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Summary: 

To maintain uninterrupted time series, surveys conducted by national 
statistical institutes are often kept unchanged as long as possible. When a 
change is proposed to improve the methods, it may affect the continuity of 
these series. It is important to minimise the impact so as to minimise the 
inconvenience for users. In this paper we set out the steps in an orderly 
transition, provide practical guidance on how to minimise discontinuities, 
and review methods for dealing with discontinuities if they arise so as to 
maintain a consistently-estimated series.

Keywords: back casting, design and analysis of experiments, survey 
sampling, synthetic adjustments, time series analysis. 

1. Introduction 

Many surveys run by official statistical organisations are continuous, and a 
significant aspect of their value comes from that continuity, sometimes over very 
long periods. Methods, procedures and definitions applied in the survey gradually 
become outdated, which makes change and improvement inevitable from time to 
time. This, however, may affect the continuity of the time series. Therefore it is 
important to minimise the impact of such changes, to keep inconvenience for users 
to a minimum. Consultation with users and the presentation of findings and results 
need to be considered throughout. 

In an ideal transition process, the new approach is tested to determine what its effect 
will be. In cases where the data remain the same, the differences can be investigated 
by recalculation, for example the introduction of new editing, imputation or 
estimation methods. Also a new economic activity classification system in business 
surveys results in discontinuities in time series, which can be quantified using the 
same data with the addition of the new classification. Where collection or coding 
procedures are affected, however, the data are not consistent, and a natural way to 
evaluate the effect of the change in approach is to conduct a field experiment where 
the regular and new survey design are run concurrently. This allows us to estimate 
the main survey parameters under both survey designs and to test hypotheses about 
differences between them. A field experiment also provides a safe method of 
transition, since the new approach is conducted with a full-scale sample before its 
formal acceptance and implementation. Finally we have the implementation step and 
the need to estimate the discontinuity in a production situation, and to use this 
estimate to produce consistent series, e.g. by using a back casting procedure. 

In section 2, three examples of survey redesigns are discussed; although household 
survey examples are used, the methods equally apply to business surveys as long as 
the sampling structure is appropriately accounted for. In section 3 the methods for 
testing, the use of significance and power measures, what can be deduced from tests, 
and some aspects of design and analysis of experiments embedded in ongoing 
sample surveys are reviewed. Section 4 discusses the situation in which a full-scale 
experiment is not possible. In these situations it is important to maximise the 
opportunities for understanding and assessing potential sources of discontinuity 
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from any piloting or field trials which may be taking place. Time series methods for 
estimating discontinuities and back casting procedures for joining series together are 
discussed in section 5. A numerical example is worked out in section 6. In section 7 
some general principles are set out for keeping the quality as high as possible during 
transitions in surveys, based on the discussions in earlier sections. 

2. Examples 

2.1 Dutch National Travel Survey 

The Dutch National Travel Survey is a household survey. From 1985-1998 
households were telephoned to collect household level information. Subsequently 
each household member was asked to keep a record of all the journeys for one day 
in journey diaries, which were sent by mail. Under this survey design, the response 
rates gradually dropped to about 55%. To improve response rates, the National 
Travel Survey was redesigned in 1998. To collect data, paper questionnaires were 
sent by mail (Paper-and-pencil interviewing – PAPI). Households received a 
household questionnaire and journey diaries, which were substantially simplified 
compared to the old questionnaires. Since the response rates for PAPI surveys are 
generally low, all households were contacted by telephone immediately after 
sending the questionnaires to motivate them to complete the questionnaires. The 
interviewers also assisted the household members with the completion of the 
questionnaires, or follow up incorrect or incomplete questionnaires. If households 
did not respond, they were contacted by telephone, or reminders were sent by mail. 

In 1998, the regular and the new designs were conducted in parallel for one 
complete year. The objective of this experiment was twofold. First, to test whether it 
was possible to use this new design on a large scale in Statistics Netherlands’ 
fieldwork organization. The success of this new design depended strongly on the 
capability of the fieldwork organization to keep close contact with the sampled 
households to motivate them to participate with the survey. For a continuously 
conducted survey with an average monthly sample size of 13000 addresses it was 
not obvious in advance that this is tenable. Second, this experiment was used to 
quantify discontinuities in the time series of the main parameters of the National 
Travel Survey due to this redesign.  

In 1998, the monthly sample size was 14650 addresses. The monthly sample was 
randomly divided into two subsamples according to a completely randomized 
design. In the first two quarters, the monthly subsample size assigned to the regular 
design amounted to 13000 addresses, and the remaining 1650 addresses were 
assigned to the new approach. During the last two quarters, the size of the subsample 
assigned to the new design was gradually raised to 13000 addresses while the size of 
the subsample assigned to the regular design was gradually reduced to 1650 
addresses. During this year enough experience was obtained to change safely to this 
new design in 1999. With the new design a response rate of more then 70% has been 
achieved. 
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2.2 Dutch Security Monitor 

In this example two surveys, i.e. the Permanent Survey on Living Conditions and the 
Population Police Monitor, are integrated into one new survey; the Security 
Monitor.  The Permanent Survey on Living Conditions is a module-based integrated 
survey combining various themes concerning living conditions and quality of life. 
This survey has been conducted by Statistics Netherlands since 1997. One of the 
modules is used to publish figures about justice and crime victimisation, and is 
called the Justice and Security module (JSM). Parallel to this survey, the Population 
Police Monitor (PPM) has been conducted since 1993 under the auspices of the 
Ministry of Justice and the Ministry of Interior and Kingdom Relations to publish 
figures about police performance, security perception and crime victimisation. There 
was pressure to produce consistent figures about the overlapping themes of both 
surveys and to reduce response burden and costs, so it was planned in 2004 that the 
JSM module of the Permanent Survey on Living Conditions and the PPM would be 
replaced by the Dutch Security Monitor (SM), which would be conducted by 
Statistics Netherlands. 

The PPM was a telephone interview survey of persons aged 15 years or older with a 
non-secret permanent telephone connection. From 1993-2001, it was conducted 
biannually and from 2001-2006 annually in the first quarter of the year. The sample 
size of the PPM varied between 25000 and 52000 persons. The JSM and the SM 
both use persons aged 15 years or older as the target population. In the JSM, 
interviewers visited all the sampled persons at home and administered the 
questionnaire in a face-to-face interview (CAPI). This was a continuously conducted 
survey with a yearly net sample size of about 10000 persons. The data collection of 
the SM is based on a mixed mode design. Persons with a non-secret permanent 
telephone connection are interviewed by telephone (CATI), and other persons are 
interviewed face-to-face. The data collection of the SM is also conducted in the first 
quarter of the year. 

In the changeover from the JSM to the SM, the questionnaire and the context of the 
survey changed since questions from the JSM are skipped and new questions from 
the PPM are added. The data collection period changed from a survey that is 
continuously conducted throughout the year to the first quarter of the year. The data 
collection mode changed from a uni mode design via CAPI to a mixed mode design 
via CAPI and CATI. The conversion from the PPM to the SM implied major 
modifications in the questionnaire and context of the survey. The target population 
changed from persons aged 15 years or older with a non-secret permanent telephone 
connection to the entire population of all persons aged 15 years and over. The data 
collection mode changed from CATI to a mixed mode design via CAPI and CATI.  

In the first quarter of 2005 a two-treatment experiment was conducted to test the 
effect of the changeover from the PPM to the SM on the most important parameter 
estimates that originate from the PPM. A net sample size of about 52500 persons 
was observed under the PPM and 5500 persons under the SM. Different parameters 
in the survey process changed in this redesign. A consequence of the two-treatment 
experiment is that all factors that changed in the survey design are confounded. As a 
result one can only estimate the net effect of all the factors that changed 
simultaneously. In subsection 6.1, one of the most important parameters that 
originate from the PPM is analysed, i.e. satisfaction with police performance. This 
parameter is measured as the fraction of respondents that have had contact with the 
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police during the 12 months prior to the interview that were satisfied with police 
performance. 

For budgetary reasons, the JSM stopped at the end of 2004. This hampers a direct 
comparison between parameter estimates of the JSM and the SM based on data 
observed in the first quarter of 2005. Time series forecasts for the JSM variables 
were made as the best possible substitute. In subsection 6.2, a peculiar parameter 
that originates from the JSM is analysed; the mean number of property offences 
against Dutch inhabitants during the 12 months prior to the interview. 

2.3 Census test in England and Wales 

A Census Test took place in 2007, to provide evidence which will be used for 
decision-making for the population census in England and Wales in 2011. Its target 
is to examine the effect of different treatments for delivery (hand delivery or postal 
delivery) and the effect of the inclusion of a question on income, on the response 
rate. The delivery method testing takes place within five strata, defined by expected 
response based on a model derived from 2001 Census data; the strata are formed by 
uneven division of the national range of predicted responses, with one stratum 
covering the 2% of areas with the lowest predicted responses. 100,000 households 
will be covered, divided equally between the five strata, but some additional control 
of variation between selected areas is built in through stratification on area 
characteristics. Generalising from the results of the Census Test is complicated 
because it is not possible to replicate the Census conditions for the test – the Census 
is compulsory, but the test is only voluntary, and this means that they have very 
different response rates. The test also takes place in only a restricted subset of 
regions (Local Authorities in this case) which, although they exhibit a range of 
characteristics, are chosen purposively. This means that the experiment will not give 
quantitative estimates of the expected change in outcomes for the full Census, but 
will provide circumstantial evidence which is then available alongside other 
evidence for making an appropriate decision on which delivery method to choose, 
and whether or not to include an income question. 

Constraints on the significance (95%) and power (95%) for detecting a 2% 
difference in response were specified at the beginning of the design stage, but it 
proved impossible to meet these for separate tests within the five strata within the 
resources available. By testing separately in the five strata it is hoped to identify 
whether benefits are realisable by having different strategies for delivery in different 
strata. Although the treatments are applied to small areas (the primary sampling 
units, psu’s, within strata for the delivery method treatment), we quote the sample 
sizes in terms of number of households, since the psu’s vary in size. 

3. Field experiments for evaluating survey changes 

It is well known that adjustments in the survey process can affect response bias and 
therefore the parameter estimates of a sample survey. When an ongoing survey is 
changed, it is not clear whether a change in the series is a result of a real 
development or is induced by the redesign. Even if no change in the series is 
observed, it is still possible that a real development could be nullified by an opposite 
redesign effect. 
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One way to avoid confounding the autonomous development with redesign effects is 
to conduct an experiment embedded in the ongoing survey, where the regular and 
new approaches are run concurrently for some period. In an embedded experiment, 
the sample is randomly divided into two (or more) subsamples according to an 
experimental design. In survey literature, such experiments are also referred to as 
split-ballot designs or interpenetrating subsampling, see e.g. Fienberg and Tanur 
(1988) or Cochran (1977) section 13.15. Under this approach, the subsamples can be 
considered as probability samples from the target population. Therefore estimates of 
the target parameters under the different treatments can be obtained to compare the 
effects of the redesign and test hypotheses about the observed differences between 
these parameter estimates. Another major advantage of such an experiment is that it 
provides a safe method of transition from a regular to a new design. If the new 
design turns out to be a failure, the data obtained under the regular design can still be 
used for publication purposes. This reduces the risk that there is a period for which 
no reliable figures are available. In the example of subsection 2.2, the experiment 
demonstrated that the new design resulted in a discontinuity in the parameter 
“satisfaction with police performance” of about 10%. This was a reason for one of 
the main users, the Ministry of Interior and Kingdom Relations, to continue the PPM 
in 2006. 

Randomized experiments are typically undertaken under a clearly specified protocol, 
which sets out in advance what is to be tested, decision rules for the test outcomes, 
the procedures to be followed and the analysis to be undertaken. The key decisions 
which need to be set out when an experiment (whether or not part of a sample 
survey) is set up are: 

• clear definitions of the treatments 
• the number of treatments  
• dependent variables (parameters for which treatment effects are tested) 
• the differences between the parameter estimates that at least should result in 

a rejection of the null hypothesis of no treatment effects 
• the power and significance levels to test these hypotheses 
• experimental design (randomisation of sampling units over the treatments) 
• the method of analysis 

This results in the specification of the hypotheses to be tested. The typical approach 
in design and analysis of experiments is to pre-specify and quantify the objective of 
the experiment to avoid unnecessary post hoc analysis. A general framework and 
practical guidelines for this process of planning and conducting experiments are 
given by Robinson (2000). 

Before a large scale field experiment is planned to test hypotheses about 
discontinuities, the survey process of the redesign must be definite. This implies that 
pilots to test a new approach strategy or questionnaire must precede field 
experiments that are aimed to test differences in the target parameters due to the 
survey redesign. It is perilous to combine both purposes in the same experiment. The 
results of the experiment might indicate that the new survey process must be 
adjusted. In this stage of a survey redesign, however, there is often no time and 
budget to conduct a new large scale field experiment to investigate discontinuities of 
the revised survey process. 

The most straightforward approach is to split the sample into subsamples by means 
of a completely randomized design (CRD). Generally this is not the most efficient 
design available. The power of an experiment might be improved by using sampling 
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structures such as strata, clusters, interviewers and the like as block variables in a 
randomized block design (RBD) (Fienberg and Tanur 1987, 1988). Unrestricted 
randomization by means of a CRD might also result in practical complications, like 
overly long travelling distances for interviewers in CAPI surveys. This can be 
avoided by using small geographical regions as a block variable. 

In each application the right trade-off between the number of treatments in one 
experiment and the accompanying practical problems must be established carefully. 
Users generally expect that the effect of each separate factor that has varied in the 
survey process can be quantified. This generally requires a factorial design, which is 
difficult to apply in the fieldwork of a survey process, since the number of treatment 
combinations grows rapidly. One solution is to confound higher order interactions 
with blocks or to apply fractional factorial designs, see e.g. Montgomery (2001). 
Confounding is a design technique for arranging a complete factorial experiment in 
blocks, where the number of treatment combinations within a block is smaller than 
the number of treatment combinations of the factorial experiment. This requires that 
certain treatment effects, generally higher order interactions, are indistinguishable 
from blocks. Such design techniques might be used if interviewers are blocks and it 
is necessary to reduce the number of treatment combinations assigned to each 
interviewer. In fractional factorial designs, the number of treatment combinations is 
reduced by running only a fraction of the complete factorial experiment. Again this 
implies that higher order interactions are not distinguishable from each other. These 
designs, however, are highly balanced and generally hard to combine with the 
fieldwork restrictions encountered in the daily practise of survey sampling. In 
practice it is usually necessary to combine the factors that changed into one 
treatment and test the total effect against the standard alternative in a two-treatment 
experiment. This implies that the effects of all factors in the experiment are 
confounded and cannot be separately estimated.  

Another consideration is the minimum required sample size. An indication is 
required about the size of the treatment effects that should at least result in a 
rejection of the null hypothesis at pre-specified levels of significance and power. 
Based on these, the minimum subsample sizes can be determined by an appropriate 
power calculation, see e.g. Montgomery (2001). In survey sampling minimum 
sample size requirements are generally based on significance level requirements 
only, Cochran (1977, chapter 4). Therefore, as an example, we give expressions for 
the minimum sample size in the case of a two-treatment experiment in appendix A.  

If we treat the Census test example of subsection 2.3 as a survey experiment, we 
have two treatments for delivery and two treatments for the inclusion or not of an 
income question, in a fully factorial design. The level at which differences in 
response are required are different for the two treatments. For the delivery method 
treatment, discrimination within each stratum of the five stratum breakdown is 
needed, to give information from which to choose delivery methods in different 
types of areas. This therefore provides the tightest constraint. The original objective, 
for a detectable difference of 2% within each of the five detailed strata for the 
delivery method would have required a psu sample size sufficient to give 120,000 
households in each stratum (using formula A.2 in appendix A with equal subsample 
sizes). This 600,000 household sample size is however completely impractical. 

For the income question test, only a single difference over all strata is required. The 
constraints (2% difference, 95% power and 95% significance) for the income 
question test would have been met by a test of 200,000 households. With a sample 
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size of 200,000 households over all strata, a difference of 4.4% for the delivery 
method test within each stratum could be observed. In the event resource constraints 
have meant that the test is only of 100,000 households. 

In the example of subsection 2.2, the sample size assigned to the regular sample, i.e. 
the PPM, was fixed in advance. The net sample size of 5500 persons for the 
experimental group, i.e. the subsample assigned to the SM, was determined using 
formula (A.1) in appendix A, requiring an overall significance level of 95% and a 
power of 90% to detect a difference of five percent points in the parameter 
satisfaction with police performance and a difference of three in the mean number of 
property offences.  

A design-based analysis procedure for experiments embedded in sample surveys 
designed as CRD’s or RBD’s that account for the sampling design and the weighting 
procedure of the ongoing survey is proposed by Van den Brakel and Van Berkel 
(2002) and Van den Brakel and Renssen (2005). In their approach the Horvitz-
Thompson estimator and the generalized regression estimator are applied to derive 
approximately design unbiased estimators for the population parameters observed 
under the different treatments of the experiment. Furthermore, an approximately 
design unbiased estimator for the covariance matrix of the contrasts between the 
parameter estimates is derived. This gives rise to a design-based Wald- or t-statistic 
to test hypotheses about finite population parameter estimates. These analysis 
procedures are implemented in a software package, called X-tool, which is available 
as a component of the Blaise survey processing software package, developed by 
Statistics Netherlands (Statistics Netherlands 2002). 

4. Practical restrictions of field experiments 

For many reasons, but often including resource constraints as in the Census Test 
example described above, it will not always be possible to achieve the constraints of 
significance and power simultaneously. In these cases we would normally expect to 
relax one of these, and often it is the power which is adjusted. The risk in testing a 
difference on a low power is that an observed difference can be found not to be 
significant, but a noticeable discontinuity can still be found after implementation of 
the change in the regular survey. This is particularly important if a cheaper approach 
is tested which might result in an increased response bias. The mismatch between 
the aim and the resources may, nevertheless, be too great. There are several 
alternatives in such situations. 

(a) Increase the effective sample size by removing sample design constraints such as 
clustering and select an efficient experimental design. As mentioned in section 3, it 
is efficient to use homogeneous groups of sampling units as a block variable since 
such designs increase the power of an experiment.  Due to fieldwork restrictions it 
might be attractive to randomize clusters of sampling units over the different 
treatments. For example all sampling units that belong to the same household or that 
are assigned to the same interviewer. This, however, will increase the variance of the 
treatment effects and can be avoided by randomizing the ultimate sampling units 
instead of clusters of sampling units over the treatments. In the Census Test 
example, the treatments are applied to whole postcodes. This reduces the effective 
sample size but has important operational benefits. Systems to deliver questionnaires 
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to a whole postcode are much simpler than those to deliver questionnaires by hand 
to some addresses and by post to others. 

(b) In the case of insufficient field capacity, consider changing the experiment from 
a one-off to a parallel run which can be managed over a longer period.  

(c) If no large differences are expected, one might consider using the data obtained 
under the alternative treatments for the regular publication. In this case it is 
advisable to assign relatively small fractions of the sample to the alternative 
treatments and conduct the experiment over a longer period to achieve the required 
sample size. If it turns out that the differences are too large to use the data obtained 
under the alternative treatments for the regular publication purposes, then the loss of 
accuracy in the regular figures remains limited. In this situation the experiment can 
be terminated sooner, since a smaller sample size is needed than was anticipated in 
advance. 

(d) Restricting the experiment to the most important research question(s). In 
example 2.2 the data collection mode changed from a uni mode to a mixed mode 
approach. From this an additional research question arises, namely to quantify the 
effects of the two data collection modes (telephone and face-to-face interviewing) in 
the SM. This should confirm that the data obtained under different data collection 
modes within the same sample are comparable in order to preclude problems with 
data integrity. This requires, however, that a randomly selected part of the sampling 
units with a non-secret permanent telephone connection are assigned to the CAPI 
mode. As a result, the effective sample size to quantify the effect of collecting data 
under the survey design of the SM compared to the PPM or the Permanent Survey 
on Living Conditions on the most important parameters would be reduced. 
Therefore it was decided not to test this additional hypothesis and assume that the 
data obtained under both modes can be combined in the generalized regression 
estimator. The generalized regression estimator of the SM accounts for different 
amounts of non-response bias under both modes since the weighting model contains 
variables that stratify the population in subpopulations with and without a non-secret 
permanent telephone connection crossed with region and age classification. This 
estimation procedure will, however, not correct for different amounts of response 
bias between data collection modes. 

(e) Assume that the discontinuities observed at the national level hold for 
subpopulations. In example 2.2 an analysis, which is comparable with the precision 
of the regular survey on the national level was out of the question. The main 
objective of the PPM, however, is to estimate figures about police performance on a 
regional level for 25 separate police districts. Figures for these 25 police regions are 
based on sample sizes that vary between 1000 and 2500 respondents. Therefore it 
was decided to analyse mode effects at the national level and assume that the 
observed differences also held at regional levels. That is, it is assumed that there is 
no interaction between region and treatment. This hypothesis could not be rejected 
in this particular application. Under this assumption a reasonable precision for the 
analysis of discontinuities for these regional figures was achievable in spite of the 
relatively small sample size of the experimental group. The problem with this 
approach is that in these situations the experiment does not have sufficient power to 
detect these interactions. In subparagraph 6.1 we will apply this idea on the observed 
differences of the parameter satisfaction with police performance. 
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(f) Undertake the experiment, and analyse it to infer which parameters have the 
largest effect on the estimates, with less regard for whether this effect is significant. 
If the factors detected in this way corroborate conceptions based on experience, then 
it may well be valid to take the evidence such as it is from the experiment and the 
experience together in determining which approach to adopt. We would still expect 
this strategy to be better than deciding only from experience what to do and needing 
to deal with any impacts afterwards, and this is the strategy being adopted in the UK 
Census test, where non-significant differences in delivery methods may be noted 
within each of the strata, but if they have some correlation with the stratum 
characteristics or with other evidence, they may give quite good evidence for the 
impact of those methods. 

5. Implementation of changes and dealing with discontinuities 

There are several ways to deal with observed discontinuities. A conservative 
approach is to quantify the discontinuities only for the period in which both 
approaches are run concurrently (without extrapolation). This implies that the 
autonomous development in the series is separated from the effect of the redesign on 
the parameter estimates for this period only. This can be considered as a design-
based and rather safe approach since the observed effects are not extrapolated 
beyond the period where both approaches were run concurrently. On the other hand, 
this generally does not meet the users’ requirements, since they often desire 
uninterrupted series for policy evaluation.  

5.1 Synthetic correction methods 

Other methods, which meet the requirement of maintaining uninterrupted series, rely 
on a model to adjust the series for the observed difference beyond the period where 
both approaches are run in parallel. Some models are available to adjust the series 
observed in the past under the old or regular design, to make them comparable with 
the figures obtained under the new design, and these are discussed below. These 
procedures are in this context also known as back casting. 

Let T denote the period where both approaches are run concurrently by means of an 
experiment. Furthermore TRy ,ˆ and TNy ,ˆ denote the design-based estimators for a 
parameter observed under the regular and the new design respectively at time T. The 
most straightforward approach is an additive adjustment of the series, which is 
obtained with 

 TtRTRTNtRtN yyyyy ∆+≡−+= ˆˆ)ˆˆ(ˆ~
,,,,, , for t = 1, …, T-1,  (1) 

with TRTNT yy ,, ˆˆˆ −=∆ . Model (1) implies that the correction is independent of the 
value of tRy ,ˆ . This might result in an adjusted series that takes values outside the 
admissible range of the parameter. To avoid (for example) negative values, a 
multiplicative correction might be preferred: 
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12

This model assumes that the correction is proportional to the value of tRy ,ˆ , which is 
often a more plausible assumption than the independence assumption required for an 
additive adjustment.  

Both adjustments (1) and (2) may be inappropriate for certain parameters. For 
example fractions can only take values in the range [0,1]. Adjustment (2) can still 
result in adjusted parameter estimates that take values larger than one. For the series 
of the police performance in example 2.2 the following adjustment is proposed for 
fractions: 

 )ˆ(ˆˆ~
,,, tRTtRtN yyy δγ ∆+= , for t = 1, …, T-1.    (3) 

Here )ˆ( ,tRyδ is a damping factor that take values in the range [0,1] and is defined 
as a function of tRy ,ˆ , such that 1)ˆ( , =tRyδ if 2/1ˆ , =tRy and 0)ˆ( , =tRyδ if 

0or1ˆ , =tRy . From all possible functions that satisfy these conditions, the following 
quadratic form is chosen: 

 )ˆ1(ˆ4)ˆ( ,,, tRtRtR yyy −=δ . (4) 

Since )ˆ1(ˆ ,, tRtR yy − is the population variance of an estimated fraction, (4) has the 
attractive statistical interpretation that )ˆ( ,tRyδ is proportional to the population 
variance of tRy ,ˆ . As a result, the extent of the adjustment of a parameter estimate 
with (3) depends on the precision of this parameter estimate. Small population 
variances for the parameter result in smaller adjustments. Large population variances 
result in larger adjustments, with a maximum at 2/1ˆ , =tRy . Finally γ is chosen 
such that the equality in (3) holds exactly at time T, i.e. 

)ˆ(ˆˆˆ ,,, TRTTRTN yyy δγ ∆+= . Inserting )ˆ(/1 ,TRyδγ = in (3) gives:  

 
)ˆ1(ˆ
)ˆ1(ˆˆˆ~

,,

,,
,,

TRTR

tRtR
TtRtN yy

yy
yy

−

−
∆+= , (5) 

showing that the correction is proportional to the ratio of the population variances of 

tRy ,ˆ and TRy ,ˆ .

Another property, which makes (3) appropriate for adjusting fractions is that the size 
of the adjustment is symmetric around 5.0ˆ , =tRy . For example, the adjustment for 

1.0ˆ , =tRy is the same as 9.0ˆ , =tRy . This does not hold for (2) since the adjustment 
under this model is proportional to the value of tRy ,ˆ . Variance approximations for 
series adjusted with models (1), (2) or (5) are given in appendix B. 

As mentioned in section 4, it might be necessary to use the discontinuities observed 
at the national level to adjust series of parameter estimates for subpopulations. Let 

r
tRy ,ˆ be the estimate for the r-th subpopulation in period t, obtained under the regular 

design. An additive adjustment for this series under the new design with the 
discontinuity observed at the national level is obtained with  

 T
r

tRTRTN
r

tR
r

tN yyyyy ∆+≡−+= ˆˆ)ˆˆ(ˆ~
,,,,, , for t = 1, …, T-1,  (6) 

In a similar way, a multiplicative adjustment is obtained with 

 
TR

TNr
tR

r
tN y

y
yy

,

,
,, ˆ

ˆ
ˆ~ = , for t = 1, …, T-1.     (7) 



13

Adjusting a series defined as fractions for subpopulations can be obtained with 

 
)ˆ1(ˆ
)ˆ1(ˆˆˆ)ˆ(ˆˆ~
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,,
,,,,

TRTR

r
tR

r
tR

T
r

tR
r

tRT
r

tR
r

tN yy
yy

yyyy
−

−
∆+=∆+= δγ . (8) 

Variance approximations for (6), (7) and (8) are given in appendix B. 

Adjusting series according to model (1) - (8) is a synthetic approach and will almost 
certainly result in biased estimates for the adjusted series since strong model 
assumptions are used to extrapolate the observed difference outside the period that 
both survey approaches run in parallel or that differences observed at the national 
level also hold for subpopulations. This bias is not reflected in the variance 
approximations, derived in appendix B. These model assumptions become 
questionable as the length of the time period between the adjusted parameter (t) and 
the moment of conducting the experiment (T) increases. Moreover it is very hard to 
validate this assumption. Indeed in one recent example Soroka et al. (2006) 
demonstrated that recalculating a series using exact methods (an exact classification 
in their case) could show substantial differences compared with using a linking 
approach. 

In the context of small area estimation, empirical best linear unbiased prediction 
(EBLUP) approaches are frequently used to estimate the mean squared error (MSE) 
of model dependent estimates. Such methods might be considered for adjusting 
series for discontinuities and obtaining MSE approximations. The data obtained in 
the period that both approaches are conducted in parallel are used to derive an 
EBLUP estimator for the parameter estimates under the new approach where, 
besides other available auxiliary information, the data obtained under the regular 
approach are used as explanatory variables.  

There are, however, several factors that hamper a straightforward application of this 
approach. The first constraint is that it has to be assumed that the parameter under 
the regular approach that is used as auxiliary information is observed without 
sampling error. Furthermore, the unit-level model originally proposed by Battese, 
Harter and Fuller (1988), requires that an observation is obtained for each sampling 
unit under both the regular and the new approach during the period that both 
approaches are conducted in parallel. These paired observations are generally not 
available in surveys since in most situations the sampling units are assigned either to 
the new approach or to the regular approach. This constraint can be circumvented 
with the area-level model originally proposed by Fay and Herriot (1979), since 
direct estimates under the regular and the new design are available for 
subpopulations. Subsequently, the synthetic part of the EBLUP estimator (see e.g. 
Rao (2003), formula (7.1.3)) can be used to obtain model-based estimates for the 
parameter under the new design for t = 1, …, T-1. Since no observations are 
available under the new approach for these periods, the variance component of the 
direct estimate and therefore the MSE, goes to infinity. This follows directly from 
Rao (2003), formula (7.1.8) and (7.1.21).  

Adjusting series according to (2), (5), (7) or (8) might give rise to consistency 
problems. In the example of subsection 2.1, discontinuities are quantified for total 
travelling distance and for the total travelling distance itemized over different 
subclasses. If such series are adjusted according to (2), there is no guarantee that the 
sum over the adjusted subclasses equals the adjusted total. The same problem arises 
if fractions are adjusted according to (5). After this adjustment, there is no guarantee 
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that fractions sum to one. Consistencies between adjusted parameter estimates can 
be restored with a linear restriction estimator. Let )~,...,~(~

,,1,,, qtNtNtN yy=y denote a 
q-vector containing the q adjusted parameter estimates for period t. These q
parameters must obey a set of m linear restrictions. This problem comes down to 
minimizing )~~()~~( ,

*
,

1
,

*
, tNtN

T
tNtN yyVyy −− − , subject to the constraint cyR =*

,
~

tN ,
with 1−V the covariance matrix of tN ,

~y and R a qm× matrix that contains the 
linear combinations of *

,
~

tNy that must satisfy the m restrictions of c. Minimizing the 
Lagrangian function  

 )~()~~()~~( ,,
*

,
1

,
*

, cyRyyVyy −−−− −
tNtNtN

T
tNtN λ

with respect to *
,

~
tNy and λ , gives  

 ]~[)(~~
,

1
,

*
, tN

TT
tNtN yRcRVRVRyy −+= − , (9) 

see e.g. Knottnerus 2002, chapter 12. This quadratic minimization approach is 
sometimes applied for balancing estimates for national accounts (Stone, 
Champernowne and Meade, 1942) and benchmarking monthly and quarterly figures 
to annual totals (Denton, 1971). As long as R does not contain redundant 
restrictions, TRVR  is of full rank, since V is positive semi definite. 

In equation (9) the discrepancies ]~[ ,tNyRc − are distributed over the values of tN ,
~y

such that imprecise elements of tN ,
~y receive larger adjustments than more precise 

elements of tN ,
~y . Let e.g. )~,~,~,~(~

3,,2,,1,,,,, tNtNtNtNtN yyyy +=y denote a vector that 
contains adjusted estimates for total travelling distance )~( ,, +tNy that is itemized over 
the distance travelled by car )~( 1,,tNy , by public transportation )~( 2,,tNy , and others 
forms of transportation )~( 3,,tNy . It is required that .~~~~

3,,2,,1,,,, tNtNtNtN yyyy ++=+ If 
)1,1,1,1( −−−=R and )0(=c , then the four elements are adjusted, such that the 

largest adjustments are attributed to the most imprecise figures. If it is required that 
the estimate for the total travelling distance remains unaffected, then take 

)~,~,~(~
3,,2,,1,,, tNtNtNtN yyy=y , )1,1,1(=R , and )~( ,, += tNyc .

Now let )~,~,~,~,~(~
5,,4,,3,,2,,1,,, tNtNtNtNtNtN yyyyy=y denote a vector containing five 

adjusted proportions, e.g. the fraction of persons that is 1) very satisfied, 2) satisfied, 
3) not satisfied and not unsatisfied, 4) unsatisfied, and 5) very unsatisfied with 
police performance. It is required that the sum over the five categories add up to one, 
which can be achieved with (9), by taking )1,1,1,1,1(=R and )1(=c .

5.2 Time series approach 

Another possibility to account for discontinuities is to model the moment that the 
survey is redesigned explicitly in a time series model. This is sometimes referred to 
as intervention analysis. One possibility is to use an augmented ARIMA model, 
using for example, the REGARIMA tool in X12-ARIMA (see Findley et al., 1998) 
or TRAMO in TRAMO-SEATS (see Gomez and Maravall, 2000). This approach 
includes a dummy variable that incorporates auxiliary information on the time and 
duration of the transition period for the survey change from the regular to the new 
design. Another approach is to adopt a structural time series model, where the series 
is decomposed in a trend, a seasonal component, a component predicted with 
explanatory variables, and an irregular component. Again the vector with 
explanatory variables contains at least a dummy variable that indicates the moment 
that the survey changed from the regular to the new design. This intervention 
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variable measures a change in level. Other forms of intervention variables can be 
designed, for example to measure a change in slope (Durbin and Koopman, 2001, 
section 3.2) or to measure a gradual change of level (Box and Tiao, 1975). The 
standard (but not the only) way to proceed is to write this model in state-space form 
and obtain parameter estimates with the Kalman filter, (see for example Harvey 
1989, or Durbin and Koopman 2001). The parameter estimate for the intervention 
variable can be interpreted as the discontinuity in the series due to the survey 
redesign. 

The time series approach assumes that the time series model approximates the 
development of the indicator reasonably well and that there is no structural change 
in the trend or the seasonal component at the moment that the new survey is 
implemented. If a change in the real development of the indicator coincides with the 
implementation of the new survey, then the model will wrongfully assign this effect 
to the intervention variable which is intended to describe the redesign effect. 

Adjusting series independently form each other according to univariate time series 
models will give rise to inconsistencies between the adjusted parameters. They can 
be restored using the quadratic minimization approach (9) proposed in subsection 
(5.1). Another possibility is to apply a multivariate time series model and augment 
this model with an additional restriction on the regression coefficients of the 
intervention parameters. Let )ˆ,...,ˆ,ˆ(ˆ ,1,, Ktttt yyy +=y denote a vector that contains 
K+1 estimates for the mean or the total of a parameter. The first component, +,ˆ ty , is 
itemized over K categories specified by the remaining estimates kty ,ˆ , k = 1, …, K for 
all t. These K+1 variables are subjected to the restriction ∑ =+ =

K

k ktt yy
1 ,, ˆˆ . For 

illustrative purposes, the K+1 series are assumed to be the realisation of a stochastic 
trend and an intervention variable only. The intervention variable tδ equals zero 
during the period that the series is observed under the regular approach and equals 
one during the period where the series is observed under the new approach. The 
univariate structural time series model for the j-th component of tŷ is defined as: 

 jttjjtjt Ly ,,,ˆ εδβ ++= , (10) 

with jtL , a stochastic trend, jβ the time independent regression coefficients for the 
intervention variable which can be interpreted as the discontinuity in the j-th series 
due to the survey redesign and jt ,ε an irregular component with 0)( , =jtE ε and 

2
,', ),( jjtjtCov εσεε = if 'tt = and zero otherwise. The stochastic trend is modelled 

as 

 
,

,

,,1,

,,1,1,

Rjtjtjt

Ljtjtjtjt

RR
RLL
η

η

+=

++=

−

−−
(11) 

with jtL , the stochastic level component and jtR , the stochastic slope component of 
the trend model and Ljt ,η and Rjt ,η irregular components. It is assumed that 

0)()( ,, == RjtLjt EE ηη , 2
,', ),( LjLjtLjtCov σηη = if 'tt = and zero otherwise, 

2
,', ),( RjRjtRjtCov σηη = if 'tt = and zero otherwise, and 0),( ,', =RjtLjtCov ηη for 

al t and 't . The model can be extended with a seasonal component and explanatory 
variables if necessary (see e.g. Durbin and Koopman 2001).  

These K+1 univariate models can be put in one multivariate model augmented with 
restriction ∑ =+ =

K

k ktt yy
1 ,, ˆˆ for all t. In state space representation this model reads 

as: 
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tttt εαZy +=ˆ (12) 

 ttt ηTαα += −1 (13) 

The measurement equation (12) is the multivariate extension of (10) and describes 
how the observed series depends on a vector of unobserved state variables tα and a 
vector with disturbances tε . In this case the state variables are the level and slope 
components of the trend models and the regression coefficients of the intervention 
variables. The transition equation (13) describes how these state variables evolve in 
time. The vector tη contains the disturbances of the assumed stochastic processes of 
the state variables. Modelling the K+1 series with separate stochastic trend models 
and intervention variables, implies that the matrices in (12) and (13) are given by 

 T
KKtKtttttt RLRLRL ),...,,,,,...,,,,( 1,,1,1,,, βββ +++=α ,

( )11 |)0,1( ++ ⊗= KtKt IIZ δ ,

),( ivtrBlockdiag TTT = ,









⊗= + 10

11
1Ktr IT ,









=

KK

T
K

iv I0
1

T
0

, (14) 

with p0 a vector of order p with each element equal to zero, p1 a vector of order p 
with each element equal to one, and pI the pp× identity matrix. The disturbances 
vectors are defined as 

 T
Ktttt ),...,,( ,1,, εεε +=ε ,

TT
KRKtLKtRtLtRtLtt ),,,...,,,,( 1,,1,1,,, +++= 0η ηηηηηη .

It is assumed that 

 1)( += KtE 0ε , ),...,,()( 22
1

2
Kt DiagCov εεε σσσ +=ε ,

)1(3)( += KtE 0η ,

),,,...,,,,()( 1
222

1
2
1

22
+++= KRKLKRLRLt DiagCov 0η σσσσσσ .

Since the regression coefficients of the intervention variables are time independent, 
their accompanying irregular terms in tη as well as their variances equals zero. Due 
to (14) these regression coefficients as well as their Kalman filter estimates obey the 
restriction ∑ =+ =

K

k k1
ββ . Subsequently the time series after the moment of the 

survey transition can be adjusted for the estimated discontinuities with 
jjtjt yy β̂ˆ~

,, −= . As an alternative, the series before the survey transition can be 
adjusted with jjtjt yy β̂ˆ~

,, += . Since the observed series as well as the estimated 
discontinuities obey the required consistencies, the adjusted series also does.  

A slightly different type of constraint requires that K series add up to a constant, i.e. 
cyK

k kt =∑ =1 ,ˆ . For example in the case of fractions, c equals 1 or 100%.  In this 
case, the K regression coefficients of the intervention variables must obey the 
restriction 0

1
=∑ =

K

k kβ . This requires a K dimensional multivariate structural time 
series model defined analogous to (12) and (13), where (14) is replaced by 
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



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


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iv 1

0I
T .

With the experimental approach, two estimates for a parameter are obtained, i.e. 
TRy ,ˆ and TNy ,ˆ . However, in the time series model only one estimate for this period 

can be used. Therefore it might be attractive to combine both figures, using the 
linear restriction estimator (9), where 

 )1,1(,0,)ˆ,ˆ(ˆ ,, −=== Rcy T
TRTNT yy .

Under the assumption that the new survey process results in less response bias, the 
difference between TRy ,ˆ and TNy ,ˆ can be used as an estimate for the response bias 
in the mean squared error of TRy ,ˆ . This implies that the MSE for both estimates can 
be approximated by 

 2
,,,2,1 )ˆˆ()ˆ(),ˆ( TRTNTRTN yyyVarVyVarV −+== .

After some algebra it follows that the two components of *ˆ Ty in (9) are both equal 
to: 
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,1,2* ˆˆ
ˆ

VV
yVyV

y TRTN
T +

+
= .

This comes down to the regular way of pooling two estimates using their accuracy 
measures as weights. The covariance between TNy ,ˆ and TRy ,ˆ is neglected, which is 
reasonable in many applications, since the variances are of order (1/n) while the 
covariance is of order (1/N), where n denotes the subsample size and N the size of 
the target population. 

If the period were the regular and new approach is conducted in parallel is 
sufficiently long, it might be efficient to construct a bivariate structural time series 
model for the series T

tNtRt yyy )ˆ,ˆ(ˆ ,,= . Both components of the vector are only 
observed together during the period that the regular and the new survey approach are 
conducted in parallel. During the period that the series is only observed under the 
regular approach, the values for tNy ,ˆ are missing observations. During the period 
that the series is only observed under the new survey design, the values for tRy ,ˆ are 
missing observations. Subsequently, one common trend component, seasonal 
component and regression model for explanatory variables are assumed for both 
series. The difference between the observations under the regular and the new 
approach are modelled with an intervention variable. For illustrative purposes only a 
stochastic trend and an intervention is assumed. This model can be put in state space 
representation with (12) and (13), taking 

 T
ttt RL ),,( β=α , 
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),()( 22
nrt diagCov εε σσ=ε , )0,,()( 22

RLt diagCov σσ=η .

In the state vector, tL is the level component and tR the slope component of 
the stochastic trend model defined by (10) and (11) common to both series being 
modelled. This approach conceives the reconstruction of the time series as a 
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missing observation problem. The Kalman filter and the fixed interval smoother can 
be applied to obtain forecasts for the missing values of the series under the regular 
approach and back casts for the missing values of the series under the new approach 
(Durbin and Koopman, 2001 section 2.8 and 4.8). Numerical problems, however, 
might be expected if there are only a sparse number of paired observations under the 
regular and new approach. 

6. Numerical example: the Dutch Security Monitor 

In example 2.2 it was explained that the Dutch Security Monitor (SM) replaced two 
partially overlapping surveys, namely the Population Police Monitor (PPM) and the 
Justice and Security Module (JSM) of the Permanent Survey on Living Conditions. 
This redesign resulted in discontinuities in many parameters from the PPM as well 
as the JSM, and these are the results of several factors that changed simultaneously. 
The most important ones are: 

• Increase of the response rate of the SM compared to the JSM and the PPM, 
which might result in different amounts of non-response bias. The response 
to the SM is 70%, while the response rates of the JSM varied between 55% 
and 60% and the PPM between 50% and 64%.  

• Differences between sample frames. The PPM is based on a sample of 
persons aged 15 years and older with a non-secret permanent telephone 
connection. The SM and the JSM are based on samples of all persons aged 
15 years and older. A substantial part of the discontinuities in the parameters 
that originate from the PPM can be explained since the PPM does not 
observe the subpopulation that does not have a non-secret permanent 
telephone number. Additional analyses showed that this results in an under-
representation of young people and ethnic minorities in the PPM. This group 
also reports a higher rate of crime victimization and a more negative opinion 
about police performance. 

• Differences in data collection modes. The PPM is a telephone based survey. 
In the JSM, data are collected in face-to-face interviews conducted with the 
respondents at home. In the SM a mixed mode design is used. Interviews are 
conducted by telephone if persons have a non-secret permanent telephone 
connection. For the remaining persons data are collected in face-to-face 
interviews conducted at the respondents’ homes. Many references in the 
literature emphasize that different collection modes have systematic effects 
on the responses, see e.g. De Leeuw (2005), and Dillman and Christian 
(2005). 

• Differences between data collection periods. The data collection of the PPM 
and the SM is conducted in the first quarter of the year, while the JSM is 
conducted continuously throughout the year. Real developments result in 
different means if the data refer to a complete calendar year instead of the 
first quarter of it. There are also small seasonal effects in the quarterly 
figures of the property and violent offences of the JSM. This explains a 
small part of the discontinuities in the parameters that originate from the 
JSM.  

• Differences between questionnaire designs. There are differences between 
the routing, the order and the formulation of the questions and the answer 
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categories in the questionnaires of the PPM, SM and JSM. This might have 
systematic effects on the outcomes of these surveys. One of the most 
important differences is that the questionnaires of the SM and the JSM use a 
bounded recall procedure for retrospective questions about crime 
victimization, see Sudman, Finn and Lannom (1984). This approach, which 
intends to minimize the number of measurement errors in remembering 
events due to telescoping, is not used in the questionnaire of the PPM and 
might result in an overestimation of the number of events in the PPM. 

• Differences between the contexts of the surveys. The PPM and the SM are 
introduced as surveys that are focussed on crime victimization and safety 
topics. The JSM is a module of a more general survey on living conditions. 
This might have a systematic selection effect on the respondents who decide 
to participate in the survey. Furthermore, in the PPM and the SM the 
attention of the respondent is completely focussed on one topic, contrary to 
the JSM. This might influence the effort made by the respondents to answer 
the questions as well as possible. 

It is difficult to quantify the separate effects of these factors, since they are 
confounded in the chosen design (see subsection 2.2). In the following subsections 
we discuss the discontinuities and the possible ways of dealing with them for one 
parameter of the PPM, satisfaction with police performance, and one parameter of 
the JSM, property offences against Dutch inhabitants.  

6.1 Population Police Monitor: Satisfaction with police performance 

One of the most important parameters from the PPM is the fraction of the population 
which is satisfied with police performance during their last contact with the police. 
The experiment in 2005 demonstrated that the new design resulted in a difference in 
this parameter of about 9.4%. This was a reason for the Ministry of Interior and 
Kingdom Relations, to continue the PPM in 2006, since they use the PPM outputs to 
evaluate police performance. As a result, the SM and the PPM were conducted in 
parallel for two years, which gives an excellent opportunity to test hypotheses about 
discontinuities and investigate the performance of the proposed adjustments 
discussed in subsection 5.1. In 2005 the SM was conducted on a small scale; the 
number of respondents of the SM and the PPM amounted to 5200 and 52500 
respectively. In 2006 both surveys were conducted on a full scale; the net sample 
sizes of the SM and PPM were 22000 and 25000 persons, respectively. The analysis 
results concerning the discontinuities in satisfaction with police performance 
between both surveys are summarized in Table 1. 

Table 1: Analysis of discontinuities in “Satisfaction with police performance” 
(standard errors in brackets). 
Year SM PPM Difference z p-value 
2005 52.38 (1.42) 61.75 (0.62) 9.37 (1.55) 6.05 0.000
2006 55.14 (0.78) 63.40 (0.65) 8.26 (1.02) 8.14 0.000

Since satisfaction with police performance is defined as a fraction, formula (5) is 
proposed to adjust the series based on the PPM from 1993 to 2005 for the observed 
difference with the SM. Based on the difference observed in 2005 and the estimate 
obtained from the PPM in 2006, a prediction for the SM in 2006 can be obtained 
using adjustment (5). This prediction can be confronted with the real estimate 
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obtained from the SM in 2006. In a similar way, the difference observed in 2006 and 
the estimate of the PPM in 2005 can be used to make a prediction for the SM in 
2005. This prediction can be confronted with the real estimate obtained from the SM 
in 2005. The results are summarized in Table 2. 

Table 2: Predicted Satisfaction with police performance (standard errors in 
brackets). 
Year SM prediction SM estimate Difference z p-value 
2005 53.40 (1.27) 52.38 (1.42) 1.02 (1.91) 0.54 0.589
2006 54.19 (1.71) 55.14 (0.78) -0.95 (1.88) -0.51 0.610

The estimate for the discontinuity in 2006 is about one percent point smaller than the 
estimate in 2005. Since the sample size for the SM in 2006 is four times larger, the 
most accurate estimate for the difference is obtained from the 2006 data. The 
original series based on the PPM with a 95% confidence interval, as well as a 
prediction of the series under the SM, based on formula (5) with a 95% confidence 
interval based on formula (B.1) is plotted in Figure 1. The figure clearly illustrates 
that the adjusted series draws heavily on the assumption that the observed difference 
in 2006 is time invariant. Since the proportions observed under the PPM take values 
in a relatively small interval [62% - 68%], the damping factor (4) does not result in 
large differences in the adjustments between the years in this application.   

Figure 1: Time series for Satisfaction with police performance, original and 
adjusted for the discontinuity between the PPM and the SM observed in 2006.  
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Due to the relatively small sample size of the SM in 2005, no accurate direct 
estimates for parameters and discontinuities are available for the 25 police regions. 
Therefore it was initially planned to assume that the national level estimate for the 
discontinuity also held at the regional levels. Under this assumption, predictions for 
the SM at a regional level are obtained with (8). This approach assumes no 
interaction between region and treatment effects. With the data obtained in 2005 the 
hypothesis of no interaction could not be rejected in a logistic regression analysis. 
Based on the difference observed at the national level in 2005 and estimates 
obtained in 2006 with the PPM for the 25 police regions, predictions for these 
regions under the SM are obtained with (8). These predictions are confronted with 
the regional estimates observed with the SM in 2006 in Table 3. The difference 
between the predicted and the estimated value under the SM is significantly different 
from zero (z>1.96) in only one region. 
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Table 3: Estimated and predicted values for Satisfaction with police performance 
for different police regions (standard errors within brackets). 

Region PPM 
estimate 

2006 

SM estimate 
2006 

SM 
predicted 

2006 

Difference SM 
estimate and 
prediction 

z

Amst.-Amstelland 62.4 (2.80) 52.5 (3.57) 53.1 (3.45) -0.6 (4.96) -0.12 
Rotterd.-Rijnmond 60.4 (2.82) 46.9 (3.46) 50.9 (3.45) -4.0 (4.88) -0.82 
Haaglanden 62.8 (2.79) 55.7 (3.32) 53.5 (3.45) 2.2 (4.78) 0.45 
Utrecht 61.1 (2.81) 53.6 (3.40) 51.7 (3.45) 1.9 (4.84) 0.40 
M.- en W. Brabant 58.0 (2.85) 58.5 (3.48) 48.3 (3.44) 10.2 (4.89) 2.08 
Hollands Midden 62.1 (2.80) 58.5 (3.34) 52.8 (3.45) 5.7 (4.80) 1.18 
Kennemerland 63.6 (2.78) 55.9 (3.57) 54.4 (3.44) 1.5 (4.96) 0.30 
Brabant-Zuid-Oost 62.8 (2.79) 53.4 (3.50) 53.5 (3.45) -0.1 (4.91) -0.03 
Groningen 68.3 (2.69) 58.1 (3.71) 59.7 (3.40) -1.6 (5.03) -0.32 
Limburg-Zuid 64.9 (2.76) 58.2 (3.67) 55.9 (3.44) 2.3 (5.03) 0.46 
Gld.-Midden 63.3 (2.78) 53.5 (3.75) 54.1 (3.44) -0.6 (5.09) -0.11 
Zuid-Holland-Zuid 64.5 (2.76) 52.8 (3.39) 55.4 (3.44) -2.6 (4.83) -0.54 
Twente 68.9 (2.67) 58.9 (3.64) 60.4 (3.39) -1.5 (4.97) -0.30 
N.- en O.-Gld. 64.0 (2.77) 57.4 (3.71) 54.9 (3.44) 2.5 (5.06) 0.50 
N.-Holland-Noord 64.2 (2.77) 54.4 (3.36) 55.1 (3.44) -0.7 (4.81) -0.14 
Brabant-Noord 59.2 (2.84) 53.7 (3.79) 49.6 (3.44) 4.1 (5.12) 0.80 
Gelderland-Zuid 65.7 (2.74) 54.6 (3.63) 56.8 (3.43) -2.2 (4.99) -0.43 
Fryslân 65.3 (2.75) 54.7 (3.92) 56.3 (3.43) -1.6 (5.21) -0.31 
IJsselland 61.4 (2.81) 54.5 (3.73) 52.0 (3.45) 2.5 (5.08) 0.49 
Zaanstr.-Waterl. 66.4 (2.73) 55.0 (3.85) 57.5 (3.42) -2.5 (5.15) -0.49 
Gooi en Vechtstrk. 64.3 (2.77) 61.5 (3.22) 55.2 (3.44) 6.3 (4.71) 1.34 
Limburg-Noord 68.1 (2.69) 59.7 (3.58) 59.5 (3.40) 0.2 (4.94) 0.04 
Flevoland 69.8 (2.65) 55.3 (3.15) 61.4 (3.37) -6.1 (4.62) -1.33 
Drenthe 67.8 (2.70) 64.4 (3.73) 59.1 (3.41) 5.3 (5.05) 1.04 
Zeeland 68.1 (2.69) 55.6 (3.74) 59.5 (3.40) -3.9 (5.06) -0.77 

It is also possible to quantify discontinuities with the sample of the SM and the PPM 
in 2006 where both surveys are conducted on a full scale. In this year the differences 
in the separate regions can be estimated and model (5) can be applied to predict the 
outcome for the SM in 2005 within each separate region. The standard errors for 
these predictions takes values in the range of 5.3 and 5.9 with a mean of 5.5. If the 
difference between the SM and the PPM observed at the national level in 2006 is 
used to predict the outcomes for the SM at the regional level in 2005 with (8), then 
the standard errors of these predictions take values close to 3.2. This illustrates that 
we cannot expect more accurate predictions if both surveys are replicated on a full 
scale and the estimated differences within the regions are used for prediction in this 
application. With the assumption that the difference observed at the national level 
holds in each separate region, model (8) borrows strength from other regions to 
adjust the estimates at a regional level. This reduces the variance of the estimated 
difference and therefore of the adjusted series for each region considerably. If, on 
the other hand, this assumption does not hold it will introduce additional bias in the 
adjusted regional series. In this application there is, however, no evidence against 
the assumption that the difference observed at the national level holds in each 
separate region. First, the hypothesis of no interaction between regions and the 
treatment effect could not be rejected. Second, there is only one region in Table 3 
where the difference between the SM prediction and the direct estimate is outside 
the 95% confidence interval. 
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6.2 Justice and Security Module of the Permanent Survey on Living 
Conditions: Property offences 

Many parameters that originate from the JSM concern violence, property and 
vandalism offences against Dutch inhabitants. As an example we discuss the effect 
of the redesign on the mean number of property offences against Dutch inhabitants 
in this section. Since the JSM and the SM are not conducted in parallel, no direct 
comparison of estimates obtained under both surveys is possible. In figure 2 the time 
series for the mean number of property offences observed under the JSM and the 
SM is plotted. This figure suggests that there is a discontinuity at the moment that 
the JSM is replaced by the SM in 2005. 

Figure 2: Mean number of property offences against Dutch inhabitants (×100) 
during the 12 months prior to the interview, observed with the JSM (1997-2004) and 
the SM (2005-2006). 
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One way to analyse this discontinuity is to model this series with a structural time 
series model. Let tŷ denote the estimate for the population parameter (property 
offences). If 20041997 ≤≤ t , then tŷ is based on the JSM. If 2004>t then tŷ is 
based on the SM. Since the series has a length of only ten years, a very sparse 
structural time series model is used. The observed series is modelled analogous to 
(10). The intervention variable tδ indicates the moment that the survey changed 
from the JSM to the SM, i.e. 0=tδ if 20041997 ≤≤ t and 1=tδ if 2004>t .
The irregular term tε is assumed to be normally distributed with 0)( =tE ε and 

tt nVar 2)( εσε = , where tn denotes the number of respondents observed in the 
survey at time t. The stochastic trend tL is modelled as a random walk, i.e. the 
system equation for the trend equals 

 Lttt LL ,1 η+= − .

The irregular component Lt ,η is assumed to be normally distributed with 
0)( =LtE η and tLLt nVar 2

, )( ση = . With the Kalman filter, smoothed estimates 
for the trend and the regression coefficient β are obtained using the fixed-interval 
smoother, see Harvey (1989) or Durbin and Koopman (2001) for details. Since the 
observed time series is short (ten time points), the number of hyper parameters to be 
estimated is confined to a minimum by assuming that 22

Lσσ ε = . For the series of 
property offences in figure 2, the (smoothed) Kalman filter estimate for β was 3.1 
with a standard error of 0.83 (z=3.75, p-value=0.0002). Since β̂ is significantly 
different from zero, there is strong evidence that the change over from the JSM to 
the SM resulted in a discontinuity in the series.  
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To eliminate the estimated discontinuity from the series, the estimates obtained with 
the SM can be corrected by β̂ˆ~ −= tt yy to make them comparable with the 
outcomes under the design of the JSM. The series where the SM estimates for 2005 
and 2006 are corrected according to this approach is given in figure 3. As an 
alternative, the estimates obtained with the JSM can be corrected by β̂ˆ~ += tt yy to 
make them comparable with the outcomes under the SM. Another possibility is to 
use the smoothed trend estimate to describe the gradual movements in the series, 
which is plotted in figure 4. 

Figure 3: Mean number of property offences against Dutch inhabitants (×100) 
during the 12 months prior to the interview, observed with the JSM (1997-2004) and 
the SM corrected for the estimated discontinuity (2005-2006). 
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Figure 4: Mean number of property offences against Dutch inhabitants (×100) 
during the 12 months prior to the interview, Smoothed Kalman filter estimate of the 
trend component. 
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All parameters about crime victimization that originate from the JSM showed an 
increase in the mean number of offences due to the transition to the SM. It appears 
that differences in the context of the survey and the questionnaire of the JSM and the 
SM are important explanations, even though these factors are confounded with other 
changes in the survey redesign. The questions about crime victimization in the JSM 
follow directly after a block of general questions about living conditions. In the 
questionnaire of the SM these questions are preceded by questions about feelings of 
insecurity, police performance and neighbourhood problems. Gibson e.a. (1978) and 
Kalton and Schuman (1982) describe an experiment conducted in the National 
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Crime Survey (USA) where a comparable modification in the questionnaires is 
tested. In this experiment the standard questionnaire about crime victimization is 
compared with an alternative questionnaire where questions about safety of the 
neighbourhood and police performance precede the questions about crime 
victimization. In this experiment a similar increase in the mean number of reported 
offences is observed due to the addition of a block of related questions. 

7. General considerations and guidelines 

Some of the range of issues which need to be considered when making a change to a 
long-running survey are discussed and illustrated with examples in this paper. In this 
section we discuss the practices which need to be followed to help ensure a smooth 
transition, and make some general guidelines.  

Clear communication with the main users during the entire process of redesigning a 
survey is essential for the acceptance of a redesign. Users should be informed about 
plans for redesigning the survey and the possible consequences of discontinuities in 
the series. This should receive sufficient attention, since users are generally not 
(survey) statisticians and are mostly unaware of the sensitivity of survey estimates to 
changes in the different design parameters of the underlying survey process. They 
should be involved in the experimental design stage where it is decided which 
differences should be observed in the experiment and which effects are quantified. It 
is important that they have realistic expectations about the conclusions that can be 
drawn from the experiment. For example, the consequence of running the regular 
and new approach in parallel according to a two-treatment experiment is that the 
effects of all changes are confounded and that only the total effect of these changes 
is quantified. Users often expect a precision that approaches the accuracy of the 
figures at the national level of the regular survey. This requires a subsample size for 
the experimental group which equals the sample size of the ongoing survey. Power 
calculations can be helpful to illustrate the trade-off between costs and precision. In 
some cases users might finance additional sample size if they require more detailed 
or precise information about possible discontinuities. In the National Travel Survey 
example of subsection 2.1, the Ministry of Transport and Public Works partially 
financed the additional costs to run both surveys in parallel to quantify the effects of 
the redesign. 

A synthetic estimation procedure is proposed to adjust series for observed 
discontinuities. Accuracy measures for these adjusted series are based on variance 
approximations but do not account for the bias, which arises from model 
misspecification. It is argued that EBLUP methods do not offer an alternative to 
obtain better approximations for the MSE. A time series approach is probably the 
most natural way to deal with discontinuities. A time series approach utilizes 
information across many samples of repeated surveys. If available, auxiliary time 
series can be used to improve the model estimates for the discontinuity. Estimates 
are refined as more post-data become available, so a revision policy may be 
required. 

Adjusting series according to synthetic estimation procedures or intervention 
analysis based on time series modelling is an appropriate tool for users to obtain 
adjusted estimates for the target parameters, e.g. for policy evaluation. Generally 
national statistical institutes are rather reserved in the application of model-based 
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estimation procedures for the production of official statistics. There is, however, a 
case for having an official series (with appropriate quality descriptions) rather than 
allowing each user to generate a slightly different version of the series for their own 
use. 

From the foregoing discussion we can make some general guidelines for making the 
quality of transitions in continuing surveys as high as possible, corresponding with 
the steps described in detail in the paper. 

• Set up an appropriate mechanism for producing continuous series 
Once a potential for discontinuities has been identified, a strategy for producing 
a continuous series is needed. The best approach will depend on the particular 
situation of the survey change, but a variety of possibilities are described within 
this paper 

• Document the important parts of the development  
They can be used later when more information is available to make better 
revisions, and so that they can add to the core of knowledge of such 
developments 

• Test (or pilot) new approaches to determine their impact 
A formal test using an appropriate experimental method will give a statistical 
framework for the interpretation of the results which is valuable when 
discussing with users of the statistics. Otherwise pilot information can be used to 
make a judgement call, but this means that the quality across the change will not 
be quantifiable 

• Make inferences of the effect 
The outcome of the test must be analysed to infer the size of the discontinuity – 
if an experimental approach has been adopted this is relatively straightforward. 
In the situation where there is no overlap between the regular and the new 
approach, or where an experimental approach has not been adopted, it may be 
possible to make appropriate inferences through time series methods 

• Implement the change 
Make the survey changes, estimate the differences, preferably with the help of a 
parallel run, and implement the agreed approach for a continuous series to 
produce the required outputs 

• Publish separate documentation of the redesign including; 
– reasons for redesigning the survey including a detailed description of the 

regular and new design 
– revised results 
– estimates of discontinuities (possibly itemised if due to several changes, 

although the experiment may not be sufficient to provide this 
information) 

– description of the methodology employed to investigate and quantify 
discontinuities (experimental design, minimum sample size 
requirements), as well as the methodology used to correct for 
discontinuities or advice for users on how to deal with them  

– descriptive interpretations and explanations of which factors contribute 
to the observed differences. 
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Appendix A: Sample size determination for two-treatment experiments 

Let u denote the population mean of the target parameter of interest. If hypotheses 
are tested about differences between estimates of a finite population parameter due 
to different survey approaches, a measurement error model is required to link 
systematic differences between finite population parameters observed under 
different survey approaches, see Van den Brakel and Renssen (2005). It is assumed 
that the data obtained under the regular approach are a realisation of the 
model iRiRiRRiiR eueuy +≡++= β and that the data obtained under the new 
approach can be modelled as iNiNiNNiiN eueuy +≡++= β . Here iRy and iNy
denote the observations obtained from sampling unit i assigned to the regular or the 
new approach respectively, iu the true intrinsic value of the target parameter of 
sampling unit i, Rβ and Nβ the bias (or treatment effect) induced by the regular 
and new approach respectively, and iRe and iNe measurement errors with 
expectations zero. Let RR uu β+= and NN uu β+= denote the population 
parameters observed under a complete enumeration of the finite population under 
the regular and the new survey approach and Rσ and Nσ the standard deviations of 
the data observed under the regular and the new survey approach. It is required that 
a pre-specified difference of NR uu −=∆ results in a rejection of the null-
hypothesis of no treatment effect, i.e. 0 : R NH u u= , against an unspecified 
alternative that 1 : R NH u u≠ . Furthermore Rn and Nn denote the subsample size 
that is assigned to the regular and new survey respectively. Finally )1( α− denotes 
the required significance level of the test and )1( β− the power. This implies that 
the probability that the null hypothesis is rejected if NR uu = might not exceed α ,
and the probability that the null hypothesis is accepted given that NR uu ≠ might 
not exceed β . The sample sizes of the field experiments that are considered in this 
paper are generally sufficiently large to use a standard normal distribution to 
approximate the t-statistic to test the hypothesis of no treatment effects. It is also 
assumed that the standard deviation of the data obtained under the regular and the 
experimental group are equal, i.e. σσσ == NR . Now we distinguish between two 
situations. First consider an experiment where the subsample size of the regular 

http://www.blaise.com/
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survey is fixed in advance, since this subsample is used for the regular survey 
publication and must meet pre-specified precision requirements. In this case the 
minimum sample size for the subsample assigned to the experimental group equals 

2
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where γZ denotes the γ -th percentile point of the standard normal distribution and 
σ̂ is an estimator for the standard deviation. Secondly consider an experiment 
where the sample size of the regular and the experimental groups are unknown, but 
there is a decision about the ratio between the subsample sizes of the regular and the 
experimental group, i.e. it is known that fnn RN =/ . In this case, the minimum 
sample size can be determined as 
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In the case of a specified alternative hypothesis, i.e. NR uu > or NR uu < , )2/1( α−Z
is replaced by )1( α−Z .

Appendix B: Variance approximation of adjusted series 

In this appendix variance approximations are given for the series that are adjusted 
according to model (1), (2) and (5) and their corresponding models for 
subpopulation parameters (6), (7) and (8) described in subsection 5.1. Since model 
(1) is linear, the variance is given by: 

 )ˆ(ˆ)ˆ(ˆ)~(ˆ ,, TtRtN raVyraVyraV ∆+= ,

where )ˆ(ˆ ,tRyraV is the design variance of tRy ,ˆ . Assuming that TNy ,ˆ and TRy ,ˆ are 
uncorrelated, it follows that )ˆ(ˆ)ˆ(ˆ)ˆ(ˆ ,, TNTRT yraVyraVraV +=∆ , where )ˆ(ˆ ,TNyraV
and )ˆ(ˆ ,TRyraV are the design variances of TNy ,ˆ and TRy ,ˆ respectively. It is also 
possible to use formula (29) of Van den Brakel and Renssen (2005) to estimate the 
variance of the contrast between TNy ,ˆ and TRy ,ˆ . This estimator accounts for the 
sampling design and the experimental design. The variance for (6) is given by 

 )ˆ(ˆ)ˆ(ˆ)~(ˆ ,, T
r

tR
r

tN raVyraVyraV ∆+= .

Models (2), (5), (7) and (8) are non linear. Therefore, their variances are 
approximated here by means of a Taylor linearisation. To this end, (2) is expressed 
as a function of )ˆ,ˆ,ˆ( ,,, TNTRtR yyy and linearised  by means of a Taylor series about 
their real values in the finite population ),,( ,,, TNTRtR yyy that is truncated at the 
first order term. Assuming that TNy ,ˆ and TRy ,ˆ are uncorrelated, this results in the 
following variance approximation for (2): 
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In an equivalent way, an approximation for the variance for (7) is given by 
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If (5) is expressed as a function of )ˆ,ˆ,ˆ( ,,, TNTRtR yyy and linearised around 
),,( ,,, TNTRtR yyy by means of a first order Taylor linearization, then it can be shown 

that the variance of (5) can be approximated by 
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Again it is assumed that TNy ,ˆ and TRy ,ˆ are uncorrelated. An approximation for the 
variance of (8) is obtained in an equivalent way with 
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