
similar problems and investigate integration methods
for labour force statistics. [7] describe how the Basque
Statistics Office integrated administrative information
in the Labour Force Survey using a micro calibration
method. This was done in order to improve the quality
of survey estimations and gain coherency between in-
ternal and external results (registered employed and un-
employed populations). One of the many methodologi-
cal challenges is that survey respondents are confronted
with the administrative information that is linked be-
forehand. The administrative data is used as auxiliary
information also during the weighting and calibration
procedure. Here it is assumed that errors in adminis-
trative data are small and can be neglected. Statistics
Norway also investigated micro-integration techniques
for combining employment data, see [3,8]. When dif-
ferences are observed in the variable of interest between
two data sources, additional information, for example
on wages, is used to define the most probable value for

the variable for each unit. These are simple knowledge
based correction rules. These corrections are phase I
in data integration process according to our definition
above.

The goal of this paper is to investigate the possibility
of obtaining reconciled figures of employment statis-
tics using macro-integration methods when data editing
of phase I was already carried out. Macro-integration
techniques are commonly used in the compilation of
the national accounts of a country, which involves com-
bining a large number of estimates in a coherent sys-
tem satisfying accounting rules, see e.g. [9]. In general
macro-integration methods have as input a set of initial
estimates that are inconsistent in the sense that they do
not verify a set of known constraints (i.e. equality of
estimates between sources) and have as output a new
set of combined estimates that satisfy the constraints
and is as close as possible, in the sense of a chosen dis-
tance function, to the initial estimates (see [10]). This
generic macro-integration approach leads to different
specific models for different choices of the constraints
and of the distance function. In this paper we define
four different models for our application, by varying the
constraints and the distance function, and investigate
the effects on the integrated output estimates.

For the same linked data of LFS and ER, we used in
this paper, [11] proposed a different approach based on
a latent Markov model for obtaining integrated results.
The latent class models view the values obtained for the
same variables in the different sources as fallible mea-
surements of the same underlying true (or latent) vari-
ables that differ from the true values (and each other)
due to (differences in) measurement errors. Estimates of
proportions based on the estimated true values provide
single estimates of the corresponding population values
that are corrected for measurement errors. We compare
the values of our estimates with those obtained with the
latent Markov model.

This paper is organized as follows: In Section 2 we
describe our data set. We also derive tables of propor-
tions and transition proportions for the variable ‘Con-
tract type’; In Section 3 we define objective functions
for macro-integration models: we introduce four differ-
ent models, starting with the simplest additive model
for fixed survey figures adjusting only register vari-
ables and making it more complex using multiplica-
tive adjustments and adjusting both survey and regis-
ter figures; In Section 4 we compare our results with
the latent class model approach given in [11]; Finally
in Section 5 we share our thoughts on the way the
proposed macro-integration method could be imple-
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mented in the production process. More efforts should
be made before implementing the method propose
here. We also discuss advantages and disadvantages of
the macro-integration methods versus the latent class
micro-integration method.

2. Data sources and targets of inference

For this research a tailored data set with linked in-
dividuals for several months was made available to us.
Information on individuals that were in both the ER
register and the LFS survey is linked.

We should mention that in practice it will not be easy
to link these data within a reasonable time frame, in
order to obtain up to date results. The ER register data
has timeliness issues, it is a complex register including
information from different institutions; not all infor-
mation is available each month. On the other hand, the
LFS is a quarterly rotating panel survey, with figures
available for each month.

Both sources contain information on the employment
status of each person, which is measured by the variable
‘Contract type’. The targets of inference are the pop-
ulation proportions in each of the categories of ‘Con-
tract type’ and, in particular, the development in time
of these proportions.

2.1. The used data sets

The Labor Force Survey (LFS)1 is collecting infor-
mation about labour of households and individuals. For
our study we consider only individuals and not house-
holds. The LFS is a rotating panel survey consisting
of five waves. The rotating panel design entails that
after a respondent joins the survey, he/she will receive
follow-up questionnaires for four more times with three
months intervals. Each month the sample is supple-
mented with new respondents to compensate for those
that have finished five waves. As a result of this setup
there are five waves in each month.

The ER is an administrative data set that combines in-
formation from different administrative sources, mainly
from Tax authorities but also from the Centre for Work
and Income (CWI) and the institute for employees
insurances (in Dutch Uitkeringsinstituut Werknemers
Verzekeringen (UWV)). The ER consists of adminis-
trative information on persons, households, jobs, ben-

1https://www.cbs.nl/en-gb/our-services/methods/surveys/korte-
onderzoeksbeschrijvingen/dutch-labour-force-survey--lfs--.

efits and pensions. It covers the entire Dutch popula-
tion, including persons living abroad but working in the
Netherlands or receiving a benefit or pension from a
Dutch institution, see [12].

The LFS and the ER do not measure exactly the same
and due to the different operational definitions some
differences will occur when estimating population to-
tals or proportions. Other than differences caused by
definitions we will have differences in population cov-
erage, measurement errors and maybe other large dis-
crepancies. The population coverage is an important
difference between these sources. For example, the LFS
includes self-employed persons and excludes institu-
tional residents and the ER includes all persons living
abroad but working in the Netherlands and excludes
self-employed persons. For the linked data coverage
problems are completely avoided since it is only using
the same set of persons from both sources. However,
the discrepancies that we observe in the linked data
may still be caused by different definitions and mea-
surement errors. For example, if a person has ‘a tempo-
rary contract’ and there is an informal agreement that
a contract will become permanent, then ‘a permanent
contract’ will be filled in the LFS questionnaire. On
the other hand, the ER variable ‘contract type’ could
have errors due to delayed updates, if for e.g. a person
had a temporary contract at time t and got a permanent
contract at time t+1. It could take some time to change
his/her status in the register data. This will certainly
lead to some bias. Another difference in these sources
is a definition of an unemployed person. In the LFS
an unemployed person is a person that works less than
4 hours a week and is actively looking for a job. This
could be different from an ER unemployed person. In
the ER unemployed persons are persons that receive
unemployment benefits.

The micro-data from the two sources are linked based
on the social security number, birth date, gender, postal
code and house number. In order to minimize differ-
ences due to definitions before linking data, the pop-
ulations and the definition of permanent and tempo-
rary employment contracts were harmonized as much
as possible in both sources. Other adjustments were
also carried out, e.g. if an employee has more than one
job in the ER register, only the one with the highest
income was selected. The employees that are not Dutch
residents were removed, these were mostly seasonal
workers. The population of employees were limited to
the employees with a job of more than 12 hours. After
selection of the individuals aged 25–55, the linkage ef-
fectiveness of the combined sources was approximately
97%, see also [11].
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Fig. 1. The ER monthly data for three groups.

After linking the data on micro level there were still
differences, that are due to differences in definitions,
differences in time of measurement and measurement
errors.

From the linked data set, we used the data of 8886
individuals of age 25–55, observed during 15 months,
from January 2009 until March 2010. Our data include
three cohorts or groups of the LFS. The first group starts
in January 2009, the second in February 2009 and the
third in March 2009. After the first measurement re-
spondents are followed-up four times with three-month
intervals. Assuming there is no attrition, we will have
for each individual 5 quarterly observations of the em-
ployment status from the LFS. For the first group we
have employment status for January 2009, April 2009,
July 2009, October 2009 and January 2010. For the
second group we have employment status for February
2009, May 2009, August 2009, November 2009 and
February 2010 and for the third group for March 2009,
June 2009, September 2009, December 2009 and March
2010. During these periods for each individual we have
13 monthly measurements of employment status from
the ER. To each LFS cohort the monthly ER data are
linked, see Fig. 1. This way we have observations for
all 15 months.

The variable of interest: ‘Contract type’ is redefined
having three categories: Permanent (1) including only
the contracts for an unlimited duration of time; Tempo-
rary (2) including only the contracts for a limited dura-
tion of time; and Other (3). Here the category “Other”

includes unemployment, self-employment and educa-
tion, see also [11]. After linkage we have two variables
‘Contract Type LFS’ and ‘Contract Type ER’. We have
obtained the proportions of respondents in the three cat-
egories of both these variables. These proportions are
presented in Tables 1 and 2. For the ‘Contract Type ER’
table we have monthly figures for each group. There are
noticeable but small differences between groups. The
proportions of temporary contracts are larger for group
2 than for the other two groups and group 3 has higher
proportions of permanent contracts than group 1 and 2.

In Table 2 we have the proportions of the 5 quarterly
measurements of ‘Contract Type LFS’ for each group.
We see relatively big differences between the ER and
LFS. In particular, the proportions of permanent con-
tracts are much higher in the LFS than in the ER while
the number of temporary contracts is much lower.

The Tables 1 and 2 show that the different sources
lead to different proportions for the three contract types
for time points where both sources apply.

2.2. Parameters of interest: distributions per time
point and transitions

To describe the observed proportions of ‘Contract
type’ for both sources and the integrated estimates of
the corresponding population proportions, we introduce
the following notation.

The measurements for a respondent i from group 1
at time point t will be denoted as follows:
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Table 1
Proportions of contract type in the ER for the three groups

Group 1 Group 2 Group 3
N Date Perm. Temp. Oth. Perm. Temp. Oth. Perm. Temp. Oth.
1 2009–01 0.5858 0.1537 0.2605 – – – – – –
2 2009–02 0.5901 0.1552 0.2547 0.5756 0.1629 0.2615 – – –
3 2009–03 0.5878 0.1562 0.2560 0.5752 0.1648 0.2600 0.5962 0.1545 0.2493
4 2009–04 0.5916 0.1508 0.2576 0.5741 0.1637 0.2621 0.6025 0.1512 0.2463
5 2009–05 0.5888 0.1549 0.2563 0.5727 0.1644 0.2628 0.6003 0.1501 0.2496
6 2009–06 0.5895 0.1517 0.2587 0.5712 0.1659 0.2629 0.5993 0.1498 0.2509
7 2009–07 0.5864 0.1473 0.2663 0.5683 0.1636 0.2682 0.5968 0.1468 0.2564
8 2009–08 0.5836 0.1489 0.2675 0.5697 0.1605 0.2698 0.5961 0.1472 0.2568
9 2009–09 0.5844 0.1474 0.2683 0.5673 0.1633 0.2694 0.5955 0.1472 0.2572

10 2009–10 0.5847 0.1461 0.2692 0.5703 0.1606 0.2691 0.5946 0.1457 0.2598
11 2009–11 0.5844 0.1492 0.2664 0.5676 0.1654 0.2669 0.5933 0.1439 0.2628
12 2009–12 0.5814 0.1479 0.2707 0.5693 0.1607 0.2700 0.5965 0.1402 0.2633
13 2010–01 0.5876 0.1415 0.2710 0.5763 0.1533 0.2704 0.5956 0.1414 0.2630
14 2010–02 – – – 0.5754 0.1483 0.2763 0.5967 0.1358 0.2675
15 2010–03 – – – – – – 0.5981 0.1396 0.2624

Table 2
Proportions of contract type in the LFS for the three groups

Group 1 Group 2 Group 3
N Date Perm. Temp. Oth. Perm. Temp. Oth. Perm. Temp. Oth.
1 2009–01 0.6568 0.1117 0.2314 – – – – – –
2 2009–02 – – – 0.6541 0.1159 0.2300 – – –
3 2009–03 – – – – – – 0.6587 0.1121 0.2291
4 2009–04 0.6643 0.1050 0.2307 – – – – – –
5 2009–05 – – – 0.6703 0.1059 0.2238 – – –
6 2009–06 – – – – – – 0.6736 0.1034 0.2230
7 2009–07 0.6597 0.1070 0.2333 – – – – – –
8 2009–08 – – – 0.6639 0.1066 0.2296 – – –
9 2009–09 – – – – – – 0.6735 0.1030 0.2235

10 2009–10 0.6624 0.1039 0.2336 – – – – – –
11 2009–11 – – – 0.6613 0.1168 0.2218 – – –
12 2009–12 – – – – – – 0.6734 0.1044 0.2223
13 2010–01 0.6611 0.1008 0.2381 – – – – – –
14 2010–02 – – – 0.6562 0.1148 0.2290 – – –
15 2010–03 – – – – – – 0.6724 0.1009 0.2268

Rti : register value of ‘Contract type’ for
individual i at time point t, for t = 1, . . . , 13,

Sti : survey value of ‘Contract type’ for
individual i at time point t, for t ∈ {1, 4, 7,
10, 13},

with Rti and Sti ∈{Permanent,Temporary,
Other}

For group 2 we have register data Rt at the time
points t = 2, . . . , 14 and the survey data at the time
points t ∈ {2, 5, 8, 11, 14}. Similarly for group 3 we
have the register data Rt for t = 3, . . . , 15 and the sur-
vey data St for t ∈ {3, 6, 9, 12, 15}. To keep it simple,
from here on we will only deal with group 1. The results
below hold similarly for groups 2 and 3.

For group 1 we denote the proportions for the ‘Con-
tract type’ by:

pR.t = (pR.t1 , pR.t2 , pR.t3 ) for t = 1, . . . , 13 :

vectors with proportions from register data,

pS.t = (pS.t1 , pS.t2 , pS.t3 ) for t ∈ {1, 4, 7, 10, 13} :

vectors with proportions from survey data.

Here subscripts define the contract types: 1 = Per-
manent, 2 = Temporary and 3 = Other. The primary
parameters of interest are the population distributions
over the three contract types for each month. Let us
denote these unknown population proportion by:

πt = (πt1, π
t
2, π

t
3) for t = 1, . . . , 13.

The observed information from one group to estimate
these population proportions is depicted in Table 3.
Here we see that for time points t and t+3 both sources
provide information to estimate the vector with popula-
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Table 3
Observed proportions from one group and population proportions for
four consecutive time points

. . . pS.t → pS.t+3 . . .
↓ ↓

. . . πt → πt+1 → πt+2 → πt+3 . . .
↑ ↑ ↑ ↑

. . . pR.t → pR.t+1 → pR.t+2 → pR.t+3 . . .

tion proportions, whereas for the times in between, no
direct information from the survey is available.

Besides the marginal distribution πt over the three
contract types for each month, the changes between
these categories over time are also of interest. These
can be described by the transition proportions between
adjacent time points. That is, the proportions of indi-
viduals moving from one category at time point t to
another category at time point t + 1, for each of the
3× 3 category combinations. To define these transition
proportions, we first consider the matrix with bivari-
ate proportions corresponding to two variables, ‘Con-
tract type’ at time point t and ‘Contract type’ at time
point t + 1. The matrix with population proportions
for the cross-classification of these two variables will
be denoted by πt,t+1 with cell-proportions πt,t+1

ct,ct+1
for

ct, ct+1 ∈ {Permanent, Temporary, Other}.
In general, we will denote the proportions of units for

all combinations of any number of variables by repeated
use of superscripts and subscripts, i.e. πt,t+1,t+2,...

ct,ct+1,ct+2,...,
and the corresponding matrices will be denoted by
πt,t+1,t+2,....

From each data source we can calculate the pro-
portions of respondents for all possible combinations
of ‘Contract type’ from month t till t + 3 (t ∈
{1, 4, 7, 10, 13}). From the register data we observe
also the intermediate months. These could be, for ex-
ample, the proportion of persons that has ‘contract
types’ “Permanent”→ “Permanent”→ “Permanent”
→ “Permanent” during the months 1 till 4, or any other
sequence of categories. We define these proportions
by pR.t,t+1,t+2,t+3

c1c2c3c4 and the corresponding matrices by
pR.t,t+1,t+2,t+3. Observe that:

pR.t,t+3
c1c4 =

∑
c2,c3

pR.t,t+1,t+2,t+3
c1c2c3c4 ,

where pR.t,t+3
c1c4 stands for the proportions of register

units that have respectively ‘Contract type’ c1 and c4
in month t and t + 3. For the survey data we observe
pS.t,t+3
c1c4 (t ∈ {1, 4, 7, 10, 13}) but do not have propor-

tions for the intermediate months.
The observed values pR.t,t+3

c1c4 and pS.t,t+3
c1c4 are not

consistent with each other. In the next section we de-
fine several reconciliation models that derive a single
estimate πt,t+3

ctct+3
for these observed proportions.

3. Reconciliation methods

In this section several reconciliation methods will be
presented that can be used to obtain univocal estimates
of both marginal proportions and transitions. In general,
reconciliation is applied when there is a need for finding
single estimates of target parameters by combining sep-
arate estimates from different data sets. More generally,
reconciliation (or macro-integration) is considered to be
a technique for achieving consistency on an aggregated
level of a large number of figures from different sources
that are related with one another through a large number
of constraints. Macro-integration techniques are based
on constraint optimization methods that need to be able
to handle large numbers of estimates and constraints,
such as in applications to macro-economic accounts and
supply and use tables (see [13,14]).

Our aim is to have a single estimate for the variable
‘Contract type’ that combines available information
from the monthly and quarterly data of ‘Contract type’
from ER and LFS and transition probabilities.

We apply reconciliation methods that result in a sin-
gle series of monthly figures of probabilities for the
variable ‘Contract type”. The objective of this optimiza-
tion is that the estimated monthly figures are as close as
possible to the corresponding monthly values from ER
and the aggregates of these figures into quarterly values
are as close as possible to the original quarterly values
from LFS.

3.1. Objective function

Consider the four-way probability table correspond-
ing to the four time points t to t+ 3 as depicted in Ta-
ble 3 with cell-probabilities πt,t+1,t+2,t+3

ctct+1ct+2ct+3
. All param-

eters of interest can be obtained as univariate and bi-
variate marginal tables with probabilities obtained from
this four-way table. A reconciliation strategy is now to
estimate this table π̃t,t+1,t+2,t+3 using all the informa-
tion from both sources, so that it is as close as possible
to the register four-way proportions, pR.t,t+1,t+2,t+3

and has marginal probabilities π̃t,t+3 which are as close
as possible to the corresponding survey proportions,
pS.t,t+3. From this table we can also obtain all required
univariate and bivariate marginal probabilities.

This reconciliation problem is defined as constrained
minimization problem of an objective function, which
can be formulated in general as:

D = DR(pR.t,t+1,t+2,t+3, π̃t,t+1,t+2,t+3)
(1)

+ DS(pS.t,t+3, π̃t,t+3) for t ∈ (1, 4, 7, 10),
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with DR a measure of the discrepancy between the
reconciled proportions π̃t,t+1,t+2,t+3 and the observed
register proportions pR.t,t+1,t+2,t+3 and DS a mea-
sure of the discrepancy between the reconciled pro-
portions π̃t,t+3 and the observed survey proportions
pS.t,t+3. Note that in D we have separate components
for the reconciled estimates of the four dimensional
table π̃t,t+1,t+2,t+3 and its two-way margin π̃t,t+3. To
enforce that this two-way table is indeed a margin of
the four-way table, the following constraints must be
satisfied:∑

ct+1,ct+2

π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

= π̃t,t+3
ctct+3

for t ∈ (1, 4, 7, 10).

Different reconciliation models can be defined by
different specifications of the objective function and
constraints. Below we define a number of such models.

Constraints
As mentioned above, since we have a linked data set

on a micro level we mainly have to deal with measure-
ment errors. These errors can occur in both ER and LFS
variables for different reasons as discussed above.

For some of the reconciliation models we choose
to adjust the register data and let the survey data re-
main unchanged. These models will have fixed survey-
proportions and in Eq. (1) the component DS van-
ishes. The constraints on the reconciled proportions
πt,t+1,t+2,t+3
ctct+1ct+2ct+3

for these models can be written as:∑
ct+1,ct+2

π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

(2)
= pS.t,t+3

ctct+3
, t ∈ (1, 4, 7, 10).

These constraints ensure that the bivariate marginal
proportions for time points t, t+ 3 after reconciliation
are equal to the observed survey-counterparts.

For models where both the register and the survey
proportions can be adjusted, we have the following
equality constraints:∑

ctct+1ct+2ct+3

π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

= 1,

(3a)
t ∈ (1, 4, 7, 10),∑

ct+1,ct+2

π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

= π̃t,t+3
ctct+3

,

(3b)
t ∈ (1, 4, 7, 10),∑

c1

π̃t=1,t=4
c1,c4 =

∑
c7

π̃t=4,t=7
c4c7 , (3c)

∑
c4

π̃t=4,t=7
c4,c7 =

∑
c10

π̃t=7,t=10
c7c10 , (3d)

∑
c7

π̃t=7,t=10
c7,c10 =

∑
c13

π̃t=10,t=13
c10c13 . (3e)

Constraint (3a) ensures that the values π̃ can be in-
terpreted as probabilities.

Constraint (3b) ensures that the table π̃t,t+3
ctct+3

is a
bivariate margin of the four-way table π̃t,t+1,t+2,t+3.

Constraints (3c)–(3e) enforce the equality of the
common univariate margins of the bivariate tables.

3.2. Specific models

For the function D we will consider two alterna-
tives. The first is the usual (weighted) sum of squares,
which leads to additive adjustments and an explicit so-
lution to the optimization problem and the second is
the Kullback-Leibler divergence function which leads
to multiplicative adjustments, see e.g. [15]. These ad-
justments cannot explicitly be calculated but a simple
iterative algorithm can be used. The solutions of these
optimization problems are derived in Appendix A. To-
gether with the two choices of constraints, we arrive at
the following four reconciliation models.

Model 1. Additive adjustment of register only
This model treats the survey estimates as fixed quan-

tities and only adjusts the register proportions. The ob-
jective function for this model is the commonly used
least-squares loss-function:

DR
LS =

∑
ctct+1ct+2ct+3(

pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

− π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

)2
. (4)

This objective function leads to additive adjustments.
For the case of the fixed-sum constraints Eq. (2) these
adjustments are very simple (see Appendix A): if a sum
of register proportions is not equal to the correspond-
ing survey proportion, a constant is added to all these
register proportions such that the sum becomes equal
the survey proportion:

π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

= pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

+
(
pS.t,t+3
ctct+3

− pR.t,t+3
ctct+3

)/
9 (5)

= pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

+ at,t+3
ctct+3

, for t∈(1, 4, 7, 10).

Summation of Eq. (5) over ct+1 and ct+2 (9 compo-
nents) shows that Eq. (2) is verified.

For the univariate reconciled proportions we have
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Table 4
Reconciled proportions of contract types according to Model 1

Group 1 Group 2 Group 3
Month Perm. Temp. Oth. Perm. Temp. Oth. Perm. Temp. Oth.

1 0.6568 0.1117 0.2314 – – – – – –
2 0.5899 0.1553 0.2548 0.6541 0.1159 0.2300 – – –
3 0.5877 0.1562 0.2561 0.5752 0.1649 0.2598 0.6587 0.1121 0.2291
4 0.6643 0.1050 0.2307 0.5745 0.1639 0.2616 0.6032 0.1514 0.2454
5 0.5888 0.1549 0.2563 0.6703 0.1059 0.2238 0.6010 0.1502 0.2488
6 0.5894 0.1518 0.2588 0.5716 0.1660 0.2624 0.6736 0.1034 0.2230
7 0.6597 0.1070 0.2333 0.5695 0.1636 0.2670 0.5972 0.1469 0.2559
8 0.5838 0.1489 0.2673 0.6639 0.1066 0.2296 0.5961 0.1473 0.2566
9 0.5844 0.1474 0.2683 0.5673 0.1634 0.2692 0.6735 0.1030 0.2235

10 0.6624 0.1039 0.2336 0.5705 0.1606 0.2689 0.5950 0.1458 0.2592
11 0.5845 0.1494 0.2661 0.6613 0.1168 0.2218 0.5935 0.1439 0.2626
12 0.5817 0.1482 0.2702 0.5694 0.1609 0.2697 0.6734 0.1044 0.2223
13 0.6611 0.1008 0.2381 0.5764 0.1535 0.2701 0.5961 0.1415 0.2625
14 – – – 0.6562 0.1148 0.2290 0.5972 0.1359 0.2669
15 – – – – – – 0.6724 0.1009 0.2268

π̃tct = pS.tct for t ∈ (1, 4, 7, 10, 13),
(6)

π̃tct = pR.tct for t 6∈ (1, 4, 7, 10, 13),

where the first line is a consequence of Eq. (2) and
the second line is true as summing Eq. (5) over ct and
ct+3 yields pR.t+1,t+2

ct+1ct+2
, because

∑
ctct+3

pS.t,t+3
ctct+3

=∑
ctct+3

pR.t,t+3
ctct+3

= 1.
For the adjusted transition proportions for consecu-

tive time points we can write,

π̃t,t+1
ctct+1

= pR.t,t+1
ctct+1

+
(
pS.tct − p

R.t
ct

) /
3

π̃t+1,t+2
ct+1ct+2

= pR.t+1,t+2
ct+1ct+2

(7)

π̃t+2,t+3
ct+2ct+3

= pR.t+2,t+3
ct+2ct+3

+
(
pS.t+3
ct+3

− pR.t+3
ct+3

)/
3,

with pS.tct and pS.t+3
ct+3

the row- and column marginals
of pS.t,t+3

ctct+3
and pR.tct and pR.t+3

ct+3
the row- and column

marginals of pR.t,t+3
ctct+3

.
This shows that the univariate reconciled distribu-

tions of ‘Contract type’ for the time points t and t+ 3
are equal to those of the survey, which is an obvious
consequence of the constraint Eq. (2), whereas for the
intermediate time points the distributions are equal to
the register ones. For the bivariate distribution or transi-
tion probabilities, we see that the reconciled transitions
from t to t+ 1 and from t+ 2 to t+ 3 will differ from
the register ones, whereas the intermediate transitions
(from t+ 1 to t+ 2) will not change. The changes are
such that to each row (or column) of the transition ta-
ble a constant is added. This may be a counterintuitive
result, but it follows directly from the cancellation of
adjustments when summing Eq. (5) over ct and ct+3.

From the reconciled transition table we can easily
obtain marginal proportions. These reconciled marginal
time point distributions are presented in Table 4. These

results confirm that for time points t and t + 3 the
proportions equal the ones obtained from the survey
while for the intermediate time points the proportions
are equal to the register proportions.

Note that this is rather a naive model. The reconciled
series have large jumps and are therefore not realistic.

Model 2. Multiplicative adjustment of register only
Just as Model 1, this model treats the survey esti-

mates as fixed quantities and only adjusts the regis-
ter proportions. The objective function for this model
is the Kullback-Leibler divergence or relative entropy.
Although this objective function may not be the most
common one, the resulting adjustment method is per-
haps the most intuitive one. It leads to multiplicative
adjustments that guarantee non-negative outcomes and
are easy to understand and apply. The Kullback-Leibler
divergence is given by:

DR
KL =

∑
ctct+1ct+2ct+3

π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

(8)(
log(π̃t,t+1,t+2,t+3

ctct+1ct+2ct+3
/pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

)− 1
)

We show in Appendix A that the solution to mini-
mizing DR

KL subject to the constraints Eq. (2) can be
obtained by multiplying the original register propor-
tions by factors varying only over combinations of cat-
egories of t and t+ 3 but remaining constant over the
combinations of categories of t+ 1 and t+ 2:

π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

= pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

× pS.t,t+3
ctct+3

/pR.t,t+3
ctct+3

(9)

= pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

× f t,t+3
ctct+3

, t ∈ (1, 4, 7, 10).
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Table 5
Reconciled proportions of contract types according to Model 2

Group 1 Group 2 Group 3
Month Perm. Temp. Oth. Perm. Temp. Oth. Perm. Temp. Oth.

1 0.6568 0.1117 0.2314 – – – – – –
2 0.6581 0.1120 0.2299 0.6541 0.1159 0.2300 – – –
3 0.6557 0.1117 0.2326 0.6539 0.1166 0.2296 0.6587 0.1121 0.2291
4 0.6643 0.1050 0.2307 0.6546 0.1146 0.2308 0.6672 0.1074 0.2254
5 0.6617 0.1107 0.2276 0.6703 0.1059 0.2238 0.6659 0.1066 0.2275
6 0.6628 0.1084 0.2287 0.6681 0.1076 0.2243 0.6736 0.1034 0.2230
7 0.6597 0.1070 0.2333 0.6650 0.1067 0.2282 0.6693 0.1030 0.2277
8 0.6575 0.1083 0.2343 0.6639 0.1066 0.2296 0.6661 0.1055 0.2284
9 0.6572 0.1071 0.2356 0.6630 0.1104 0.2266 0.6735 0.1030 0.2235

10 0.6624 0.1039 0.2336 0.6645 0.1105 0.2250 0.6703 0.1044 0.2253
11 0.6625 0.1049 0.2325 0.6613 0.1168 0.2218 0.6677 0.1046 0.2278
12 0.6594 0.1039 0.2367 0.6607 0.1153 0.2240 0.6734 0.1044 0.2223
13 0.6611 0.1008 0.2381 0.6592 0.1161 0.2247 0.6709 0.1040 0.2250
14 – – – 0.6562 0.1148 0.2290 0.6715 0.0995 0.2290
15 – – – – – – 0.6724 0.1009 0.2268

Summation of Eq. (9) over ct+1 and ct+2 shows that
Eq. (2) is verified.

For the adjusted univariate proportions we then have,
for t ∈ (1, 4, 7, 10):

π̃tct = pS.tct ,

π̃t+1
ct+1

=
∑
ctct+3

(
f t,t+3
ctct+3

×
∑
ct+2

pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

)
,

(10)
π̃t+2
ct+2

=
∑
ctct+3

(
f t,t+3
ctct+3

×
∑
ct+1

pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

)
,

π̃t+3
ct+3

= pS.t+3
ct+3

.

Here we see that, contrary to the additive adjust-
ments, none of the univariate distributions remain equal
to the direct register estimates. The distributions for the
intermediate time points t+ 1 and t+ 2 are influenced
by the ratios pS.t,t+3

ctct+3
/pR.t,t+3
ctct+3

.
For the reconciled transition proportions for consec-

utive time points we can write:

π̃t,t+1
ctct+1

=
∑
ct+3

(
f t,t+3
ctct+3

×
∑
ct+2

pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

)
,

π̃t+1,t+2
ct+1ct+2

=
∑
ctct+3

(
f t,t+3
ctct+3

×pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

)
, (11)

π̃t+2,t+3
ct+2ct+3

=
∑
ct

(
f t,t+3
ctct+3

×
∑
ct+1

pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

)
,

where we see again that, contrary to the additive adjust-
ments, there are now no transitions that remain equal
to the observed register transitions: all transitions are
affected by the differences between survey and register
proportions as expressed by the factors f t,t+3

ctct+3
.

The results for the marginal time point distributions
for this adjustment model are in Table 5. These results

show that the artificial ‘jumps’ in the distributions for
the months where survey estimates are available, that
were found for model 1, have now disappeared. Not
surprisingly, we also see that the level of the intermedi-
ate proportions is now much closer to the ones obtained
from the survey.

Model 3. Additive adjustment of both survey and
register

For this model we consider the least-squares objec-
tive with components DR

LS and DS
LS :

DLS =
∑

ctct+1ct+2ct+3(
pR.t,t+1,t+2,t+3 − π̃t,t+1,t+2,t+3

ctct+1ct+2ct+3

)2
(12)

+
∑
ctct+3

(
pS.t,t+3
ctct+3

− π̃t,t+3
ctct+3

)2
.

This function is minimised over π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

and
π̃t,t+3
ctct+3

subject to the constraints Eq. (3). The solution
to this problem can still be obtained in closed form, but
is slightly more involved and is given in Appendix A.

The results for the marginal time point distribu-
tions for this adjustment model are presented in Ta-
ble 6. These results show that, similarly to the addi-
tive model 1, the proportions for the intermediate time
points are equal the the register proportions but, con-
trary to model 1, the proportions for the time points
where survey estimates are available are not equal to
these survey estimates but are in-between the survey
and register estimates.
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Table 6
Reconciled proportions of contract types according to Model 3

Group 1 Group 2 Group 3
Month Perm. Temp. Oth. Perm. Temp. Oth. Perm. Temp. Oth.

1 0.6497 0.1159 0.2343 – – – – – –
2 0.5899 0.1553 0.2548 0.6463 0.1206 0.2330 – – –
3 0.5877 0.1562 0.2561 0.5752 0.1649 0.2598 0.6526 0.1164 0.2311
4 0.6542 0.1102 0.2356 0.5745 0.1639 0.2616 0.6032 0.1514 0.2454
5 0.5888 0.1549 0.2563 0.6537 0.1150 0.2313 0.6010 0.1502 0.2488
6 0.5894 0.1518 0.2588 0.5716 0.1660 0.2624 0.6629 0.1091 0.2279
7 0.6526 0.1106 0.2368 0.5695 0.1636 0.2670 0.5972 0.1469 0.2559
8 0.5838 0.1489 0.2673 0.6549 0.1115 0.2336 0.5961 0.1473 0.2566
9 0.5844 0.1474 0.2683 0.5673 0.1634 0.2692 0.6618 0.1089 0.2293

10 0.6522 0.1089 0.2389 0.5705 0.1606 0.2689 0.5950 0.1458 0.2592
11 0.5845 0.1494 0.2661 0.6529 0.1204 0.2267 0.5935 0.1439 0.2626
12 0.5817 0.1482 0.2702 0.5694 0.1609 0.2697 0.6633 0.1078 0.2289
13 0.6537 0.1048 0.2414 0.5764 0.1535 0.2701 0.5961 0.1415 0.2625
14 – – – 0.6481 0.1182 0.2337 0.5972 0.1359 0.2669
15 – – – – – – 0.6649 0.1047 0.2303

Model 4. Multiplicative adjustment of both survey and
register

For this model we consider a Kullback-Leibler objec-
tive that contains both the DR

KL and DS
KL components:

DKL =
∑

ctct+1ct+2ct+3

π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

×

(
log(π̃t,t+1,t+2,t+3

ctct+1ct+2ct+3
/pR.t,t+1,t+2,t+3
ctct+1ct+2ct+3

)− 1
)

(13)

+
∑
ctct+3

π̃t,t+3
ctct+3

(
log(π̃t,t+3

ctct+3
/pS.t,t+3
ctct+3

)− 1
)
.

Again this function is minimised over π̃t,t+1,t+2,t+3
ctct+1ct+2ct+3

and π̃t,t+3
ctct+3

and is subject to the constraints Eq. (3).
The solution to this problem cannot be given in closed
form, but a convenient iterative algorithm is given in
Appendix A.

The results for the marginal time point distributions
for this adjustment model are in Table 7. These results
show that the artificial ‘jumps’ for the months where
survey estimates are available, that were found for the
additive models (for model 3 to a lesser extent than
for model 1), have disappeared (just as for the multi-
plicative model 2). But, contrary to model 2, the level
of all proportions has moved from what was found in
the survey towards the level found in the register. For
the category permanent contracts this means a decrease
while for temporary contracts this is an increase.

We considered four different models. In two of these
models we assumed that the quarterly survey figures
were trustworthy and we could fix them, only adjust-
ing the monthly register data. However, when we have
no additional information about reliability of the two
sources, nor whether one is more reliable than the other,

we cannot fix the figures. In that case we observed that
the optimisation model with a Kullback-Leiber objec-
tive function performs best.

4. Comparison with results from the measurement
error model

In this section we describe results obtained by [11]
using a latent class model on the same data set as used
in this paper to estimate the true underlying variable
‘Contract type’. The latent class models assume that
the estimates from different sources differ from the true
values (and each other) due to (differences in) measure-
ment errors. The true variable is called a latent vari-
able. Estimates of proportions based on the true val-
ues will provide single estimates of the corresponding
population values that are corrected for measurement
errors. In [11] hidden Markov models (HMM) have
been proposed for analysing longitudinal categorical
data. Similar data, but for an earlier period, between
January 2007 and March 2009, was used by [16] to
analyse the ‘Contract type’ variable applying a latent
Markov model.

We compare the results presented in [11] with the
results of the macro-integration approach presented
above. For this comparison we shall first discuss the
differences in combining the data from the different
groups, then highlight some properties of the HMM that
make this methodology different from our approach and
finally compare the numerical results.

4.1. Differences in combining the groups

In our analyses we consider three different groups,
that are defined by the starting point of the LFS panel.
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Table 7
Adjusted monthly proportions of contract types in Model 4

Group 1 Group 2 Group 3
Month Perm. Temp. Oth. Perm. Temp. Oth. Perm. Temp. Oth.

1 0.6247 0.1311 0.2441 – – – – – –
2 0.6275 0.1319 0.2406 0.6213 0.1354 0.2433 – – –
3 0.6254 0.1321 0.2425 0.6207 0.1366 0.2427 0.6347 0.1296 0.2357
4 0.6286 0.1267 0.2447 0.6208 0.1350 0.2442 0.6421 0.1257 0.2322
5 0.6259 0.1316 0.2425 0.6205 0.1344 0.2451 0.6404 0.1247 0.2349
6 0.6269 0.1289 0.2442 0.6188 0.1360 0.2452 0.6400 0.1242 0.2358
7 0.6242 0.1254 0.2504 0.6163 0.1344 0.2493 0.6367 0.1227 0.2406
8 0.6220 0.1267 0.2512 0.6167 0.1322 0.2511 0.6345 0.1243 0.2412
9 0.6223 0.1254 0.2524 0.6153 0.1357 0.2491 0.6334 0.1248 0.2418

10 0.6223 0.1240 0.2537 0.6174 0.1347 0.2479 0.6312 0.1251 0.2437
11 0.6223 0.1258 0.2519 0.6156 0.1388 0.2457 0.6292 0.1245 0.2463
12 0.6192 0.1246 0.2561 0.6156 0.1359 0.2484 0.6306 0.1227 0.2467
13 0.6224 0.1202 0.2574 0.6171 0.1339 0.2490 0.6290 0.1228 0.2482
14 – – – 0.6146 0.1313 0.2541 0.6298 0.1177 0.2525
15 – – – – – – 0.6307 0.1200 0.2493

Table 8
Proportions of ‘Contract type’ in the LFS for
pooled data

Month Permanent Temporary Other
1 0.6566 0.1131 0.2303
2 – – –
3 – – –
4 0.6692 0.1048 0.2261
5 – – –
6 – – –
7 0.6655 0.1056 0.2289
8 – – –
9 – – –

10 0.6656 0.1081 0.2262
11 – – –
12 – – –
13 0.6632 0.1052 0.2316

The groups entered the LFS in January, February and
March of 2009. We applied reconciliation models sep-
arately to each group. In [11] these three groups were
pooled together. Authors ignore time, by combining
persons that start in January, February and March in one
group. In order to compare our results with the results
from [11] we combined the data in the same way. We
call this data the pooled data. Tables 8 and 9 show the
monthly distributions of pooled data for LFS and ER. In
Table 1 we observe that the group 3 has slightly higher
proportions of persons with permanent contract than
the group 1 and group 2 has slightly lower proportions
of persons with permanent contract than group 1. We
observe a decrease in time in Temporary contracts in all
three groups. In the pooled data, these differences are
averaged for a permanent contract. Also in that case we
are seeing a decrease in Temporary contracts.

Table 9
Proportions of ‘Contract type’ in the ER for pooled
data

Month Permanent Temporary Other
1 0.5861 0.1571 0.2568
2 0.5892 0.1572 0.2536
3 0.5875 0.1569 0.2556
4 0.5880 0.1550 0.2570
5 0.5858 0.1561 0.2582
6 0.5850 0.1542 0.2608
7 0.5838 0.1517 0.2645
8 0.5819 0.1527 0.2654
9 0.5827 0.1506 0.2667

10 0.5830 0.1508 0.2662
11 0.5831 0.1507 0.2662
12 0.5847 0.1461 0.2691
13 0.5869 0.1433 0.2698

Table 10
Path diagram for the latent Markov model with two (partially) ob-
served indicators

. . . St St+3 . . .
↑ ↑

. . . Xt → Xt+1 → Xt+2 → Xt+3 . . .
↓ ↓ ↓ ↓

. . . Rt → Rt+1 → Rt+2 → Rt+3 . . .

4.2. The latent Markov model approach versus
macro-integration approach

The latent Markov model can be described globally
with the help of the diagram below (see Table 10),
which is taken (with some modifications) from [16]. It
is also similar to the picture of the macro-integration
approach in Table 3 in Section 2.2 but, contrary to that
picture, it describes measurements and true values at
the individual level rather than the observed proportions
and unknown population proportions aggregated over
units.
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Here the St denote the quarterly survey measure-
ments of ‘Contract type’ for any individual and the Rt

denote the register measurements. The Xt denotes a
persons true contract status which is an unobserved or
latent variable. Associated with the latent variables are
the contract status probability vectors πt, defined ear-
lier. Each of the cells in this table represents a specific
sequence of categories of X in time (a path) and the
probability of a specific path is the cell probability, de-
noted by πc1c2...cT . The arrows between the Xt indi-
cate that the ‘Contract type’ at time point t depends on
the ‘Contract type’ of the previous time point t− 1, but
given the ‘Contract type’ at t− 1 it does not depend on
any of the time points before t− 1. This is the Markov
property, which means that,

Πt|t−1,t−2,...,1
ct,ct−1,ct−2,...,c1 = Πt|t−1

ct,ct−1
. (14)

Here Π
t|t−1
ct,ct−1 and Π

t|t−1,t−2,...,1
ct,ct−1,ct−2,...,c1 are conditional

transition probabilities. Π
t|t−1
ct,ct−1 is a transition proba-

bility of the units having the value ct−1 at the time point
t− 1 and the value ct at time point t. These probabili-
ties sum to 1 for each category of ct and are defined as
follows:

Πt|t−1
ct,ct−1

= πt,t−1ct,ct−1
/πt−1ct−1

. (15)

Similarly, Π
t|t−1,t−2,...,1
ct,ct−1,ct−2,...,c1 denote the transition

probability of units that have the values ct−1, ct−2, . . .,
c1 at time points t− 1, t− 2, . . . , 1 and ct at time point
t.

The consequence of the Markov property in Eq. (14)
is that the probability of any possible sequence of cate-
gories of X in time (a path), is completely specified by
the initial state probability and the transition probabili-
ties, since:

π1,...,T
c1...cT = π1,...,T−1

c1,...,T−1
·ΠT |1,...,T−1

cT ,c1,...,cT−1

= π1,...,T−1
c1,...,T−1

·ΠT |T−1
cT ,cT−1

and, by recursion on the first term on the right hand site,

π1,...,T
c1...cT = π1

c1Π2|1
c2,c1Π3|2

c3,c2 . . .Π
T |T−1
cT ,cT−1

. (16)

Now if we use Eq. (15) for the transition proba-
bilities Π

2|1
c2,c1 , . . . ,Π

T |T−1
cT ,cT−1 we can rewrite Eq. (16)

in terms of the bivariate probabilities π2,1
c2,c1/π

1
c1 , . . . ,

πT,T−1cT ,cT−1
/πT−1cT−1

and so, by the Markov assumption,
the cell probabilities are completely determined by the
bivariate probabilities.

The model links the observed values from each of
the sources to the true values by a matrix with misclas-
sification probabilities that gives the probability of an
observed category of Rt or St given Xt, the diagonal

entries of these matrices are the probabilities of correct
classification. These matrices, denoted by p(Rt|Xt)
and p(St|Xt), together with the transition probabilities
Π
t|t−1
ct,ct−1 , are the parameters of the model and can be

estimated provided that some restrictions are imposed.
Usually it is assumed that the error matrices p(Rt|Xt)
and p(St|Xt) only depend on Xt and not on other true
or observed values, but [11] and [16] use an extensions
of the model that allows for certain correlations between
classification errors at successive time points.

In the model-based approach the observed values St

and Rt are thought to be generated as a function of the
true values Xt and added measurement errors, hence
the direction of the arrows. The reconciliation approach
is not based on a data generating model at the individ-
ual level, but begins with estimates at the macro-level
and combines these different estimates into a single
one. Thus, in the reconciliation approach the observed
estimates are the inputs from which the reconciliation
model can produce the single estimates whereas in the
model based approach the single true values are thought
to produce the different measurements. To reflect this
difference in reasoning, the direction of the arrows is
reversed for the reconciliation approach.

Despite these conceptual differences, both approach-
es will result in a single estimate of each of the parame-
ters of interest: the univariate and bivariate proportions
(or probabilities) of the ‘Contract type’ categories over
time.

4.3. Numerical results

Since from the four macro-integration models de-
fined in Section 3.2 the Model 4 performed best, we
compare results only of this model. In order to compare
results from the HMM and the Model 4, we run the
Model 4 on the pooled data. Results of the reconciled
time series for the pooled data are given in Tables 15
and 16.

In Table 10 in [11] the average size of ‘Contract
type’ according to the LFS, ER and their optimal la-
tent model, called C”, are presented. Here we compare
these results with the results we obtained from Model
4. In our model the average size of ‘Contract type’ is
obtained in a different way. In [11] the model estimates
new values on a micro level, whereas our models pro-
duce adjusted values per month for the total group,
on a macro level. The average size of ‘Contract type’
for model 4 in Table 11 here is the average over 13
months for Model 4. Observe that the adjusted figures
for Model 4 are closer to the average values obtained
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Table 11
The average size of ‘Contract type’ according to model C” and model
4

Survey Register Model C” Model 4
Permanent 0.653 0.585 0.611 0.625
Temporary 0.110 0.151 0.128 0.129
Other 0.237 0.264 0.261 0.246

from these two sources. This is not surprising since in
our optimization function we include all initial values
as equally reliable. The latent class model gives slightly
different results, with the largest deviation from Model
4 in the category “Other”.

As mentioned in Section 2.2, interest is not only
in the marginal distribution πt over the three contract
types for each month, the changes between these cate-
gories over time are also of interest. These can be de-
scribed by the transition probabilities between adjacent
time points. Estimates of these probabilities are shown
in Table 12. This table compares conditional probabili-
ties P (ct|ct−3) for observed survey data, observed reg-
ister data, Model 4 results for pooled data and results
from Table 11 in [11]. We again observe that the macro-
integration model estimates are in between the observed
values, but now this is not true for the estimates from
Model C”. The diagonal value estimates from model
C” appear to be overall higher than the observed values
in either LFS or ER while the transition probabilities
are lower according to this model.

We anticipated that the macro-integration model es-
timates would lie between the observed values, since
these estimates are required to be as close as possible
to the observed values of both sources. The higher esti-
mates on the diagonal in the HMM could be due to the
Markov assumption. It seems that in HMM the tran-
sitions between different employment states are partly
accounted for as measurement error (that exists in both
data sources) resulting in lower off diagonal and higher
diagonal estimates.

5. Discussion

In this paper we applied macro integration methods
to first-order (marginal probabilities) and second-order
statistics (transition probabilities) in order to obtain
consistent estimates of the variable ‘Contract type’ and
also of the transition probabilities between different
contract types.

Four different macro-integration models were de-
fined in Section 3. We presented adjusted proportions
of the variable ‘Contract type’ for these models, see

Table 12
Conditional probabilities of ‘Contract type’

Observed transitions from LFS
Contract t

Contract t− 3 Permanent Temporary Other
Perm. 0.983 0.006 0.011
Temp 0.058 0.879 0.063
Oth. 0.016 0.037 0.947
Observed transitions from ER register data

Contract t
Contract t− 3 Permanent Temporary Other

Perm. 0.976 0.012 0.012
Temp 0.073 0.869 0.058
Oth. 0.019 0.043 0.938

Model 4 for pooled data
Contract t

Contract t− 3 Permanent Temporary Other
Perm. 0.979 0.008 0.012
Temp 0.062 0.874 0.064
Oth. 0.016 0.036 0.948

Model C” in [11], Table 11
Contract t

Contract t− 3 Permanent Temporary Other
Perm. 0.987 0.004 0.009
Temp 0.017 0.929 0.054
Oth. 0.006 0.030 0.963

Tables 4–7. From these results, it is easy to argue that
model 4 shows the best results. First we observed that
the multiplicative adjustments were superior to addi-
tive ones. The additive model adjusted only quarterly
proportions, while the proportions of the intermedi-
ate months were not adjusted, see Tables 4 and 6, re-
sulting in unrealistic monthly time series. Secondly,
we assumed that both sources are equally reliable or
equally wrong, since we do not have any evidence for
one source to be more reliable than the other. When the
adjustments to both sources are allowed we saw that a
multiplicative adjustment model (Model 4) performed
best.

Our macro-integration models resulted in estimated
proportions for each group (survey cohort) separately.
These estimates can easily be combined to form an
overall estimate. From the proportions for the groups
we first derive estimates for the totals for each group
see Table 13. We then combine the totals of all three
groups for each month and calculate the adjusted total
proportions, see Table 14.

Some issues still remain unsolved. For example, by
using linked data we avoided coverage problems. In
practical applications, when we might not have linked
data, coverage problems should be resolved before ap-
plying macro-integration methods. In addition, the dis-
crepancies we have observed in linked data may still be
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Table 13
Estimated monthly totals of contract types in Model 4

Group 1 2 3
Contract type Perm. Temp. Oth. Perm. Temp. Oth. Perm. Temp. Oth.

Month 1 1983.5 416.4 775.2 – – – – – –
2 1992.9 418.9 764.2 1770.1 385.9 693.1 – – –
3 1986.2 419.4 770.3 1766.6 388.7 690.8 1708.5 348.9 634.6
4 1996.4 402.3 777.3 1766.9 384.2 694.9 1728.5 338.3 625.2
5 1988.0 417.9 770.2 1765.9 382.6 697.4 1723.8 335.8 632.3
6 1991.7 409.4 776.0 1760.6 386.9 697.5 1721.6 334.1 634.3
7 1983.0 398.4 795.5 1755.8 382.8 710.4 1713.4 330.1 647.5
8 1976.2 402.6 798.1 1755.7 376.5 714.8 1707.4 334.6 649.1
9 1976.4 398.1 801.5 1751.6 386.3 709.1 1703.9 335.7 650.5

10 1976.5 393.7 805.8 1757.1 383.3 705.6 1698.6 336.7 655.7
11 1976.3 399.6 800.0 1752.5 395.0 699.5 1692.5 334.9 662.7
12 1967.2 396.0 813.8 1750.9 386.6 706.6 1695.7 329.9 663.5
13 1975.5 381.6 816.8 1755.0 380.8 708.2 1690.7 330.1 667.2
14 – – – 1748.5 373.5 723.0 1693.0 316.3 678.7
15 – – – – – – 1694.7 322.6 669.7

Table 14
Estimates of combined monthly proportions
of contract types

Contract type Perm. Temp. Oth.
Month 1 0.6247 0.1311 0.2441

2 0.6246 0.1336 0.2419
3 0.6267 0.1328 0.2405
4 0.6302 0.1291 0.2407
5 0.6286 0.1304 0.2410
6 0.6283 0.1297 0.2419
7 0.6255 0.1275 0.2470
8 0.6241 0.1278 0.2481
9 0.6234 0.1286 0.2480

10 0.6235 0.1278 0.2487
11 0.6222 0.1296 0.2482
12 0.6216 0.1277 0.2507
13 0.6227 0.1255 0.2518
14 0.6220 0.1247 0.2533
15 0.6307 0.1200 0.2493

Table 15
Adjusted proportions of ‘Contract type’ in
the Polis for combined groups for model 4

Month Perm. Temp. Oth.
1 0.6267 0.1321 0.2412
2 0.6298 0.1316 0.2386
3 0.6285 0.1308 0.2407
4 0.6294 0.1284 0.2421
5 0.6269 0.1300 0.2431
6 0.6257 0.1293 0.2450
7 0.6245 0.1276 0.2479
8 0.6226 0.1292 0.2482
9 0.6227 0.1281 0.2492

10 0.6226 0.1284 0.2490
11 0.6218 0.1287 0.2495
12 0.6219 0.1255 0.2526
13 0.6225 0.1238 0.2537

caused by different definitions or measurement errors.
These possible causes of discrepancies should be inves-

Table 16
Adjusted proportions of ‘Contract type’ in
the LFS for combined groups for model 4

Month Perm. Temp. Oth.
1 0.6267 0.1321 0.2412
2 – – –
3 – – –
4 0.6294 0.1284 0.2421
5 – – –
6 – – –
7 0.6245 0.1276 0.2479
8 – – –
9 – – –

10 0.6226 0.1284 0.2490
11 – – –
12 – – –
13 0.6225 0.1238 0.2537

tigated thoroughly because macro-integration methods
should be applied only after the data are cleaned from
gross errors.

In [11] another model-based approach, the latent
class model with the Markov property is applied on the
same data set to obtain the transition probabilities. In
comparison to the macro-integration approach we pro-
posed here, the individual level latent class model-based
approach is more flexible because it allows the transi-
tion probabilities to vary across individuals according
to covariates, which gives insight into the differences
in transitions between subgroups and may also result,
depending on the validity of the model assumptions, in
more accurate estimates at the aggregate level. More-
over, contrary to the macro-integration approach, it also
provides estimates of the misclassification probabilities.
However this model-based approach has the problem
of being quite demanding: a national statistical insti-
tute would have to run these computationally intensive
models every time before publishing new figures. Al-
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though [11] shows that measurement error probabili-
ties – under certain conditions – can be carried over in
time, a macro integration approach could still be much
faster and less labour intensive. In addition, the macro-
integration approach is less restrictive in the sense that
it does not impose a Markov property of the integrated
time series of proportions that it produces. Moreover,
as the inputs for this method are population estimates,
the method does not need sources that can be linked at
the unit level. The method is also easy to extend and
implement. In our model we did not include reliability
weights for the data sources. If reliability information
of some sort is available, reliability weights should be
included in the model. One of the possibilities would be
to use the estimates of the misclassification probabili-
ties from the latent class Markov model to define the
reliability weights. Another nice feature of our method
is the simple algorithm that is easy to implement and
runs fast. For the iterative algorithm described in our
paper for Model 4 the elapsed system time in R was 2.5
seconds when we required the precision of 1e-09 for
the constraints.

We compared the results of [11] with the results of
Model 4 using the pooled data. We observed that the
proportions estimates were not very different. However,
the estimates of the transition rates did differ signifi-
cantly. The most important difference between the find-
ings of the two approaches is that the estimate of the
transition rate from temporary to permanent employ-
ment obtained from the macro-integration method lies
in between the observed transition rates of the LFS and
the ER, while the hidden Markov Models find that a
transition probability is much lower than both observed
transition rates. The lower off diagonal transition rates
estimates of the HMM could be explained by the fact
that these transitions are to some extend interpreted as
measurement errors.

Macro integration methods and hidden Markov mod-
els both can be used to produce consistent estimates. In
this paper we specified several macro-integration mod-
els for longitudinal data on employment status. Com-
paring the numerical results with those of a previous
application of the hidden Markov model on the same
data gives some insights into the differences of both ap-
proaches. A thorough methodological study of the prop-
erties or assumptions of both approaches that explain
these differences could be a subject of future research.
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Appendix A: Solutions to the optimisation problems

A.1. General solution

The objective and the constraints can be written more compactly in matrix notation, a formulation that allows for a
concise description of the general optimisation problem, the structure of its solution and the algorithms involved.
This formulation is also necessary to apply existing software for solving this optimisation problem.

First we collect all observed proportions, from both the register and the survey in one long vector p by the following
steps. The observed register proportions in a four-way table, for a given t, can be written in vector form as an
81-vector given by (last index running fastest)

~pR.t = pR.t,t+1,t+2,t+3
1,1,1,1 , pR.t,t+1,t+2,t+3

1,1,1,2 , pR.t,t+1,t+2,t+3
1,1,1,3 , pR.t,t+1,t+2,t+3

1,1,2,1 , . . . , pR.t,t+1,t+2,t+3
3,3,3,3 .

The observed register proportions for the four-way tables for all time points together are denoted by ~pR, and obtained
as the concatenation of the ~pR.t for t ∈ (1, 4, 7, 10): ~pR = (~pR.1, ~pR.4, ~pR.7, ~pR.10).

Similarly, we can re-arrange the pS.t,t+3 in vector form as a concatenation of the vectors collecting the proportions
in the four bivariate (3 × 3) tables ~pS = (~pS.1, ~pS.4, ~pS.7, ~pS.10). Note that the vectors ~pR and ~pS and the
corresponding four-way and two-way tables only pertain to month 3 to 13, for the last two month there is only a
single source (the register) and therefore no reconcilliation problem.

The complete vector of observed proportions, from both the register and the survey, can now be written as
p = (~pR, ~pS) with length 360 = 4 × 81 + 4 × 9. The corresponding vectors with reconciled proportions will be
denoted by π̃ ,~̃πR and ~̃πS , respectively. The elements of p and π̃ will be referred to as pv and π̃v , for v = 1. . .360.

All constraints are linear equalities in sums of the components of π̃ and can therefore be written in the form
aT π̃ = b. Here a is a vector defining the constraint. For the reconciliation models considered here, we distinguish
two kinds of constraints, one that sets the reconciled bivariate proportions π̃t,t+3 equal to the corresponding survey
proportions but allows the register proportions to be adjusted (Fixed sums) and one that allows both the survey and
the register proportions to be adjusted in order to satisfy equality constraints (Equalities).

(i) Fixed sums. These are constraints that set sums of parameters equal to fixed constants (constraints Eqs (2) and
(3a)). Then the vector a consists of 1’s corresponding to the elements of π̃ in the constraint and 0’s for the other
elements. The corresponding element of b contains the fixed constant.

(ii) Equality. These are constraints that define equalities between sums of parameters (constraints Eqs (3b)–(3e)).
We move all elements from right side of equation to left side. Then the elements of a are 1’s corresponding to
the elements of π̃ on the left side of the equality sign, −1’s for the elements that were on the right side of the
equality sign and 0’s for all other elements of π̃. The corresponding element of b is zero in this case.

To refer to all constraints simultaneously, we define the matrix A with rows ak defining the K constraints.
The objective function can now be expressed as

D(p, π̃) = DR(~pR, ~̃πR) +DS(~pS , ~̃πS). (17)

and the reconciled proportions are the solution to the optimisation problem

π̃ = argmin
π̃

D(π̃,p)

(18)
subject to Aπ̃ = b,

with the different reconciliation models defined by different specifications of constraints (rows of a) and objective
function D.

The optimisation problem associated with the reconciliation models described in Section 3 is a convex optimisation
problem with linear constraints for which several algorithms can be used. For the models (1 and 3) that are based on
the (weighted) least squares objective, analytic solutions exists. For models based on the Kullback-Leibler divergence
DKL no such closed form solutions exists in general, but for the separable model 2 with fixed constraints an analytic
solution does exists. For model 4 an iterative algorithm that can be seen as a generalisation of iterative proportional
fitting (IPF) is particularly convenient. These solutions will be described below.
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In general, the solution to Eq. (18) can be obtained by using the Lagrangean function for this problem, which can
be expressed as:

L(π̃,λ) = D(π̃,p) + λT (Aπ̃ − b), (19)

with λ the K-vector containing the Lagrange multipliers for the K-constraints. The constraint optimum of Eq. (18)
is a stationary point of the Lagrangean Eq. (19), which can be found by equating the partial derivatives of Eq. (19)
with respect to π̃ and λ to zero (see, e.g. [18, Ch. 5], [19, Ch. 10]). Thus, we obtain the following equations:

∂L(π̃,λ)/∂π̃ = ∂D(π̃,p)/∂π̃ + ATλ = 0 (20a)

∂L(π̃,λ)/∂λ = Aπ̃ − b = 0 (20b)

A.2. Quadratic-loss, additive adjustments

If D is the quadratic-loss 1
2 (π̃ − p)T (π̃ − p), we have ∂D(π̃,p)/∂π̃ = π̃ − p so that Eq. (20a) becomes

π̃ = p − ATλ which by substitution in Eq. (20b) results in λ = (AAT )−1(Ap− b) and so the reconciled
proportions are given by:

π̃ = p + AT (AAT )−1(b−Ap). (21)

For the fixed-sum constraints we have 9× 4 = 36 constraints defined by Eq. (2). These constraints are separable in
the sense that they each pertain to a different part of π̃, they have no π̃-parameters in common. The simultaneous
equation Eq. (21) can then be written as a the set of separate equations:

π̃ = p + ak
1

nk
(bk − aTk p), (22)

where the ak define the fixed-sum type constraints and nk = aTk ak is the number of register values in constraint k.
This equation means that reconciled proportions are obtained by adding the difference of the sum of the observed
register values in constraint k and the corresponding survey proportion in bk, divided by nk, to each of these register
proportions. This results in reconciled proportions that add-up to the corresponding survey proportion. For the equality
constraints separability does not hold as can be seen from Eq. (3) and the solution for π̃ must be obtained by the
simultaneous Eq. (21).

A.3. KL-loss, multiplicative adjustments

If D is the KL-loss function, no explicit solution is available for the equality constraints but a convenient iterative
algorithm will be presented below. For the case of fixed-sum constraints an explicit solution is available and presented
before in Eq. (9). The iterative algorithm proceeds in a step-by-step manner as follows. It starts by minimising the
objective subject to one of the constraints only. In the next step the resulting approximate solution is updated such that
a next constraint is satisfied and the difference with the previous approximation is minimised. When all constraints
are visited, the first iteration is completed and the next iteration starts that will again sequentially adjust the current
approximation to satisfy each of the constraints. The minimisation carried out in each step solves the problem:

π̃r,k = argmin
π̃r,k

D(πr,k, π̃r,k−1)

(23)
subject to aTk π̃

r,k = bk,

with r indicating the iterations. This “succesive projection algorithm” is known to converge for convex objectives and
linear (in)equality constraints, see e.g. [17].

To solve the minimisation problem Eq. (23) we set up the Lagrangean function for this problem, which can be
expressed as

L(π̃r,k, λrk) = D(πr,k, π̃r,k−1) + λrk(aTk π̃
r,k − bk), (24)

with λrk the Lagrange multiplier for constraint k in iteration r. Equating the partial derivatives of Eq. (24) with respect
to π̃r,k and λrk to zero we obtain the following equations:
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∂L(π̃r,k, λrk)/∂π̃r,k = ∂D(πr,k, π̃r,k−1)/∂(π̃r,k) + λrkak = 0 (25a)

∂L(π̃r,kλrk)/∂λrk = aTk π̃
r,k − bk = 0, (25b)

If D is the KL-divergence,
∑
v π̃

r,k
v (log(π̃r,kv /π̃r,k−1v )− 1), we have from Eq. (25a):

log π̃r,kv − log π̃r,k−1v + λrkak,v = 0

and so

π̃r,kv = π̃r,k−1v / exp(ak,vλ
r
k), (26)

which by substitution in Eq. (25b) results in∑
v

ak,vπ̃
r,k−1
v / exp(ak,vλ

r
k)− bk = 0. (27)

Since, as noted in Section A.1, the elements of ak are 0, 1 or −1, we can re-express Eq. (27) as:
1

τ rk

∑
v∈k+

π̃r,k−1v − τ rk
∑
v∈k−

π̃r,k−1v − bk = 0, (28)

with τ rk = exp(λrk) and k+ and k− the sets of indices v for which ak,v = 1 and ak,v = −1, respectively.
For the two types of constraints we are considering here, we now have:
i Fixed sums. In this case, with the ak,v equal to 1 or 0, Eq. (28) reduces to 1

τr
k

∑
v∈k+ π̃

r,k−1
v = bk, and so

τ rk =

∑
v∈k+ π̃

r,k−1
v

bk
and from Eq. (26) we obtain for the update π̃r,kv

π̃r,kv = π̃r,k−1v × bk∑
v∈k+ π̃

r,k−1
v

for v ∈ k + . (29)

For a starting value π̃r,k−1v = pv we obtain

π̃kv = pv ×
bk∑

v∈k+ pv
for v ∈ k+, (30)

which gives the solution without further iterations because the fixed sum constraints are separable and hence
the sets k+ for the different constraints are non-overlapping so that Eq. (30) only applies to different sets of
reconciled proportions for each k. This result coincides with the re-scaling expressed by Eq. (9) in Section 3.

ii Equalities. In this case, with bk = 0, we obtain from Eq. (28)

τ rk =

(∑
v∈k+ π̃

r,k−1
v∑

v∈k− π̃
r,k−1
v

) 1
2

and from Eq. (26) we obtain for the update π̃r,kv :
π̃r,kv = π̃r,k−1v /τ rk for v ∈ k+, (31a)

π̃r,kv = π̃r,k−1v × τ rk for v ∈ k − . (31b)

A.4. Algorithm

The algorithm to solve the reconciliation problem with DKL can now proceed according to the following steps:
1. Create the constraint vectors ak, for k . . .K. This also defines the sets k− and k+ for each k.
2. For fixed-sum constraints set bk equal to the fixed survey proportions.
3. Initialise the starting value π̃1,0

v = pv
4. For k = 1 to K use the update Eqs (30) or (31) to update π̃r,k sequentially for each of the K constraints. This

completes one iteration.
5. Repeat step 4 until some convergence criterion is met.


