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Chapter 1

Introduction

To begin with, it is worth mentioning the principal driving force behind this re-
search: a strive for high-quality official statistical figures. The challenge here is to
improve the quality without resorting to trivial sample size increases. Nowadays,
when budgets of national statistical institutes (NSIs) are shrinking and when the
society is becoming ever more averse to administrative burden they experience
from their NSIs, increasing the sample size is not a feasible option, despite the
availability of new information technologies for interviewing and collecting infor-
mation. Thus, the need for new methods, stretching beyond the traditional survey
methodology, is more than evident. Time series modelling becomes an apparent

choice for surveys that are repeatedly conducted over time.

This thesis has attempted to investigate and to work out some important and, I
believe, useful aspects at the intersection of survey methodology and time series
econometrics. These two fields have for decades been developing independently.
Some attempts to introduce time series modelling to official statistics were made
long ago in academic world, e.g., by Scott and Smith (1974), Binder and Dick
(1989), Binder and Dick (1990), Pfeffermann (1991) and Tiller (1992). However,
it was only at the beginning of the 21st century that the time series model-based
approach was used in the official production of statistical figures. But to the best
of my knowledge, only two NSIs resort to this approach so far: the US Bureau
of Labor Statistics (Tiller (1992), Pfeffermann and Tiller (2006)) and Statistics
Netherlands (Van den Brakel and Krieg (2009a)).
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For decades the prevailing opinion at NSIs was that official statistics should be free
from model assumptions. NSIs are reluctant to apply model-based techniques in
the production of official statistics, mainly because model misspecification easily
results in severely biased estimates. Hence, careful model evaluation and selection
are required, which are an additional laborious stage in the production process,
particularly for multipurpose surveys where separate models are required for dif-
ferent variables. The knowledge transfer from academia to NSIs is limited as well,
because it often requires routine work from academics, as well as a certain degree

of expertise in survey methodology.

NSIs usually apply design-based estimation procedures known from classical sam-
pling theory in order to compile official statistics. Under these procedures, one of
many possible probability samples is drawn from a finite target population. This
concept is known as repeated sampling or randomization. Under this concept,
statistical modelling plays a minor role, and (approximately) design-unbiased es-
timates for population parameters of interest are derived from the sampled data
and optionally auxiliary data (in case of model-assisted estimation, where infer-
ence remains design-based). Well-known examples of design-based estimators are
the Horvitz-Thompson (HT) estimator and general regression (GREG) estimator
(Sérndal et al. (1992), Cochran (1977)). The main advantage of these methods is
that they are unbiased and perform reasonably well given the sample size is suffi-
ciently large. Small sample sizes, however, result in unacceptably large standard
errors. Sometimes, it is not at all possible to obtain design-based estimates for
small areas with a zero sample size allocation. Another major drawback of design-
based estimation procedures appears when the underlying survey process changes,
rendering figures incomparable over time. Rao (2011) elaborates on the power
and limitations of design-based and model-based methods in a cross-sectional di-
mension. The objective of this dissertation was to develop suitable time series
models for several data sets for repeatedly conducted surveys with several survey
redesigns. Apart from that, the thesis is aimed at illustrating how time and space
dimension can be exploited in repeatedly conducted surveys. The purpose of this
is two-fold: improving the quality of official statistical figures in terms of precision,
and making these official figures comparable over time in case the survey has been

redesigned. I elaborate on these two aspects below.



The first problem - small sample sizes - places the present work in the field of what
is known as small area estimation (SAE). The problem of SAE emerges when re-
liable estimates for small areas cannot be produced relying solely on the survey
design due to an insufficient number of sampled units. Either the number of units
sampled in the domain of interest is too small, or the domain is defined post hoc
by the outcome for the variable of interest that has a rare occurrence. An increas-
ing demand for small area statistics boosted the development of numerous SAE
techniques. Until lately, most of these were meant for cross-sectional data, where
the so-called strength over space could be borrowed. This implies that sample in-
formation from other similar domains could be used to improve the design-based
estimate for a small area of interest. Sometimes, an area may not be sampled
at all, in which case regression synthetic estimators (Gonzalez (1973)) produce
figures using some auxiliary variables. Composite estimators may be used to com-
bine direct estimates with their synthetic counterparts. This is often done in the
framework of the well known Fay-Herriot model (Fay and Herriot (1979)) at the
area level, or of the model of Battese et al. (1988) at the unit level. The literature
on these methods is extensive, see, e.g., Rao and Molina (2015), Ghosh and Lahiri
(1987), Prasad and Rao (1990), Pfeffermann (2013), Pfeffermann (2002).

While small area estimates may be improved by borrowing strength over space,
adding the time dimension is found to offer a huge potential for improvement. It
is worth emphasising that at every time point ¢, design-based methods use only
information collected at time t for estimate production, neglecting all the vast
amount of information collected prior to time t. Borrowing strength over time
can be realised with the help of a time series model by using sampling information
accumulated over time in the respective, as well as in other domains. In this frame-
work, the unknown population parameter of interest can be viewed as a realisation
of a stochastic process that evolves over time. Time series techniques are powerful
tools in producing more reliable estimates for repeatedly conducted surveys, both
for small and non-small areas (see, e.g., Scott et al. (1977), Lind (2005), Blight
and Scott (1973), Abraham and Vijayan (1992), Datta et al. (1999)). Combining
the spatial and time dimension allows us to account for cross-sectional (contempo-
raneous) correlation between domains, which is particularly applicable to official
statistics as most surveys are conducted repeatedly over time (see Pfeffermann and
Burck (1990), Pfeffermann and Bleuer (1993), Krieg and Van den Brakel (2012),
Bollineni-Balabay et al. (2016a) for applications). Being able to borrow strength
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over time and domain space, such models can extract the so-called signal by re-
moving a great part of the sampling noise from design-based point-estimates. As
a result, standard errors (SEs) of such model-based point-estimates are usually

substantially lower than the design SEs.

The second major problem with design-based methods is that from time to time,
a survey process must be amended due to quality or budget issues. This results in
level breaks, which are sometimes called discontinuities, as well as in the survey
error variance breaks. To make pre- and post-redesign figures comparable, the
redesign effect must be quantified. One way to do this is to compare the old and
new approach in a parallel run. If this is not feasible, e.g. because of budget limi-
tations, a time series model can be applied that disentangles the evolution of the
series’ pattern from the systematic effect of the redesign. Level break estimation
is illustrated in Harvey and Durbin (1986), Van den Brakel and Roels (2010), as
well as in Bollineni-Balabay et al. (2016a).

The last paper mentioned above is based on Chapters 2 and 3 of this thesis. This
chapter deals with the small sample sizes problem in the Dutch Road Transporta-
tion Survey (DRTS), as well as with multiple level and variance breaks caused
by survey redesigns. These three problems can simultaneously be solved with a

structural time series (STS) model.

The STS approach should not be mistakenly taken for structural econometric mo-
delling; the term "structural" rather stems from decomposing the time series into
a number of unobserved components (e.g., trend, seasonal, regression, and irreg-
ular components). The STS approach is akin to the better known and widely
spread autoregressive integrated moving average (ARIMA, see Box et al. (2011))
approach in that both generate predictions by exponentially weighting past ob-
servations. First works on STS modelling can be traced back to the 1960s (Muth
(1960), Theil and Wage (1964), Harrison (1967)), and the Kalman filter mostly
used for computing estimates of the STS model components was also introduced
to the public quite early by Kalman (1960). Nevertheless, the ARIMA approach
gained more importance throughout the history of time series econometrics, mainly
due to its computational simplicity. See more on history of unobserved compo-
nent modelling in Harvey and Durbin (1986). Harvey et al. (1998) note that STS
models are a better alternative to standard ARIMA techniques, especially when



data is messy. STS models also offer an easier interpretation for the components
of interest and are more flexible when it comes to complex structures in time and
space dimensions. The key is putting a STS model into a state space form (hence
another name "state space models"), whereafter the hyperparameter maximum-
likelihood (ML) estimation and estimation of the unobserved components (state
variables) can be done with the help of the Kalman filter. The Kalman filter is
also known as a powerful device for dealing with missing and mixed-frequency
data. Extensive theory on STS models together with applied aspects on model
diagnostics, Kalman filtering, non-linear and non-Gaussian state space models can
be found in Harvey (1989) and Durbin and Koopman (2012).

Chapter 2 presents how a real-life small area application can largely benefit from
the STS model-based approach. The DRTS features a break-down into nine do-
mains, whose design-based estimates have unacceptably large variances, as well as
multiple level and variance breaks. Univariate STS framework has been extended
to a multivariate one with cointegrated trends, where the terms "univariate" and
"multivariate" in the STS context refer to models designed for one and several
observed time series, respectively. While univariate modelling offers variance re-
duction through borrowing strength over time, detection and modelling of common
factors and/or cross-correlations between series within the multivariate framework

offers an additional variance reduction through borrowing strength over space.

As the DRTS time series are published both at the national level and at the un-
derlying domain level, the question of how the aggregated series, i.e. the sum
of the domain series, should be treated within the state-space approach is also
addressed in Chapter 2 of this thesis. If the direct estimates at the aggregated
level were sufficiently precise, they could be directly used as benchmarks for the
domain model estimates, which is frequently done in SAE. This alternative way of
borrowing strength over space also provides a form of built-in robustness against
model misspecification, see Pfeffermann and Burck (1990), Pfeffermann and Bleuer
(1993) and Pfeffermann and Tiller (2006). Durbin and Quenneville (1997) exploit
aggregation over the time dimension. However, the high volatility of the DRTS
design estimates at the national level suggests that they themselves could benefit
from the STS approach. We were moved to write Chapter 3 in order to answer
the question about whether or not to include the aggregated series into a multi-

variate model for domains, where the state variables of the aggregated level series
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are set equal to the sum of the corresponding domain state variables. Including
the aggregated series into the model may seem to be appealing because a series
at a higher aggregation level usually has a better signal-to-noise ratio, compared
to that of the underlying domains. On the other hand, it can be argued that no
additional information would enter the model in this case. Chapter 3 sheds light
on this question by investigating the performance of the Kalman filter under true

and estimated hyperparameters.

Estimation of STS models presented in Chapters 2 and 3 rests on the assumption
of known hyperparameters. In practice, these are estimated (e.g. with the ML
estimator) and treated as known in the Kalman filter recursions. It is worth noting
that other commonly applied SAE procedures (mostly based on multilevel models)
also contain unknown hyperparameters that have to be estimated, which trans-
lates into larger standard errors around the domain predictions. If this uncertainty
(here and further referred to as the hyperparameter uncertainty) is not taken into
account, the MSE estimates of the quantities of interest become negatively biased.
Within the multilevel model estimation framework (the empirical best linear un-
biased predictor (EBLUP) or the hierarchical Bayesian (HB) approach), it is very
common to take the hyperparameter uncertainty into account, see Rao (2003),
Ch.6-7, 10. STS models, in turn, are not as widely used in SAE as multilevel mo-
dels. As hyperparameter estimates are treated by the Kalman filter as known, the
MSESs of the state variables are estimated with a negative bias due to neglecting
uncertainty around these underlying hyperparameters. For this reason, the gains
from the STS technique in terms of reduced variance estimates have to be treated
without undue optimism. Applications that give evidence for substantial advan-
tages of STS models over the design-based approach treat the estimated model
hyperparameters as known, see, e.g., Krieg and Van den Brakel (2012), Van den
Brakel and Krieg (2009a), Pfeffermann and Bleuer (1993), Tiller (1992). Chapter
4 is devoted to MSE approximation methods in a STS model which since 2010 has
been employed by Statistics Netherlands in its Dutch Labour Force survey (DLFS)
for production of official monthly labour force figures (this STS model is further
referred to as the DLFS model). The literature offers several ways to account for
the hyperparameter uncertainty in STS models. Among those methods considered
in the Chapter are the asymptotic approximation developed by Hamilton (1986),
as well as parametric and non-parametric bootstrapping approaches developed by
Pfeffermann and Tiller (2005) and Rodriguez and Ruiz (2012). The DLFS model



acts as the data generation process (DGP) in an extensive Monte-Carlo study.
This simulation study is set up to explore the performance of the afore-mentioned
MSE approximation methods in a real life application, as well as in order to verify
the claim of Rodriguez and Ruiz (2012) about the superiority of their method over
the bootstrap of Pfeffermann and Tiller (2005) in a more complex model. The
Monte-Carlo study also shows how the model can be checked for possible over-

specification.

Chapter 5 compares the frequentist-based STS approach facilitated by the Kalman
filter with a multilevel time series model estimated within the hierarchical Bayesian
(HB) approach. The SAE application chosen for this purpose is the Dutch Travel
Survey (DTS) featuring unacceptably unstable estimates in its more than 600
small domains. The reasons for that are small sample sizes at the provincial level
and several survey redesigns, which make the official figures hard to compare over
time. The multilevel model presented in this Chapter is a time series extensions
of the Fay-Herriot model. Similar extensions can be found in Rao and Yu (1994),
Datta et al. (1999), and You (2008) (see Rao and Molina (2015) for an overview).
Although STS models could also be estimated in the fully Bayesian way, sequen-
tial updating in models like the DTS one would be computationally very expensive
even with modern computers. However, it is not the main reason for the chosen
comparison. As has been mentioned above, most practitioners, including Statis-
tics Netherlands, estimate STS models in the frequentist framework. Therefore,
the authors are aiming to find out whether the quality of the STS model-based
estimates produced by frequentist estimation routines is good enough compared
to the that of the full Bayesian multilevel framework. Both modelling approaches
are made comparable in terms of the same pooling dimension, as well as in that
no spatial correlation is assumed across domains. Apart from assuming nearly
identical likelihood functions (differing only in the way the trend model is spec-
ified) for the two approaches, several other modifications - not applicable to the
conventional ST'S approach - are explored within the multilevel framework: among
other things, allowing for random effects. Rationales behind multivariate against
univariate modelling dimensions are also addressed. The multilevel time series
and STS approaches are compared in terms of adequacy of model-based point-
estimates for the trend and for multiple level breaks due to the survey redesigns,

as well as in terms of gain in precision that can be reached within these two mo-
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delling frameworks.

Another novelty presented in Chapter 5 lies in exploiting the STS approach to
refine the multilevel one in the case of unreliable variance estimates of the design-
based estimator (further referred to as design-based variance estimates). These
are used as input in multilevel models and are treated as the true known sampling
error variances. Chapter 5 shows how volatility, missing values, as well as a pos-

sible bias in design-based variance estimates can be alleviated.

Conclusions to the thesis are contained in Chapter 6. It presents the main findings
of the present work, as well as discusses possible paths for future research in this
field.



Chapter 2

Multivariate State Space
Approach to Variance Reduction
in Series with Level and Variance

Breaks due to Survey Redesigns

This chapter illustrates the power of the structural time series (STS) approach in
a real life official statistical application - the Dutch Road transportation survey.
Statistics Netherlands applies a design-based estimation procedure to produce of-
ficial figures for this survey. Frequent survey redesigns caused discontinuities in
these series, which obstructs the comparability of figures over time. Reductions of
the sample size and changes in the sample design resulted in breaks in the sam-
pling error variances, with sampling errors becoming unacceptably large in the
recent part of the series. In this chapter, both problems are addressed and solved
simultaneously. Discontinuities and small sample sizes are accounted for using a
multivariate STS model that borrows strength over time and space. The present
chapter illustrates an increased precision when one moves from univariate models
to a multivariate one. This increase is especially significant in the most recent
period when sample sizes get smaller, with the design-based standard errors being

reduced by 40 to 70 percent with the model-based approach.!

1This chapter is based on the paper Bollineni-Balabay et al. (2016a) published in Journal of
the Royal Statistical Society: Series A. The authors thank Dr. Sabine Krieg and Rob Willems
(Statistics Netherlands), as well as the unknown reviewers and Associate Editor for valuable
comments on earlier versions of this paper.



2 MULTIVARIATE STATE SPACE APPROACH TO VARIANCE REDUCTION IN THE
DRTS

2.1 Introduction

Surveys repeatedly conducted by National Statistical Institutes (NSIs) aim at con-
structing consistent time series that reflect the evolution of the phenomena of in-
terest. NSIs usually apply design-based estimation procedures to compile official
statistics. Well known examples are the Horvitz-Thompson estimator and general
regression estimator (Sidrndal et al. (1992)). If the sample size is sufficiently large
and the underlying survey process remains unchanged, the design-based approach
indeed results in reliable figures that are comparable over time. A major draw-
back of design-based estimation procedures is that small sample sizes result in
unacceptably large standard errors. This is usually the case for estimates at lower
aggregation levels (Rao and Molina (2015)). Another common problem in offi-
cial statistics results from frequent survey redesigns. From time to time, a survey
process has to be amended for quality or efficiency reasons, which often renders
outcomes incomparable over time (Van den Brakel and Roels (2010)). This paper
focuses on the two above-mentioned problems - survey redesigns and small sample

sizes in repeated survey sampling.

Survey redesigns generally have systematic effects on the outcomes. This can be
reflected by level breaks, sometimes called discontinuities, as well as by variance
breaks. In order to make pre- and post-redesign figures comparable, the redesign
effect must be quantified. One way to do it is to compare the old and new approach
in a parallel run. If this is not feasible, e.g. due to budget limitations, a time se-
ries model can be applied that disentangles the evolution of the series’ pattern
from the systematic effect of the redesign. Structural time series models can be
exploited to model different forms of discontinuities. As an example, see Harvey
and Durbin (1986) where a state space intervention model is applied to account
for level shifts. Redesigns can also affect the variance of the direct estimates, both
directly (through changes in the sample size) and indirectly. Regarding indirect
effects of redesigns, one could think of some changes in the data collection process.
These can affect the variance of measurement errors for individuals, which trans-
lates into a change in the variance of the direct estimator. If the design variances
are available from the micro-data, then they can be used as prior information in
the time series model. This will automatically account for shock-effects in the
sampling error and for other forms of heteroscedasticity induced by the survey
redesigns (see, e.g., Binder and Dick (1990); Durbin and Quenneville (1997)). If
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the design variances are not available, a time series model must account for this

heteroscedasticity by making the model variance time-dependent.

Small sample size is another issue NSIs frequently have to deal with when striving
for reliable estimates for subpopulations or domains. The problem with detailed
subdivisions of the population is that sample sizes are often too small to apply
design-based estimators for production of sufficiently precise figures. In this case,
a model is needed to increase the precision of a domain estimate with the help of
the sample information observed in preceding periods or in other domains. This
kind of technique is often referred to as small area estimation (SAE), see Rao and
Molina (2015).

Structural time series models are frequently applied in SAE. With a structural
time series model, the sampling and measurement errors can be filtered out from
the time series of direct estimates to obtain a more reliable series — the signal.
The unobserved components underlying the signal, such as trend, seasonal and
regression components, benefit from the sample information accumulated in the
past. This is sometimes called borrowing strength over time. Further improve-
ment in domain estimates can be obtained in a multivariate setting by modelling
the correlation between (some) unobserved components of different domains (Pf-
effermann and Burck (1990), Pfeffermann and Bleuer (1993), Krieg and Van den
Brakel (2012)). This is usually referred to as borrowing strength over space. Some
correlated auxiliary series can also be used to borrow information from. Harvey
and Chung (2000), for instance, jointly modelled the series from the UK labour
force survey with a series of claimant counts to improve the precision of the former
series estimates. Pfeffermann and Tiller (2006) proposed to benchmark time series
estimates of domains to sufficiently precise direct estimates at the national level as
an alternative method to borrow strength over space. This method also provides

robustness against model misspecification.

Effective structural time series modelling can improve the accuracy of time se-
ries published by NSIs that rely on the traditional design-based approach from
sampling theory. Harvey and Chung (2000) provide an illustrative example for
the Labour Force Survey in the UK. NSIs are nevertheless still reluctant to ap-
ply these techniques in the production of official statistics, mainly because model

misspecification easily results in severely biased estimates. Hence, careful model
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evaluation and selection are required, which is an additional laborious stage in the
production process, particularly for multipurpose surveys where separate models
are required for different variables. To our knowledge, only two governmental sta-
tistical institutes use a state-space model in the production of their official figures:
Statistics Netherlands with their Dutch Labour Force Survey model (Van den
Brakel and Krieg (2009a)), and the U.S. Bureau of Labor Statistics (Tiller (1992),
Pfeffermann and Tiller (2006)).

The Dutch Road Transportation Survey (the DRTS) is a long-standing survey con-
ducted by Statistics Netherlands to produce reliable annual and quarterly figures
on freight transportation. This survey has been redesigned several times, resulting
in multiple level breaks in the series, as well as in some design variance breaks vis-
ible in the published figures. Moreover, due to reduced budgets, the DRTS faces
decreasing sample sizes, which results in an increasing loss of precision in the direct
estimates. In this paper, multivariate structural time series modelling is applied to
solve both problems simultaneously, which makes the application interesting from
both practical and academic points of view. An additional complication that is
addressed in this application is that sampling units can belong to more than one

domain, resulting in additional correlation between the domain estimates.

As its main contribution, this paper provides substantially improved survey esti-
mates using a multivariate state-space approach where multiple survey redesigns
and other survey process changes are treated as exogenous events and are modelled
as level and variance breaks. The model also allows for common domain trends
and for contemporaneous inter-domain correlation in the sampling errors. As the
DRTS time series are published both at the national level and at the underlying
domain level, the question of how the aggregated series should be treated within

the state-space approach is also addressed.

Section 2.2 describes the data and its major discontinuities induced by survey
redesigns. Section 2.3 focuses on the structural time series models employed in
the DRTS. Estimation results are presented in Section 2.4. Section 2.5 summarises

the main findings and offers some possible further improvements.
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2.2 The Dutch Road Transportation Survey

The DRTS survey measures freight transportation in terms of tons, kilometres and
ton-kilometres. The target variables are constructed for international and domes-
tic segments separately. Further, these variables are divided into Hire-and-Reward
(HR) and Own-Account (OA) categories according to whether or not transporta-
tion is carried out at the cost of the vehicle owner. The present study analyses
domestic OA road freight transportation carried out by vehicles registered at the
Dutch Admission Authority for Vehicles. These series are measured in thousands
of tons on a quarterly basis from 1976(1) until 2010(4) (where numbers in brackets
denote quarters), and are divided into nine categories according to the so-called
NSTR-classification (Nomenclature uniforme des marchandises pour les Statis-
tiques de Transport, Revisée). This classification is based on the type of goods
transported and includes ten categories (short names used hereinafter are given
in brackets): 0. agricultural products and live animals (agriculture); 1. foodstuff
and animal fodder (food); 2. solid mineral fuels; 3. petroleum oils and petroleum;
4. ores, metal scrap, roasted iron pyrites (ores); 5. iron, steel and non-ferrous
metals (including intermediates) (metals); 6. crude and manufactured minerals,
building materials (minerals); 7. fertilisers; 8. chemicals; 9. vehicles, machinery
and other goods (including cargo) (other goods). The enumeration in the present
paper begins from 1, with NSTR 2 and 3 being combined in domain 3 (oil). The
analysis is therefore based on nine target variable series which are called domains
in this paper. Since some vehicles transport goods from different categories, they
may appear in more than one domain. As a result, an additional correlation arises
between such domains. This makes this application different from the traditional

situation where sampling units belong to one domain only.

The estimation procedure of this survey is based on the Horvitz-Thompson (HT)
estimator (Horvitz and Thompson (1952), Narain (1951)). This is a design-based
estimator that expands the observations by weights obtained as inverse inclusion
probabilities of the sampled units. The HT point estimates of the own-account
domestic transportation series, which are officially published by Statistics Nether-

lands (StatLine.cbs.nl), are shown in Fig. 2.2.1.
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2.2 THE DuTcH ROAD TRANSPORTATION SURVEY

Over the years, the DRTS has undergone a number of methodological changes.
Various amendments, more and less significant, were particularly frequent during
the last decade. They caused breaks both in the level of the series and in their
design variances. Only the most important changes that might have caused dis-

continuities are mentioned here.

Until 2003, the DRTS was based on a one-stage stratified sample of vehicles (sam-
pling units). Companies reported on a three-day transportation performance for
the selected vehicles using paper questionnaires. From 2003 to 2007, a stratified
two-stage sampling design was applied with the company as a primary sampling
unit, and the vehicle as a secondary sampling unit. Apart from that, several survey
process changes took place in 2003, such as the introduction of a new question-
naire and the transition from a three-day to week-wise reporting period. These
and other changes introduced in 2003 had a considerable effect on the design vari-
ances (which is visible in every series, except domain 4) and the level of the series

point estimates (see domain 7).

Since 2008, vehicles have been drawn directly from the Dutch Admission Authority
for Vehicles on a quarterly basis using a stratified sample. Since then, stratifica-
tion has been based on the vehicle type and load capacity, as well as on the total
load capacity of the company owning the vehicle, and on the industry branch the
company belongs to. Vehicles drawn at the beginning of every quarter are further
clustered by their owners. The latter are, in turn, randomly assigned to differ-
ent weeks in a quarter. This means that the sample design still has a two-stage
sampling structure. Vehicle transportation performance is still observed during
one week. The net-sample size in the most recent decennium has been fluctuating
between 9000 and 12000 vehicles per quarter. Certain ambiguities arose in the late
2000’s regarding the classification of shipments into the OA and HR categories.
This caused a shift mainly in domestic transporters from the former to the latter

category.

In 1994, small vehicles with a load capacity less than 1.5 tons were excluded from
the OA series. From 1997 to 2002, these vehicles, most of which are vans, were
included in the survey again. This caused a considerable upward shift in the
level of domain 9. Another artefact in the series of domain 9 is a huge peak in

2003. Since 2003, vans, together with special vehicles, have been monitored using
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a separate smaller questionnaire. Starting from 2009, they are no longer surveyed.
Since then, total weight transported by these vehicles has been estimated using
register information from another national authority called "Nationale AutoPas",
which contains the number of kilometres the vehicle has covered each time it visits
a vehicle service station. This observation method is obviously less precise, so
the inclusion of van freight adds uncertainty to the series. Therefore, Statistics
Netherlands decided to publish two different series: one that includes van freights,
and the other that does not. However, due to problems in 2003 related to the
identification of vans and other types of small vehicles, the series without van
freights is available only from 2004, leaving the series with the peak for the whole
duration of 2003.

In different domains, the above-mentioned survey changes are reflected to a differ-
ent extent, but as is clearly visible, every domain except for domain 4 exhibits an
increase in variation in 2003 (see Fig. 2.2.1). This can be explained by decreasing
sample sizes over time and by the above-mentioned changes in the survey design.
The survey design variances are very high in the last decennium of the time series,
which results in large fluctuations in the point-estimates. In order to produce more
stable estimates, a multivariate structural time series model is developed for the
DRTS in the next section.

2.3 Structural Time Series Models and Methods
Employed

2.3.1 Structural Time Series Model Specification

Structural time series models decompose a series into a number of unobserved
components, e.g., trend, seasonal, other cyclical and regression components (see
Durbin and Koopman (2012)). If separate DRT'S series at the domain or national
level are modelled individually, i.e. in a univariate setting, the variance reduction
comes from borrowing information over time. If the domains are jointly modelled
in a multivariate model, it is possible to borrow information both over time and
domain space. These models must allow for heteroscedasticity in the survey errors,

as well as for the level breaks mentioned in Section 2.2.
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Let y;+4 denote a target variable observation at sampling unit ¢ at time ¢ in do-
main d. Generally, survey observations are subject to measurement errors, which
gives rise to the following measurement error model: y; 1 g = w; t.q + Mid + Wi 4.
Here, u; 4,4 is the true but not directly observable parameter of interest at the unit
level at time ¢ in domain d; m; 4 is a systematic measurement error at the unit
level, and w; q is a random measurement error. The systematic measurement
error m; 4 depends on the design of the survey process and is assumed to be time
independent as long as the underlying survey process remains unchanged. At the
domain level, the unknown population parameter of interest at time ¢ is denoted
as u¢ 4. In this application, the parameter of interest is the total number of tons
transported in domain d: usq = ZieUd U; 4,4, where Uy denotes the population of

vehicles in domain d.

Let Yt,d denote an HT estimate of the unknown population total. Each of these
HT estimates is based on the sample observed in period t. Together these esti-
mates constitute an input series for the time series model and are expressed as
fft}d = 0t 4 + eq, where e; 4 is the total effect of a sampling error and random
measurement errors w; 4, and 6 4 is the parameter of interest obtained when
the whole population is surveyed under a particular survey design. In this way,
0td = ut,q + mq is the sum of the true population parameter u; 4 and a mea-
surement bias mg of the survey design at the domain level. In what follows, 6, 4
will be referred to as the population parameter. These two terms cannot be sep-
arated from each other with the survey data at hand. Durbin and Quenneville
(1997) illustrate how measurement bias can be estimated if exact or more accu-

rate benchmarks are available, e.g., some bias-free auxiliary series or annual data.

As long as the survey process remains unchanged, the population parameter 6; 4 =
Ug,q +mgq can be decomposed with a structural time series model into a stochastic
trend L, g4, a stochastic seasonal component v, 4, and an irregular term €, g, so that
0ta = Li,q + 7yt,a + €¢,q4- Inserting this structural time series model into the mea-
surement error model gives fft,d = Li.q+Yt,d+€t,d+er,q. Unlike in a panel, where
the irregular term e; 4 and the sampling error e; 4 can follow different models,
it is not possible to separate the two in a cross-sectional survey like the DRTS.

Therefore, they are combined into one composite error term v4 g = €44 + €¢.4.
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As described in the previous section, the multiple survey redesigns resulted in
several discontinuities and in heteroscedasticity in the survey errors. First consider
a single redesign resulting in a discontinuity in domain d. Then the measurement
error my from the aforementioned measurement error model shifts to another level,
say m/,. Assuming that the difference my —m/, = B4 is constant over time, it can
be modelled with a level intervention using a dummy regressor. This gives rise to
the following representation of the observed series: }A/},d =Ly a+vea+ 01,484+ Ve d,
where d; 4 is a dummy regressor that is equal to one for the time points when the
intervention is effective and to zero otherwise (see Table 2.4.1 for different types of
level interventions in this application). Then the regression coefficient 3,4, being the
difference between the measurement errors under two different survey designs, can
be interpreted as a discontinuity induced by a single survey redesign. In general,
K ; redesigns in domain d result in K, discontinuities which can be modelled with
K, intervention variables in the structural time series model. These considerations

imply the following model for the domains:
Via=Lea+ 4+ 0641841 + -+ 0t.d. k80,50 + Vear d € {1,...,D}. (2.3.1)

Another consequence of the redesigns is that they affected the variance of the
HT estimates, which resulted in heteroscedasticity in the composite error terms
vi,q. One way to account for this heteroscedasticity could be to use the variance
of the HT estimates, say 6%, 4, as prior information in the model by defining
Uit’d = &%Tyt_’d + U?,w where ait’d and Uid denote the variances of 1, 4 and & 4,
respectively. Another approach, proposed by Binder and Dick (1990), as well as
by Durbin and Quenneville (1997), suggests that 0, ;4 could be modelled propor-
tionally to the standard error of the HT estimator, i.e. 657 4. In this application,
the variances of the HT estimator are unfortunately not available, and the micro-
data for their calculation is available only for the most recent years. It would be
possible to model variances af,t’ 4 proportional to the sample sizes, but these are
not available for the major time span of the series either. Therefore, the variance
oit 4 of the composite error term is modelled as time-varying by allowing different

Jz)t. 4-values for a few sub-periods specific for each domain.
Each of the D models in (2.3.1) uses sample information available over time for

the respective domain by means of the trend and seasonal components in order to

improve the precision of the 6, 4-estimates. Stacking the univariate models for the
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D domains and modelling the correlation between the trend and seasonal distur-
bances of different domains can further improve the precision of the 6; 4-estimates

with the help of sample information from other domains.

In the present application, the so-called smooth trend model was chosen to model
the trends L; 4, d € {1, ..., D}. This model is well-known in the econometric liter-
ature for its reasonable flexibility and parsimony (Durbin and Koopman (2012),
Ch. 3; Harvey (2001)). The smooth trend model (or the integrated random walk)

can be defined by the following two equations for series d:

Ly =Li_1+ Ry_q,

(2.3.2)
Ry =Ry 1+ Ry,

where the state variables L; and R; are the level and slope of the d-th series,
respectively. In the multivariate setting, it is natural to assume that the D trends
are correlated because they describe similar processes. Therefore, the following
covariance matrix structure is assumed for the normally distributed slope distur-

bances:

O’%R)d ift=tandd=d,
Cov(NR,t,d, MR @) = Som,d,ar ft=t andd#d, de{l,..,D}
0 ift £t
For the seasonal component v; 4, a trigonometric model is assumed (see Hannan
et al. (1970), Koopman et al. (2008), Koopman et al. (2009), Harvey (1989)).

This model is widely applied in econometric time series modelling. If s denotes

the number of seasons, then the model is defined as:

s/2
Yt.d = Z’yt,d,jad € {la "'aD}v
j=1

where s = 4 for quarterly data, and thus the seasonal component consists of two

harmonics 7 4,5, of which the first one is generated by two stochastic variables:

Ve, = cos(T/2)Vi—1,a.1 + sin(T/2)V] 1 g1 + Wia1,
'7:,(1,1 = —sin(7/2)vi-1,41 + COS(”/Z)’Y:—l,d,l + w;d,la de{l,.., D},
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where disturbances w; g1 and w; ;, are uncorrelated. The last harmonic, in this

case the second one, is always generated by only one stochastic variable:

Vd2 = —Yi-1,d2 +wdz2,d e {l,...,D}.

It is assumed that the seasonal disturbance terms of each domain are normally,

identically and independently distributed with the variance:
2 2 2 2
Uw,d,l = Ow*,d,l = Ow,d,? = Uw,d7 de {17 ,D}

The equality of the two harmonics’ hyperparameters has been assumed for the
sake of model parsimony and tested in univariate models using the likelihood ratio
test. It turns out that the null hypothesis for the equality of the two variances

could not be rejected at any reasonable significance level.

In this application, the covariances between corresponding seasonal disturbances
of different domains are set to zero, because modelling these covariances resulted
in a very small variance reduction. This is due to the fact that, first of all, the
seasonal effect size has turned out to be relatively small compared to the magni-
tude of the corresponding trends, and, secondly, most of the seasonal component
hyperparameters appeared to be not significantly different from zero (domains 1,
3,4,5,7,9).

It should be noted that the composite error terms 1, 4 in this application have non-
zero covariances because certain sampling units may transport goods of several
freight categories, and thus appear in different domains. The time-dependent
covariance matrix of the composite error terms is denoted by Ry = E(v4v;) whose
elements are assumed to have a zero-expectation and to be normally distributed

with the following properties:

ol.q ift=tandd=4d,
Cov(va,vina) = sppaa itt=t andd#d, de{l,.. D} (2.3.3)
0 ift £t

Note that vector v; is also independent of the disturbance terms of the state vari-
ables described above. Further, recall that U‘it, 45 are modelled as time-dependent

to allow for heteroscedasticity in the survey errors. To allow for time-dependent
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covariances without increasing the number of hyperparameters, the correlations
between the composite error terms of different domains are assumed to be time-
invariant. First, the composite error terms and their variance hyperparameters
are estimated from a model where the covariances between these error terms
are restricted to zero. Next, these error term estimates are standardized as

ﬁtsfi = D1,4/0,.1,4 and the correlations between the I?tsfi'—terms are calculated. Cor-

relations p, g4 = Corr(l?tsfi', ﬁtsg',) are calculated over the whole time span. This
information is used as input at the next estimation stage in order to approximate

the time-varying covariance terms in (2.3.3) as: Sy r.d.ar = 0v.t,d0u.t.d' Pu.d,d’ -

The obtained model is compared with a model where the covariances between the
domains are assumed to be equal to zero. In the present application, it has been
found that point-estimates are not affected when the model is augmented with the
time-invariant correlations. Only a few domains experience a variance reduction
in the state variable estimates, but this effect is negligible. These results are not
presented in this paper. For simplicity and with little loss in precision of the state

estimates, we proceed by restricting the covariances in question to zero.

To summarize, a time series model for domain estimates has been obtained in
order to produce more reliable indicators for the evolution of the parameters of
interest. First of all, this model increases the effective sample size for a particular
period and domain by using sample information from other time periods and
domains. Secondly, sudden measurement error shocks caused by different redesigns
are accounted for by explicitly modelling such level changes with intervention
variables. Depending on whether or not a survey modification or a change in
the population of interest (as in domain 9) are viewed as an improvement, level
interventions can be considered to be part of the signal estimates. This paper
mainly focuses on the analysis of the trend and signal estimates, the signal being
defined as the sum of the trend, seasonal, and level interventions. To obtain series
that are not interrupted by survey redesigns, the signal estimates can be corrected

using the estimates of the accompanying discontinuities.

2.3.2 Model estimation setting

Structural time series models are generally put in a state-space form and analysed
with the Kalman filter, see, e.g., Harvey (1989) or Durbin and Koopman (2012).
The state-space form is presented in the Appendix. The model proposed in Sub-
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section 2.3.1 contains non-stationary state variables and time-invariant regression
coefficients. The state variables are initialised with a diffuse state vector to which

the exact initial Kalman filter is applied as in Koopman (1997).

The estimation of the slope disturbance covariance matrix, say Q g, that is a part
of the state disturbance covariance matrix @ (see Appendix) is carried out through
the Cholesky decomposition of the form Qr = ADA’, where A is a lower trian-
gular matrix of orthonormalised eigenvectors with ones on the diagonal, and D is
a diagonal matrix of eigenvalues. The Cholesky decomposition ensures that the
maximum likelihood estimate of the matrix Qg is positive-(semi)definite. In the
case of strongly correlated slope disturbances, the trends of the domains can be
cointegrated. This means that the non-stationary trends of the D domains (see
the trend model (2.3.2)) are driven by fewer than D underlying non-stationary
stochastic trends. If an eigenvalue of matrix D is equal to zero, the corresponding
domain’s stochastic part of the trend can be expressed as a linear combination
of the other domains’ stochastic trends. Detecting and modelling cointegrated
stochastic trends allows us to formulate more parsimonious models resulting in a
higher estimation efficiency, and can provide an interpretation of the relationship
between the domains. The concept of cointegration and the related testing pro-
cedures in the context of state space models are presented, e.g., in chapter 8 of
Harvey (1989), Nyblom and Harvey (2001) and Koopman et al. (2008).

The Kalman filter assumes that the hyperparameters in matrices @ and Ry, i.e.
the state and measurement equation disturbance (co)variances, are known, but this
is generally not the case. These hyperparameters are replaced by their maximum-
likelihood estimates. The numerical procedure used to solve this nonlinear opti-
misation problem is the Broyden-Fletcher-Goldfarb-Shanno method (MaxBFGS
in the OxMetrics package). The analysis is conducted with OxMetrics.5 (Doornik
(2007)) in combination with SsfPack 3.0 package (Koopman et al. (1999) and
Koopman et al. (2008)). The variances of the Kalman filter estimates reported in
this paper ignore the additional uncertainty of using maximum likelihood estimates
for the hyperparameters instead of their true values. The variance hyperparame-

ters are estimated on the log-scale to avoid negative variance estimates.

The Kalman filter produces what are called filtered estimates, which are the opti-

mal state variable estimates for period ¢ on the basis of information accumulated
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up to and including period t. These estimates can be improved by various smooth-
ing algorithms, where information is pooled over the entire time span. Smoothed
estimates are usually treated as the most realistic ones, since they are based on
the entire set of information available. This is true when the focus is on the ana-
lysis of unobserved components of the time series model. In the context of this
paper, however, structural time series models are used for production purposes
in official statistics. In this case, the focus is on filtered, rather than smoothed
estimates, since the former ones approximate the conditional expectation of the
variable given information up to (and including) time ¢, and therefore better re-
flect what can be obtained with this modelling approach in the real production
process. However, filtered estimates do not fully imitate the real-time production
of official estimates, since the hyperparameter maximum-likelihood estimates in
this case are still based on the whole length of the time series. Therefore, we will
concentrate on the so-called concurrent estimates. Concurrent estimates for period
t are based on the Kalman filter, with the hyperparameter maximum-likelihood
estimates also being based on the information available up to and including period
t. This is sometimes called real-time analysis, since concurrent estimates exactly
reflect the real production process outcomes and therefore are even more realistic

compared to filtered estimates.

2.3.3 Aggregated Series Estimation

In the DRTS, the design estimates of the aggregated series are not sufficiently
precise due to the sample size reduction and sample design modifications, partic-
ularly in the second half of the time period under consideration. Fig. 2.2.1 shows
that the variability of the observed series does indeed increase after 2003. If the
direct estimates at the aggregated level were sufficiently precise, they could be
used directly as benchmarks for the domain model estimates, which is frequently
done in SAE, Pfeffermann et al. (2014).

The precision of the aggregated series can be improved using a separate univariate
model. However, this will inevitably result in differences between figures pub-
lished at the national level and the sum of published domain model estimates.
The method of Lagrange multipliers could be considered as an additional step
to solve the problem, but this method requires the availability of covariance esti-
mates between the point-estimates of each of the domains and of the aggregated

series. Another approach is to derive the estimates at the aggregated level as a
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linear combination of domain estimates from a D-dimensional multivariate mo-
del. Which approach is more efficient in terms of signal variances, is an empirical
question. Next chapter elaborates on why modelling the aggregated series (that
is exactly equal to the sum of the underlying domains) jointly with these domains

in a (D + 1)-dimensional setting is not worth pursuing.

Thus, the choice for obtaining aggregated figures lies between deriving them from
a D-dimensional model and modelling the aggregated series univariately. Which
approach is going to be chosen by an NSI for official figure production, depends on
the accuracy of the aggregated figures obtained under both approaches, and will

be made clear based on the results in the next section.

2.4 Model selection and estimation results

2.4.1 TUnivariate models for nine domains and national level

series

The univariate analysis for each of the nine domains is a special case of the nine-
dimensional model presented in Subsection 2.3.1 with no correlations among the
slope disturbance terms. The univariate analysis is conducted for several purposes.
First of all, it allows one to determine necessary interventions for the level and for
the variance of the measurement equation term. Secondly, it is of great interest to
compare the performance of univariate models with that of multidimensional mo-
dels in terms of adequacy of point-estimates and variance reduction in the signals

and state variables.

As regards the model choice for the trend, the preference has been given to the
smooth trend model, as in (2.3.2). This model is a special case of the local lin-
ear trend model, whose level equation also has a stochastic term. The absence
of this term makes the trend less volatile. The local linear trend model has also
been tested and proved to produce very volatile trends, indicating that this model
tends to overfit the data. For these reasons, the smooth trend model is preferred.
An additional (third) "acceleration" component (see Harvey (1989), Ch.6.1.5 for

the quadratic trend model) has also been tested and found to have no added value.
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Table 2.4.1 provides a compact summary of level and variance interventions im-
plemented in the univariate models. Not every survey adjustment undertaken by
Statistics Netherlands requires an intervention parameter in the model. While
some domains are visibly affected by a certain intervention, this effect may not
be observable in other domains. To select parsimonious models, we model only
those interventions that have empirically been found significant in the univariate

models.

Table 2.4.1: Level and variance breaks in the series modelled in a univariate setting

. . -peri f hich
Level interventions (time Sub-periods for whic

Series points where 5., — 1) different variance values
apply

. 1976(1)-2002(4);
1. Agriculture - 2003(1)-2010(4)
1976(1)-2002(4);
2. Food - 2003(1)-2010(4)
1976(1)-1993(4);
3. 0il 2008(3)-(4) 1994(1)-2002(4);
2003(1)-2010(4)
1976(1)-1996(4);
4. Ores - 1997(1)-2010(4)
1976(1)-2002(4);
5. Metals - 2003(1)-2006(4);
2007(1)-2010(4)
1976(1)-1991(4);
6. Minerals - 1992(1)-2002(4);
2003(1)-2010(4)
s 2003(1)-2010(4), 1976(1)-2002(4);
7. Fertilisers 2007(1)-2008(4) 2003(1)-2010(4)
. 1976(1)-2002(4);
8. Chemicals - 2003(1)-2010(4)
1976(1)-1996(4);
9. Other goods ;gg;g;:a)?z(@, 1997(1)-2002(4);
2003(1)-2010(4)
1976(1)-1984(4);
1985(1)-1987(4);
Aggregated series 2003(1)-(4) 1988(1)-1993(4);
1994(1)-2002(4);
2003(1)-2010(4)

Numbers in () denote quarters.

An overview of the finally selected level interventions is given in the second column

of Table 2.4.1. The time points refer to the periods where the dummy variables
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i1 are equal to one. The 2003 level increase in domain 7 (fertilisers), mentioned
in Section 2.2, has been modelled as a level shift with an intervention variable that
equals one until the end of the series. This domain also suffered an unexpected
dip during eight quarters of 2007-2008. An analysis of other statistical figures
related to this goods category did not reveal any particular factor that could have
caused real changes in this domain of the size reflected in Fig. 2.2.1. Therefore,
a separate dummy regressor is introduced that is equal to one during the eight
quarters in question. The same holds for domain 3 where a dummy equals one
for two quarters 2008(3)-(4)?. Domain 9 has two breaks attributed to changes in
the population of interest, as described in Section 2.2. In the aggregated series,
the only level break identified as significant in a univariate setting is the one for
the four quarters of 2003, while the multivariate setting suggests that all the level
interventions, including the insignificant ones, enter the aggregated series when it

is derived as the sum of the domain estimates.

The significance of variance breaks for the measurement equation disturbance
terms was tested using the likelihood ratio test relying on standard asymptotics,
as all assumed unit root restrictions are imposed in the estimation process. This
test suggests that four variance breaks for the measurement equation disturbances
should be modelled for the aggregated series in a univariate setting, namely, four
hyperparameters for five different periods of time, since the second and fourth
period share the same hyperparameter. An overview of time periods that have

separate variance hyperparameters is given in the third column of Table 2.4.1.

Some seasonal hyperparameters have turned out to be close to zero with vast stan-
dard errors, and were therefore removed from the model. Likelihood ratio tests
suggest that only domains 2, 6 and 8 need a stochastic term for their seasonal

component.

The selection of univariate models was based on the likelihood ratio test, as
well as on three tests on the normality and independence of standardised inno-
vations: the Doornik-Hansen normality test (see Doornik and Hansen (2008)),
the Durbin-Watson test of first-order serial correlation, and a two-sided F-test
for heteroscedasticity. Table 2.A.1 contains maximum likelihood estimates of the

hyperparameters as well as the model evaluation measures of the finally selected

2Here and further quarters in ()
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univariate models for the ten series. It should be noted that several time series fail
to satisfy the assumption about normality and independence of their standardised
innovations. These are domain 3 with marginally positively autocorrelated stan-
dardised innovations; domains 4, 9 and the aggregated series violating normality,
of which domain 9 also exhibits heteroscedasticity. However, given the extreme
erratic pattern of the series (see Fig. 2.2.1), the obtained model fits can be viewed

as satisfactory.

Filtered point-estimates of the signal and its components from the univariate set-
ting are nearly identical to those from a multivariate model discussed in Subsection
2.4.2. Therefore, they are depicted only once and can be found in Fig. 2.4.4 and
2.4.5 for the most interesting domains that are representative of the others. Signals
are presented with the level breaks included. The latter, in turn, are presented
separately as an indication of the size of a certain discontinuity (see Fig. 2.4.6 for
two breaks in domain 9). The standard errors of the filtered signals are depicted in
Fig. 2.4.7, where peaking standard errors reflect an additional uncertainty brought
about by the inclusion of a level break. It takes about one year for the standard
errors to decay and stabilize around a new level (see domain 9 and the aggregate

series in Fig. 2.4.7).

2.4.2 Multivariate model for the nine domains

While the implementation of univariate structural time series models makes it
possible to borrow strength over time, multivariate models also benefit from infor-
mation available over space. The present multivariate model is based on the level
and variance breaks described for the nine univariate models in Table 2.4.1. These
breaks remain significant in the multivariate setting as well. The multivariate mo-
del allows for non-zero covariances among the slope disturbance terms of different
domains, and thus for common trends (presented in the next subsection), which
significantly increases the maximum value of the likelihood function. While the
point estimates remain almost unchanged, the variance of the signals gets consid-
erably reduced (details are addressed in Subsection 2.4.4). Another improvement
brought about by modelling the correlation among the slope disturbances is the
absence of the serial correlation that was present in the standardised innovations
of the third domain’s univariate model (results are presented in Table 2.A.2 in the

Appendix).
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Insignificant eigenvalues of the slope disturbance covariance matrix are removed
step-wise until the number of common trends is identified. Modelling the slope
covariances has led to insignificant variances of the seasonal stochastic terms. How-
ever, three of them (those of domains 6, 8 and 9), still being close to zero, turned
out to be one order of magnitude larger than the others. The question at this
point is how to proceed with the common trend model: by either first removing
insignificant seasonal disturbances and then removing eigenvalues that are close
to zero, or the other way around. These two approaches lead to different models.
First removing insignificant seasonal hyperparameters leads to a model with six
common trends and with two significant seasonal hyperparameters (domains 6 and
8) that are excessively large. If insignificant eigenvalues of the slope disturbance
covariance matrix are removed at the first stage, the model is featured by only five
common trends and by four significant seasonal disturbance variances (domains
2, 3, 6 and 8) whose magnitudes are comparable to those in univariate models.
Five turned out to be the minimum number of common trends required. Taking
into account the large dimension of the model, the Bayesian Information Criterion
(BIC), instead of the Akaike Information Criterion, is used to select between the
two models (Durbin and Koopman (2012), Ch. 7.4). It turns out that the model
with five common trends is superior to the model with six common trends. The

resulting zero-eigenvalues are those of domains 4, 7, 8, and 9.

It should be noted that the whole data set is used to determine the number of
non-stationary common trends. It can be expected that adding level breaks to
account for discontinuities might affect the number of common trends before and
after a redesign. In fact, a concurrent estimation of the complete nine-dimensional
model, i.e. with all the seasonal hyperparameters estimated, suggests that the
number of common trends varied between five and six up through the first quarter

of 2010, whereafter it remained equal to five until the end of the series.

The selected model with five common trends results in noticeably lower signal
variances for domains 4 and 8 compared to the model with six common trends.
The variance of the other corresponding domains across the two models is almost
the same. The selected model’s diagnostics based on standardised innovations, as
well as the maximum-likelihood hyperparameter estimates along with their asym-
metric confidence intervals, can be found in the supplementary file to this article.

The asymmetry in the confidence intervals arises from the fact that the hyperpa-
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rameters are estimated on a log-scale. The Fisher information matrix is used to
estimate the asymptotic standard errors of the log-transformed hyperparameters,
whereafter the confidence interval bounds are transformed back to the original
scale. Point-estimates obtained from the nine-dimensional and univariate models
are virtually the same. The variance comparison will be illustrated in Subsection
2.4.4.

2.4.3 Interpretation of Common Trends

The previous subsection demonstrates that there are five stochastic trends that
drive the development of all the nine domains. The trend equation could be

expressed in the following form:

t—1 J

Lyq = Lo+ Ro,at + Z Z NR.id» (2.4.1)

j=1i=1

where Ly 4 is an intercept and Ry 4 is the slope coefficient of the deterministic part
in the trend (Koopman et al. (2009), Ch. 6.4.4 and 9.1.4.2). The double partial
sum of 7s is the stochastic part of the trend. The implication of the common trend
model is that, for each of these D trends, this partial sum can be expressed as a
linear combination of a smaller number of common trends. The system can also

be written in a matrix form:
L; = OL} + Lo + Rot, (2.4.2)

where © is a D x m matrix of factor loadings, m being the number of common
trends; vector LI contains time-specific estimates for the m common stochastic
trends. The first m elements of vectors Lo and Rg are zeros, and the remaining

entries are Lo 4 and Ry 4t as described in (2.4.1).

There are different ways to construct common trends and factor loading matrices.
One option is to take m orthogonal common factors, for which the factor loading
matrix O is equal to the lower triangular matrix A from the Cholesky decompo-
sition of the covariance matrix Qg. Then, the first common trend will be equal
to the trend of the first domain, while the other trends will be expressed as linear
combinations of the identified common trends. Another option is a factor rotation

that makes the common trends equal to the trends of the m domains that have
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non-zero eigenvalues. This factor rotation turns the upper part of the ® matrix
into an m-dimensional identity matrix and results in correlated common trends.
This approach shows how the remaining D —m trends depend on the m extracted
trends of the domains with non-zero eigenvalues. After the order of the series is
slightly changed (in the following order: 1, 2, 3, 5, 6; 4, 7, 8, 9), i.e. all the trends
with zero-eigenvalues are kept as the last ones in the system, the factor loadings
in the lower (D — m) x m part of the modified matrix ®* can be obtained from
the eigenvector matrix of the covariance matrix Qg, as shown in Ch. 6.4.1 of

Koopman et al. (2009). It results in the following factor loading matrix:

1 0 0 0 0

0 1 0 0 0

0 0 1 0 0

0 0 0 1 0

eF = 0 0 0 0 1
0.31 -0.08 0.35 -0.74 0.03
0.40 029 192 -0.16 -0.34
236 —-031 3.63 —-1.25 —-0.04

4.08 —-186 1.10 —6.46 0.89

The common trends correspond to the trends of domains 1, 2, 3, 5 and 6. Each
of the zero-eigenvalue trends 4, 7, 8 and 9 is defined by a linear combination of
the first five stochastic trends, with the coefficients from the corresponding rows
of ®*, and by an intercept and a deterministic time trend, as in (2.4.2). The esti-

mates of the intercepts and deterministic trend coefficients are given in Table 2.4.2.

Not only does the common trend specification help to reduce the number of es-
timated hyperparameters, but it is also useful in the analysis of the relationship
between the trends of different domains. This subsection dwells upon smoothed
trends (rather than upon filtered or concurrent ones), since the focus of interest
lies in this relationship, for which it is best to use all the available information. In
this application, the fixed-interval smoother is used (Durbin and Koopman (2012),
Ch. 4.3.1).
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Table 2.4.2: Intercept and Slope Coefficients for the Common Trend Model

Domain 4 7 8 9
Lo.q -977.8 -5381.7 -10510.3 -1252.9
Ro.q 4.8 20.8 50.9 15.6
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Figure 2.4.1: Smoothed common correlated factors, in kilotons.
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Figure 2.4.2: Smoothed zero-eigenvalue trends as a combination of common factors,
excluding the intercept and deterministic trend, in kilotons.

Fig. 2.4.1 displays the smoothed correlated common factors that are equal to the
extracted smoothed trends of domains 1, 2, 3, 5 and 6. The smoothed trends
of the domains with zero-eigenvalues can be found in Fig. 2.4.2. The two figures
along with the matrix , give an insight as to how much each of the common factors

contributes to the trend of the remaining domains (4, 7, 8 and 9). For instance,
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Figure 2.4.3: Smoothed trends of domain 9 (black line) and domain 4, scaled by a factor
of 15 (grey line).

the trends of the large-scaled domains 8 (chemicals) and 9 (other goods) exhibit
a very similar behaviour (Fig. 2.4.3). They also resemble the trend of domain 6
(minerals) in terms of local extrema. Indeed, domain 9 has a large positive factor
loading that corresponds to the common factor of domain 6. Although the value
0.89 is smaller than the factor loading for the common factor of domain 1 (4.08),
the common factor of domain 6 drives the development of the trend of domain 9
to a larger extent, since the magnitude of domain 6 (in terms of tons transported)
is much larger than that of domain 1 (see Fig. 2.2.1 for the domain magnitude).
Unlike in domain 9, the trend of domain 8 has a small negative factor loading on
common factor 6. Still, trends 8 and 9 behave in a similar way. This is confirmed
by the similarity of their factor loadings on the rest of the common factors. Taking
into consideration the large scale of domains 6, 8 and 9 in terms of tons trans-
ported, the similarities between them seem quite plausible, since these domains

are very likely to reflect overall developments in the economy.

As for the zero-eigenvalue trend of domain 4 (ores), it is correlated to a large de-
gree with the trend of domain 5 (metals), which is confirmed by the largest factor
loading for this common trend in an absolute value (-0.74). This gives empirical
evidence to the fact that two separate stochastic factors are redundant to explain
the variation of these two similar goods categories. The negative sign in the factor

loading could be explained by a substitution effect between these domains.
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Further, the trends of domains 4 and 9 are strikingly similar, as Fig. 2.4.3 shows.
Here, the trend of domain 4 is magnified with a factor of 15, which allows us to
superimpose it on the graph of trend 9. This similarity is also supported by the
factor loadings of these two trends: positive and negative factor loadings corre-
spond to each other, and so do their largest (in absolute terms) values (e.g., -0.74
and -6.46).

2.4.4 Estimation results

This subsection compares the estimation results obtained with the univariate and
nine-dimensional models. For the aggregated series, estimates based on the uni-
variate model are compared with estimates derived from the nine-dimensional
model, as described in Subsection 2.3.3. Fig. 2.4.4 shows filtered and concur-
rent signal estimates of the national level series and the three most interesting
domains. Fig. 2.4.6 shows some of the level interventions employed in the model.
The trend estimates are presented in Fig. 2.4.5. The trend of domain 4 closely re-
sembles the one of domain 9 and therefore is not presented here. Point-estimates
in the two graphs are obtained from the nine-dimensional model, but they are
basically the same for the univariate models. Moving backwards in calculating
concurrent estimates, one comes to a point in time when the model needs to be
vastly re-specified, i.e. certain level and variance breaks have to be removed, and
common factors possibly re-identified. Therefore, concurrent estimates are calcu-
lated starting from 2007(1).The estimates for the periods before 2007(1), depicted
in one line together with these concurrent estimates are, in fact, filtered estimates
obtained by means of hyperparameters based on the information available up to
and including 2006(4). The whole series is referred to as concurrent estimates.
The difference between the filtered and concurrent point-estimates of the three
domains becomes quite salient as early as in late 90’s/early 2000’s, especially in
domain 5. This might be explained by the frequent changes introduced into the
survey during this period. In domain 5, for instance, an increased variation due
to the redesign of 2003 is accounted for by the variance break in the measurement
equation error term. However, the gradually rising level of point-estimates, caused
by this redesign, cannot be remedied by modelling the aforementioned variance
break. Allowing for a variance break in the trend is likely to result in a model that
better describes the visible pattern of the series. It is, however, difficult to moti-
vate that a survey redesign results in a variance break in the trend component of

the population parameter. Therefore, with a time-constant trend hyperparameter,
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the concurrent estimates continue to follow the same pattern as they did before
2003, far into the more volatile post-redesign period. In the last couple of years,

the concurrent and filtered estimates converge.
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Figure 2.4.4: Dutch own-account road transportation, in kilotons: Horvitz-Thompson
(dashed line) and the nine-dimensional model-based filtered (black solid line) and con-
current (from 2007(1), grey solid line) estimates of the signal.

Fig. 2.4.7 illustrates a reduction in the signal variance estimates when one moves
from the univariate models to the multivariate one. The standard errors of the
filtered signals are depicted in black, and those of the concurrent estimates in grey.
The variance of the filtered and concurrent signal estimates of the aggregated series
coming from the nine-dimensional model for the domains are calculated as the sum
of domain variances and the corresponding covariances. The level interventions for
2007-2008 in domains 3 and 7 are very short and are not included in concurrent
estimation for a better real-time imitation, since observations at the end of a series
are unlikely to be identified as outliers. Apart from that, the variance break in
domain 5 is included only in 2008(3), when the change in the variance becomes

sufficiently pronounced.

34



2.4 MODEL SELECTION AND ESTIMATION RESULTS

1200

1000

800

600

400

200

5. Metals nA

N

LA RN R RN RN RN RN RN RN RN RN RN RN R RN RN NN RN RN RN R R RN R RN RN RN RRRRRRRRRR RN AR

50000
45000
40000
35000
30000
25000
20000
15000
10000

5000

LR AR AR R R R RN RN RN R R RRRRRRRRRRRRRRRRRRRRN] TITTTTTTTTT LLARARRRRRRRARRRRRRRRRRRRRRRRRRRRRRRRRR]

TTTTTTTTTTTTTTTTT

LA RN RN RN RN RN E RN R RN RN RN R RN RN R RN RN RN R RN AR RN R RRRR RN R AR RRE}

T

Lo ' ' Lo ! ' Rt :
NN ORNNOOTAANNTNONNNOOAdNNTNOMN0ON O
VWV NANNNANNNNNNNNOOOO0O0O0000O0
NN ANANOOO0OO0OO0OO0O0O0OOO0O
el A A A A A A A A A AAAATATN NN AN ANANANANNANN

Figure 2.4.5: Dutch own-account road transportation, in kilotons: the nine-dimensional
model-based filtered estimates of the trend (thick black line) and their 95%-confidence
interval bands (thin black lines); concurrent estimates and 95%-confidence interval bands
from 2007(1) in grey (thick and thin line, respectively).
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As can be seen, the multivariate nine-dimensional model, as well as the estimates
for the aggregated series derived therefrom, outperform the univariate models,
especially in the last part of the time span. The peaks in the filtered estimate
standard errors are caused by intervention variables that model discontinuities in

the level of domain 9 and thus also appear in the aggregated series.

To analyse the increase in precision obtained with this modelling approach, stan-
dard errors of the model predictions must be compared with the standard errors
of the direct estimates. As was mentioned in Subsection 2.3.1, the standard errors
of direct estimates are not available for this survey. The micro-data is available
for the last few years, so it can be used to approximate the variances of the HT
estimates. Design variances have been approximated assuming a two-stage strat-
ified sampling design and sampling with replacement in the first stage, with the
companies as the primary sampling units (PSU) and the vehicles as the secondary
sampling units. This estimator is commonly used for complex two- or multi-stage
sample designs, see Sarndal et al. (1992), Ch. 4.6 (equation (4.6.2)). An additional
complication is that vehicles belonging to the same owner were initially drawn from
different strata. This led to a situation where certain companies occurred simul-
taneously in more than one stratum. Therefore, the strata have been collapsed
so that the new stratification scheme is based only on the economy branches the
PSUs belong to, without differentiating between the vehicles’ characteristics. The
design variances have been approximated only for 2008(1). In Table 2.4.3, the
standard errors of the HT estimator and the concurrent estimates are compared
for 2008(1). In general, the standard errors of the HT estimator are much larger
than the standard errors of the concurrent estimates. An exception is domain
2. One explanation is that the approximation of the standard errors assuming a
stratified two-stage sampling design only captures variation over space, but not
over time (recall that PSUs are assigned randomly to a certain week in a quarter).
Another explanation is that the design variance estimates themselves are subject
to uncertainty and thus fluctuate over time. As a result, the real design variance

could accidentally be underestimated in one period or domain.
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Figure 2.4.6: Filtered (in black) and concurrent (from 2007(1) to the end, in grey) nine-
dimensional model-based estimates and their 95%-confidence interval bands for discon-
tinuities in domain 9, in kilotons. Left: level shift 1997(1)-2002(4); right: level shift
2003(1)-(4).

Table 2.4.3: Standard errors of the concurrent model-based signal estimates, Horvitz-
Thompson (HT) standard error estimates, and approximated HT standard error esti-
mates; in kilotons, 2008(1).

. Univariate  Nine-dimensional HT Approximated HT
Domains . . R
model model estimator estimatordy, ¢4

1. Agriculture 156 162 529 405

2. Food 648 520 481 1382

3. Oil 158 125 451 447

4. Ores 57 49 163 136

5. Metals 58 58 259 311°%*

6. Minerals 938 875 1063 1388

7. Fertilisers™* 204 196 226 681

8. Chemicals 765 488 1105 1586

9. Other goods 816 618 723 1625
Aggregated series 2065 1892 2361 3152

* Concurrent estimates of this domain in 2008(1) did not include the level intervention for
2007(1)-2008(4).

** In the course of concurrent estimation of this domain, the variance break in 2008(1) was
not included, as the change in the variance had not yet been sufficiently pronounced

Under the assumption that the measurement equation error term is dominated
by the sampling error, the model variance estimates (6,,,q4) of this error term are
a better proxy for the variance estimates of the HT estimator. These maximum
likelihood model estimates from the nine-dimensional model are presented in the

last column of Table 2.4.3. Such a design variance approximation approach is
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Figure 2.4.7: Hyperparameter estimates for the standard errors (in kilotons) of the mea-
surement equation error term from the nine-dimensional model (black dashed line) and
the standard errors of the filtered signal estimates obtained from different state-space
models: univariate model (black dotted line), nine-dimensional model (thin black line);
standard errors of the concurrent estimates from 2007(1) are depicted in the same style
but in grey.

advocated by an empirical finding of Krieg and Van den Brakel (2012), where
the standard deviation of the measurement equation error term is defined as the
product of a hyperparameter and the standard error of the direct estimates. The
maximum likelihood estimates of this hyperparameter are nearly equal to one for
all the domains considered in their work. Fig. 2.4.7 presents the standard errors
of the measurement equation error term and standard errors of the filtered and
concurrent estimates of the signal. One can see that the model-based approach
offers a considerable variance reduction as compared to the HT-estimator. This
reduction is particularly salient in the most recent period when effective sample

sizes get smaller. The standard errors of the HT estimates of small domains, such
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as domains 4 and 5, are reduced by 70 to 80 percent, whereas those of large-scale
series, like domain 9 or the aggregated series, are reduced by 50 percent in the
latter part of the time period (after 1997).

The filtered and concurrent estimates that have been considered so far, illustrate
what can be obtained with this model-based approach when the sample informa-
tion observed until period ¢ is used to produce optimal estimates for period ¢. An
issue with this estimation procedure in production is that these estimates can be
improved if new information becomes available after period ¢. Depending on the
size of the adjustments, it might be necessary for an NSI to consider a revision
strategy. Besides the variance of the filtered signal, it is interesting to analyse the

variance of revisions (flek — l:?l‘t)7 where l:(ti|t+/c
of domain d for period ¢ using the information available at time (¢ + k), whereas
id
e
usually difficult to produce a reliable estimate at the end of the series. This issue

is discussed in Orphanides and Van Norden (2002) or Planas et al. (2013), and is

closely related to the problem of revision strategy for seasonally adjusted figures.

denotes a revised signal estimate

denotes a filtered estimate at time t. Revisions may be quite significant as it is

Many NSIs continuously revise their official releases of seasonally adjusted series,
since estimates of seasonal effects can be improved as new information becomes
available. For a revision strategy, it is important to choose the best revision hori-
zon. Large revisions indicate that a certain revision strategy might be required.
When revisions are small, it may be more convenient to leave the initially pub-

lished figures unchanged.

To illustrate the size of revisions in the DRTS, the revised signal estimates at four
different horizons (one-, two-, four-, and eight-quarters) are plotted together with
95-percent confidence intervals of the filtered estimates in Fig. 2.4.8 (domain 5
is chosen as an example typical of the rest of the series). These revised signal
estimates are calculated starting from 1988(3), namely, for the last 89, 88, 86 and
82 quarters of the sample for one-, two-, four-, and eight-quarter revisions, respec-
tively. The Kalman filter is run conditionally on the hyperparameter set estimated
on the basis of the complete sample. The revisions at all the above-mentioned hori-

zons remain within the confidence interval bands of the filtered estimates.
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Figure 2.4.8: The filtered estimates’ confidence interval bands (dotted lines) and revised
signal estimates in between: after 1 quarter (black solid line), 4 quarters (black dashed
line), and 8 quarters (grey solid line).

Table 2.4.4 presents the sample mean of absolute revisions (AR) in absolute values:

140—k
— 7d 7d
MARy = oo— 25:1 e — I8

Sample means of relative revisions (RR) in absolute values are defined as:

1009 Y0k o
MRRy = 0% Z |lg|t+k - lf|t|/l§l\t
=51

and presented in Table 2.4.5.

The M RR mostly remain under 5 percent for all the revision horizons. The small
domains 5 and 7 are exceptions with revisions occasionally exceeding 7 percent
depending on the revision horizon. For the choice of the most appropriate revision
horizon, it is important to note that M AR and M RR clearly increase with the
revision horizon, but at a decreasing rate. Namely, the increment in the mean re-
visions of the domains is the highest when one moves from no revision to one- and

two-quarter horizons. After the second quarter, little is changed by subsequent
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Table 2.4.4: Sample mean and standard deviation of the signals’ absolute revisions after
k quarters and the average standard error of the filtered signals based on 1988(3)-2010(4),
kilotons.

Series M ARy, kilotons SD(ARy), kilotons & \/ﬁuf“)

t=51
k=1 k=2 k=4 k=8 k=1 k=2 k=4 k=8
1 6 60 72 79 63 8 89 9 124
2 122 151 162 188 158 199 209 257 327
3 26 35 53 60 34 45 67 72 100
4 15 20 2 18 21 27 28 22 33
5 23 26 31 30 34 37 41 39 50
6 197 244 209 362 266 333 406 491 601
7 43 60 79 84 75 89 120 150 130
8 123 161 171 163 176 220 238 207 335
9 219 313 334 207 360 552 615 501 437
AgBre- oo 531 857 855 862 1081 1121 1101 1255
gated

Table 2.4.5: Relative revisions of the signals after k quarters in percentage: sample mean
and standard deviation over time.

Series MRR, % SD(RRk), %

k=1 k=2 k=4 k=8 k=1 k=2 k=4 k=8
1 1.37 1.78 2.09 2.27 1.92 2.47 2.68 2.77
2 1.83 2.31 2.43 2.85 2.51 3.31 3.49 4.50
3 1.81 2.38 3.45 3.91 2.81 3.48 4.61 4.97
4 3.61 4.58 4.87 4.54 4.84 5.98 6.19 5.54
5 4.94 5.93 7.07 7.23 6.48 7.45 8.62 8.83
6 2.88 3.53 4.24 5.14 3.90 4.88 5.62 6.82
7 4.02 5.43 7.22 7.95 6.65 7.62 10.26 13.01
8 2.25 2.89 3.09 3.13 3.06 3.69 3.98 3.86
9 2.69 3.62 3.79 3.34 3.73 4.80 5.12 4.59
Aggregated 0.02 0.02 0.02 0.02 0.02 0.03 0.03 0.03

revisions. This suggests that two-quarter revisions are worth considering. As for
the aggregated series, the M RR is as small as 0.02 percent for all the revision
horizons, indicating that the initially estimated aggregated series is quite reliable.
However, if the domain estimates are subject to revision, so will the aggregated
series estimates be.

~

Assuming that the difference between the filtered signal estimates lfl ;

estimates lAfl ¢+, 1s stationary and independently distributed, the ARs’ sample stan-

and smoothed

dard deviations can act as a proxy for the volatility measure of absolute revisions.
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These sample estimates are given in Table 2.4.4. The ARs’ sample standard de-
viations can also be compared to filtered signal standard errors. Although the
uncertainty of the filtered signals has been found to be different in several sub-
periods, an average of these standard errors (over 1988(3)-2010(4)) is presented
in the last column of Table 2.4.4 for indicative purposes. As can be seen, the
standard deviation of absolute revisions never exceeds the average standard error

of the filtered signal estimates, with an exception of domain 9.

The sample standard deviations of the RRs are presented in the last part of Table
2.4.5 to provide an indication of how far the revisions can reach in relative terms.
The standard deviations of the RRs and ARs show that the eight-quarter revisions
are more volatile in all the domains, compared to revisions at the other three
horizons, just as expected. As for cross-sectional differences, the signal estimates
of domain 4, 5 and 7 are the least stable, with the RRs’ standard deviations
reaching sometimes 7 percent, whereas the aggregated series filtered estimates do
not seem to be much affected by revisions. The three above-mentioned domains

are the smallest ones and feature a highly volatile pattern of design estimates.

2.5 Discussion

This paper presents an application of univariate and multivariate structural time
series models to the domestic own-account segment of the Dutch Road Trans-
portation Survey (DRTS). This is a longstanding repeated survey conducted with
the purpose to produce reliable series of survey estimates that are comparable
over time. Two problems are solved simultaneously with the time series modelling
approach. The first problem is frequent survey redesigns that have led to several
level shifts in the direct estimates of this survey. So-called discontinuities ham-
per the comparability of the published figures over time. Secondly, several survey
modifications have reduced the effective sample size, which resulted in variance
breaks and gradually increasing variances. This made series of the direct survey

estimates too imprecise and excessively volatile.

The DRTS can be improved by developing a multivariate time series model that
accounts for level and variance breaks and improves the series precision by bor-
rowing strength over time and space. Our findings suggest that a multivariate

model for the domains outperforms the univariate setting. Both models account
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for discontinuities, but the multivariate one features a larger variance reduction
and better model evaluation measures. The standard errors of the design-based
estimator can be reduced by 40 to 60 percent in large domains and/or in the aggre-
gated series in the period following the most recent major survey redesign. When
it comes to small domains, the reduction in the standard errors can reach 70 or

80 percent.

The national level estimates are derived from the multivariate model developed
for the domains. In the case of the DRTS, this approach resulted in lower signal
variances of the aggregated series compared to the ones obtained from a univariate
model that was applied to the aggregated series itself. This gives evidence to the
fact that the multivariate model for the domains is well specified, and that ac-
counting for survey modifications at a lower aggregation (domain) level produces
better outcomes for the aggregated series. An additional advantage is that time

series estimates at the domain and aggregated level are consistent by definition.

The analysis of revisions shows that concurrent estimates can be improved with
the information that becomes available in the next two quarters. The model es-
timates are, however, not largely affected by revisions. In extreme cases of small
volatile domains with level breaks, the standard deviation of relative revisions may
exceed 10 percent, whereas that of the aggregated series remains as low as 0.03
percent even at the eight-quarter revision horizon. In the present case, a two-
quarter horizon may be considered, since only minor corrections are observed at

longer revision horizons.

An additional advantage of the structural time series modelling approach is that
it offers a breakdown of the signal into the trend, seasonal and intervention com-

ponents. Seasonally adjusted series are therefore obtained as a by-product.

The technique presented here can be applied to any small area estimation prob-
lem, where a survey is repeatedly conducted and suffers from small sample sizes,
as well as certain side effects of redesigns. Further improvements, specific to this
application, can be derived with the help of information from other segments cov-
ered by this survey: hire-and-reward and international transportation. Another
potential improvement could arise from modelling the variance structure of the

measurement equation error term with the help of design-variance estimates for
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the time points where micro-data is available. If these are not available, as is the
case here, the measurement equation error variances can be made time dependent
by defining separate hyperparameters for several time-periods. However, this ap-
proach will be limited in its application to the data from the past. This is due to
the fact that, once a break in the variance occurs, a certain number of observa-
tions is needed to estimate another hyperparameter for the new sub-period, while
the figures have to be produced and published on a continuous basis. When a
sufficient number of observations become available after the break, the model has
to be adjusted, which might require a revision of the published figures. This can

be avoided if design variances are produced along with the point-estimates.
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2.A STATE SPACE REPRESENTATION, HYPERPARAMETER ESTIMATES AND
MoDEL DIAGNOSTICS

2.A State Space Representation, Hyperparame-

ter Estimates and Model Diagnostics

This appendix presents the state space form of the multivariate structural time
series model for D domains, as defined in Subsection 2.3.1. The multivariate model

(2.3.1) can be written in the following vector notation:
Y=Ly + v + 26,151 + oo + To kB + Vi, (2.A.1)

where all vectors have dimension D. In this notation, K = ZdD=1 K, stands for
the total number of level interventions in the multivariate model. A distinctive
feature of this application is that level breaks do not generally occur in all the
domains. Therefore, the regression coefficients 5, are meant for a specific inter-
vention and are indexed from 1 to K (hence the omission of the subscript d).
Some domains may have several fj, as shown in (2.3.1), while others may have no
(significant) discontinuities. Each of the vectors ¢, = (0,...0, ¢k, 0, ...0), being
D-dimensional, contains D — 1 zeroes and a dummy variable d; ;. The position
of 0y in vector @ty is defined by the number of the domain the intervention is
effective for. Every intervention starts at a particular point in time and lasts for
a particular number of time points, during which the intensity of the intervention

remains constant and domain-specific.

The state space representation of (2.A.1) consists of a measurement equation and
a transition equation. The measurement or signal equation: f’} = Zioy + vy re-
flects the relation between the observed design estimates Yt and the vector o with
unobserved state variables, through a time-dependent design matrix Z;. In this
case, o contains the level, slope, (s—1) seasonal harmonics per each series, and the
[Br-regression components: a; = (atL af af}), where atL = (LipRiy...Le pRe D),
af = (V11 Y110 Y12 V.01 YD1 Vep,2), and af = (B1...Bk). The time-
dependent design matrix is defined as:

Zy=[Ip)®(10) Ipy @ (1 0 1) Zg,4],

where I, is a p-dimensional identity matrix, and Zg ¢ is a matrix consisting of

K =5 column vectors @ g:
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0 0 0 0 0

0 0 0 0 0

0 0 1 0 05

0 0 0 0 0

Zgt=1] 0 0 0 0 0
0 0 0 0 0

01 02 O 0 0

0 0 0 0 0

0 0 0¢3 O0pa O

Furthermore, v; denotes a vector with composite error terms that are assumed to
be normally distributed with a zero expectation and the symmetric contemporary
covariance matrix Ry = E(vv]). This matrix is diagonal assuming that domains

are independent: Ry = Diag(o7 ;1 07500y p)-

The transition equation describes how each state variable evolves over time through

a time-invariant design matrix T 41 = Ty + M¢+1. Here,
T = Blockdiag|Tr T, Tg]
1 1

0 1)
® 1is the Kronecker product which multiplies every element of the first matrix

with T, = I[D] Q@ TLr, Ty = I[D] ® H,and T = I[K], where T r =

by the second matrix, and H is the design matrix for the seasonal component’s

harmonics, with s denoting the number of seasons:

cos(2E)  sin(2Z) 0 0 1 0
H=|-sin(2) cos(22) 0 |=|-10 0 [. (2.A.2)
0 0 -1 0 0 -1

The transition matrix Tz for the dummy regression coefficients contains a K-
dimensional identity matrix Ijy). The structure of the Tg-matrix, together with
a zero-variance of the corresponding state stochastic terms, means that the level
intervention coefficients are constant over time f,; = Br—1, k = 1,..., K, t =
2,..,T.

Vector 1, is assumed to be a zero-expectation vector of normally, identically and

serially independently distributed state disturbances with the symmetric contem-
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porary covariance matrix Q = E(mn;). No correlation is assumed between the

7¢- and vg-terms.

The state noise covariance matrix Q = E(nm;) = Blockdiag|QiQ~Qg] consists
of the following parts:

0 0 0 0 0 0
0 orpr 0 Sz 0 Syp1,0
0 0 0 0 0 0
Qr=10 <p21 0 o7, 0 Syre2p |, (2.A.3)
0 0 0 0 0 0
0 Sngr,D,1 0 Snr,D,2 - 0 J?]R,D
0%.d1 0 0
Q- = Blockdiag[T'1...T'p], T'q = 0 o2 0 ,de{l,.,D},
0 0 03)@2

Qs = Ok x K], since the regression coefficients are modelled as time-independent.
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Chapter 3

Aggregated Series estimation in a
Multivariate State Space Model:
the DRTS case

Issues concerning modelling the aggregated series in general, as well as in the case
of the DRT'S, have been brought to this chapter because they deserve a more care-
ful discussion. The major issue is whether or not an aggregated series of interest
should be modelled jointly with underlying D domains. A D-dimensional model
has already been presented in the previous chapter. It may seem useful to include
the aggregated series into the model because the signal-to-noise ratio of such a
series must be much better compared to the underlying domains. However, one
may fairly argue that D- and (D + 1)-dimensional models must have identical out-
comes, since no additional information enters the model. This is indeed so when
the Kalman filter operates under the true hyperparameter values. A small simu-
lation in this chapter sheds light on differences in the Kalman filter performance
under true and estimated hyperparameters. As soon as the true hyperparameter
values are replaced by their ML estimates, differences emerge both between point-
and variance estimates produced by the two models. The results of the simulation
explain differences in estimation results obtained from the seemingly equivalent
D- and (D + 1)-dimensional DRTS models.!

IThis chapter is based on the supplement to the paper Bollineni-Balabay et al. (2016a) pub-
lished in Journal of the Royal Statistical Society: Series A. The authors thank Dr. Sabine Krieg
and Rob Willems (Statistics Netherlands), as well as the unknown reviewers and Associate Editor
for valuable comments on earlier versions of this paper.
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3 AGGREGATED SERIES IN A MULTIVARIATE STS MODEL

3.1 Introduction

In surveys like the DRTS, where estimates are produced at an aggregated (na-
tional) and domain level, a question may arise as to whether all of these series
have to be included into the model. If the aggregated series’ design-based esti-
mates are sufficiently precise, they can be included into the model and be treated
as external benchmarks for the sum of the domain predictions in order to secure
the model against misspecification (as in Pfeffermann and Tiller (2006), Pfeffer-
mann et al. (2014)). However, if the aggregated series is not sufficiently precise,
as in the case of the DRTS, it cannot be used as a benchmarking series and it-
self would benefit from signal extraction. The choice between modelling it in a
univariate setting and deriving it from a multivariate model for D domains has

already been discussed in Subsection 2.3.3.

It may seem useful to jointly model the domains and aggregated series in one
(D + 1)-dimensional setting with the restriction that the sums over the domain
state variables and over disturbance terms are equal to the corresponding states
and disturbances of the aggregated series. The state space representation of such
a model is given in Subsection 3.2.1. In this way, the aggregated series with a
better signal-to-noise ratio would enter the multivariate model, and the sum of
the domain model estimates would be equal to the aggregated series model esti-
mates at each point in time. However, as no additional information would enter
the model in this case, the (D + 1)-dimensional approach must be identical to the
D-dimensional one. Subsection 3.2.2 presents a simulation that confirms that the
D- and (D + 1)-dimensional approaches produce identical outcomes, though only
if the true hyperparameter values are used in the Kalman filter. Both models,
though based on estimated hyperparameters are also applied to the DRTS series,
and the outcomes are compared in Subsection 3.2.3. Section 3.3 briefly discusses
different possible approaches to modelling the aggregated series, as well as restates

the main result of the simulation performed in this chapter.
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3.2 Multivariate model for D domains extended

with an aggregated series

3.2.1 State space representation

This subsection presents a (D + 1)-dimensional model applicable to the DRTS
series. The components are described in Subsection 2.3.1. The input vector in
this case is extended to Y; = (ﬁyl...ﬁp}%jm)’, where f@yot = ZdD:1 )A/td are
the aggregated series design estimates. The trend and seasonal components of
the state vector are extended similarly to the Yt—vector, whereas the vector with
level interventions remains unchanged. Then the state vector a; has the following

structure:

_ L v By
o = (o) of a7)’,
L
oy = (Lyi Rijy... Li.p Re.p L 1ot Re o),

o] = (Upyy ®ve,a), de{l,...,D+1},
where

Ye,d = (Ve,1,d Vi1,d- Ve (s/2-1).d Vios2—1),d Vt5/2,d)5

of = (B1..0K).

1; is p-dimensional horizontal vector of ones, ® is the Kronecker product which
multiplies every element of the first matrix by the second matrix, and s is the
number of seasons. The inclusion of an aggregated series which is exactly equal
to the sum over the domain estimates implies that each state variable of the ag-
gregated series is restricted to the sum of the corresponding state variables of
all the domains. These restrictions are incorporated in the design matrix T' of
the transition equation oz11 = Ty + 1M¢41. The transition matrix is defined as
T = Blockdiag|TyTyTg) with

T — (I[D] ®TLr 0[2D><2]>
L — )

1ip)®Trr  Op2xz

T — <I[D] ® H 0[(s—1)Dx(s—1)]>
Y )
Iip)®H Os—1)x(s—1)]

Tp = Ik,
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3 AGGREGATED SERIES IN A MULTIVARIATE STS MODEL

1 1
where Trr = 0 1) and Iy is a p-dimensional identity matrix, and Oy, xn]

denotes a m x n matrix. In this application, the number of seasons is s = 4, which
implies three seasonal stochastic variables per domain and thus a three-dimensional
design matrix H asin (2.A.2). The design matrix Z; for the measurement equation

f/} = Zia + v has the following form:
Zy = [I[D+1] ®(10) Iipt® (101)Zgyzl,

where Zg,; consists of K vertical vectors x4, extended with one element in order
to include each of the level interventions contained in vector cxf into the aggregated
signal. As described in Subsection 2.4.1, five level interventions are modelled for

the DRTS, which results in:

O 0 0 0 0
O 0 0 0 0
0 0 1 0 O
O 0 0 0 0
O 0 0 0 0
Zet=10 0 0 o o0
Gii Sz O 0 0
O 0 0 0 0
0 0 s Ga O

0t1 Otz Ot Ora Ois

This implies that the magnitude of the level interventions in the aggregated series

is equal to the cumulative magnitude of those in the domains at each point in time.

Further, proper restrictions have to be imposed on the covariance matrix of state
disturbances Q = E(mn;) = Blockdiag|QiQ~Qg]. Elements of Q are defined
below. These restrictions imply that the covariance between the slope disturbances
of the aggregated series and those of the d-th domain must be equal to the sum of
covariances between the stochastic terms of the domain in question and the other

series:

D

Cov(nat.anri1ot) = Y, Cov(nrt.a N1 Tot), d € {1,..., D}. (3.2.1)
=1
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For the slope disturbance variance of the aggregated series, the following will hold:

D D D
CRp1 =D That2D ., D Sumdd (3.2.2)
d=1

d'=1d=d +1

These restrictions translate into the following matrix:

QL = GQrG',
Iip ® Lol
[D]
1
where G = 0 ,
T
LI~ Vo 1

and Qg is a [2D x 2D] covariance matrix of the D domains’ slope disturbance
terms as in (2.A.3).

If covariances between the seasonal disturbances are restricted to zero, restrictions
on the covariance matrix of harmonic disturbances are reduced to a much simpler

form than those for the slope disturbances:

Cov(wi,a,j,wt,p4+1,5) = C’ov(w;d’j,w;DH’j) = Ji’d, jed{l,...,[s/2]}, de{l,..,D},
D

JE;,DJrl = Zai,d'
d=1

These restrictions have the following state-space representation:

rn o o .. I,

O Iy, O ... Ty
Q,=|0 O Ts ... Ts |

L Iy Ts ... Y0 Ty

Fd = Diag(oi»d’l Ui*,d,l O—f),d,2)7 de {17 ceny D}7

2 2 . . . -
where o, ; 5, 05« 4 ; are the disturbance variances corresponding to the j-th sea-

sonal harmonic of domain d, and O is a 3 X 3 zero-matrix.

95



3 AGGREGATED SERIES IN A MULTIVARIATE STS MODEL

The level interventions are modelled as time-invariant, so their covariance matrix

isa K x K zero-matrix: Qg = O[kxK]-

Assuming that the covariances between the domain survey errors are equal to
zero, the restrictions on the covariance matrix Ry = (VtVt,) of the measurement

equation disturbances will have a simplified form:
Sv,t,d,Tot = 0-1%7t,d7 d e {1, ...7D},

, D (3.2.3)
UV,t,Tot = E Uu,t,d'
d=1

Matrix Ry has the following state space form:

2 2
Oyt 0 0 o Opt1
2 2
0 Opt2 0 o Opt2
2 2
Rt = 0 0 au,t,S e Jl/,t,3 5
2 2 2 D 2
Out1l Ovt2 Out3 --- Ed:l Out.d

where 05 ..q Stands for the measurement equation error term variance of domain
d at time ¢, d € {1, ..., D}.

3.2.2 Simulation

This simulation is done in order to check whether and how outcomes from a
(D +1)-dimensional model with appropriate restrictions imposed differ from those
obtained from a D-dimensional model. The model for this simulation is built sim-
ilarly to the DRTS model, although in a slightly simplified way. It contains only
three domains and their aggregate. Within this simulation, one set of series is
generated for 200 time-points using the SsfPack function SsfRecursion (Koopman
et al. (2008), Ch.4.1), with hyperparameters of a magnitude similar to that in the
DRTS. The trend model is the same smooth-trend model, but the seasonal com-
ponent is removed for simplicity. Domains 2 and 3 feature level breaks that also
enter the aggregated series. The level break in domain 2 constitutes 20 percent
of the trend level at the time point preceding the break. This level intervention
lasts for only 50 time points, which makes it similar to a change in the population

of interest in domain 9 of the DRTS. Domain 3 experiences a 70 percent level
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increase that lasts until the end of the series.

Restrictions given in equations (3.2.1)-(3.2.3) obviously render the Kalman filter
recursions singular. The issue here is, however, not the singularity (since the
univariate approach to multivariate Kalman filtering, which is implemented in
SsfPack package, does allow for singularity in the system matrices (see Koopman
and Durbin (2000)), but rather the fact that no additional information enters the
model. Therefore, it is expected that this approach is identical to a D-dimensional

multivariate model, from which the aggregated series estimates can also be derived.

A comparison of the two models has been conducted twice, using two different
sets of hyperparameter values. First, the Kalman filter in the D- and (D + 1)-
dimensional models was run under the hyperparameters that had been used to
generate the series. Under these true hyperparameter values, the point- and
variance-estimates of the state variables turned out to be exactly the same for
the two models. The four generated series are presented in Fig. 3.2.1, along with
their filtered signal point-estimates. The variance-estimates are not presented be-

cause they are equal to each other.

In the other comparison of the two models, ML estimates are used instead of
the hyperparameter true values in the Kalman filter recursions. In most cases,
evaluation of the likelihood function in SsfPack fails due to the singularity problem,
so the set of the hyperparameter ML estimates for running the Kalman filter under
the (D + 1)-dimensional model would have to be taken from the D-dimensional
model, which is also done in this simulation. Filtered signals of the two models
based on the estimated hyperparameters are almost identical to those based on
the true hyperparameter values. The signal standard errors of the D- and (D +1)-
dimensional models are presented in Fig. 3.2.2. The figure shows that, as soon as
the hyperparameters used by the Kalman filter deviate from their true values, the
signal variances of the two models deviate from each other. In this simulation, the
model is quite simple, and the pattern of the input series seems to be much more
stable compared to the series in the DRTS, so the hyperparameters are estimated
quite accurately (see Table 3.2.1 below). Therefore, the differences between the
signal variances of the two models are minute (see Fig. 3.2.2). These differences
are so small that they can only be seen if zoomed in (note the scale of the y-axis).

For this reason, only the last twenty time points are presented here. The reader
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3 AGGREGATED SERIES IN A MULTIVARIATE STS MODEL

should not be misled by the seemingly steep decline in the standard errors. This
decrease is very subtle and is part of the wavy behaviour inherent in these standard

errors.

2 10 .
Series 2

Series 1
1.5 ’ﬁ& 8
: ‘ N~

L g

TR T T

-0.5 T
K]
“IRSRERGEERIERBA 3223IZRBA
LI I I I I I I | R I B B B I B I
1.2 12 - .
Series 3 Aggregated series

0:4 /

N O N R O

- T NO MO N WV 0 N O nm O - T NO MO O NN 0 NO MmO
- ["2] O = m N~ 0o
SRSIBE8RESASRIGREBY NIBBRASIHIGRE]

Figure 3.2.1: Simulated series (grey line) and their filtered signal estimates (black line)
based on the true hyperparameter values in the Kalman filter recursions.

In order to see which model variance estimates are better, one can plot them to-
gether with the true variances, the latter being obtained from a model that uses
the true hyperparameter values for the Kalman filtering (not presented here due
to the scale problem). In the case of this simulation, there is no consistent pattern

in which one or the other model over- or underestimates the true signal variances.
The simulation suggest that, at least in the case when the true hyperparameters

are known, the D- and (D + 1)-dimensional models produce identical outcomes.

Therefore, the more parsimonious D-dimensional model is preferable.
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0.015782

0.01578
0.015778
0.015776
0.015774
0.015772

0.01577

Table 3.2.1: True hyperparameter values and their ML estimates.

0.015768

0.0090955
0.009095
0.0090945

0.009094 -

0.0090935
0.009093

0.0090925 -
0.009092 -

0.0090915
0.009091

ln(UflRJ) ln(Uf]R’Q) l?’L(UéRyg)
True -12.00 -11.00 -15.00
Estimated -12.30 -11.10 -15.30
CnR,l,Q gnR,l,S gnR,Q,S
True 3.00 0.30 0.20
Estimated 3.24 0.29 0.24
In(ol 1) In(o,) In(ol )
True -7.00 -6.50 -8.00
Estimated -6.82 -6.34 -8.01
027 . .
N SE Signal 1 00?;3232 | SE Signal 2
\ 0.0275085 \\
0.027508
\ 0.0275075 \
0.027507 -
0.0275065
0.027506 -
0 e B
cEEE B EEEREEPEREER ARARARARAAAAARAIRCNR
SE Signal 3 g SE Aggregated series
\ 0.037422
\ 0.0374215 \
0.037421
N 0.0374205 \\\
— 0.03742 s
0.0374195
0.037419
‘ ; T 0.0374185 1 ——

Figure 3.2.2: Standard error estimates of the filtered signals coming from the three-
dimensional model for the domains (grey line) and the four-dimensional model that in-
cludes the aggregated series (black line); the hyperparameter ML estimates used instead
of their true values.

3.2.3 Application to the DRTS

This subsection illustrates results from the (D + 1)-dimensional model applied to

the DRTS series.

In particular, the signal variance estimates are compared to

those from the D-dimensional model presented in the main body of this article.
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3 AGGREGATED SERIES IN A MULTIVARIATE STS MODEL

The ML estimates for the hyperparameters of the ten-dimensional model are given
in Table 3.2.2. Since no additional information enters the model when the aggre-
gated series is included in the model, the hyperparameter ML estimates are ex-
pected to be equal or at least close to those in the nine-dimensional setting. This
is indeed the case for the measurement equation error term variances and their
asymmetric confidence intervals (compare Tables 2.A.2 and 3.2.2). An exception
in this application is a nearly zero estimate of the mid-period measurement equa-
tion error term variance of domain 6 in the ten-dimensional setting. It turns out
that the numerical optimization procedure in this model persistently ends up in
a local optimum. Since the two models - with and without the aggregated se-
ries - are asymptotically equivalent, the hyperparameter ML estimates obtained
from the nine-dimensional model (in Table 2.A.2) can be treated as given in the
ten-dimensional setting. Whether one follows this approach or re-estimates the
hyperparameters in the ten-dimensional setting, results in very similar point and
variance estimates of the signals (except for the mid-periods in domains 6 and
9). The aim of this subsection, however, is to illustrate differences that emerge
in the Kalman filter procedure carried out under the same set of hyperparameter
estimates in both model settings. Therefore, the results presented below are ob-
tained from the two models on the basis of hyperparameters estimated under the

nine-dimensional model.

As has been mentioned in the previous subsection, the pattern of the DRTS series
is much more erratic than that of the series simulated. Also, the model structure
is more complex in that the model dimension is larger (with 9 domains), and in
that a seasonal component enters the model. These problems could have been
responsible for visible differences between the point-estimates of the two model
settings (in domains 4, 5 and 9, see Fig. 3.2.3). The differences between the signal
standard errors are also quite considerable, as shown in Fig. 3.2.4. Moreover,
the signal standard errors from the ten-dimensional model are consistently lower
than those from the nine-dimensional one. However, without true hyperparameter
values at hand, it would be groundless to affirm that the ten-dimensional model
estimates are better. In view of the simulation results, the more parsimonious D-
dimensional model may be considered, from which the aggregated series estimates

can be derived.
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Figure 3.2.3: DRTS design estimates (dashed line) and filtered signal point-estimates

from the nine-dimensional model (grey line) and from the ten-dimensional model that
uses hyperparameter estimates from the nine-dimensional model (black line), in kilotons.
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Figure 3.2.4: Standard errors of the filtered signal estimates obtained from the DRTS

models: the nine-dimensional model (grey line), and ten-dimensional model that uses
hyperparameter estimates from the nine-dimensional model (black line), in kilotons.

62



3.2 MULTIVARIATE MODEL FOR DD DOMAINS EXTENDED WITH AN AGGREGATED

SERIES

‘s1ojowreIedIod AT UIRWIOP WOIJ PIALIOP N POJRUIIISO JOU ST S[RAIDUI 9OUIPYUOD 1107} pue sorres pojeSaisse oy jo siojowreledIodA ] (444

‘SUTRUIOP JUSISYIP JO SOOURLIRA SATIOUIISID

10J pue)s et} spolrod-qns uoomjioq de[I9A0 UR 0} NP SOLIOS [0AD] [RUOIJRU O] J0J SON[RA 9DURLIRA JUDIDPIP XIS oI® 9I0Y ], "9[qe) dWeSs o) Ul punoj oq ued
sporred-qns oY) uruyep so1ep Y], "1'F'g 9[qRI, 01 SuIpioode sported-qns JUaISYIp Ul sen[ea 9ouRLIRA 9)eIedas oY) 10 purls ploy sIY) UT SMOI SIATININ (44
‘0197 07 9S0[D pajew)sd st 1vjoweIedIodAy SurpuodsolIod oY) USYM URISSIF] 9Y) JI9AUL OY 2anjrej ® 03 onp ore surdrew roddn o8ref oy, (4

A3101)8€POOS0I)0Y 10] 1809~ ‘H
{UOI1R[91I0D [RLISS I0J DIISIIRIS 893 UOSIeAN-UIQIN(T M

{SUOIjRAOUUI POZIPIRPUR)S JO UOIJRIAOD piepur)s : “¥'350
[ ] ur senea-d {(1s91 orenbs-10) 1597 AJI[RUIOU USSURH-IUIOO N

‘9[BDS [RULIOU 9} O} }OB( POULIOJSURI) oIk SPUNO(
[BAIS)UL 20ULPYUO0D 9] I9)jealoym ‘siojeureiediodAly peuriojsuri)-30[ 8} JO s1011s prepue)s d1j0rdwdse oY) Surjew)se 10j poardde sI X[1jeW UOI)RUWIOJUT
I9USI O], 'O[eds S0 ® uo pajewir)se are siojowrerediodAy o) eyl jov] oY) WOIj sosiIe A1jowmAse oY, ‘S19¥NJRIQ Ul S[BRAIIUI dDUSPHUOD DLIJOWMASY

[OA9] %1 OYY ye JUROYIUSIS | [9A9] %G O3 Je JuedYIUTIS

£88°0 191G°€ 0LT'T [ATH $GC°0 [ATR 6£6°0 OR 098°0 9211 H
L107'T LLT°T 292°¢ 8Y0'C 081°C PILT 86T°C STI8'T e11'e 1L1°% Ma
0€T'1 VLV'T 660°T 8€0'T 8¢0'T 986°0 70'T €70°T 0T'T 166°0 uriso
€T 92161 1280 0510 €zz0 cee0 Ter'e 6500 L120 9800 mmwwm%
182°0 9z20°¢ $S7°0 881°0 80€°0 150°0 158°0 $82°0 9¢T1°0- z10°0- ssoumoyg
1[200°0] 1[000°0] [zg0°0] [6g¢0] [90€°0] [96€°0] 1[000°0] [z6€°0] [v1e0] [182°0] N
162l T6S 6L 136°G 1831 TLET (48 Zvg 91 FLS'T eee'l ¥67°0
(sv6€ ‘1L22)
7863
{(0L6€ ‘28TT)
6662
((4ge0T-TED (o861 . . .
‘e811) ‘09TT) . “ (0zL1 *0vL)  (8PT ‘99) n (50g ‘00€) * F
ozl o1t (0871z ‘0ge1) (1S9 :L8€) _0eTT 66 (221 711) _68e (o121 ‘0%01)  (82S ‘T18)
(o OT-TE9 {(08LT 0TLT 20¢ ((g0TE9  *(eov ‘1€T) ov1 {(zoz ‘121) oveT 90¥ [
“T10) ‘020T) f(r2g tgov)  +(1L1 *821) ‘0) ¢ 8c€ (g9 ‘L¥) LeT ‘(6gv 'L1€) (868 ‘¥5L) Pt
e 0geT 08¥ SVT {0211 99) (2L 029) 99 ‘(gLz ‘96T) €Le 86%
‘ . ‘(TLz ‘e81) 9.% 99 (454
{((4g;0T°T€'9 .
£8€9)
)
S(ILPT ‘2v9)
708
(zeg ‘908) R (¥eT “6) _ (P1S *90€) _ _ B} (19 :2) j pimg
66€ ¥e L6€ 12
(z12¢ ‘998) (zog ‘L€) (tog ‘cg) (2171 %) (0g€eT ‘6L) (gg t€) (67 €) (gzr1 '¢) (L0¢ ‘ev) (¥6 t€2) PUo
686 GGT1 €qr Tz co¥ g1 a1 € 891 Ly
soneaussio
uo
- SOA SOA 59K - - 59K - - - SUOI}OTI)SoT
-0197,
wexB3OL, 6 8 L 9 4 2 € z 1 soLIog

SUOTIJeAOUUT PISIPIBPUL)S UO Paseq

SO1ISOUSRIP [9pOW pue (SUOIO[I UI) sojew)se IojomwrerediodAy :sorlos pojeSaiSse or) Surpnoul [opoul [RUOISUSWIP-US], g€ O[qR],

63



3 AGGREGATED SERIES IN A MULTIVARIATE STS MODEL

£910198€PaDS0I9)aY] 10J 1803~ I

{UOTR[DII0D [RLISS I0J DIISIIR)S 1S9} UOSPEAN -UIqIN( A
{SUOIIRAOUUL PIZIPIRPUR]S JO UOIIRIASD piepuR)s : “!'1So

[ ] ur sonyea-d {(3s99 arenbs-1yo) 1599 A}[RULIOU USSURH-NIUIOO( N

‘[oAS] %1 OU3 J' JURDYIUSIS | [9AS] %G OUY e JUBIYIUSIS

9201 98T el FLPL 9680  ¥60'T  gbl'l €01 1960 ¥eol H
601z 98T’z LI6T  2esl 8Kl FRO'T 60T 69LT  gL6'T  GIIT ma
S¢€T  POVL 960 gr0'l 0T SIOL 80T G0 S60'T  £L6°0 S0
€460 0901 €200 €900~ 63001 9600 €9TT G000 9800  92€0 oo o
162°0  ¥90T_ 1980 6.2°0 680 SIT'0 0690 1920  960°0-  PL00-  SSoUMONS

igooo] o000l [epzol  [zeeto]  [gor0]  [F69°0]  il000°0] [0l [282°0]  [8E¥0] N
PPOET  E60LY  088°'C  OV8'T  99¢'% 1840 g0z 91 16¢'T  08F'0  L69'T
1300, 6 8 ) 9 S v & 2 T souog

SUOT}BAOUULI PISIPIBPUL)S UO PIse( SOIISOUTEIP [9POW :[9POUl [RUOISUSWIP-9UTU ST}
woly sojew)se IejeurerediadAY oY) SOSN IO} URW[RS] 9} dIoUM ‘SoLIos PajeSoi3se oy} SUIpnoul [9POW [RUOISUSWIP-UL], €'¢ € O[qRL,



3.3 DISCUSSION

3.3 Discussion

This chapter addresses the problem of modelling an aggregated series when its
design-based estimates are not sufficiently precise, such that they should undergo
signal extraction. The previous chapter has already discussed two possible options.
One is developing a univariate state space model for the aggregated series. Another
option is deriving the estimates at the aggregated level as a linear combination
of the domain estimates from a D-dimensional multivariate model (or optionally
from D univariate models, which is likely to result in larger variances, though).
Which approach is more efficient in terms of signal variances, is an empirical ques-
tion. As shown in Chapter 2, deriving the aggregated series model-based estimates
from a D—dimensional model for domains in the case of the DRTS produces esti-
mates with lower signal variances compared to when a univariate model is fitted
to the aggregated series itself. If the consistency between estimates at the aggre-

gated and domain level is important, only the D—dimensional approach is relevant.

The (D+1)-dimensional modelling approach has also been addressed. It may seem
useful to jointly model the aggregated series with the underlying domains because
it has considerably smaller sampling errors. With all the necessary restrictions on
the state variables and the covariance matrices of their disturbance terms, such
approach should be equivalent to a D-dimensional one. The small simulation with
the known DGP shows that the outcomes from the D- and (D + 1)-dimensional
models are indeed identical, but only if the Kalman filter is equipped with the
true hyperparameter values. Using hyperparameter estimates that deviate from
the true hyperparameter values results in differences between the outcomes of the
two models. The simulation has shown that the estimated signal variances may
deviate from the true signal variances in both positive and negative directions.
Therefore, there is no reason why one should resort to the more complex (D + 1)-

dimensional model setting.

One may be still tempted to include the aggregated series into the model and omit
any other domain series in order to stay away from singularity which appears if
the aggregated series is indeed the sum of the underlying domain series. Model-
based estimates of the omitted series could then be derived from the estimates of
the aggregated series and the rest of the domain series. This may seem like an

appealing approach because a series at a higher aggregation level usually has a
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better signal-to-noise ratio, compared to that of the underlying domains. How-
ever, it is better to abstain from such practice. First of all, it may be very hard to
take the covariances between the domain and aggregated series into account when
estimating time-varying hyperparameters in the observation equation. Ignoring
this covariance structure will lead to overestimated signal variances of the series
which has been omitted. Secondly, relatively minute under- or overestimates of the
aggregated series’ signal may translate into huge misestimates in the domain that
has been omitted from the model. This is particularly true in the presence of level
breaks. While some level breaks may not be identifiable in the aggregated series,
they may be present in the underlying domains. Obtaining a decent level break
estimate in a domain whose model-based estimates have been derived from the
aggregated series’ and remaining domains’ model-based estimates would then be
questionable. Apart from that, unmodelled level breaks in the aggregated series
may result in an excessive flexibility of its stochastic trend, i.e. in an overesti-
mated hyperparameter for the trend disturbance variance, which translates into
a positive bias in the trend variances. Therefore, the reader should be reminded
that survey modifications in the aggregated series can be better accounted for at

a lower aggregation (domain) level.
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Chapter 4

Accounting for Hyperparameter

Uncertainty in State Space
Models: the Case of the Dutch

Labour Force Survey

Structural time series (STS) models, like the ones presented in Chapter 2, are
known as a powerful technique for variance reduction in the framework of small
area estimation (SAE) of repeatedly conducted surveys. Such models, however,
contain unknown hyperparameters that have to be estimated before the Kalman
filter can be launched to estimate state variables of the model. If the uncertainty
around these hyperparameters is not taken into account, the variance estimates
for state variables and signals obtained with the time series model become neg-
atively biased, particularly in short time series. Statistics Netherlands currently
uses a STS model for the Dutch Labour Force survey (DLFS) to obtain smaller
variances for the unemployed labour force, compared to those of the design-based
estimator. In order to account for the negative bias in the DLFS model variance
estimates, several estimation approaches known in the literature are considered.
Their performance ie compared in an extensive Monte-Carlo study, and the best

approach is established. *

IThis chapter is based on the paper Bollineni-Balabay et al. (2015) published by Statistics
Netherlands as a discussion paper. The authors thank Dr. Harm Jan Boonstra and Dr. Frank
Pijpers (Statistics Netherlands) for thorough reading and valuable comments on a draft of this

paper.
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4.1 Introduction

Monthly figures on the labour force produced by national statistical institutes
(NSIs) are important economic indicators. These indicators are generally based
on Labour Force Surveys (LFS). Most NSIs apply a rotating panel design in their
LFS, but the sample size is hardly ever large enough even at the national level
for producing sufficiently precise monthly figures about the labour force based
on design-based estimators known from classical sampling theory (Sérndal et al.
(1992), Cochran (1977)). For the national level of the DLFS, the coefficient of
variation between 2003 and 2010 is about 4 percent, which is quite good but not
found to be sufficient by this survey’s users. In such cases, statistical modelling can
be used to improve the effective sample size of domains by borrowing information
from preceding periods or other domains. Such techniques are often referred to as
small area estimation (SAE), see Rao and Molina (2015). Repeatedly conducted
surveys in particular have a potential for improvement within the framework of

structural time series (STS) or multilevel time series models.

Commonly applied SAE procedures are based on multilevel models that are esti-
mated with the empirical best linear unbiased prediction (EBLUP) or hierarchical
Bayesian (HB) approaches. Similarly to STS models, such models usually contain
unknown hyperparameters that have to be estimated, which translates into larger
standard errors around the domain predictions. If this uncertainty (here and fur-
ther in this paper referred to as the hyperparameter uncertainty) is not taken into
account, the mean square error (MSE) estimates of the quantities of interest be-
come negatively biased. Within the framework of the EBLUP and HB approaches,
it is very common to take the hyperparameter uncertainty into account, see Rao
(2003), Ch.6-7, 10.

STS models are not as widely used in SAE as multilevel models. The Kalman
filter that is usually applied to analyse STS models ignores the hyperparameter
uncertainty, and therefore produces negatively-biased MSE estimates. For this
reason, the apparent gains from the STS technique in terms of reduced variance
estimates have to be treated without undue optimism. Applications that give evi-
dence for substantial advantages of STS models over the design-based approach
treat estimated model hyperparameters as known, see, e.g., Krieg and Van den
Brakel (2012), Van den Brakel and Krieg (2009a), Pfeffermann and Bleuer (1993),
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Tiller (1992).

At Statistics Netherlands, a multivariate STS model is used to produce official
monthly labour force figures. This model was originally proposed by Pfeffermann
(1991) and is referred to as the DLFS (Dutch Labour Force survey) model in
this paper. It uses sample information from preceding time periods and accounts
for different features of the rotating panel design, such as the so-called rotation
group bias (RGB) and autocorrelation in the survey errors. In this way, suffi-
ciently precise monthly estimates for the unemployed labour force are obtained
(see Van den Brakel and Krieg (2009a)). The paper, however, just like the other
aforementioned studies, does not account for the hyperparameter uncertainty in
the estimated MSEs.

This paper attempts to find the best MSE estimation method for the DLFS model.
The literature offers several ways to account for the hyperparameter uncertainty
in STS models: asymptotic approximation, bootstrapping and the full Bayesian
approach. Among those approaches considered in this paper are the asymptotic
approximation developed by Hamilton (1986), as well as parametric and non-
parametric bootstrapping approaches developed by Pfeffermann and Tiller (2005)
and Rodriguez and Ruiz (2012). These methods are applied to the DLFS model to
see whether the hyperparameter uncertainty matters in terms of increased MSEs

of the quantities of interest in this real life application.

This paper presents an extended Monte-Carlo simulation study, where the DLFS
model acts as the data generation process. The contribution of the paper is three-
fold. First of all, it establishes the best out of the proposed approaches to the MSE
estimation for the DLFS and offers a more realistic evaluation of the variance re-
duction obtained with the STS model compared to the design-based approach.
Secondly, this Monte-Carlo study refutes the claim of Rodriguez and Ruiz (2012)
about the superiority of their method over the bootstrap of Pfeffermann and Tiller
(2005) in a more complex model. Finally, it is shown how the Monte Carlo simu-

lation can be used to check for model overspecification.
The paper is structured as follows. Section 4.2 contains a description of the DLFS

and the model currently used by Statistics Netherlands. Section 4.3 reviews the

above-mentioned approaches to the MSE estimation. Some details on the simula-
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tion and bootstrap setup specific for the DLFS are given in Section 4.4. Results

of the simulation study are presented in Section 4.5. Section 4.6 concludes.

4.2 The LFS model

The DLFS is based on a five wave rotating panel design since October 1999. Every
month, a sample of addresses is drawn according to a stratified two-stage sample
design. All households residing on an address are included in the sample. House-
holds are interviewed five times with a three-month gap between the interviews.
Respondents of the first wave are interviewed by means of computer assisted per-
sonal interviewing. In the subsequent waves, computer assisted telephone inter-
viewing applies with a shorter version of the questionnaire. For more details on the
sample design, see Van den Brakel and Krieg (2009a). The production of monthly
estimates of the total unemployed labor force starts with the general regression
(GREG) estimator followed by a time series modelling approach. The GREG es-
timator can be found in (6.4.1) of Sarndal et al. (1992), with the target variable
Vi k¢ being a binary response variable that is equal to 1 if the i-th person in the
k-th household is unemployed, and zero otherwise. J auxiliary variables x; j ; are
(with the number of categories in brackets): ethnic origin (8), gender (2), age(21),
civil status(2) and geographic region(44). The method of Lemaitre and Dufour
(1987) is used to make the weights for all persons within one household equal to

each other.

Rotating panel designs are known to yield systematic differences between the es-
timates of their subsequent waves. This phenomenon is usually referred to as the
rotation group bias (RGB), see, e.g., Bailar (1975), Kumar and Lee (1983), or
Pfeffermann (1991). Common reasons behind the RGB are panel attrition, panel-
effects, and differences in questionnaires and modes used in the subsequent waves.
In the case of the DLFS, the first wave estimates are assumed to be most reliable,
with the subsequent waves systematically underestimating the unemployed labour
force numbers, which is reflected by a negative RGB in the level. Apart from the
RGB, another problem with the LFS is small monthly sample sizes. With the
net sample size of about 6500 persons in the first wave on average, the GREG
estimates cannot produce sufficiently reliable unemployment figures on a monthly
basis even at the national level. Both problems can be solved with the help of a

STS model, which is currently used in the production of official LF'S figures. Such
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a model accounts for the RGB, as well as makes use of the information accumu-

lated over time to produce point-estimates with smaller standard errors.

In a STS model, the series of design-based estimates is decomposed into several
unobserved components, whereupon the so-called signal - a more reliable series of
point-estimates - can be obtained. The signal is usually extracted with the Kalman
filter. The filter removes a great part of the population and sampling noise from
the GREG-estimates and produces point- and variance estimates for the signal
and its unobserved components (trend, seasonal etc.). As a result, not only are
these signal point-estimates less volatile (see Fig. 4.2.1), their standard errors are
usually substantially lower than the design-based standard errors (in the case of
the DLFS, 24 percent smaller). Apart from that, a STS model can extract the
RGB pattern from the GREG series in case of a rotating panel design.

Thousands of people
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Unemployed, design estimates, 1st wave Unemployed, model estimates
------- 95% CI, design-based -===-95% CI, model-based

Figure 4.2.1: Numbers of unemployed in the Netherlands on a monthly basis: design-
and model-based estimates, together with their confidence intervals

Let Y;t*j denote the GREG estimate of the total number of the unemployed labour
force in month t. Five such estimates are obtained per month, each of them being
respectively based on the sample that entered the survey in month t — j, j =
{0,3,6,9,12}. Then, the five-dimensional vector Y; = (Y} Y,/ 3y} ~6 v;/=9 v}~ 12)
denotes the GREG estimates of the total number of the unemployed labour force

for the five DLFS waves observed at time ¢. The term "wave' in this context means
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a sample of households that enter the LFS panel at time ¢ and leave the panel 12
months after five interviews. Based on Pfeffermann (1991), Van den Brakel and
Krieg (2009a) developed the following model for the five-dimensional vector of
GREG estimates:

Y, = 15§ + A + ey,

where 15 is a five-dimensional column vector of ones, A; is a vector containing
the RGBs, and e; is a vector with the survey errors that are correlated with their
counterparts from previous waves (the structure will be presented later). It is
assumed that the true population parameter is a scalar §& = L; + vy + ¢, which
is the sum of a stochastic trend L., a stochastic seasonal component ~;, and an

. iid
irregular component g; ~ N(0,02).

For the stochastic trend L;, the so-called smooth-trend model is assumed:

Ly =Ly + Ry_1,
Ry =Ri—1 + 1Ry,

where L; and R; represent the level and slope of the true population parameter, re-

spectively, with the slope disturbance term being distributed as: 7 Y (0,0%).

In the case of monthly data, the seasonal component 7; can be decomposed into

six stochastic harmonics:

6

Yt = Z Yl

=1

where each of these six harmonics follows the process:

Ve = cos(hy)ye—11 + sin(h)yi_1; +wii,
Yy = —sin(h)yi—1,0 + cos(hi)vi—1, +wiys

with h; = %l being the I-th seasonal frequency, [ = {1,...6}. The zero-expectation
stochastic terms wy; and wy; are assumed to be normally and independently dis-

tributed and to share the same variance within and across all the harmonics, such
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that:

o2 ifl=0andt="t,

w

Cov(wy i, wy ) = Cov(wf)l,w;’l,) =
0 ifl#lUort#t,

Cov(wy 1, wyi;) = 0 for all [ and .

Since the estimates of the first wave are assumed to be RGB-free (as motivated
in Van den Brakel and Krieg (2009a)), the RGB vector for the five waves can be
written in the following form: Ay = (0 ALPAONITOAI712)/ " The RGB variables
for the last four waves are time-dependent and are modelled as a random walk

process:
AT =N s 0= {3,6,9,12}.

The RGB disturbances are not correlated across different waves and are normally
distributed: nﬁ\_tj i (0, O‘?\), with equal variances in all the four waves.

The last components in the model are the survey errors. Their variances are meant

to be the GREG design-based variance estimates available from the micro-data:

H n Th,t 1 Th,t 2
‘76;“ Vi) = ket Wk 1€k R W €k , (4.2.1
;) hgl — ;( t€h,t) o ; €kt (4.2.1)

where the GREG residuals are ey ; = > iy (yiks — x4, +Bt), With y; ., being a
binary variable that is equal to 1 if the i-th person in the k-th household is unem-
ployed, and zero otherwise. z; 1+ is a vector with auxiliary information on the i-th
person in the k-th household at time t, vector B¢ contains regression coefficients
for period ¢, wy, are (calibrated) weights for household k at time ¢, ny is the
number of households in stratum h (with H being the total number of strata),

and ny ¢ is the number of persons aged 15 or above in the k-th household.

In order to account for heterogeneity caused by differences in the survey design
and sample sizes over time, the variance estimates from (4.2.1) have to be used
as prior input into the model. To allow for flexibility in the process of numerical
optimization, the survey errors can be modelled as ei_j = éi_j \/ @(f’tt_j ), with
Var(é'™7) ~ 1. This formulation was proposed by Binder and Dick (1990). Since
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the samples of different waves, starting from wave 2, are based on the same people
as the preceding wave samples, there will be correlation between the survey errors.
To account for this correlation, the survey error terms in Van den Brakel and Krieg
(2009a) are modelled as an AR(1) process:

~t ot
€ = Vg5

R N RV R (1) 0%-), j = {3,6,9,12}.

The survey error autoregressive parameter p is common to all the four waves and is
estimated from the input data using a procedure developed by Pfeffermann et al.
(1998). In this application p = 0.208, see Van den Brakel and Krieg (2009b).
This estimate is used as a prior input into the model, together with the design-

based standard error estimates of the five waves. Since the variance of the product

@"(ﬁt_j )¢ is meant to be close to the variance estimate of the GREG es-
timator, Var(él™7) ~ 1. For the first wave, Var(e!) = 012/? ~ 1, and for the four
subsequent waves, with an AR(1) process assumed, Var(é, ) ~ 03:__7/(1 —p?) =~
1, j7=1{3,6,9,12}. Five different hyperparameters Jif, ,; are assigned to the five

waves, and the estimated Var(éiij ) have indeed turned out to be close to unity.

Linear structural time series models with unobserved components are usually ana-

lysed with the Kalman filter after putting them into a state space form:

a1 = Tiproq + ne, (4.2.2)

Here, T; and Z; are known design matrices of the transition and measurement
equations, respectively. The transition equation (4.2.2) describes how the state
vector evolves over time, whereas the measurement equation (4.2.3) reflects the
linear relationship between the observations and the state vector. The autore-
gressive structure of survey errors in the rotating panel design can be taken into
account if the errors é,f;_j are modelled as state variables. Here, the population
parameter error term ¢; is also modelled as a state variable. These disturbance
terms thus disappear from the measurement equation (4.2.3) and move to the state
vector a¢. The zero-expectation vector 1y contains identically and independently
distributed disturbance terms. The design-based standard errors Var(ﬁt_j )

become time-varying elements of the matrix Z; and are from now on denoted as
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zf J ,7=10,3,6,9,12}. More details on the state-space form of the DLFS model
are presented in Appendix 4.A.

Collecting the variables mentioned in this section produces the following state

vector (with the survey error terms indexed differently for the state-space form):

a; = (af a} af)’, where

of = (Lt Ry yen Vi V5 V5 V.6 Et)
ai\ _ (}\t*S)\t76)\t79)\t712)
gt gt—3 gt—6 gt—9 gt—12 5t—2 5t—5 5t—8 st—11 st—1 st—4 5t—T 5t—10
oy = (G & "6 & & T 58 56 56 5 616 _16_16_1)
All the state variables are initialised with a diffuse prior, except for the five survey
error components éi_j ,7=40,3,6,9,12} and the population white noise ;. These
stationary state variables are initialised with zeros and with the initial variances

taken equal to unity.

The disturbance variances, together with the autocorrelation parameter p, are col-

2 2 2 2 2 2 2 2 _2
(UR 04 020\ 0,10,20,30,40,5 ),

lected in a hyperparameter vector called 8 =
where the superscripts {1,...5} stand for the numbers of the waves (note that the
variance of the last eight state variables is zero, see Appendix 4.A). Hyperparam-
eter p is going to be estimated as in Pfeffermann et al. (1998) from the input
data, whereafter the disturbance variance hyperparameters are estimated by the
quasi-maximum likelihood method, treating p-estimates as given. The vector with

the hyperparameter estimates is denoted as 0.

In the middle of 2010, the DLFS was subject to a survey transition that resulted in
substantial discontinuities, which required an extension of the model. Therefore,
the present study covers the time span from January 2001 until June 2010, in
order to avoid unnecessary model complications that are not particularly relevant
for this MSE estimation Monte-Carlo study.

Numerical analysis of this paper is conducted with OxMetrics 5 (Doornik (2007))
in combination with SsfPack 3.0 package (Koopman et al. (2008)).
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4.3 Review of MSE Estimation Approaches

State variables in structural time series models are usually extracted by the Kalman

filter according to the following recursions:

Gy = Tyay_qj4—1 + K€y,
4 ’
Pt|t = Ptlt—l - Pt|t—1Ztha
. PN
Py = Ti P11, + Qy,

where / stands for a transpose, Gy and Pyy = Ey[(G&y)r — o) (e — o)’ de-
note the conditional mean of the state vector and its MSE, respectively, extracted
by the Kalman filter based on information available up to and including time t.
This kind of estimates are usually referred to as filtered estimates. Matrix Pys_3
is the predicted state covariance matrix:

Pyi_1 = Ey[(Gge—1 — o) (Gye—1 — ay)’],

where predicted implies that the estimates for period ¢ are based on information up
to and including time £ —1. Ky is the so-called Kalman gain: Ky = Pyjz_1 Z{Ft_l,
€t = Yy — Zyhyyp—1 are innovations and Fy is the innovation covariance matrix:
Fy = Zy Py Z; (note that the covariance matrix of the measurement equation
error terms is absent here because those error terms have been placed in the state
vector). Here, the covariance matrix @ and transition matrix 7" are time-invariant,
the former being a diagonal matrix with the state disturbance variance hyperpa-

rameters, and the latter containing the autoregressive parameter p.

The MSE extracted by the Kalman filter conditionally on the information up to

and including time ¢ is:
Pt|t = Et[(aﬂt(e) — at)(dt|t(9) — at),], (431)

where the expectation is taken with respect to the distribution of the state vector
at time ¢, provided this expectation exists. In practice, however, the true hyper-
parameter vector is replaced by its estimates 0 in the Kalman filter recursions.
Then, the MSE in (4.3.1) is no longer the true MSE and is called "naive" as it
does not incorporate the uncertainty around the O-estimates. The true MSE then

becomes:

MSEy; = Eq[(6u)¢(8) — o) (1 (0) — o)),
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which is larger than the MSE in (4.3.1) and can be decomposed as the sum of the

filter uncertainty and parameter uncertainty:

MSE, s =E:[(G4):(0) — o) (Gt (0) — ar)']+

. . (4.3.2)
Ei[(G16(0) — a416(0)) (a6 (0) — G414(0))']-

The first term, the filter uncertainty, is estimated by the naive MSE-estimates
Py delivered by the Kalman filter. Estimation of the second term, the param-
eter uncertainty, requires some additional effort. The literature on MSE estima-
tion proposes two main approaches: asymptotic approximation and bootstrapping.
Bootstrapping can be performed in a parametric or non-parametric way. A few
remarks have to be mentioned about these methods in the context of STS models
and of the DLFS model specifically.

If a STS model contains non-stationary components, as is the case with the DLFS
model, a special procedure is required for bootstrap samples to be drawn con-
ditionally on the given dataset {Y¥7,..., Yr}. The simulation smoother algorithm
developed by Durbin and Koopman (2002) can be exploited to generate conditional
draws for the trend, seasonal and the RGB state variables. At the first step of this
algorithm, the state variables and the data series are generated unconditionally
on the original data set, either parametrically or non-parametrically. The gener-
ated series, say {Ylb’T, ...,Y:,l1”T]>7 will surely diverge from the dataset they have
been bootstrapped from. They must therefore undergo some kind of correction.
The state variables are corrected by the magnitude of the smoothed mean of their
counterparts extracted from a "correction' dataset, which constitutes differences
between the original data {Y7,..., Y7} and the unconditional bootstrap dataset
{v2T . Y2}, as described in Koopman et al. (2008), Ch.8.4.2. The survey er-
rors generated as described in either parametric or non-parametric unconditional
state recursion, do not need any adjustments as they constitute (autocorrelated)

noise.

For the parametric bootstrap, the necessary disturbances for state recursions
(4.2.2) and (4.2.3) are drawn from their joint conditional multivariate normal
density m; Y MN (0, €2). Non-parametric bootstrap has an advantage of not de-
pending on any particular assumption about this joint distribution. In this case, a

bootstrap sample of standardised innovations {ef,’_ff, ey ef_’,lSt} is obtained by sam-
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pling with replacement from {efil(é), vy €35(0) } where €5t = F'2(0)e(0)
are standardized innovations from the Kalman filter recursions based on the origi-
nal ML estimates of the hyperparameters. For the DLFS model, a burn-in period
r of 30 time-points is chosen. This choice is motivated by the number of state vari-
ables that are initialised with a diffuse prior, which is 25; additional 5 time points
are skipped to have a burn-in period of two and a half years, and also in order to
be on a safe-side. A bootstrap observation set {Y?,..., Y2} is then constructed

by running the so-called innovation form of the Kalman filter:

N ~ A\ -1/2 4\ _b,St
ai)h‘, = O‘i)|t_1 + K. (0)F, / (0)e",
VP =zl + B0 t=d+1,..,T.

Note, that the univariate version of a multivariate Kalman filter, suggested by
Koopman and Durbin (2000), is computationally more efficient. This version is
implemented in SsfPack package that is used for this work. In this case, obser-
vations Y; 4 in Y; are reexpressed in a way that they can be treated as univariate
time series. Then, for each of these series, the Kalman gain K; 4 is a vector,

whereas F} 4 is a scalar.

The following sections contain a brief presentation of the asymptotic approach,
as well as the recent Rodriguez and Ruiz (2012) bootstrap approaches (hereafter
referred to as the RR bootstrap) and Pfeffermann and Tiller (2005) (hereafter the
PT bootstrap) bootstrap approaches.

4.3.1 Rodriguez and Ruiz Bootstrapping Approach

Rodriguez and Ruiz (2012) developed their bootstrap method for MSE estimation
conditional on the data. Bootstrapping can be done both parametrically and non-

parametrically, following the steps below:
1. Estimate the model and obtain all the hyperparameter estimates 0.

2. Generate a bootstrap sample {Ylb, ooy YIIZ } using é, either parametrically or
non-parametrically, as described before in paragraph 5 of the introduction
to this section. If the model is non-stationary, the overall pattern of the

bootstrap sample has to be brought in accordance with the pattern of the
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original sample with the help of the simulation smoother, as described in the

fourth paragraph of the introduction to Section 4.3.

3. The bootstrap dataset {Y?, ..., Y2} is used to obtain both the survey er-
ror autocorrelation parameter ﬁb estimates and bootstrap ML estimates

OAR/I - Thereafter, the Kalman filter is launched using the original series
{¥1, ..., Yz} and the newly-estimated °, which produces dt|t(éb) and Pt|t(éb).

4. Then, steps 2-3 are repeated B times.

5. Having obtained B bootstrap replicates, the MSE can be estimated in the

following way:

_—_RR 1 B 1 B
MSE,, =4 > Pu(6°) + B D [ (6°) — gyl [Ge(8°) — duepe],
b=1 b=1

(4.3.3)

— B A A
where ayjp = % S boq G (6°).

Equation (4.3.3) is applied both for the parametric and non-parametric bootstrap
MSE-estimators (denoted further as M SETEL and MSERE2 | respectively).

4.3.2 Pfeffermann and Tiller Bootstrapping Approach

The bootstrap developed by Pfeffermann and Tiller (2005) differs from the one de-
scribed in the previous subsection in that expectations of the squared error loss ele-
ments in (4.3.2) are taken unconditionally on the data, whereas the Rodriguez and
Ruiz (2012) approach conditions on the original dataset {Y7, ..., Yr}. However,
application of the simulation smoother that makes bootstrap series conditional on
the data (as described the beginning of this section) justifies the comparison be-
tween the bootstrap methods of Rodriguez and Ruiz (2012) and Pfeffermann and
Tiller (2005). Unlike Rodriguez and Ruiz (2012), Pfeffermann and Tiller (2005)
drop the terms that are of order O(1/T?) - a property that is theoretically proven
in Pfeffermann and Tiller (2005), Appendix C. Using results in Hall and Martin
(1988), they show that the true MSE, being

MSEy; = Py1(0) + E[(Gy)¢(0) — &411(0)) (641(0) — 64¢(0))], (4.3.4)
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can be estimated by its bootstrap analogues as follows:

B
P(68) = 2P (8) = — 3" Piu(8) +0 (1/17), (435)
b=1

E[(614¢(0) — 614¢(0)) (G41(0) — &41(0))'] =

E A A A ) (4.3.6)
5 216,07 — &4, O)[4§,(8") — a4 O +0 (1/1%).

Equations (4.3.5) and (4.3.6) correspond to the first and the second terms of
equation (4.3.2), respectively. The resulting MSE-estimator below has a bias of
order O (1/T%):

_——_PT ~ 1 E Ab
MSE,, =2P;.(9) — = > Py (6°)+

b=1
. (4.3.7)

237 188,(8%) — &4, (0)][a4,(0%) — a2, (O)]"

b=1

Equation (4.3.7) is applied both for the parametric and non-parametric bootstrap
MSE-estimators (denoted further as M SEPT! and M SETT?2, respectively). MSE-
calculation in (4.3.7) requires two Kalman filter runs for every bootstrap series. In
the first run, &flt(éb) is estimated from the bootstrap data set {Y?,..., Y2} and
the bootstrap parameters 0°. In this run, Pt|t(éb) can also be obtained based on
0% and irrespective of the data. The second Kalman filter run is needed to produce
the state estimates &flt(é) based on data set {YP, ..., Y2} and @-estimates that
were obtained from the original dataset. The bootstrap procedure is summarized

below:

1. Estimate the model using the original dataset and obtain the hyperparameter
vector estimates 6. Apart from that, save the "naive" MSE estimates Pt|t(9)
for future use in (4.3.7).

2. Using either the parametric or non-parametric method, generate a bootstrap
sample {Ylb, ceey Yr}’ }, conditional on the observed sample if the model is non-
stationary, as described in paragraphs 4 and 5 of the introduction to Section
4.3.
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3. Estimate bootstrap hyperparameter estimates 0® from the newly gener-
ated bootstrap dataset. Run the Kalman filter once to get dlt’lt(éb) and
Pt|t(éb), and another time to obtain dflt(é), as described under (4.3.7).

4. Repeat steps 2-3 B times.
5. Get the MSE estimate using (4.3.7).

Pfeffermann and Tiller (2005) note that, in the case of the parametric bootstrap,
the second Kalman filter run can be avoided because the true state vector is
generated (and thus known) for every bootstrap series. Thus, the state estimates
di’lt(é) in (4.3.7) can be replaced by the true vector a? to obtain the following
MSE estimator:

B B
TR Tt _ 5 _ 1 5oy 4 1 Ab (b b ab (Hb by
MSE,, =Pyu(0) -5 > Py (6°) + = > 1a2,(6°) — afl[ag, (8°) — ol
b=1 b=1
(4.3.8)

In this formulation, there is only one Pt|t(é) in the right-hand side of (4.3.8).
This is due to the fact that the new term Ep [dglt(éb) — ab] [dflt(éb) —aby,
corresponding to the last term in the right-hand side of (4.3.8), can itself be
decomposed, in the same fashion as in (4.3.4), into the parameter uncertainty
Egp [d?lt(éb) — dt|t(é)] [dﬂt(éb) — dﬂt(é)]’ and the filter uncertainty term
Ptblt(é) = E[dtlt(é) — a?] [dtlt(é) —ab)’, 8 being the true parameter vector
the bootstrap state variables ai’ are generated with. However, the bootstrap
average term %Zf:ddtt)u(é) —ab] [di’lt(é) — ab]’ replacing Pt|t(é) may need
much more bootstrap iterations to converge. Further, one should be aware of
the fact that this simplified method may result in an additional bias if the nor-
mality assumption about the model error terms is violated. Then, the term
Ep [&flt(éb) —al] [d?lt(éb) — ab)’ will also contain a non-zero expectation of
the cross-terms: E{[dflt(é) — ab] [di’lt(éb) — di’lt(é)]} In this application, the
influence of non-zero cross-term bootstrap averages has turned out to be of a neg-
ligible importance, but the bootstrap average

% Zf:l[aﬂt(é) — o] [dzt(é) —ap)

exhibited large deviations from the term it was meant to replace. This may be
explained by the fact that the true Kalman filter MSE in (4.3.1) can be ob-
tained from simulated series if the distribution of the state-vector is sufficiently

dispersed. When bootstrapping non-stationary models, however, the bootstrap se-
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ries are forced to follow the pattern of the underlying original series, as it has been
mentioned in the description of the simulation smoother algorithm. Therefore,
the replacement of Pt|t(é) with the term % Zle[di’lt(é) —al] [di’lt(é) —ab)
in (4.3.8) is not equivalent. For this reason, both parametric (denoted as PT1)
and non-parametric (PT2) bootstraps in this application rely on the estimator in
(4.3.7).

A few words have to be said about the role of the simulation smoother of Durbin
and Koopman (2002). We suggest it should be used at the bootstrap series gener-
ation step. Without it, the bootstrap hyperparameter distribution obtained from
the unconditionally generated series in a non-stationary model could be very dif-
ferent from what it should be for a particular realisation of the data at hand. For a
discussion on conditional and unconditional MSE estimation, see Ansley and Kohn
(1986). At least in the case of the DLFS, omitting the simulation smoother step re-
sulted in bootstrap hyperparameter distributions having a much wider range than
that in distributions obtained with the help of the simulation smoother. Moreover,
such (unconditional) bootstrap distributions for the DLFS are centered around val-
ues that are much larger than hyperparameter values the series have been gener-
ated with. This results in an excessively large bootstrap average % Zszl Pt|t(éb)
(relatively to Pt|t(é)) and, subsequently, in MSE-estimates that are even lower
than the naive ones. The term %Zf:ddgu(éb) — dt|t(é)][dg|t(éb) — étlt(é)]’
also becomes very unstable over time and excessively large compared to when the
simulation smoother is used, but that does not cure the negative bias obtained

from (4.3.7) without the simulation smoother.

4.3.3 Asymptotic Approximation

An asymptotic approximation (AA) to the true MSE in equation (4.3.2) was devel-
oped by Hamilton (1986) and can be expressed as an expectation over the hyper-
parameter joint asymptotic distribution 7(8]Y") conditional on the given dataset
Y = {Yi,..., Yr}. In this application, a part of the hyperparameter vector that
is estimated with the ML-method (denoted as Opsr), depends on the value of the
autoregressive parameter p. Therefore, the hyperparameter joint distribution has
the following form: 7(0|Y) = w(p|Y )w(Onrr|p, Y ). The MSE is approximated as
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follows:

MSEy; =E@|y)[Py:(0,Y )]+

Ero1v) {Et[(64t(0,Y) — Gyt (V) (6t (0, Y) — 46 (Y))']},
(4.3.9)

where Er(g|y) is an expectation taken over the hyperparameter joint asymptotic
distribution 7(0|Y"), and E is an expectation in the sense provided under (4.3.1).

Gt (Y') are the state vector estimates when the hyperparameters are not known.

Distribution N(p, Var(p)) is taken to denote p’s asymptotic distribution 7(p|Y),
from which random p-realisations are drawn. From equation (3) in Bartlett
(1946), and using the fact that the autoregressive coefficient in an AR(1) pro-
cess is equal to the correlation estimate for lag 1, the variance estimator of p
becomes: Var(p) ~ 1 — p?)1/T. In the case of the DLFS, where p = 0.208, this
means that @"(ﬁ) ~ 0.96(1/T). Taking into account that the standard error is
used for making draws from the asymptotic distribution, and that the square root
is a concave function, the sample standard deviation would be an underestimate.
Therefore, making p-draws by means of 1/ VT as the asymptotic distribution’s
standard deviation would be a reasonable choice.

After a p-value is drawn from 7(p|Y’), the other hyperparameters are re-estimated
to obtain éML\p and the information matrix IA(OAML\pﬂ(p‘y)). Finally, a Opsr-
draw is made from distribution

VT(Onr — Oriilpriopyy) ~ MN(O, TI= (Onar|pr(ppy))):

The Kalman filter is run again using p- and @p;r-realisations to obtain the state
estimates &y ¢(Ox(0)y), Y') and their MSEs Py ¢ (0x(g|y)) (O=(o|y)-draws are fur-
ther denoted as 8%). The procedure is repeated until B %-draws are obtained,
whereafter (4.3.9) is obtained by averaging the necessary quantities over B iter-
ations. If all the hyperparameters of the model are estimated within the ML-

procedure, B draws can be made directly from
VT (Oxo1y) — 0) ~ MN(0,TI=1(9)).

The first term in (4.3.9) can be approximated by the average value of the Kalman

filter variance Py¢ across B realizations of the hyperparameter vector, and the

second term by the sampling variance of the state vector expectation. An asymp-
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totic approximation to the true MSE could therefore be obtained in the following

way:

B
~_AA 1
MSE,, :EZ Py (6%)+
a=1

" (4.3.10)
]- A ~ A ~
+ E;[aﬂt(eaa Y) — Gye][Gy)e (07, Y) — at|t]/-

where 8% is the a-th draw from the 7(6|Y") asymptotic distribution. As Hamilton
(1986) suggests, the sample average éﬂt = % Zale dt|t(0i(9|y), Y') can replace
G4 (Y') in (4.3.9). Obviously, this MSE-estimator is entirely based on the asymp-
totic normality assumption about the hyperparameter vector estimator. Apart
from that, this approach usually produces significant biases if the series is not of a
sufficient length, in which case the asymptotic distribution would fail to approxi-

mate the finite (usually skewed) distribution of maximum-likelihood estimates.

Another problem with the asymptotic approach can appear if some of the hy-
perparameters are estimated to be close to zero. This can happen to the initial
model estimates or during the procedure itself, e.g., due to certain extreme p-
draws. In these cases, the asymptotic variance of such hyperparameters will be
too large, which will inflate the MSE-estimates of the signal and its unobserved
components. It may as well lead to a failure in inverting the information matrix

for the hyperparameter vector.

4.4 The DLFS-specific Simulation and Bootstrap
Setup for True MSE Estimation

The central data generating process of the present simulation study is the DLFS
model. The performance of the five MSE estimation methods is examined on se-
ries of the original length from the DLFS survey (114 monthly time points from
2001(1) until 2010(6)), as well as on shorter series of length 80 months and longer
ones of length 200. For each of these series lengths, a Monte-Carlo experiment is
set up where multiple series (1000) are simulated on the basis of the LFS model
used by Statistics Netherlands. MSEs for each of these series are estimated based
on B = 300 bootstrap series; for asymptotic approximation, however, at least

B = 500 draws turned out to be needed. This number has been found sufficient
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for the approximated MSEs to converge. MSEs delivered by the five methods and
averaged over the 1000 simulations are compared to MSE-averages produced by
the "naive" Kalman filter. However, for the latter MSE estimates to converge to
a certain average value, far more than 1000 simulations turned out to be needed
(namely, at least 10000).

The hyperparameter maximum-likelihood estimates of the DLFS model, as well as
the Yule-Walker estimate of the survey error autoregressive parameter p, are used
to generate artificial data series IA/;S, s =1,...5. Since the system is non-stationary,
generating series af unconditionally on the true data is going to result in negative
or implausibly large numbers of the unemployed. In order to avoid an excessively
large number of series with negative values, the unconditional recursion of the state
variables is started with their smoothed estimates at one of the highest points the
original process has ever reached within the available sample. Further, the first
r time points are discarded in order to prevent that the series start at the same
time-point (r being chosen equal to 30). With an assumption that unemployment
in the Netherlands will not exceed 15 percent, the simulation data set is restricted
to positive series below the upper bound of 1 mln of unemployed (this value com-
prised about 15 percent of the Dutch labour force in 2010). Keeping the artificial
series below the upper bound is also done in order not to extrapolate outside of
the original data range when simulating the design-based standard errors szj ,

which are the time-dependent elements of the design-matrix Z;.

It is easy to guess that every series of simulated GREG point-estimates needs its

own series of simulated design-based variance estimates, zf —J s, that would depend

s really depend on the

on the corresponding numbers of the unemployed. That zf B
number of the unemployed, can be seen from well-known formula for the variance
estimator of the population total of a binary response variable (see, e.g., Sdrndal

et al. (1992), (3.3.14)):
Var(Y:) = N2 (1 - ne/No) pe(1 — i)/ (ne — 1), (4.4.1)

where NV; is the population size in period ¢, n; is the sample size, and p; is the
sample estimate of the unemployment rate Y;/N;. Taking logs on both sides of
(4.4.1), rearranging the terms and assuming that unemployment p; does not reach

high values, which allows to neglect the term In(1 — p;), produces the following
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approximation function for the design-based variance estimator:
In(Var(Vy)) = adn (n/Ny) + Bin(V;), (4.4.2)

where @‘(f’t) from (4.2.1) are used in the left-hand side to estimate the rela-
tionship between the variance estimates of the GREG estimator and the GREG
point-estimates of the numbers of unemployed. This study simulates numbers of
unemployed conditional on the same population and sample sizes as those observed
in reality between 2001(1) and 2010(6). This allows to avoid simulating sample
sizes in a study for longer series (7' = 200). Instead, the information carried by
the term In (ny/N;) can be represented by an intercept for the variances of the
first wave. Starting from wave 2, each design-based variance, denoted as (zf_j )2,
j =13,6,9,12}, is highly dependent on the design-based variance of the preceding
wave, since both are based on nearly the same group of people and sample size.
The sample size decreases by approximately 10 percent in each subsequent wave
due to panel attrition. Further, the signal li_j =Li+v%+ )\i_j can act as a proxy
for }Afttfj in (4.4.2), since both the signal and the direct estimate contain informa-
tion on the level of unemployed and the design effect (in this case, the RGB). The
J

design-based standard errors zf ~7 can be derived from the following equations for

log-variances:

In[(z7)) = e+ BIn(l) + e = 0;
In[(zi) = pPin[(z179)%) 4+ FIn(Il7) + €77, e ~ N(0, (67)?),5 = {3,6,9,12}.
(4.4.3)

The regression coefficients in (4.4.3) are time-invariant. The superscripts are used
to denote the wave these coefficients belong to. The coefficient estimates are pre-
sented in Table 4.4.1. They are obtained using the original design-based variances
for the five panel waves and the extracted filtered signal estimates coming from the
DLFS model. For series longer than the original series, the design-based standard

errors z; have to be simulated as well according to the same process.

Equations (4.2.2)-(4.2.3) and the estimated parameter vector 0 are used to gener-
ate S=1000 series of artificial data. State disturbances (remember survey errors
are also modelled as state variables) are randomly drawn from their joint nor-

mal distribution N (0, €2(0)), and series are generated unconditionally on the true
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Table 4.4.1: Regression estimates for the design-based standard error process

j=0 j=3 j=6 7=9 j=12

¢ 12.219 - - - -
BJ: 0.630 0.244 0.354 0414 0413
g - 0859 0.786 0.749  0.751

&7 0.202 0.265 0.228 0.225  0.267

data. Within each simulation, first the trend, seasonal and RGB components are
simulated and summed up to comprise the wave-signals li;j,j = {0,3,6,9,12}.
These are used to generate the design-based standard errors zf_sj according to the
process described in (4.4.3). As soon as an artificial data set is generated, p is
re-estimated and saved as pgs, whereafter the hyperparameter quasi-ML estimates
are obtained. These are stored in 85 and used by the Kalman filter to produce the
state estimates & 5. Both ps and és are used to generate bootstrap samples. Note
that the same set of design-based standard errors z; s is used to both generate and

estimate bootstrap series within simulation s.

In order to obtain the true MSEs, the DLFS model is simulated a large number of
times M = 50000, each of these replications being restricted to the same limits as
before, i.e. between zero and 1 mln unemployed. The true MSE is calculated in the
following way using the true state vector aum,,+ values known for every simulation

m:
1 M
MSE:rue = M Z [(Gm,t(Om) — tm,t) (Gt (Om) — m,t)'].
m=1

The true MSE of the signal is calculated in the same way by using the true wave-

signal values lp, ¢.

4.5 MSE Estimation Approaches with Applica-
tion to the DLF'S

The focus of this simulation study is the true MSEs of the trend and of the pop-
ulation signal. The latter consists of the trend and seasonal components and is
therefore equal to the signal of the first wave. Apart from the MSE estimation,

this simulation also checks the DLF'S model for misspecification. Formal diagnostic
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tests for normality, homogeneity and independence of the standardised innovations
do not detect any problems with the DLFS model. However, asymptotic confi-
dence intervals of the hyperparameters, together with their distribution across a
large number of the DLFS model replications give a clear indication that the mo-
del tends to be overspecified in a sense that some components may have to be
modelled as time-invariant as their hyperparameters tend to zero. Therefore, this
study considers four models that differ in terms of the number of hyperparame-
ters to be estimated with the ML method. The most complete model - Model 1
- is the one currently in use at Statistics Netherlands, but with the white noise
component g; removed from the true population parameter &. This component
has turned out to have an implausibly large variance and disturbed estimation of
other marginally significant hyperparameters (the seasonal and RGB disturbance
variances) in the case of the DLFS. In order to avoid this instability, this irregular
component €; can be removed from the model. This formulation implies that the
population parameter & does not suffer from any unusual irregularities that can-
not be picked up by the stochastic structure of the trend and seasonal components.
This assumption can be advocated by a relative rigidity of labour markets. Alter-
ations of unemployment levels are usually gradual and therefore must be largely
incorporated into the stochastic trend movements. The other three models are

special cases of Model 1, thus with £; component removed (see Table 4.5.1).

Table 4.5.1: Hyperparameters estimated in the four versions of the DLFS model; the
disturbance variances estimated on a log-scale

Models  Description Parameters estimated
2 2 2 2 2 2 2 2
M1 complete model PyORs Oy Oxy Out s Opgs Oy Oy s Tie
s 2° 20 5 2 3 3
M2 seasonal time-independent  p,o%,0x,0,,,00,,0,,,0.,,0,.
. . 2
M3 RGB time-independent PyORy 0y Oty Oy Oy Oy O
2" 2 2 5 5 3
M4 seasonal, RGB fixed PyORy O 500y Ty Oy O

Note that the disturbance variances are estimated on a log-scale in order to avoid
negative estimates. The rationale behind studying the other three models be-
comes clear after inspecting the hyperparameter distribution of Model 1 after a
large number of replications. The simulation has shown that the stochastic term
variances of the seasonal and, in particular, RGB components are often estimated
to be close to zero. This causes bi-modality in the distribution of these variance

estimates with a significant mass concentrated around zero. Apart from that, an
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attempt to estimate both of the hyperparameters, as in Model 1, seems to bring
about certain instability to the hyperparameter estimates, such that even normal-
ity in In(62,),In(62,) and In(62.) (where indices 3, 4, and 5 stand for the numbers
of the waves) is severely violated with extreme outliers and/or a huge kurtosis
(see Fig. 4.B.1 in Appendix 4.B, where the x-axis is extended due to the outliers).
Making the seasonal component time-invariant, as in Model 2, hardly changes the
situation for the slope and RGB hyperparameters. Instead, it may even be seen
as suboptimal due to more extreme outliers and excess kurtosis in the distribution
of all the five survey error hyperparameters (Fig. 4.B.2). By contrast, under both
models where the RGB-component is fixed over time (Models 3 and 4), all hyper-
parameters corresponding to the survey error component have turned out to be
normally distributed, see Fig. 4.B.3 and Fig. 4.B.4. Under Model 3, distributions
are still skewed for the slope and seasonal components (skewness of -0.88 and -0.72,
and excess kurtosis of 2.56 and 1.61, respectively). Fixing 02 to zero under Model
4 results in only a marginal improvement: the distribution of in(6%) is negatively
skewed (-0.81) with an excess kurtosis of 1.76.

This simulation evidence suggests that the preference in modelling the DLF'S series
may be given to the more parsimonious Model 3, where only the RGB disturbance
variance is set equal to zero. This hyperparameter is however retained for pro-
duction purposes at Statistics Netherlands to secure the model robustness against

sudden changes in the underlying process.

The distribution of the survey error autoregressive parameter p across the 1000
simulated series does not seem to be affected by model reformulations and ranges
between 0 and 40 percent when 7' = 114, which is in line with the approximation
of its asymptotic distribution mentioned in Subsection 4.3.3. The range is slightly
wider when T = 80 and narrower when 7' = 200. The simulation procedure de-
scribed in the previous section and the analysis of bootstrap methods that follows

is performed separately for all the four models.

The performance of the Kalman filter at estimated parameter values, as well as of
the five estimation methods mentioned in Section 4.3 is evaluated with the help
of the MSE relative bias. First, the filtered MSE estimates from (4.3.10), (4.3.3),
(4.3.7), and (4.3.8) are averaged over 1000 simulations, and the Kalman filter

MSE estimates over 10000 simulations, as mentioned at the beginning of Section
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4. These averaged MSE estimates for Model 3 (except for AA for the reason that
will become clear soon) are depicted in Fig. 4.5.1, 4.5.2 and 4.5.3 for three different
series lengths, skipping the first d = 30 time points of the sample. This is the time
needed for the diffuse part of the state covariance matrix to decay (see Koopman
(1997) for initialisation of non-stationary state variables). The percentage relative
bias is calculated as RBtf = (MiSEQt/MSEf‘Tt“e — 1) - 100%, where f defines a
particular estimation method. The core variables of interest for users of the DLFS
are the signal and trend. The percentage relative MSE biases averaged over time
(skipping the first d = 30 time points) for the signal, the trend and seasonal com-
ponents are presented in Tables 4.5.2, 4.5.3, and 4.5.4. Note that all the analysis
is based on filtered, rather than smoothed estimates, because filtered estimates

better mimic the process of official figures production.

The AA-method turned out to be inapplicable to the models with marginally sig-
nificant hyperparameters. When some of the hyperparameters are estimated close
to zero, the matrix I=1(fpr1|p®)) is numerically either singular, leading to a
failure in the procedure, or nearly singular. In the latter case, the asymptotic
variance becomes excessively large and thus not reliable. Taking this into account,
the AA-method could only be considered for Model 4. As expected, the method
performs poorly in short series, with positive biases of about 15 percent. The per-
formance for 7' = 114 and T' = 200 is comparable to that of the PT1-bootstrap,

but significantly worse than the PT2 performance.

The simulation results for T = 80 suggest that, when averaged over time (starting
from ¢ = 30), the relative bias of the signal MSE obtained with the Kalman filter
ranges between -3.2 and -2.1 percent for the four models considered in the paper.
This bias tends to decrease as the series length increases. The KF-biases are quite
small for the case of T' = 200, such that none of the estimation methods offers a
smaller bias in absolute terms. One could still apply the best estimation method

with positive biases in order to get a range of values containing the true MSE.

What one immediately sees is negative biases for the RR-bootstrap and positive
ones for the PT-method. Against the claim of Rodriguez and Ruiz (2012) that
their approach has better finite sample properties compared to the approach of Pf-
effermann and Tiller (2005), the case of the DLFS suggests that the RR-estimates,

both parametric and non-parametric ones, are even more negatively biased than
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the uncorrected KF-estimates across all the models and series lengths (except for
RR2 in Model 1, T'= 80 and T = 114). The PT-methods have never produced
negative biases for the DLFS, which makes these methods conservative and thus
safe. While the PT-bootstrap is proven to have satisfactory asymptotic properties
in Pfeffermann and Tiller (2005), Rodriguez and Ruiz (2012) illustrate the supe-
riority of their method in small samples based on a simple model (a random walk
plus noise). The present simulation study reveals that the RR-method may not

behave well in more complex applications.

For series of lengths 7' = 114 and T" = 80, positive biases produced by the PT2-
bootstrap may slightly exceed the KF-biases in absolute values for models with
insignificant hyperparameters (Models 1 and 2). In the more stable models (Models
3 and 4), the positive biases are smaller than the KF negative biases in absolute

values.

The signal MSE of Model 3, which could be considered a better option for produc-
tion of official DLFS figures, is best estimated by the PT2 approach, with relative
biases of 1.4 and 1.9 percent for T' = 80 and T = 114, respectively. The PT2-
bootstrap also seems to be the best method for T" = 200, but, as has been said,

the negative KF biases are already quite small for series of this length.

Note that for both the PT- and RR-bootstraps, the absolute values of relative
biases are smaller in the case of the non-parametric approaches, compared to
their parametric counterparts. The superiority of the non-parametric approach
over the parametric one can be explained by the disturbed normality of the error

distribution in the models.

91



4 ACCOUNTING FOR HYPERPARAMETER UNCERTAINTY IN THE DLFS STATE
SPACE MODEL

150000000

145000000

140000000

135000000

130000000

125000000

120000000

115000000

110000000

105000000

100000000

2003-07
2003-09
2003-11
2004-01
2004-03
2004-05
2004-07
2004-09
2004-11
2005-01
2005-03
2005-05
2005-07
2005-09
2005-11
2006-01
2006-03
2006-05
2006-07
2006-09
2006-11
2007-01
2007-03
2007-05
2007-07

«—True —KF

\
3
]
\
E:
g

Figure 4.5.1: Signal MSE comparison for Model 3, T=80 months
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Figure 4.5.2: Signal MSE comparison for Model 3, T=114 months
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Figure 4.5.3: Signal MSE comparison for Model 3, T=200 months
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Table 4.5.2: MSE relative bias averaged over time (d=30) in the DLFS model, percent,

T=80
Signal Trend Seasonal
Models | M1 M2 M3 M4 | M1 M2 M3 M4 | M1 M2 M3 M4
KF -3.0 -32 -21 -22|-35 -38 -25 -25 | 88 2.5 2.9 2.4
AA N/A N/A N/A 149 | NJ/A N/A N/A 150 | NJA N/A N/A 149
PT1 8.6 6.7 4.9 6.2 10.6 8.9 7.1 8.4 20.8 10.7 10.3 11.1
PT2 4.8 3.7 1.4 2.1 4.8 4.9 2.1 2.3 17.3 8.2 6.9 7.1
RR1 -72  -90 -73 -72 | -96 - 96 -95 | -38 -90 -6.7 -6.6
11.2
RR2 6.7 -35 -39 -3.7 | 53 -41 -46 -43 | 186 -47 -41 -438

Table 4.5.3: MSE relative bias averaged over time (d=30) in the DLFS model, percent,

T=114
Signal Trend Seasonal
Models | M1 M2 M3 M4 M1 M2 M3 M4 M1 M2 M3 M4
KF 21 26 -24 -22|-23 -27 -24 -23 |25 -3.2 31  -26
AA N/A N/A N/A 52 N/A N/A N/A 4.1 N/A N/A N/A 125
PT1 8.1 5.7 3.3 5.5 10.0 7.9 5.2 7.6 4.9 1.4 1.4 0.3
PT2 2.2 3.2 1.9 1.5 3.3 4.3 3.1 2.8 1.2 -2.0 1.0 0.6
RR1 -83 -78 -64 -6.5 | - 99 87 -89 |-31 -72 -55 -56
10.7
RR2 -1 -60 -39 -35 | -30 -76 -55 -5.0 | 7.3 -5.9 -32 -3.0

Table 4.5.4: MSE relative bias averaged over time (d=30) in the DLFS model, percent,

T=200
Signal Trend Seasonal
Models | M1~ M2 M3 M4 | M1 M2 M3 M4 | M1 M2 M3 M4
KF -3 -16 -13 -13 |-17 -1.8 -16 -1.6 | 3.8 -7 -16  -1.6
AA N/A N/A N/A 59 | N/A N/A N/A 56 | NJA N/A N/A 56
PT1 6.3 6.2 6.3 5.5 7.5 7.7 7.8 7.1 10.8 2.6 3.0 3.0
PT2 6.8 4.0 3.0 2.3 7.6 4.9 4.2 3.6 125 2.1 1.3 0.6
RR1 -80 -80 -49 -59 |- 99 -68 -71 |-11 -53 -38 -39
10.0
RR2 -5.1 -56 -45 -50|-70 -74 -6.0 -64 | 3.6 -3.1  -33 -39
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In order to see if the STS model-based approach still offers some reduction in the
design-based variance estimates after correcting for hyperparameter uncertainty,
percentage reductions in the standard errors of the GREG estimates are presented
in Table 4.5.5. These reductions come from applying the DLFS model to the
GREG estimates without correcting for hyperparameter uncertainty (KF), as well
as after this uncertainty has been taken into account with the help of the five
different methods. Note that the RGB and seasonal hyperparameter estimates
obtained from the original DLFS data set are quite small. Therefore, there are
no noticeable differences between the point-estimates of the four models. How-
ever, these hyperparameter estimates are not small enough to cause the problems
mentioned before with regard to the AA-approach, so the results for this approx-
imation method are reported in Table 4.5.5 as well. It may first seem that the
A A-method accounts for the parameter uncertainty best of all other methods, as it
exhibits the smallest reduction in the GREG standard error estimates. However,
keeping in mind that the AA may on average have some severe positive biases,
especially in the case of small hyperparameters, one should feel more secure with
the PT2 non-parametric approach that offers about 22 percent reduction in the es-
timated GREG standard errors. This means that the model-based approach even
after accounting for parameter uncertainty offers a significant variance reduction

compared with the traditional design-based approach.

Table 4.5.5: Reductions in the GREG SE estimates of the DLFS, averaged over time
(d=30), and percentage increase in the model SE after applying the MSE correction in
parentheses

Model 1 Model 2 Model 3 Model 4
KF -24.1 -24.1 -24.5 -24.5
AA | -18.8 (6.9) -19.0 (6.7) -19.1 (7.1) -19.5 (6.6)
PT1 | -20.1 (5.2) 201 (5.2) 21.1 (4.6) 21.2 (4.4)
PT2 | -22.9 (1.6) 21.2 (3.8) 22.2 (3.1) 225 (2.6)
RR1 | -26.5 (-3.2) -26.6 (-3.4) -26.5 (-2.7) -26.5 (-2.7)
RR2 | -24.0 (-0.1) -25.4 (-1.8) -25.6 (-1.4) -25.7 (-1.6)

4.6 Conclusion

Most applications of small area estimation procedures in the literature are based
on multilevel models. In the framework of this approach, it is common practice to

account for the hyperparameter uncertainty in estimated MSEs. The literature on
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structural time series models applied in the context of SAE is still rather limited,
with most applications ignoring the hyperparameter uncertainty when computing
the MSEs of small area predictions. This renders MSE estimates negatively biased
when series are not long enough, which may be a serious issue when it comes to

such important economic indicators as unemployment.

The literature offers several procedures to correct for the negative bias in the MSE
estimates produced by STS models. The present work aimed at establishing the
best estimation approach to the true MSE of a small area estimation approach ap-
plied to the DLF'S for official production of estimated numbers of the unemployed
in the Netherlands.

A simulation study conducted for this purpose reveals that the asymptotic ap-
proximation is not applicable to cases with hyperparameters close to zero due to
failures when inverting the information matrix of the hyperparameter estimates.
The simulation results suggest that the non-parametric bootstraps, being free
of normality assumptions about the error distribution, perform better than their
parametric counterparts in both Pfeffermann and Tiller (2005) and Rodriguez and
Ruiz (2012) methods. A more important finding, however, is that the Pfeffermann
and Tiller (2005) bootstrap approaches with their positive biases consistently out-
perform the respective approaches of Rodriguez and Ruiz (2012), where the biases
are generally negative and larger than those of the Kalman filter in absolute terms.
This is contrary to the claim of Rodriguez and Ruiz (2012) about the superiority
of their method in short time series. Apparently, their findings are purely heuris-
tic and are based on a simple model simulation (random walk plus noise), while
Pfeffermann and Tiller (2005) prove that their bootstrapping approach produces
MSE estimates with a bias of a correct order. Hence, the PT-methods should
be considered for other survey data too, despite the fact that these methods may

occasionally be outperformed by the RR-methods.

Another result of this simulation study has revealed that it might be worth con-
sidering a more restricted version of the DLFS model, with the variance of the
RGB component and of the population parameter noise set equal to zero. For
this model, the relative bias of the signal MSE produced by the Kalman filter can
be reduced from about -2.4 to 1.9 percent with the non-parametric Pfeffermann

and Tiller (2005) bootstrap approach. Even with this slightly positive bias, the
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standard errors of the GREG estimates are reduced by about 22 percent. For the
DLFS application, the bias in the Kalman filter MSE estimates is relatively small,
therefore it may be deemed sufficient to rely on these naive MSE estimates for

publication purposes.
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4.A Some Details on the State Space Form of the
DLFS Model

The measurement equation design matrix is a composite of four matrices:
Zy = (Z¢ Z*» Zg Osxs), where Osys denotes a null-matrix of a dimension spec-
ified in the subscript, Z5 =[15 ® (1010101010101 1)] selects the level Ly,
six seasonal harmonics ¥4 1, ...7; 6 and the population parameter white noise ; for
each of the five waves,

0/
Zt)‘ = <I4> selects the four RGB components for the corresponding waves, and

4

Z¢ = Diag(z} 2y 2 2{7%21792{71?) multiplies the five survey error components el
with the design-based standard errors. Vectors 15 and 0y denote a vertical vector
of ones and a horizontal vector of zeros, respectively, of a dimension specified in

the subscript.

The transition matrix T is specified below:

T = Blockdiag(T* TV 0 T> T*),

1 1
where TL = (0 1) ,T7 = Blockdiag(Cl...Cs - 1),
I in (T
Cl _ COS( Gsz S’Ln(li) ,l _ {1’ ’5}’
—sin(F) cos(F

Vector m; contains stochastic terms of the state vector ay:

t  t—3 t—6 _t—9 _t—12 /
e = (07 nR,ta T]’Y? Ety M, Vtayt 7Vt 7Vt >Vt 9 07 07 Oa 07 Oa 0) 07 0) )
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_ * * * t—12
where 77'7 — (wt,ly wt717 Wt 2, wt727 —eey Wt 5, wt,5a wt,G) i\ = (77/\15 777)\ t a77)\ t 777)\15 )

The covariance matrix of the state stochastic terms is diagonal:
Q = Blockdiag(0 0% [0217,] 02 Q* Q°),
Q = U>\I47
Q¢ = Diag(o2, 022 05 024 025 0).
In the case of the LFS, all the hyperparameters estimated with the ML-method

are contained in the Q-matrix, whereas the hyperparameter p in the transition

matrix T.
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4.B Simulated Density Functions of the Hyper-
parameters under the Four Versions of the
DLFS Model

This appendix presents the hyperparameter density functions obtained from sim-
ulations where the four versions of the DLFS model act as the data generating
process. The x-axes depict variance hyperparameters on a log-scale, while the

y-axes stand for frequencies. The x-axis may be extended due to outliers.
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Figure 4.B.1: Hyperparameter distribution under the com-

plete  DLFS model (Model 1), left  to right on  the x-axes:
In(6%),In(62),1n(63),In(62,),In(62,), In(65,), In(67,),In(67,); the normal density
with the same mean and variance superimposed; 50000 simulations, T=114.
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Figure 4.B.2: Hyperparameter distribution under Model 2, left to right on the x-
axes: In(6%),In(63),n(67,),In(62,),In(62,),In(62,). In(67,); the normal density with
the same mean and variance superimposed; 50000 simulations, T=114.
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Figure 4.B.3: Hyperparameter distribution under Model 3, left to right on the x-

axes: In(6%),In(62),In(62,),In(62,),In(62,),In(62,), In(62,); the normal density with
the same mean and variance superimposed; 50000 simulations, T=114.
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Chapter 5

Multilevel Hierarchical Bayesian
vs. State Space Approach in Time
Series Small Area Estimation: the

Dutch Travel Survey

This chapter compares state space models (estimated with the Kalman filter with
a frequentist approach to hyperparameter estimation), with multilevel time series
models (based on the hierarchical Bayesian framework). The application chosen
is the Dutch Travel Survey featuring small sample sizes and discontinuities caused
by the survey redesigns. Both modelling approaches deliver similar point- and
variance estimates. Slight differences in model-based variance estimates appear
mostly in small-scaled domains and are due to neglecting uncertainty around the
hyperparameter estimates in the state space models, and to a lesser extent due to
skewness in the posterior distributions of the parameters of interest. The results
suggest that the reduction in design-based standard errors with the hierarchical
Bayesian approach is over 50% at the provincial level, and over 30% at the national

level !

IThis chapter is based on the paper Bollineni-Balabay et al. (2016b) published by Statistics
Netherlands as a discussion paper. The authors thank Dr. Bart Buelens and Dr. Barry Schouten
(Statistics Netherlands) for valuable comments on an earlier draft of this paper.
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5.1 Introduction

The problem of small area estimation (SAE) emerges when reliable estimates for
small areas cannot be produced relying solely on a design-based inference proce-
dure due to an insufficient number of sampled units. Either the number of units
sampled in the domain of interest is too small, or the variable of interest has a
rare occurrence, in cases when the break-up into domains is defined post hoc, after
the survey has been done. An increasing demand for small area statistics boosted
the development of numerous SAE techniques. Most of these are meant for cross-
sectional data, where the so-called strength over space could be borrowed. This
implies that sample information from other similar domains could be used to im-
prove the design estimate for a small area of interest. Sometimes, an area may not
be sampled at all, in which case regression synthetic estimators (Gonzalez (1973))
produce figures using some auxiliary variables. Composite estimators may be used
to combine direct estimates with their synthetic counterparts. This is often done
in the framework of the Fay-Herriot model (Fay and Herriot (1979)), which is
estimated using the empirical best linear unbiased predictor (EBLUP) or hier-
archical Bayesian (HB) approach. The literature on these methods is extensive,
see, e.g., Rao and Molina (2015), Ghosh and Lahiri (1987), Prasad and Rao (1990).

While small area estimates may be improved by borrowing strength over space,
adding the time dimension further offers a huge potential for improvement. Bor-
rowing strength over time is realised by using sampling information accumulated
over time in the respective, as well as in other domains. Time series techniques,
such as multilevel times series and structural (unobserved component) time series
(STS) models, are powerful tools in producing more reliable estimates for repeat-
edly conducted surveys, both for small and non-small areas. Thanks to their
ability to borrow strength over time and domain space, such models can extract
the so-called signal by removing a great part of the sampling noise from design-
based point-estimates. As a result, standard errors (SEs) of such model-based
point-estimates are usually substantially lower than the design SEs. Furthermore,
time series models can help compare figures prior to and after survey redesigns
by modelling level breaks. Time series extensions of the Fay-Herriot model can
be found in Rao and Yu (1994), Datta et al. (1999), and You (2008) (sece Rao
and Molina (2015) for an overview). For small area applications modelled with
the STS techniques, see Pfeffermann (1991), Pfeffermann and Bleuer (1993), Pf-
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effermann and Tiller (2006), Pfeffermann et al. (2014), Krieg and Van den Brakel
(2012) and Bollineni-Balabay et al. (2016a). Level break estimation within the
STS framework is illustrated in Van den Brakel and Roels (2010) and Van den
Brakel and Krieg (2015).

With this paper, the authors would like to contribute to empirical evidence for
and practical considerations in time series SAE. This study compares two different
time series techniques in a real life time series small area application of Statistics
Netherlands - the Dutch Travel Survey (DTS). This survey features unacceptably
volatile estimates in its more than 600 small domains. The reasons for that are
small sample sizes at the provincial level and several survey redesigns, which make
the official figures hard to compare over time. Therefore, this survey could largely
benefit from the time series model-based approach in producing official statistical
figures. The two time series approaches considered in this paper are multilevel
time series modelling within the hierarchical Bayesian (HB) framework and the
frequentist-based STS approach facilitated by the Kalman filter. The initial in-
tention was to check if specifications with random regression coefficients and/or
random intercepts, like in multilevel models, perform better than STS models
where such components are conventionally modelled as fixed effects. Further, an-
other model is considered within the multilevel Bayesian framework - a model with
a likelihood function nearly identical to that of the STS model (and differing only
in the way the trend model is specified). This comparison is performed in order
to check if the quality of the STS model-based estimates produced by frequen-
tist estimation routines is good enough compared to the full Bayesian multilevel
framework, as most practitioners, including Statistics Netherlands, estimate STS

models in the frequentist framework.

All model specifications within both modelling approaches are made comparable in
terms of the same pooling dimension for the stochastic trend dynamics, as well as
in that no spatial correlation is assumed across domains. Rationales behind multi-
variate against univariate modelling dimensions are also addressed. The multilevel
time series and STS approaches are compared in terms of adequacy of model-based
point-estimates for the trend and for multiple level breaks due to the survey re-
designs, as well as in terms of gain in precision that can be reached within these
two modelling frameworks. It is well known, though, that variance estimates often

get a negative bias in the frequentist STS models due to neglected hyperparame-
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ter uncertainty (see, e.g., Pleffermann and Tiller (2005), Bollineni-Balabay et al.
(2015)), so a direct comparison of variance estimates obtained from HB multilevel
and frequentist STS models is not completely fair. In this work, we quantify the
uncertainty around hyperparameters to make the comparison of the two models

fairer.

Another novelty of this paper lies in exploiting the STS approach to refine the
multilevel one in the case of unreliable or missing variance estimates of the design
estimator (further referred to as design-based variance estimates). These are used
as input in multilevel models and are treated as the true known sampling error
variances. This paper shows how volatility, missing values, as well as a possible

bias in design-based variance estimates can be alleviated.

Section 5.2 provides a brief description of the DTS. Section 5.3 is devoted to the
multilevel model setting. It presents the model itself, as well as estimation details
for the HB approach in two subsections. Section 5.4 presents the STS model and
has the same structure as Section 5.3. Section 5.5 explains how unreliable design-
based variance estimates can be improved using the STS technique. Sections 5.6
and 5.7 present empirical results for the DTS at the provincial and national level,
respectively. In each of these sections, the multivariate trend structure is examined
with regard to possible pooling across one or more factor variables. Further, the
performance of the multilevel HB model is compared to that of the STS model.

Section 8 contains conclusions and a discussion.

5.2 Dutch Travel survey

The DTS is a stratified two-stage survey that attempts to measure the travel
behavior of the Dutch population. Every year, a cross-sectional sample is drawn
with sampling units being defined either as households (before 2010), or persons
(since 2010). The variable of interest considered in this study is the number of
kilometers per person per day (km-pppd) covered per transport modality i and
motive j either at the national, or provincial level. The total number of provinces
is P = 12, and each province p is broken into J = 7 motives, and each motive j is

broken into I = 8 transport modalities (see Table 5.2.1).
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Table 5.2.1: Domain classification of the DTS along three factors

Provinces Mobility motives ("Mot")  Transport modalities ("Mod")
1. Groningen 1. Work 1. Car driver

2. Friesland 2. Business 2. Car passenger
3. Drenthe 3. Visits 3. Train

4. Overijssel 4. Shopping 4. Bus/tram/metro
5. Flevoland 5. Education 5. Scooter/moped
6. Gelderland 6. Recreative 6. Bicycle

7. Utrecht 7. Other motives 7. Walking

8. Noord-Holland 8. Other modalities
9. Zuid-Holland

10. Zeeland

11. Noord-Brabant

12. Limburg

Design estimates for km-pppd are obtained with the general regression (GREG) es-
timator (equation (6.4.1) in Sarndal et al. (1992)) in the following way: Y{,) ;¢ =
té),j,i,t/CtN(p),ta where té)7j7i7t is the GREG-estimator for the total number of
kilometers covered in the whole country (or in province p) within a year for a
certain transport modality /motive intersection, N, ; is the population size in the
country (for provincial level, in a province p), and ¢; is the number of days in a
year (365 or 366). Point- and variance GREG-estimates are produced on an an-
nual basis and for different break-downs into domains. The time span considered
in this paper is 7' = 29, covering the years 1985-2013. Since 1985, the survey has
undergone several redesigns. Until 1994, the population of interest consisted of
residents aged 12 years and older. Since 1994, children under 12 years old have
also been included in the population of interest. In 1995, the sample became six
times as large as before (a net-sample size increase from 10 000 to about 65 000
households). Since 2003-2004, however, net sample sizes have been considerably
lower constituting slightly more than 20 000 households (about 43 000 persons be-
tween 2010 and 2013). In 1999, the DTS went through the second major redesign
that featured some response-motivation and follow-up measures. The published
series were corrected for this level break within Statistics Netherlands. In 2004,
the data collection for the survey was transferred to another agency. Finally, the
survey was redesigned again in 2010 and since then has been conducted by Statis-
tics Netherlands. These two redesigns caused major discontinuities in the time

series and have not been corrected for so far.
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The model described in the subsequent section will be applied at two aggregation
levels of the DTS survey. Firstly, time series of national averages of distances
covered, i.e. km-pppd, can be obtained, thus forming an intersection of modalities
and motives. Secondly, one can go one level lower where the target variable is
defined as time series of provincial averages, i.e. km-pppd at the intersection of

all the three above-mentioned factors.

5.3 Multilevel time series approach applied to the
DTS

5.3.1 Model specification

Application of multilevel models is common practice in small area estimation
(SAE). The model presented in this section is a time series extension of the well-
known Fay-Herriot model (Fay and Herriot (1979)) for a cross-section. Similar
time series extensions for data contaminated with survey errors have already been

mentioned in the introduction to this paper.

In the model below, small areas (domains) are indexed with m € {1,..., M}, and
the number of years is T'. At the national level, M = I x J = 56; at the provincial
level, M = I x J x P = 672. The GREG-estimates Y{,) ;. are contained in a
M-dimensional vector Yz that can be expressed as the sum of signal 8; and survey

errors contained in vector e;:
Y, =0, +e, e XN(O,®,), teil,.. T} (5.3.1)

where the signal 8, consists of the true population parameter and level breaks (dis-
continuities) that start when the survey faces redesigns and that are constant over
time under a particular survey design. Level breaks can be kept or removed from
the signal, depending on whether or not a certain survey modification is viewed
as an improvement. Survey errors e; are normally and independently distributed
over time with a M-dimensional covariance matrix ®;. Although sampled units
may occur in several domains at the same time (e.g., in domains "Work-Bicycle"
and "Work-Train"), correlations between such domains are likely to be negligible
and are therefore assumed to be zero, which renders the ®;-matrix diagonal with

design-based variances for every domain m. These variances are generally un-
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known, so design-based variance estimates @“(Ymt) (Sarndal et al. (1992)) are

used instead and are treated as the true known variances.

Here and further in this paper, vectors and matrices are printed in bold. Vectors
with a subscript ¢ or m are M- or T-dimensional, respectively. No correlation is
assumed between different stochastic terms in this paper, unless explicitly men-

tioned.

The signal development over time is described by a combination of a stochastic
and deterministic trend together with level breaks, as mentioned above. Potential
cyclical movements in the economy are covered by the stochastic trend, hence the
absence of the cyclical component. There is no seasonal component because the
data is annual. The following time-series model is assumed for the M-dimensional

vector of signals 6;:

0 =cv+ Kt + 01 P (B0 + BEF) + o+ 01 (BReppt + Bre ) + v+ Kit+
STPBYE + .+ 0k BEE 4wy, tefl, . T}

(5.3.2)

where ¢ and k are the overall intercept and linear time trend coefficient, respec-
tively, ¢ is an M-dimensional vector of ones, v = (vy,...,vp)’ are independent
domain effects that serve as random intercepts in the model, k = (k1, ..., k)" are
domain-specific random linear time trend coefficients; Krr and Kpp denote num-
bers of level interventions modelled as random or fixed effects, respectively; ,?E
and ﬂ,’: E are vectors with level break coefficients assumed to be random or fixed
effects, respectively. Scalars 62 represent the mean of the k-th random level break
coefficient across domains; 6;'f and d5 { are indicator variables for level breaks
modelled as random and fixed effects, respectively. These indicators switch from
zero to one at the moment of a survey redesign. With an entry of a new dummy
variable, all previous dummies remain equal to one. Note that scalar terms ¢, k,
BY are estimated as fixed effects. They are contained in a vector, say 3, along
with ,Bf E

" are domain-by-time effects modelled as integrated

Terms in wy = (U1, ..., Unt)
random walks. Stationarity tests and a visual inspection of the DTS series suggests

a non-stationary model for the trend wu;. Therefore, one could assume either a
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random walk (I(1)), or the local linear trend model, or an integrated random walk
(I(2), the so-called smooth-trend model, as in Harvey (2001)). Here, the latter
formulation is preferred due to its well-known flexibility and parsimony (Durbin
and Koopman (2012), Ch. 3, Harvey (2001)). This application, as well as the one
in Bollineni-Balabay et al. (2016a), provides evidence for data overfitting when the
other two specifications of the stochastic trends were applied. Therefore, only the
smooth-trend model is considered in this paper. The disturbance terms €; of the
ug-terms are assumed to be normally, identically and independently distributed

over time and across domains:

U = Ug_1 + T¢_1,
. (5.3.3)
Tt = Tt—1 + €¢, €t < N(O, Eu), te {1, ...,T},

where ¥, is a diagonal I.J- or PI.J-dimensional matrix at the national or provin-

cial level, respectively.

The following identifiability constraints are imposed on the stochastic trend com-
ponents u,, ; to insure that, after accounting for the level break interventions, all
the deterministic time variation in signal 0,, ; is accounted for by the linear trend
(k + Km)t, and the stochastic time variation around this deterministic trend and

the remaining time-average level ¢ + v, is accounted for solely by wy, +:

T T
Z Um,t = 0, Zum,tt = 0. (534)
t=1 t=1

Since there is no reason to assume that the stochastic trends have similar dynamics
across either motives, or transport modalities, as will be verified in Section 5.7.1,
every diagonal element of a I J-dimensional square matrix 3,, is assigned a unique
value at the national level. As for the provincial level, one could assume that the
trend disturbances for motive j and transport modality ¢ from P provinces come
from the same distribution. Then matrix X, will consist of P block replicas of a

IJ-dimensional covariance matrix 37z for motive-modality intersections:
Y :I[p] ®E[IJ]. (5.3.5)

Whether or not this assumption is feasible, will be verified in Subsection 5.6.1.
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The area-specific terms v,,,, k,, and 65;’% are assumed to share the same variance
across domains and to be normally and independently distributed over the domain
space and between each other. By construction, they are distributed around zero
due to the presence of the overall elements c, k, and 3Y:

v % N(0,021),

k% N(0,021), (5.3.6)

id
I?E ~ (070251‘51—)’

where 0 and I denote an M-dimensional vector and identity matrix, respectively.

RE

py from distri-

Such model specification allows us to draw terms v,,, K, and 3
butions centred around zero, which will be necessary in the Bayesian estimation,
but it makes these terms, as well as their means weakly identifiable. The sums
(¢4 vm), (5 + fim) and (8] + BEE) are, however, well identifiable and constitute
random intercepts, random linear trend slopes and random level break coefficients,
respectively. Note that ﬂij—coefﬁcien‘cs can be estimated as fixed effects by set-
ting their variance aé nE equal to infinity. There is always a trade-off between
regression coefficients’ bias and variance when a random or fixed effects assump-

tion is chosen, see Clark and Linzer (2015) for a discussion.

Model (5.3.2) assumes that area-specific random terms v, originate from one
distribution (the same applies to k,, and BHR;E,;) It is, however, quite plausible
that differences exist between means and variances of random terms belonging to
different motives, transport modalities or provinces. If the pattern of the series
for a certain intersection of the motives with transport modalities suggests that
provinces do not differ much from each other, the model could be restricted to
have only two, instead of three additional terms per random component. Then
the remaining random effect variation around the motive and modality means

would be described by an M-dimensional random-effect vector. All this gives rise
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to the following model, which is an extension of Model (5.3.2):

0; =ct + t{v/n @ VMod + VMot @ tinyg) + V
+ Kt + vy ® KModt + KMott © Lingyg) + Kt
+ 017 (BYe + einayny ® Brhtoa T Brivgor ® tinaya) + B1E)+

R R R
+ 0kt BRnpt + ti0/1) ® By Mod + B Mot ® Lnt/a) + Brpy )+
+65tE fE+-"+6FE tﬂIFﬁ"fE + ug, te {1,...,T}7

Krp,

(5.3.7)

where each of the v, r, 3%F-terms sub-indexed with Mod contains random term
expectations taken across motives and provinces for each of I transport modalities
and is distributed as
iid 2
VMNod ™ N(0,0’ I),

VMod

Kntod ~ N(0,02,, I), (5.3.8)

KMod

RE iid 2
Mod ™ N(Oa%ﬁfng)

The same applies to random terms labelled with Mot. These are J-dimensional.
The random terms v, K, ﬂ}jE are M-dimensional and take care of the variation

around their respective motive and modality means.

Note that the signal 6,,, ; has no area-by-time white noise in the multilevel models
presented in this paper. It is assumed that all the stochastic variation in 6,, + over
time is picked up by the stochastic structure of the trend. In fact, allowing for
an additional noise in the signal resulted in data overfit in many, especially small
domains. The absence of the additional noise term makes it furthermore easier to

compare the multilevel approach with the structural time series one.

Special cases of models (5.3.2) and (5.3.7) could also be considered. For instance,
all level breaks could be modelled as fixed effects. Further, if distribution assump-
tions about the random terms v,, and k,, do not seem to hold, one could consider
modelling these terms as fixed effects. In the latter case, estimation at the national

level will be reduced to a univariate setting.
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5.3.2 Estimation details on the multilevel model

The multilevel modelling technique constitutes a composite estimator, i.e. a com-
bination of the design and synthetic estimators. The model in (5.3.1)-(5.3.2) can
be estimated with the EBLUP (empirical best unbiased predictor), or within the
hierarchical Bayesian (HB) approach. For this application, the HB approach with
non-informative priors is chosen that relies on the Gibbs-sampler pre-programmed
in the memesae R-package (Boonstra (2015)). The posterior means of the signals
O, are taken to be domain point-estimates, and the posterior standard devia-
tions of 6, ;s serve as their measures of uncertainty. In this paper, these posterior

standard deviations are referred to as SEs for brevity.

RE

.k are independent and assigned normal priors as in

Random terms v,,, k., and
(5.3.6) within the Bayesian estimation framework. The random walk term has a
normal prior distribution as well: uy,, YN (0, UZ’mA), A being a T-dimensional
covariance matrix. In case when the initial u,,; in all domains are assigned a non-
informative prior, matrix A becomes unbounded. However, the limit of the preci-
sion matrix A~! used in the Gibbs sampler is well-defined, see, e.g., Rue and Held
(2005). Apart from that, the precision matrix A~1 is sparse (i.e., mostly contains
zeros and, in this case, has five diagonals), which makes the Gibbs sampler efficient
(Rue and Held (2005)). The variances of the random-effect components are as-

signed inverse chi-squared priors with degrees of freedom v and a scale parameter

2. 2 2 2y 2 2 2y 2 2 2
5% oy ~ Inv — x*(vy, 57), 03 ~ Inv — x*(vi, 5%), 0gre ~ Inv — X* (Vg SGrE),
0%~ Inv — X*(Vu,m, 55.m)- Vague priors on these variance parameters would

require small values (close to zero) for the hyperparameter v.

If variances of the stochastic terms vy, Ky, etc. are small (relative to the design-
based variances), the convergence of the Gibbs sampler could be very slow. Apart
from that, as Gelman et al. (2008) and Polson et al. (2012) suggest, the inverse-
gamma (or inverse chi-squared) parametrization for variance parameters is often
not robust and should be replaced by distributions for standard deviation param-
eters from the folded noncentral ¢-family, of which the half-Cauchy distribution is
a special case. In order to solve both problems, Gelman et al. (2008) suggest ap-
plying a redundant multiplicative parametrisation. In this paper, this parameter
expansion is applied to any stochastic term components for which non-informative
priors are chosen: vy, = £,Um, km = ExRm, etc., where &-terms are multiplicative

scalar parameters, and the terms with a tilde are distributed like in (5.3.6) and
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2

2,62, etc., for which inverse-Gamma (or inverse chi-

(5.3.3), but with variances &
squared) priors can be chosen. Such parametrization is used for standard deviation
parameters that are expressed as: o, = |£,|6,,0, = |[£x]|04, etc. The &-terms are

independent of each other and are assigned normal priors:

fu ~ N(aw%})a gn ~ N(am%i)a fﬁRE ~ N(QBREvvﬁRE)v gu ~ N(aua’Yu)'
(5.3.9)

Setting @ = 0 (and v = 1, without loss of generality) implies that priors on the
standard deviation parameters come from the half ¢-family, see Gelman (2006).
Setting o = 1 and vy = 0 is equivalent to the original (non-expanded) parametriza-
tion of the model. Combining & ~ N(0,1) with 1 degree of freedom in 52 ~
Inv — x?(1,s?) results in a half-Cauchy prior for parameter o. For numerical
reasons, the scale parameters s2 in this application are restricted to the standard

deviation of the variable of interest in vector Y.

The overall intercept ¢, linear trend coefficient x and expectations 5,2 of random
level break coefficients are estimated as regression coefficients and are contained
in B, along with vectors ,B,’: E_ The prior for all the regression coefficients is vague

(normal with mean B9 = 0 and a large variance g, ).

Denoting the parameter vector by 1:
’¢ = (Vla K,’ 6RE 9 u,’ /8,7 0-1%7 U»zw UZREa 0-12u gw fm fBRE ) gu)lv

the likelihood function can be written as:

p(Y|) = Ny (&0 ® vy + &k @ t+ X BEBRE 4 X B 4 ¢, 4, ®), (5.3.10)

where t denotes a vertical vector with time indicators (0,1,...,7 — 1)/, L) is a
T-dimensional column vector of ones, ® is a [MT x MT] matrix, matrix X ¥ is
[MT x MKpgg| and contains dummy regressors for the vector with random level
break effects BRE = (,BfE/,...7ﬂII§§;)', and X is a [MT x (2 + Krg + dF'F))-
dimensional matrix, d'¥ being the number of level break coefficients modelled as
fixed effects. The dimension of matrix X is such due to the presence of the overall
effects ¢, k, and Kgp (9s in the vector B, as well as due to the presence of the

d"F_-dimensional vector BFF of fixed level break coefficients.
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5.4 STRUCTURAL TIME SERIES (STS) UNOBSERVED COMPONENT MODELLING
IN THE CASE OF THE DTS

The parameters in the prior distribution below are assumed to be mutually in-
dependently distributed. The joint prior is then a product of each parameter’s

marginal prior distribution:

[ M M
p(¢) = H lH Nl(Ovﬁlz)] lH N7L(07&5,mA)] X

| I=v,k,BRE Lm=1

i (5.3.11)
[T 100 = xZ(u, )| | TI Nela, ) | Na(Bo, po)-

[ o

Then the posterior density of the parameter vector 1 is proportional to the follow-
ing joint density: p(¥|Y) o« p(¢)p(Y |v)). See Appendix 5.A for each parameter’s

conditional posterior distribution used in the Gibbs-sampler.

5.4 Structural time series (STS) unobserved com-

ponent modelling in the case of the DTS

5.4.1 STS model specification

The general theory on STS models is presented in Durbin and Koopman (2012) and
Harvey (1989). Similarly to the multilevel framework presented in Section 5.3.1,
the series of the DTS design estimates Y,,, + in a STS model can be decomposed
into signal 6, ; and the survey error component, as in (5.3.1). The 6,, ,-term, in

turn, is decomposed into several unobserved components :
em,t - Lm.,t + 51,tﬂm,1 + ...+ 5K,t5m,K + Em,ty te {1, ~~-aT}7 (541)

where Ly, ; is the stochastic trend component, K is the total number of level breaks
in domain m, and d ¢ is an indicator variable for the k-th level-break regression
coefficient f3,, . The population parameter error term is e, ¢ i N(O,Ug). In
cross-sectional surveys like the DTS, it is difficult to separate this term from the
sampling error e, ;, especially if the variance of €,, ; is small relatively to the sam-
pling variance. Therefore, the two terms are combined into one composite error
term vy, ; that is assumed to be largely dominated by the sampling error. In order
to incorporate the design-based variance estimates Va\r(met) in a STS model, the

. - [~ _ did
composite error term v, ; can be modelled as €., 1A/ Var(Yim.¢), émt ~ N(0, agm).
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For the variance of this product to be close to the design-based variance estimate
@“(Ym’t), ng should be close to unity. Deviations from unity should correct
for a possible under- or overestimation of design-based variance estimates. In this
way, STS models feature more flexibility, unlike the multilevel model presented in
Subsection 5.3.1, where the survey error variance estimates, used as prior input

into the model, are assumed to be true and are thus fixed.

For one domain m, the model in (5.4.1) is referred to as a univariate STS model. If
several domains have to be estimated simultaneously so that they can borrow cross-
sectional sample information from each other, univariate models can be stacked
under each other to constitute a multivariate STS model. In this application, no
spatial correlation is assumed, just like for the multilevel model presented in the

previous section.

The obtained multivariate STS model largely resembles the multilevel one in

(5.3.1), with each domain being represented by the following equation:

Ym,t = Lm,t+61,t5m,1+~~+§K,tﬂm,K+ém,t \/ @(Ym,t)7 te {]., ,T} (542)

As mentioned in Section 5.3.1, the smooth-trend model is assumed for the trend in
the multilevel setting. Here, the local linear trend model and a random walk with a
drift both resulted in a severe data overfit (see Harvey (2001) or Durbin and Koop-
man (2012) for different trend model specifications). Therefore, the same trend
model is assumed for the structural time series (STS) model setting as in (5.3.3),
though without the identification constraints for the multilevel setting mentioned
in (5.3.4). The trend component L,,, apart from the random-walk component
Um,¢ With its deterministic part ¢(k + £,), also implicitly contains an intercept.
However, this intercept is defined solely on the basis of the corresponding domain’s
input series Y,,, ; and therefore would be equivalent to intercept ¢ + vy, in (5.3.2)
only if the latter is modelled as a fixed, rather than random effect. The covari-
ance matrix of the disturbance terms belonging to the trend L,,; is diagonal as
in (5.3.5).
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VARIANCE ESTIMATES OF THE DTS

5.4.2 STS model estimation details

Linear structural time series models with unobserved components are usually put
into a state-space form and analysed with the Kalman filter. First, the model hy-
perparameters (here, o7 s and 02 s) are estimated using the maximum-likelihood
(ML) approach by iteratively running the Kalman filter. The hyperparameters are
set equal to their ML- estimates and are treated as known, whereafter state vari-
ables (L ¢, Bm,kS) can be extracted by the Kalman filter recursions. These recur-
sions are initialised with diffuse priors for non-stationary variables (see Koopman
(1997)). One has to be aware of the fact, that the mean square error (MSE) esti-
mates of the state variables produced by the Kalman filter are negatively biased,
since the uncertainty around the hyperparameter estimates is not taken into ac-
count. See Pfeffermann and Tiller (2005) for the true MSE estimation approaches,
as well as Bollineni-Balabay et al. (2015) for a simulation-based comparison of dif-
ferent approaches existing in the literature. The STS models presented in this
paper are estimated in OxMetrics 7 (Doornik (2007)) in combination with the
SsfPack 3.0 package (Koopman et al. (2008)). One could think of a full Bayesian
approach to STS model estimation with prior distributions for the model hyper-
parameters instead of hyperparameter ML estimates. However, the computational
capacity required for sequential updating in models like the DTS one would make
this approach very challenging. Apart from that, since most practitioners, includ-
ing Statistics Netherlands, estimate STS models in the frequentist framework, the
authors aim to find whether the quality of frequentist STS model-based estimates
is sufficiently good compared to that when estimation is carried out within the full

Bayesian multilevel framework.

5.5 Tackling unreliability and missing values in

design-based variance estimates of the DTS

Usually, unreliability in design-based variance estimates are mitigated by pooling
them across similar domains (in this application, similarity is only observed across
provinces, as will be clear from the next section). In time series, alternatively, this
could be done with the help of the Kalman filter.

A problem with the DTS is that the design-based variance estimates are missing in
2004-2009. For 2010-2013, they are only available at the intersections of provinces
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with modalities and of modalities with motives at the national level. The miss-
ingness in all domains in 2004-2009 can be imputed with the help of the Kalman
filter, as shown a bit later in this subsection. As for the variances missing only at
certain intersections at the end of the sample (2010-2013), these may be approx-
imated by using the variances available at the other intersections. The following
approach is applied in order to approximate the standard errors (SE(Y,,:)) at
the three-dimensional intersection. First, a factor is defined that should reflect an
inflation of the design-based variance in modality Mod; when switching from the

national to the provincial level:

Frrod; 0 = SE(Yaods pt)/SE(Yarod, t)-

This factor is used to inflate the national level standard error of the GREG es-
timator (further referred to as the design-based standard error) to the provincial

level for a certain intersection of motives with modalities:

SE(Ynod; Mot p,t) = SEYod; Mot t) - Fiod; t- (5.5.1)

The performance of this method is verified using the 2003 data and is strikingly
good for every province for the domain intersection in the left panel of Fig. 5.5.1
(here, relative margins of error are plotted, i.e. the margins of error at the 95% con-
fidence level divided by the point-estimate). In most other domain intersections,
the approximation performs similarly. The right panel shows how the approxima-

tion performs in the worst case.
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Figure 5.5.1: Original (solid line) and approximated (dashed line) relative margins of
error at the 95% confidence level for 12 provinces, 2003, percent
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The Kalman filter (KF) is applied to impute the missing design-based standard
error estimates and to smooth out sampling fluctuations. Therefore, smoothed
trends of the design-based standard error estimates from the following univariate
STS model are used as input information in multilevel and STS models for the
variable of interest, i.e. km-pppd:

SE(Yms) = L5E + ety Emy < N(0,02,,),

Lyl =Lk + Ry, (5.5.2)

m,t m,t—1>

iid
RSE = Rfr'ft—l + 7751%’ ngzi ~ N(OaagﬁE)? le {17 --~>T}7

m,t

where L,SnEt and RSE, are the level and slope of the trend for the design-based

standard errors, respectively. Some of these smoothed SE estimates are plotted

against their original counterparts in Fig. 5.5.2.
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Figure 5.5.2: Original (solid line) and smoothed (dashed line) design-based standard
errors, Zuid-Holland.

If these smoothed estimates are used as an input in multilevel models (and thus
treated as the known true standard errors of the design estimator), some domains
still experience too volatile multilevel model point-estimates (see Fig.5.5.3, solid
lines). This occurs only in domains where the number of km-pppd is small (fur-
ther referred to as small-scale domains, e.g., "Walking", "Bus/Tram/Metro") and
makes one suspect that the design-based variance estimates are biased in these
domains. For this reason, one could consider using the smoothed design-based

standard errors scaled within the univariate STS framework. This means that the
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sampling error variances would be represented both in the STS and multilevel mo-
dels by the product of the scaling parameter Ugm and the smoothed design-based
variance estimates @(Y,M). Fig. 5.5.3 shows point-estimates resulting from the
two approaches applied to the same multilevel model. The differences in other
domains are negligible, because most of these scaling parameters are concentrated
around unity, as Fig. 5.5.4 shows. Further in this paper, all the multilevel analysis
will be based on the second approach which applies scaled smoothed design-based
variance estimates. Not only does it prevent overfitting in domains whose design-
based variance estimates are not reliable, but it also eliminates another factor
responsible for differences between the outcomes from multilevel and STS models,
because in this way both models use design-based variance estimates corrected in

the same way.
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Figure 5.5.3: Design-based point-estimates (blue dotted lines) and multilevel model pos-
terior means that use smoothed design SE estimates (red solid line) and smoothed design
SE estimates scaled within the univariate STS framework (green dashed line).
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Figure 5.5.4: Scaling factor for design-based standard errors in univariate STS models.

5.6 The DTS at the provincial level

Before we estimate both models, a careful inspection for outliers is needed. The
2

u,m

trend disturbance variance o may get overestimated due to one single outlier,
especially if the design-based variance of this outlying point is negatively biased.
Excessively large trend disturbance variances would cause model point-estimates
to overfit the data. In order to eliminate the effect of outliers, we inspect estimation
results from univariate STS models for each domain and assign a large value to
the design-based variance of every outlying point. There are five outliers in total
at the provincial level, which belong to small-scale domains involving "Scooter",
"Train" or "Other modalities". These outliers are treated in the same way in the

multilevel and STS models.

5.6.1 The multivariate variance structure of stochastic

trends

Small areas (domains) at the provincial level are formed by an intersection of 12
provinces with 8 modalities and 7 motives (M = 672). Subsection 5.3.1 presented
a general variance structure of the trend disturbances. To see if some domains
with certain irregularities in the data can benefit from other domains by means
of pooling by either provinces, motives or modalities, it is best to compare the
trend disturbance variance estimates &, ;; obtained from univariate STS models
(5.4.2). By looking at the top panel of Fig. 5.6.1 with box-plots for these oy, p ;-
estimates, it becomes clear that they are very heterogeneously distributed across
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the modalities. With heterogeneity less pronounced across the motives (the lower
panel), there is no systematic way in which some motives resemble the others, and
the existing differences are still too big for the trend disturbance variances to be

pooled across the motives.

Viewing provinces as panel units with responses on o, 5 j; for motives and modal-
ities provides an opportunity to use larger amounts of sample information to es-
timate the hyperparameters. This would make the hyperparameters estimates
more reliable if the processes in provinces are similar indeed. In order to check
that, one could construct scatter- or barplots of oy, ;-estimates from univari-
ate STS models for the twelve provinces for every intersection of the motives and
transport modalities (find the scatterplot and barplots in Fig. 5.6.2 and 5.B.1,
respectively). These plots reveal that o, ) ; ;-estimates of provinces 2 (Friesland)
and 5 (Flevoland) often exhibit very different values from the rest of the provinces
- at eight and seventeen Mot/Mod intersections, respectively. Large o, ; ;-values
in province 5 (e.g., in Mod 1/Mot 1-3,6, Mod 2/Mot 3, Mod 4/Mot 1) are mostly
caused by a bigger scale of the series, i.e. with more km-pppd being covered in
this province compared to the other provinces. As for Province 2 (e.g., in Mod
2/Mot 1, Mod 5/Mot 1, Mod 8/Mot 6), large oy, . j ;-values are caused by either a
bigger scale, or a more volatile pattern of the series. oy, ji-estimates of province
1 exhibit the largest values (compared to the rest of the provinces) for about five

times, and those of province 10 and 12 - four and three times, respectively.

It is worthwhile to observe the scale of the latter provinces’ series (1, 10 and 12):
it hardly ever exceeds the scale of the rest of the provinces, and is sometimes
even smaller. Therefore, these provinces would be better off if pooled together
with the other ones. Further, one can see that the trend disturbance variances
in many cases tend to take on very small values when estimated within the STS
approach. It means that the trend in such cases resembles a straight line. Keeping
in mind that the ML estimator tends to underestimate hyperparameters when their
distribution is right-skewed, it would also be desirable to estimate such variance
hyperparameters in a pool with other domains (provinces in this case). Thus, we
abstain from pooling provinces 2 and 5 with the other ten. Therefore, the twelve
provinces are divided into a cluster of two and a cluster of ten provinces, within

which variances are pooled. This applies to both the multilevel and STS analysis.
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Figure 5.6.1: Box-plots for provincial o,s from univariate STS models (separate dots
correspond to different provinces): modalities within motives (upper panel) and motives

within modalities (lower panel)
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Figure 5.6.3: STS model-based point-estimates obtained from univariate STS models
(black line) and from a multivariate STS model where o2s are pooled across provinces
(coral line); the colour of the confidence intervals corresponds to the colour of the line;
the design-based point-estimates in blue.

The DTS point-estimates are very similar when comparing the univariate and mul-

tivariate STS settings with each other. There are, however, a few domains that

exhibit significant differences (depicted in Fig. 5.6.3). It is worth considering the

consequences that pooling may have on model estimates. If one province turns out

to be very different from the others it has been pooled with, then an underesti-

mate of the stochastic trend variance can force the model-based point-estimates to
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5.6 THE DTS AT THE PROVINCIAL LEVEL

take strange slopes, for example, when k,,,s are not sufficiently scattered due to a
small 02 (as, e.g., in Noord-Holland/Shopping/Car-passenger). The advantage of
pooling o, ,, across provinces is that certain idiosyncracies occurring only in one
province can be eliminated. If there is, for instance, no real factor behind the sud-
den surge in point-estimates of the Limburg/Business/Bus-Tram-Metro domain,
pooling could be considered in order to get rid of such irregularities. Further,
excessive volatility in the univariate model point-estimates of one province due
to underestimation of design-based variances in this province can be overcome by
borrowing information from other provinces for an identical intersection of motives

and transport modalities (as in Zuid-Holland/Shopping/Scooter).

5.6.2 Multilevel model estimation results

Several model formulations have been considered for the multilevel framework.
These formulations have already been mentioned at the end of Section 5.3.1 and
are summarised in Table 5.6.1. Model selection is based on the deviance informa-
tion criterion (DIC) (see Spiegelhalter et al. (2002)) which is a generalisation of
the well-known AIC for hierarchical models. Adequacy of point- and variance esti-
mates is also taken into account as an informal criterion. Table 5.6.1 also contains
information on the minimum sufficient number of iterations, burn-in iterations, as
well as the thinning interval h. The latter means that only every h-th draw from
the parameter posterior distribution is saved in the MCMC chain. Thinning helps
overcome memory constraints when a chain is strongly autocorrelated (see Gelfand
and Smith (1990)). Further, in order to help diagnose whether the stationary dis-
tribution of a parameter has been reached, more than one chain is needed, each
chain starting with draws from an overdispersed distribution (Gelman and Rubin
(1992)). Three parallel chains are constructed in this application for each parame-
ter. We use the Gelman-Rubin convergence statistic for multiple chains (R-hat) to
be able to judge about the sufficient length of a burn-in period and about whether
the chains have mixed well, which allows us to arrive at a reasonable estimate of

the posterior distribution.

HB-bRE stands for a model with random effects as in (5.3.1)-(5.3.2). HB-bFE
differs from HB-bRE in that all level break coefficients are estimated as fixed ef-
fects. HB-FE differs from HB-bFE in that v, and k,,, terms are estimated as fixed
effects too. Different model modifications of the kind in (5.3.7) have been tried
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5 MULTILEVEL HB vs. STS IN THE DUTCH TRAVEL SURVEY

Table 5.6.1: Multilevel models considered for the DTS at the provincial level

Model Year and domain indication Itera- Burn-in Thinning DIC

labels for level breaks tions

HB-bRE A7F: 1994, 2010 for all m; 75000 50000 50 -43668
BFE: 2004 for m in Mot 6,7

HB-bFE pAFE: 1994, 2010 for all m; 55000 30000 50 -43606
2004 for m in Mot 6,7

HB-FE  pFF: 1994, 2010 for all m; 5000 1000 10 -43859

2004 for m in Mot 6,7;
(c+vm), (k+ km) as FE

for HB-bRE and HB-bFE models. However, these modifications either resulted
in a numerical failure (in model HB-bRE variations), or failed to secure multiple
2 in model HB-bFE

KMod’
variations. The only model modification that could be fitted successfully was the

o2

chain convergence in some variance parameters (o rtor)

HB-bFE model with an additional vpsoq-term. However, this specification did not
result in model improvement, with the DIC value being even higher than that of
the basic HB-bFE model.

Fig. 5.6.4 shows point-estimates for the three multilevel models mentioned in Ta-
ble 5.6.1. While most domains get comparable point-estimates from the three
models, a combination of "Car-driver" with "Work" and "Business" motives fea-
tures some most striking problems inherent to models HB-bRE and HB-bFE. It
is worth mentioning that the 1994-break is the largest exactly at the intersection
of modality "Car-driver" with motive "Busines". Only five provinces are depicted,
but the results are similar for the rest of the provinces. As the second row of
Fig. 5.6.4 demonstrates, the model with level breaks modelled as random effects
is incapable of fitting the level breaks for the year 1994. Neither of the HB-bRE
modifications can cure this problem (some of them even result in less adequate
level break estimates for 1994). The level break for the years 2010-2013 is not cap-
tured by the HB-bRE model in these domains either. Apparently, the assumptions
about common normal distributions for 82¥s are violated in the case of the DTS.
The first row of Fig. 5.6.4 suggests that the assumptions about common normal

distributions for k,,s and/or for v,,s are often not applicable either.
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5 MULTILEVEL HB vs. STS IN THE DUTCH TRAVEL SURVEY

The model HB-bFE exhibits a greatly improved fit. However, the fit for the years
1985-1994 is not optimal for the "Work"-motive (see the first row). Apart from
that, the level of the signal in "Business" seems to be too low (see the second
row of Fig. 5.6.4), suggesting that the common normal distributions imposed on
the random intercepts do not allow the v,,-terms to take sufficiently large values.
Finally, the fit of the model with only fixed effects (HB-FE) seems to be most
adequate. This model also gets the lowest DIC-value, see Table 5.6.1.

5.6.3 Multilevel and STS model estimation results compared

Not only does the multilevel model HB-FE turn out to be the best one out of the
multilevel models considered in this paper, but it also offers a more straightfor-
ward comparison with STS models, since intercepts and regression coefficients in
the latter type of models are in fact fixed effects. However, the performance of
the two modelling approaches in terms of signal (trend etc.) variance estimates
cannot be fairly compared at this stage. There are at least two reasons for that.

We will try to quantify the effect of each of them shortly.

The first reason is the fact that the true (unknown) hyperparameters of a STS mo-
del (in this case, 02 and G2) are replaced by their maximum likelihood estimates
and are treated as known. Within the HB approach, the uncertainty about these
hyperparameter estimates is summarised by the variance of their posterior distri-
bution. The signal MSE bias in STS models due to hyperparameter uncertainty
can be negligible if the distribution of the ML estimator is symmetric and well
concentrated around its mean. But, if the series is short or if the hyperparam-
eters are close to their boundary values, the ML estimator distributions of such
hyperparameters (and their posteriors too) are not symmetric. In this case, the
uncertainty around the hyperparameter estimates could be very large, resulting in
a considerable signal MSE bias in STS models. Therefore, lower signal variance
estimates delivered by an STS model, in comparison with posterior signal vari-
ances, do not necessarily mean that the STS approach is superior to the HB one.
In fact, the extent to which HB model-based SE estimates exceed those from a
comparable STS model gives an indication for the scale of the MSE negative bias
in such STS model. The negative bias in STS models can be accounted for by the
bootstrap method of Pfeffermann and Tiller (2005). Chapter 4 shows why this

method is superior to other existing methods for MSE estimation in STS models.
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5.6 THE DTS AT THE PROVINCIAL LEVEL

Another source of differences when comparing the two modelling approaches may
appear when the signal posterior distributions are skewed, generally producing
larger posterior standard deviations for domain predictors than the signal stan-
dard errors produced by a linear STS model. In fact, if the normality assumption
about the data/disturbances is strongly violated, linear STS models like the ones

considered in this paper should not be applied.

Point-estimates produced by the HB-FE and multivariate STS model are depicted
in Fig. 5.6.5, together with the 95% confidence intervals from the STS model
superimposed on the credible intervals from the HB-FE model. The latter are
symmetric as they are constructed using the posterior standard deviations, rather
than being quantile-based. In most domains, the posterior distribution of the
domain predictors is symmetric. It is sometimes slightly skewed in small-scale do-
mains. This is where differences in point- and variance estimates become visible.
The STS model-based point-estimates tend to be smoother (as in the lower panel
of Fig. 5.6.5), since they are based on smaller (close to the boundary space) values
of the trend disturbance variances. The HB model-based point-estimates in such
domains, in turn, stem from a set of draws from a heavy right-tailed distribution
of the trend variance, which results in more flexible HB-based trends. Further,
the differences in point-estimates from the STS and HB models are also partially
due to the fact that posterior means of 6,,;, rather than medians, are taken as

domain m predictors.

The signal standard error estimates produced by the two approaches could be
compared and summarised in terms of relative deviation (RD) of the STS-derived

signal SEs from the HB posterior standard deviations:

SESTS — SEHE
SEI?

RDYR, = -100%. (5.6.1)
For the multivariate setting, the overall average of this measure across time and
domains is equal to -9.4%, with a median of -3.1%. This itself does not imply
serious differences between the outcomes of the two approaches, but shows that
the distribution of the RD-terms is very skewed, with the mean being pulled to

the left by extreme SE-differences in small-scale domains.
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5 MULTILEVEL HB vs. STS IN THE DUTCH TRAVEL SURVEY

It would be interesting to check if there is a tendency for the HB-based SEs to ex-
ceed the STS-based ones in small-scale domains, since such domains are suspected
to feature skewed posteriors of their signals. By "scale" here is meant a time av-
erage of the domain’s point-estimates produced by the multivariate STS model.
In this way, the scale represents both the number of km-pppd and the effective
sample size: the scarcity of respondents belonging to a certain motive/modality
intersection translates into low per-person figures for kilometers travelled for that
intersection. The 672 provincial domain numbers sorted by scale in descending
order are plotted on the z-axis of Fig. 5.6.6. It is clearly visible that, as the do-
main scale decreases, the STS signal standard errors tend to deviate more from
the HB-FE posterior standard deviations in a negative direction. Most of the ex-
treme deviations (those up to 200%) occur around level interventions. There, the

HB-based signals obtain larger uncertainty than the STS-based ones.

Now we try to quantify the effect of hyperparameter uncertainty on the differences
between the HB-FE-based and STS-based SEs. For that, an identical HB-FE mo-
del has been estimated (referred to as HB-FE-ML), for which informative priors
on the trend disturbance variances have been set with a large number of degrees
of freedom and the scale parameter taken equal to the ML estimates from the
STS multivariate model. This effectively makes the hyperparameter values in the
multilevel model equal to the ML-estimates from the STS model. Relative devia-
tions as in (5.6.1) have been calculated for the HB-FE and HB-FE-ML posterior
standard deviations. Their average value suggests that skewness in the signal
posterior distributions can be blamed for only -1.6% out of the above-mentioned
-9.4% reduction/underestimation in the HB posterior standard deviations by the
STS approach. The remaining -7.8% are due to the hyperparameter uncertainty
around the trend disturbance variances, not accounted for in the STS approach.
The negative bias in the STS-based variance estimates can also be accounted for
by the bootstrap method of Pfeffermann and Tiller (2005) presented in Chapter
4.
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Figure 5.6.5: The provincial level design point-estimates (blue dashed line), point-
estimates from the multivariate STS model (black dashed) and posterior means from
the HB-FE model (red solid line), km-pppd; 95% confidence intervals from the STS mo-
del superimposed on the credible intervals from the HB-FE model, the colour corresponds
to the colour of the point-estimates
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5.7 THE DTS AT THE NATIONAL LEVEL

It is of a particular interest how much reduction in design-based standard errors
can be obtained by time series modelling technique. The HB-FE model offers a
51% reduction in design-based standard errors at the provincial level on average,
with a median of 54%. For the ST'S multivariate model, where provinces are pooled
as described in Subsection 5.6.1, the mean and median percentage reduction are
slightly bigger - 54% and 57%, respectively. These and the above-mentioned fig-
ures indicate that the HB-FE and STS approaches deliver very similar results,
with sizeable differences appearing mostly in small domains due to neglected hy-

perparameter uncertainty in STS models.

5.7 The DTS at the national level

5.7.1 The multivariate variance structure of stochastic trends

The number of domains at the national level is M = 56, defined by an intersection
of 8 transport modalities with 7 motives. As already described in Subsection 5.6.1,
one can look at box-plots with &, ;;s obtained from univariate STS models in
order to see if these trend disturbance variance estimates can be pooled across
motives and/or modalities. Similarly to the provincial level, o, ; ;s do not exhibit
resemblance either across motives, or (and in particular) across the modalities,
as can be seen in Fig. 5.7.1. The seeming resemblance between some of the box-
plots (e.g., Mods-Modg) disappears when zooming in the plots. Endowing each
domain with its own o, ;; at the national level limits the STS approach to the
univariate setting. Within the multilevel approach, a multivariate structure hinges
on the assumption of common distributions for the random effects in the HB-bRE
and HB-bFE models. The HB-FE model at the national level constitutes a set of

univariate HB time-series models.
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Figure 5.7.1: o, from univariate state space models at the national level (dots correspond
to the transport modalities in the left panel and to the motives in the right one)

5.7.2 Multilevel and STS model estimation results compared

For the national level series, the same multivariate model variations described in
Subsection 5.6.2 are considered. According to Table 5.7.1, the HB-FE model has
the lowest DIC-value, but the differences among the three HB model modifications
are minute. As Fig. 5.7.2 shows, the HB-bRE model does not experience any diffi-
culties with the fit, as was the case at the provincial level. Point-estimates from the
HB-bFE, HB-FE and STS models almost coincide. Appendix 5.C presents point-
estimates and their credible/confidence intervals for the HB-FE and univariate
STS models, as well as for the design-based estimator. The striking similarity be-
tween the HB-FE and STS model-based point- and variance estimates is less strong
in small-scale domains, with the STS point-estimates being slightly smoother
(e.g., in "Visits/Bicycle", "Visits/Other modalities", "Recreative/Bicycle", "Recre-
ative/Other modalities").

For the comparison of the two approaches in terms of SEs, the reader is referred to
equation (5.6.1). The overall average of RDfI%i—terms across time and domains at
the national level is equal to -10.9%, and the median equals -9.1%. This negative

mean is clearly visible in Fig. 5.7.3.

Table 5.7.1: Multilevel models considered for the DTS at the national level

Model labels  Iterations Burn-in Thinning DIC

HB-bRE 75000 50000 50 -8114
HB-bFE 55000 30000 50 -8166
HB-FE 5000 1000 10 -8189
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Figure 5.7.3: The national level RD;qﬁgs’t - relative deviation of STS SEs from HB-FE
SEs for signals,% (dots correspond to different time points).

Though much less pronounced than at the provincial level, some association of low
RD-terms with the decreasing domain scale can still be seen at the national level
(Fig. 5.7.3). Indeed, extreme RD-values of more than 20% occur in several small
domains (e.g., "Visits/Other modalities", "Visits/Bicycle"). Some of the largest
domains still feature low RD-values (e.g., "Visits/Car-passenger", the third one
from left). An inspection of the point-estimates of these domains in Appendix 5.C
shows that the low RDI%%*?t—values correspond to those domains where the signal
point-estimates from the HB models are visibly more volatile than those produced
by STS models. As with the provincial data, a similar HB-FE-ML model has
been estimated at the national level. It turns out that the difference between
the HB- and STS-based SEs is almost entirely due to the hyperparameter un-
certainty around the trend disturbance variances (an average -10.1% out of the

above-mentioned -10.9%).

Mean reduction in the design-based standard errors with the model-based ap-
proach is less than at the provincial level, but still quite appreciable with the
overall average of 31.7%, and the median of 34.3% for the HB-FE model, (39%
and 41%, respectively, for the STS approach).
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5.8 Discussion

Time series models are well known for their power in reducing design-based vari-
ances and in making point-estimates more stable, be it multilevel or structural time
series models. Apart from that, time series techniques are indispensable when it
comes to estimating level breaks due to survey redesigns. This paper aimed at

establishing which of these two modelling approaches should be preferred.

The multilevel model estimated with the hierarchical Bayesian approach (HB mo-
del) is a time-series extension of the Fay-Herriot model. Apart from featuring
hyperpriors for its parameters, it differs from the conventional STS model (in the
sense of Harvey (1989), Durbin and Koopman (2012)) in that time-invariant effects
(e.g. intercepts, level break or linear trend coefficients) can be treated as random.
In this application, however, assumptions about random effects sharing the same
variance across domains turned out to be invalid at the provincial level. Therefore,
several HB-model variations have been considered where (some of) these random
components are modeled as fixed ones. Not only does the fixed-effect specification
of the HB-model (HB-FE) make the comparison of the HB and STS approaches
more straightforward, but it is also the only specification that provides an ade-
quate fit to the DTS data.

The comparison between the STS and the HB-FE model in terms of estimated
signal variances is still not completely fair. First of all, this is due to the fact that
the true (unknown) hyperparameters of a STS model are replaced by their maxi-
mum likelihood estimates and are treated as known. To account for this additional
uncertainty, one would in addition have to resort to bootstrapping techniques, see
Pfeffermann and Tiller (2005) and Chapter 4 of this thesis. Within the HB-FE
approach, the uncertainty around hyperparameter estimates is summarised by the
variance of their posterior distribution. Therefore, lower signal variance estimates
delivered by an STS model do not necessarily mean that the STS approach is
superior to the HB-FE one. In fact, the extent to which HB-FE model-based
variance estimates exceed those from a comparable STS model gives us an indi-
cation for the scale of the negative bias in the signal MSEs of such STS model.
This bias could be particularly large if variance hyperparameters are close to their
boundary values, with heavy right tails in the posterior distributions/distributions

of the ML estimator. This is the case in many small-scale domains of the DTS,
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which makes the hyperparameter uncertainty the primary source of differences
between the two modelling approaches in the case of the DTS. Secondly, another
source of differences is skewed signal posterior distributions that produce larger
posterior standard deviations for domain predictors than the signal standard er-
rors produced by a linear STS model relying on the assumption of normality in the
data/disturbances. In the DTS, slight skewness in the signal posterior is observed
at the provincial level, mainly in those domains whose trend disturbance variance
posteriors are skewed enough to feed some degree of asymmetry through to the

signal posterior.

It turns out that both point- and variance model-based estimates produced with
the STS and HB-FE techniques are very similar. Differences become visible mainly
in small domains. Standard errors produced by the STS model are smaller than
posterior standard deviations from the HB-FE model by 9.4% on average (across
time and domains) at the provincial level (median 3.1%), and by 10.9% at the
national level (median 9.1%). At the national level of the DTS, skewness turned
out to have a negligible effect on the standard error difference between the two
approaches, but at the provincial level it is responsible for about 1.5% out of the
above-mentioned 9.4% of the HB-FE model-based posterior standard deviations
on average. The rest 7.9% is due to the hyperparameter uncertainty unaccounted
for within the STS approach. For these above-mentioned reasons, one should be
aware of negative biases in frequentist STS-based variances in short time series
or series that feature small variance hyperparameters. In such cases, the negative
biases should be accounted for by means of an additional procedure, such as the
bootstrap of Pfeffermann and Tiller (2005) studied in Chapter 4.

As an important by-product, the results of this paper give an idea about how
much reduction in design-based standard errors can be obtained by these time
series modelling techniques. The mean reduction in design-based standard errors
with the HB-FE model is 51% at the provincial level, with the median of 54%.
In other words, in order to reduce the design-based variance to this extent, one
would have to increase the sample size more than four-fold (conditional on the
point-estimates). For the STS model, the mean and median percentage reduction
in the design-based standard errors is slightly bigger - 54% and 57%, respectively,
- due to the reasons already mentioned above. Mean reduction in design-based

standard errors at the national level is smaller than at the provincial one, but is
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still quite appreciable with the overall average of 31.7% and the median of 34.3%
for the HB-FE model, and 39% and 41%, respectively, for the STS model.

Another aspect we look at is unreliable design-based variance estimates. First of
all, these estimates are subject to sampling volatility. With the help of a simple
STS model, design-based standard errors can be smoothed with the Kalman fil-
ter. These smoothed standard error estimates are further used as input in the
multilevel and STS models. Secondly, design-based variance estimates could be
biased in the case of small domains. If the bias is negative, for instance, then
treating these estimates as the true variances in a multilevel setting results in mo-
del overfit by putting too much weight on the design-based estimates. We suggest
using the STS univariate analysis to scale the design-based variance estimates in
the right direction for further use in multilevel models. The uncertainty around
design-based variance estimates could also be taken into account by imposing a
prior distribution on them, as in You and Chapman (2006). The comparative
analysis of the two time series modelling approaches, however, should not be af-
fected much by the way the design-based variance estimates are treated in this
paper. The reported reduction in design-based standard errors is conditional on

these approximated design-based variance estimates.

The techniques presented here can be used nearly in any repeatedly conducted
SAE application, especially if a survey suffers from discontinuities due to redesigns.
Unlike in the application considered in Bollineni-Balabay et al. (2016a), the avail-
ability of design-based variance estimates here makes it possible to continuously
apply this model-based approach in the production of official statistical figures.
Accounting for each new survey redesign will, however, be possible only with a de-
lay of at least one period, unless a parallel run is being carried out to get an idea
about the extent of the new level break. In addition, in the first time periods after
a survey redesign, estimated figures are likely to undergo substantial revisions, as
soon as new data become available under the new design. Yet, this problem is of
a temporary nature and there does not seem to exist any other solution except for
a parallel run that increases the survey expenses. It is hardly possible to make a
guess about the effect of the coming redesign based on the past level breaks caused
by other redesigns. See Van den Brakel and Krieg (2015) for an example where
a parallel run is conducted to obtain design-based estimates for discontinuities.

These estimates are then used as a priori information in a structural time series
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model to avoid the problem of revisions.

In this paper, the time dimension has been exploited for variance and volatility
reduction in the point-estimates, as well as for level break estimation. As for the
spatial dimension, so far it has been used only for getting rid of some idiosyncracies
through pooling trend variances across provinces. However, it can also be used as
another source of variance reduction in model-based estimates by exploiting spatial
correlations between domains belonging to different provinces, e.g., by allowing for
f common stochastic trends shared by more than f domain trends, the way it was
done in Chapter 2, as well as in Krieg and Van den Brakel (2012) and Van den
Brakel and Krieg (2016). In the case of the DTS, this approach seems to be worth
exploring, since the pattern of trends belonging to a certain motive-modality in-

tersection is very similar among the twelve provinces of the Netherlands.
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5.A Full conditional distributions for the
Gibbs-sampler

The Gibbs sampler was first described by Geman and Geman (1984). Here we

present conditional posterior densities for each parameter b in

=K, BREla ', B 00,07, U%REv R INIS §arm, &)

for Model (5.3.2). Let ¥(=® denote the parameter vector where element b is
deleted. Within the Gibbs sampler, the b-th parameter values are drawn condi-
tionally on the data Y and the rest of the parameters 1(—?).

The conditional posterior density for parameters ¢, s, 87, ..., 3%z and BFE con-

tained in vector B originate from the product of the densities that contain these

parameters:

p(Bl% P, Y) N (Bo, g, ) %
Ny (&0 @t + &R @ t + e X BEBRE 4 X B+ €,4, ®),
(5.A.1)

which, using the results on conjugate priors in Gelman et al. (2014), turns into a

normal density N(pg, 2g) with the following mean and variance:
ps =(X'®7'X + Q51) " x
X' MY - &0 Qupy — &R @t — Eare XREBRE — ¢ a) + Q51 o
Qs = (X' 'X + Q)"

For vector and matrix dimensions, refer to the description under the likelihood

function presentation in (5.3.10).
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The conditional posterior of the M-dimensional vector of scaled area effects 1, is:

P9, Y) =N (o, Q) < Ny(Opagy, 55 ar1) X
Ny (60 @ tir) + &R @ t+ Egre X PP BRE + X B + ¢, @1, ®),
o =(E I ® i ® i ® epry + 1/ Iay) ™ X
Elin) @ U@ N (Y — &R @t — Eere XTEBRE — X8 — ¢ @),
Qo = (&1 @ t{r @™ i @ epry + 1/67any) -
(5.A.2)

A similar expression is valid for the linear trend random effects R,:

p(R|1YT®,Y) =Ni(a, Qz) < Na(Opar), 62 Iam) %
Ny (&0 @t + &R @ t + Epre X BEBRE 4 X B+ €,1, B),
pr =T @ VS g @ t+1/67I1ngy) ' %
ET @2 NY — &0 @ vy — Egre XBEBRE — X8 — ¢,1),
Q= (I QUE Iy @t +1/52 1) ",
(5.A.3)

where t denotes a vertical vector with time indicators (0, 1,...,7° — 1)’. The same
logic applies to random level break coefficients B,?E (inter alia, vectors t are re-

placed with T-dimensional vectors with dummy regressors for the level break k).

The conditional distribution for the 7T-dimensional scaled stochastic trend random

terms ., is based on the data and other terms that are related to domain m:

P(lim|p %), Y) =Na(pa,,, Qa,.) < Na(Opr), 62, A)
Ny (& mepr) + Exfimt + Egre X EEBRE 4
XomBrm + Eulim, Bm),
Ha,, =201+ A7Y/52 )7 x
Ea®r ) (Yom — &ulimir) — Exfimt — Earne XEPBRE — X0 B,m),
Qa,, = (@, + A 62 ,,),

u,m

(5.A.4)
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where vector Y,,, and matrix ®,,, are T-dimensional, matrix X 1’2}3 is [T x Kgg|
and contains indicator variables for the scaled random level break coefficients
ﬁﬁE in domain m, BﬁE being [Krp x 1]. The matrix with fixed effects re-
gressors X, is build by the same logic, i.e. contains regressors only applicable
to domain m and is therefore [T' x (2 + Kgg + dLE)], db'F being the number of
level breaks modelled as fixed effects in domain m. B,, contains the overall ef-
fects ¢, k, 37, ...0%,,, along with d} ¥ fixed level break coefficients. Drawing from
(5.A.4) results in unconstrained draws of the stochastic trend terms. Due to re-
strictions presented in (5.3.4), these unconstrained draws should be adjusted to
(Irr) — QaR(R'2aR) "' R’) @y, where R = (¢[7y, tiry) is a [T x 2]-matrix, and
t=(1,...,T), according to Rue and Held (2005).

Variance components of random effects are drawn from the Inv — x? density:

p(&§|¢(_&3), Y) x N,;(O[M],égI[M]) x Inv — X?.,z (vy, 512,),
2 ~2 (5.A.5)
5210 (~F) V) = Inv — 12 M, S F 2 P
P DY) = Inv - By (0, + M, 22 em )
The same goes for the other random effects, except for the stochastic trend terms
(e.g., for random linear trend effects &,,, terms v,,s? and ), 2 would be re-

placed by v,,,s2 and > 2, respectively).

If every domain m is assigned a unique value for its stochastic trend variance (as
is the case at the national level of the DTS), then 67, ,,, is drawn from the following

conditional:

p(&g,m|¢(_&i’m)’ Y) x Inv — X%ﬁml (Uua Si)Nﬂm (O[T] ’ &Z,mA)7
(5.A.6)
)s

V.82 + ﬂ’mA_lﬁm
Uy +1 —2

(62, T Y) = Inv — X2 (v + T — 2,

m

where 2 is subtracted from 7" due to the two restrictions for the integrated random

walk model.
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The scaling &, -effects are drawn from the following distribution:

p(&VW’(_gu)’ Y) =N, (M&mwéu) o N, (v, 7w) %

Ny(gl/’; 0y L) + fﬁk Rt+ gﬂREXREBRE + X8+ guﬁ’ {))’

e, :(D'I[M] (%] LET]‘I’_lI[M] X L[T]i? + 1/7,,)71><

7' I ® i@ (Y —6R® - Eonn XBEBRE _ X B — ¢ 1),
we, = (0" Iing) @ @ iy @ vy +1/7,) 7
(5.A.7)

The same logic applies to the scaling parameters of the rest of the random terms.

As for scaling the stochastic trend terms, the number of unique &,-parameters can
be made equal to the number of unique variances on the main diagonal of 3.
At the provincial level of the DTS, for instance, the number of unique stochastic
trend variances, and thus &,-parameters, is I x J, producing a IJ-dimensional &,
vector. In this case, {,@ terms in every expression of this appendix should be
substituted with {@(p ;;m[I1P] ® diag(§[1s7) ® Im]}.

144



5.B HOMOGENEITY ANALYSIS OF 0,8

5.B

coococooco

coooons
SRER@oMN

0.025
0.020
0.015
0.010
0.005
0.000

0.10
0.05
0.06
0.04
0.02
0.00

Homogeneity analysis of o,s

Mot 1, Mod 1

_|:||I| [ o

— N T D O

Mot 1, Mod 5

Ol o= 0

— N OO - D O 0

Mot 2, Mod 1

_ el

— N T D O

Mot 2, Mod 5

= | ,DE\:.,DD

— N OO - D O —C

0.05
0.04
0.03
0.02
0.01
0.00

0.015
0.010
0.005
0.000

0.008
0.006
0.004
0.002
0.000

0.0030
0.0025
0.0020
0.0015
0.0010
0.0005
0.0000

Mot 1, Mod 2

oll_[_lon o

—EOTTO O 00O — 0

Mot 1, Mod 6

00 0on_ [

O (O DTN 0

Mot 2 , Mod 2

i

—EOTTO O 00O — 0

Mot 2, Mod 6

0 ,H,DH,D, -

—E Y O 0T — 0

0.04
0.03
0.02
0.01
0.00

1e-03
8e-04
6e-04
4e-04
2e-04
0e+00

0.08
0.06
0.04
0.02
0.00

ocooocoooo
cooooooo
coocooos
(oSt ey
SREHOS MR

Mot 1, Mod 3

| _HHHD_D

— T O DB O

Mot 1, Mod 7

,D, DDDD,,D

— O O - DT O

Mot 2, Mod 3

o N

— T O DB O

Mot 2, Mod 7

N i I o

— N O - DT O —

Mot 1, Mod 4

ol

— N TND D MO

Mot 1, Mod 8

i DH] 1

— OO OO - DO

ocooooooo
ocooooooo
Soooooos
SERGEFeE~

Mot 2, Mod 4

Ml 01

— N TND D MO

Mot 2, Mod 8

0.08
0.06
0.04

0.02
[ = e Y,

— N OO - D RO



5 MULTILEVEL HB vs. STS IN THE DUTCH TRAVEL SURVEY

0.05
0.06
0.04
0.02
0.00

0.0025
0.0020
0.0015
0.0010
0.0005
0.0000

0.025
0.020
0.015
0.010
0.005
0.000

0.010
0.008
0.006
0.004
0.002
0.000

146

Mot 3, Mod 1

|l

— N T D O

Mot 3, Mod 5

Aelln

— N OO - D O 0

Mot 4 , Mod 1

D |1 D_D]_DD

— N T D O

Mot 4 , Mod 5

b [

— N OO - D O 0

Mot 5, Mod 1

i

— N T D O

Mot 5, Mod 5

D,ﬂﬂ,mljlm

— N OO - D O 0

0.008
0.006
0.004
0.002
0.000

0.020
0015
0.010
0.005
0.000

0.008
0.006
0.004
0.002
0.000

Mot 3, Med 2

I U__DH__

—EOTTO O 00O — 0

Mot 3, Mod 6

.0

O (O DTN 0

Mot 4 , Mod 2

—EOTTO O 00O — 0

Mot 4 , Mod 6

O (O DTN 0

Mot 5, Mod 2

1

—EOTTO O 00O — 0

Mot 5, Mod 6

A0 Il HH

OO (O AT 0

Mot 3, Mod 3
0.020
0.015
0.010 D |:| |:|
0.005 |:| I:I
0.000 L0 |:|
s
Mot 3, Mod 7
0.0020
0.0015
0.0010
sl L
0.0000 4 H-tHL_UIA |:|
Mot 4 , Mod 3
0.020
0.015
0.010
0.005
ool | N § N
s
Mot 4, Mod 7
0.004
0.003
0.002
0.001 D H
0.000 - - D—E‘fof
Mot 5, Mod 3
0.015
0.010
0.005 U |:|
el e o Mem
s
Mot 5, Mod 7
0.0020
0.0015
0.0010 u
0.0005
0.0000 - L=l o [ln

— O O - DT O

008
0.06
0.04
0.02
0.00

0.008
0.006
0.004
0.002
0.000

coocococoo
coooooo
SERRETS

0.010
0.008
0.006
0.004
0.002
0.000

0.020
0.015
0.010
0.005
0.000

Mot 3, Mod 4

Oo_ 0 ool s

— N TND D MO

Mot 3, Mod 8

o

— OO OO - DO

Mot 4, Mod 4

== N P

— N TND D MO

Mot 4 , Mod 8

— OO OO - DO

Mot 5, Mod 4

[ _HH

— N TND D MO

Mot 5, Mod 8

_ 1 oiem=ll=

— OO OO - DO



5.B HOMOGENEITY ANALYSIS OF 0,8

0.0015
0.0010
0.0005
0.0000

0.05
0.04
0.03
0.02
0.01
0.00

1e-03
Ge-04
Ge-04
de-04
2e-04
0e+00

Figure 5.B.1: Provincial o,-estimates from univariate STS models for

Mot 6 , Mod 1

lnlnkn

— N T D O

Mot 6 , Mod 5

m Ll

— N OO - D O 0

Mot 7 , Mod 1

_D_HU [l

— N T D O

Mot 7, Mod 5

T 5

— N OO - D O 0

0.04
0.03
0.02
0.01
0.00

0.015
0.010
0.005
0.000

cooooooo
cooooooo
SEI St me
Shomotom

0.008
0.006
0.004
0.002
0.000

Mot &, Mod 2

e

—EOTTO O 00O — 0

Mot & , Mod 6

ML

O (O DTN 0

Mot 7, Mod 2

L1 1L

— OO (O (OO

Mot 7, Mod 6

il

O (O DTN 0

of motives and transport modalities.

0.05
004
003
002
001
000

0.005
0.004
0.003
0.002
0.001
0.000

Mot 6, Mod 3

0.l mene [

— T O DB O

Mot 6, Mod 7

0l

— O O - DT O

Mot 7, Mod 3

— T O DB O

Mot 7, Mod 7

o m

— O O - DT O

0.05
0.04
0.03
0.02
0.01
0.00

0.025
0.020
0.015
0.010
0.005
0.000

0.003
0.002
0.001
0.000

Mot 6, Mod 4

UE.H:.DD_

— N TND D MO

Mot 6 , Mod 8

A il

— OO OO - DO

Mot 7, Mod 4

IR

— N TND D MO

Mot 7, Mod 8

— OO OO - DO

every intersection

147



5 MULTILEVEL HB vs. STS IN THE DUTCH TRAVEL SURVEY

5.C National level estimation results
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Figure 5.C.1: The national level design-based point-estimates (thin blue dashed line),
estimates from the multilevel HB (solid red) and multivariate STS models (thick black
dashed); the colour of the 95% confidence intervals corresponds to the colour of the
point-estimates
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Chapter 6

Conclusions

This last chapter is intended to provide the reader with conclusions to the present
thesis. It is not my intention to repeat what has already been said at the end of

each chapter, so I will rather mention the most essential concluding remarks.

This thesis dealt with time series SAE applications in three surveys repeatedly
conducted at Statistics Netherlands. The main intention of each of these applica-
tions was to illustrate how time series techniques can be applied to survey data
in order to solve two problems simultaneously: accounting for small sample sizes
that make design-based figures unreliable, and for discontinuities that appear due

to survey redesigns and hamper the comparability of published figures over time.

Chapter 2 presents both a univariate and multivariate STS approach to the DRTS.
Several modifications of this survey have caused level breaks and reduced the ef-
fective sample size, which resulted in variance breaks and increasing variances of
the design-based estimator. The latter made series of the design-based survey es-
timates too imprecise and excessively volatile. This chapter shows that standard
errors of the design-based estimator can be reduced by 40 to 60 percent in large
domains and/or in the aggregated series in the period following the most recent
major survey redesign. When it comes to small domains, the reduction in the stan-
dard errors can reach 70 or 80 percent. Most of this variance reduction comes from
exploiting the time dimension of the data. The model-based variances are further
reduced by exploiting cointegration in the domain series, i.e. by modelling com-

mon stochastic factors. The above-mentioned models also account for level breaks.
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6 CONCLUSIONS

In surveys like the DRTS, where estimates are produced at an aggregated (na-
tional) and domain level, a question may arise as to whether all of these series
have to be included into the model. If the aggregated series’ design-based esti-
mates are sufficiently precise, they can be included into the model and be treated
as external benchmarks for the sum of the domain predictions in order to secure
the model against misspecification (as in Pfeffermann and Tiller (2006), Pfeffer-
mann et al. (2014)). However, if the aggregated series is also subject to signal
extraction, including it into the model by making its state variables equal to the
sum of the respective domain state variables would be redundant. One could as
well derive the aggregated series’ point- and variance model-based estimates as
a linear combination of the underlying domain (point- and covariance) estimates
from a D—dimensional model for the domains. Chapter 3 shows, however, that
both point- and variance estimates from a D— and (D + 1)—dimensional mo-
del may differ, but only under unknown (and estimated) hyperparameters in the
Kalman filter recursions. If the true hyperparameters are used by the Kalman fil-
ter, the two models produce identical outcomes, as should be expected. Therefore,
a more parsimonious D—dimensional model should be considered, from which the
aggregated series estimates can be derived. One may still be tempted to include
the aggregated series, which has a better signal-to-noise ratio, into the model and
omit any other domain series in order to stay away from the covariance matrix
singularity which appears if the aggregated series is indeed the sum of the un-
derlying domain series. However, this approach has several drawbacks. Firstly,
relatively minute under- or overestimates in the aggregated series may translate
into huge misestimates in the domain that has been omitted from the model. Sur-
vey modifications in the aggregated series can be also better accounted for at a
lower aggregation (domain) level. Secondly, if covariances between the domain and
aggregated series are not duly taken into account when estimating time-varying
hyperparameters in the observation equation, the signal variances of the series

which has been omitted are likely to be overestimated.

Design-based variance breaks described above, and thus breaks in the variance
of the measurement equation error term, can easily be taken into account if the
design-based variance estimates are available and fed into the model. Such prior
information is, however, absent in the application presented in Chapter 2. As a
solution to this problem, the chapter suggests an approach where average design-

based variance values would have to be estimated as hyperparameters for several
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time-periods between survey redesigns. There will be difficulties, though, if an-
other variance break occurs at the end of the time series. Therefore, it is important
that NSIs produce and save information on design-based variance estimates. The
LFS model presented in Chapter 4 is fitted by Van den Brakel and Krieg (2009a)
by using design-based variance estimates as prior information. The two DTS time
series models presented in Chapter 5 also use design-based variance estimates as
prior information, though with many missing values in the series of these variance

estimates.

This thesis also casts some light/shadow on theoretical methods for MSE esti-
mation in STS models. The problem with the MSE estimation within the STS
framework is that the hyperparameter uncertainty is usually ignored, which is also
the case with the Dutch LFS model used by Statistics Netherlands for production
of official monthly labour force figures. This renders MSE estimates negatively
biased when series are not long enough, which may be a serious issue when it
comes to such important economic indicators as unemployment. The performance
of the existing MSE estimation methods has been studied in Chapter 4 using the
DLFS model as the data generation process in a Monte-Carlo study. This study
reveals that the asymptotic approximation as in Hamilton (1986) is not applicable
to cases with hyperparameters close to zero due to failures when inverting the
information matrix of the hyperparameter estimates. The simulation results also
suggest that the non-parametric bootstraps, being free of normality assumptions
about the error distribution, perform better than their parametric counterparts in
both Pfeffermann and Tiller (2005) and Rodriguez and Ruiz (2012) methods. A
more important finding, however, is that the Pfeffermann and Tiller (2005) boot-
strap approaches with their positive biases consistently outperform the respective
approaches of Rodriguez and Ruiz (2012), where the biases are generally negative
and larger than those of the Kalman filter in absolute terms. This is contrary to
the claim of Rodriguez and Ruiz (2012) about the superiority of their method in
short time series. Hence, the PT-methods, being theoretically sound unlike their
RR-counterparts, should be considered for other survey data too, despite the fact
that the former methods may occasionally be overperformed by the latter ones.
It is also important that the simulation smoother correction procedure of Durbin
and Koopman (2002) is used in both bootstraps when constructing non-stationary
bootstrap series. Another finding described in Subsection 4.3.2 may be important

for practitioners wishing to estimate the MSE with the help of a bootstrap. The
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6 CONCLUSIONS

shortcut suggested by Pfeffermann and Tiller (2005) for their parametric bootstrap
in equation (9) of their article should not be used for non-stationary processes. In-
stead, the parametric PT bootstrap should be implemented in the same way as the

non-parametric one, differing only in the way the bootstrap series are generated.

Chapter 4 also shows that simulating a model can be a good tool to check the mo-
del for overspecification by constructing the hyperparameters’ density functions.
Such procedure suggests that it might be worth considering a more restricted ver-
sion of the DLFS model, by restricting one of its hyperparameters to zero. The
Kalman filter-based MSEs in both variants of the DLF'S model do not raise high
concerns with biases slightly higher than -2%, based on nine and a half years.
With more than sixteen years, the biases are expected to be around -1.3%, which
does not constitute a problem for the model-based approach in the production of

official figures.

Apart from STS models, time series extensions of multilevel models are also fre-
quently used in repeatedly conducted surveys. Chapter 5 is called to compare an
area-level (Fay-Herriot) multilevel time series model with an STS one. Here, the
multilevel model has been estimated with the Hierarchical Bayesian approach (HB
model). Similarly to STS models, multilevel models contain unknown hyperpa-
rameters, for which hyperpriors are adopted in the Bayesian setting. In this way,
the uncertainty around the hyperparameter estimates is summarised by the vari-
ance of their posterior distribution. Apart from this, the multilevel model differs
from the conventional STS one in that some or all of the time-invariant effects are
treated as random. In the case of the DTS, however, assumptions about random
effects sharing the same variance across domains turned out to be inappropriate
at the provincial level, so another model modification (HB-FE model) has been
considered where these random components have been replaced by fixed ones. Not
only does the HB-FE model make the comparison of the multilevel and STS ap-
proaches more straightforward, but it also turned out to be the only specification

that provides an adequate fit to the data at the provincial level.

The comparison between the STS and the HB-FE model in terms of estimated
signal variances is still not completely fair due to the ignored hyperparameter
uncertainty in the STS model. This comparison rather gives an idea about the
scale of the MSE negative bias in the STS model. This bias could be particularly
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large if variance hyperparameters are close to their boundary values, with heavy
right tails in the posterior distributions/distributions of the ML estimator. This
is the case in many small-scale domains of the DTS, which makes the hyperpa-
rameter uncertainty the primary source of differences between the two modelling
approaches in the case of the DTS. Secondly, another source of differences may
appear when the signal posterior distributions are skewed, thus producing larger
posterior standard deviations for domain predictors than the signal standard er-
rors produced by a linear STS model relying on the assumption of normality in the
data/disturbances. In the DTS, slight skewness in the signal posterior is observed
at the provincial level, mainly in those domains whose trend disturbance variance
posteriors are skewed enough to feed some degree of asymmetry through to the
signal posterior. At the national level of the DTS, skewness turned out to have a

negligible effect.

It turns out that both point- and variance model-based estimates produced with
the STS and HB-FE techniques are very similar, with differences becoming visible
mainly in small domains. At the provincial level, out of the 9.4% average differ-
ence between standard errors of the STS and HB-FE model, the hyperparameter
uncertainty seemed to be responsible for about 7.9%, and signal skeweness - for
the remaining 1.5% difference. The averages are taken across time and domains.
Quantification of the hyperparameter uncertainty has been performed within the
HB multilevel framework by imposing informative priors on the trend disturbance
variances with a large number of degrees of freedom and with the scale parameter
taken equal to the ML estimates from the STS multivariate model. For the above-
mentioned reasons, one should be aware of the limitations of the frequentist-based
STS approach in short time series or series that feature small variance hyperpa-
rameters. In such cases, the negative biases in STS-based variances should be
accounted for by means of an additional procedure, such as the bootstrap of Pfef-
fermann and Tiller (2005) studied in Chapter 4.

When the standard errors of design-based estimators are available, like in the
case of the DTS, analysing their reduction through the time-series model-based
methods becomes even more straightforward compared to when the design-based
variances are approximated with the variance hyperparameter of the measurement
equation error term (the way it has been done in Chapter 2 of this thesis). The

HB-FE model offers an above-50%-average reduction in the design-based standard
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errors at the provincial level and above 30% at the national level (the figures for
the STS model look slightly better due to the reasons already mentioned above).
In other words, in order to reduce the design-based variances to the level of the
model-based variances at the provincial level, one would have to increase the sam-
ple size more than four-fold, and more than twice at the national level (conditional
on the point-estimates). Therefore, time series techniques should be adopted at
NSIs as soon as the time series becomes sufficiently long to make a switch to the

model-based approach in production of official statistical figures.

To reach the best results, it may be worth combining the multilevel and STS mo-
delling approaches. The multilevel approach presented here relies on the STS one
in several respects. Missing values in the design-based variances that are used as
input information in both multilevel and STS models are not the only problem
that can be easily tackled with the help of simple STS models. Another prob-
lem is that even those design-based variance estimates that are available may be
unreliable. First of all, they are subject to sampling volatility, so the Kalman
filter can be applied to smooth them for further use as input information in the
multilevel and STS models. Apart from that, missing design-based variance esti-
mates can be imputed with the help of the Kalman filter. Secondly, design-based
variance estimates could be very unstable in the case of small domains. In short
times series, it could happen that all of these variance estimates have a bias of the
same sign. If the bias is negative, for instance, then treating these estimates as
the true variances in a multilevel setting results in model overfit by putting too
much weight on the design-based estimates. A suggestion is made in Chapter 5 to
use STS models in order to scale the design-based variance estimates in the right

direction before they are used in multilevel models.

In Chapter 5, the time dimension has been exploited for variance and volatility
reduction in the point-estimates, as well as for level break estimation. As for the
spatial dimension, so far it has been used only for getting rid of some idiosyn-
cracies through pooling trend variances across provinces. However, it can also be
used as another source of variance reduction in model-based estimates, the way it
is done in the case of the DRTS, as described in Chapter 2. Spatial correlations
between domains belonging to different provinces can be exploited, e.g., by allow-
ing for f common stochastic trends shared by more than f domain trends. In the

case of the DTS, this approach seems to be worth exploring, since the pattern of
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trends belonging to a certain motive-modality intersection is very similar among

the twelve provinces of the Netherlands.

Time series techniques presented in this thesis are, of course, not exhaustive. Fur-
ther, STS models of the form presented here apply only to linear Gaussian pro-
cesses. When dealing with non-linear transition and/or observation functions, one
would have to resort to the extended Kalman filter. For non-Gaussian processes
(e.g., processes for count data or with ¢-distributed disturbances in the case of
outliers), one has to consider conjugate filters that hinge on simulation techniques
(e.g., Markov Chain Monte Carlo methods, importance sampling). As for the mul-
tilevel models, the Gibbs sampler considered in Chapter 5 is particularly useful
for high dimensional problems and can be easily applied to normally distributed
data. In case of non-standard posteriors, though, other resampling methods have

to be applied.

Many official statistical applications, however, can be largely improved with the
help of the time series techniques considered in this thesis and do not require the
more sophisticated methods mentioned above. What they do require from NSIs is
certain degree of expertise and availability of design-based estimates for a decent
number of time periods, so that a time-series model can be set up. NSIs should be
made aware of the gains in terms of comparability of figures over time together with
reduced variances that do not require sample size increases. The latter must be of
a particular importance at the time when most NSIs have to deal with reducing
budgets. Hopefully, this thesis provides practitioners with useful guidelines, and
survey methodologists with sufficient evidence about the great potential of the

time series techniques in repeatedly conducted surveys.
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Nederlandse samenvatting

Kort samengevat is het doel van dit proefschrift het verbeteren van de kwaliteit van
officiéle statistieken. Kwaliteit van statistische informatie heeft meerdere facetten.
Dit werk richt zich op twee van de door EUROSTAT gedefinieerde kwaliteitsken-
merken: precisie van geproduceerde cijfers en vergelijkbaarheid daarvan door de
tijd heen.

Statistische bureaus voeren steekproefonderzoeken uit om sociaal-economische ont-
wikkelingen in onze samenleving zo nauwkeurig mogelijk te beschrijven. In een
steekproef onderzoek wordt aan de hand van een kansmechanisme een klein deel
van de doelpopulatie geselecteerd. Aan de hand van de in de steekproef getrokken
elementen worden vervolgens schattingen gemaakt voor de onbekende populatie
grootheden. Omdat slechts een fractie van de doelpopulatie wordt waargenomen
ontstaat er altijd een afwijking tussen de schatting en de echte (maar onbekende)
waarde van de populatiegrootheid. Deze onzekerheid wordt gemeten met de zoge-
naamde variantie van de steekproefschattingen. Deze variantie meet in hoeverre
puntschattingen over alle mogelijke kanssteekproeven variéren, die volgens het
steekproefontwerp zouden kunnen worden getrokken. Gebruikelijke schattingsme-
thodieken zijn voornamelijk gebaseerd op het kansmechanisme waarmee de steek-
proef uit de doelpopulatie is getrokken. Statistische modellen spelen hierbij geen of
slechts in zeer beperkte mate een rol. Deze methoden worden daarom vaak design-
gebaseerde schattingsmethoden genoemd. Het voordeel van deze methoden is dat
ze niet gevoelig zijn voor veronderstellingen van een gekozen statistisch model.
Bij steekproeven van voldoende omvang resulteren deze schattingsmethoden in
uitkomsten die in verwachting overeen komen met de echte populatiewaarden. Dit
soort eigenschappen heeft er in het verleden voor gezorgd dat het gebruik van

design-gebaseerde schattingsmethoden bij statistische bureaus erg populair is ge-
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worden.

Het nadeel van design-gebaseerde schattingsmethoden is dat bij kleine steekproe-
ven de varianties van de schatters onacceptabel groot worden. Dit probleem
ontstaat indien schattingen voor gedetailleerde uitsplitsingen moeten worden ge-
maakt, bijvoorbeeld een uitsplitsing van een variabele naar de afzonderlijke ge-
meenten. Deelpopulaties waarvoor schattingen gemaakt moeten worden, worden
vaak kortweg aangeduid als domeinen. Indien de steekproefomvang van dergelijke
domeinen te klein is om met design-gebaseerde methoden voldoende betrouwbare
schattingen te maken, spreekt men ook wel over kleine domeinen. Soms komt
het voor dat een domein helemaal geen steekproefmassa krijgt, terwijl er toch
een schatting voor is vereist. Een triviale manier om de betrouwbaarheid van deze
cijfers te verbeteren is het verhogen van de steekproefomvang in de domeinen waar-
voor schattingen gemaakt moeten worden. Meestal is dit niet realistisch omdat dit
resulteert in onacceptabel hoge kosten voor nationale statistische bureau’s en in
een te hoge enquétedruk voor respondenten. Het probleem van kleine steekproef-
omvangen gaf in de afgelopen decennia aanleiding tot een nieuw onderzoeksgebied
— small area estimation. Dit refereert naar een klasse van schattingsmethoden
waarbij, via een statistisch model, de effectieve steekproefomvang van een afzon-
derlijk domein wordt vergroot met steekproefinformatie waargenomen in andere
domeinen of voorgaande waarnemingsperioden. Bij dergelijke schattingsmethoden
spelen statistische modellen een prominente rol en worden daarom ook wel model-

gebaseerde schattingsmethoden genoemd.

Naast steekproeffouten, is er altijd sprake van (systematische) meetfouten bij de
dataverzameling. Deze hangen af van de manier waarop respondenten worden
benaderd en de manier waarop vragenlijsten worden ontworpen. Een herontwerp
van de enquéte resulteert daarom vaak in een verandering van deze systematische
fouten en in een sprong (breuk) in de trend van de tijdreeks. Als gevolg daarvan,

zijn cijfers voor en na een herontwerp niet meer vergelijkbaar.

Een manier om beide problemen op te lossen is om tijdreeksen, waargenomen via
herhaaldelijk uitgevoerde kansteekproeven, te modelleren met behulp van tijd-
reeksmodellen. In dit proefschrift zijn zijn structurele (state space) tijdreeks-
modellen en multilevel tijdreeksmodellen gehanteerd. Hoofdstuk 2 illustreert hoe

univariate (d.w.z. één tijdreeksmodel per afzonderlijk domein) en multivariate (ge-
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zamenlijk modeleren van meerdere tijdreeksen) modellen kunnen worden gebruikt
in een officiéle statistische toepassing (namelijk, Enquéte Wegvervoer van Neder-
land (EWN)) om variantie te reduceren en trendbreuken te schatten. De EWN
toepassing laat zien dat het grootste deel van variantiereductie afkomstig is van
steekproefinformatie uit voorgaande perioden (in univariate modellen). Een extra
variantiereductie wordt bereikt door gebruik te maken van steekproefinformatie
uit andere domeinen, door tijdreeksen van verschillende domeinen te modeleren in
een multivariaat model. Bij de kleinste domeinen van de EWN worden standaard-
fouten tot wel 70 of 80 procent gereduceerd. Bij de grote domeinen en bij de reeks

op nationaal niveau wordt een reductie van 40-60 procent bereikt.

In hoofdstuk 3 wordt nader ingegaan op de verschillende manieren waarop tijd-
reeksen op nationaal niveau kunnen worden geschat. Het uitgangspunt hierbij
is dat met behulp van een tijdreeksmodel preciezere schattingen moeten worden
verkregen maar dat deze schattingen consistent moeten zijn met de som van on-
derliggende domeinen. Een mogelijkheid is om de reeks op nationaal niveau aan
het model toe te voegen of met deze reeks een andere domeinreeks te vervangen,
omdat reeksen op een hoger aggregatieniveau een betere signaal-ruisverhouding
hebben. Beargumenteerd wordt dat dit niet efficiént is, vooral als het weggelaten
domein trendbreuken heeft. De reden daarvoor is dat, bij het afleiden van model-
schattingen voor het (kleine) weggelaten domein, verwaarloosbare misschattingen
op geaggregeerd niveau tot enorme misschattingen op domeinniveau kunnen lei-
den. Voor de EWN wordt aanbevolen om schattingen op nationaal niveau af te

leiden uit het multivariaat model voor de onderliggende domeinen.

State-space modellen worden vaak geanalyseerd met het Kalman filter. Een pro-
bleem bij het toepassen van de standaard Kalman filter recursie is dat de bij-
behorende standaardfouten geen rekening houden met het feit dat de onbekende
hyperparameters in het state-space model zijn vervangen door hun maximum likeli-
hood schattingen. In de praktijk wordt de onzekerheid rond deze hyperparameter
schattingen vaak genegeerd, wat resulteert in een onderschatting (of een nega-
tieve vertekening) in de standaardfouten van de kleinedomeinschattingen op basis
van het state-space model. Het gebruik van te optimistische betrouwbaarheidsin-
tervallen bij belangrijke sociaal-economische indicatoren, zoals bijvoorbeeld werk-
loosheid, bemoeilijkt een correcte interpretatie van de resultaten voor bijvoorbeeld

beleidsmakers. Het Centraal Bureau voor de Statistiek (CBS) maakt gebruik van
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een state-space model voor het maken van officiéle maandcijfers over de werkloze
en werkzame beroepsbevolking. Standaardfouten zijn gebaseerd op de standaard
Kalman filter recursie. In hoofdstuk 4 wordt onderzocht hoe groot de onderschat-
ting is in de onzekerheid van maandcijfers over de werkloze beroepsbevolking in de
Nederlandse Enquéte Beroepsbevolking (EBB) ten gevolge van het vervangen van
de onbekende hyperparameters door hun maximum likelihood schatters. Daartoe
is een simulatie studie opgezet waarbij het tijdreeksmodel van het CBS gebruikt

wordt als het data genererend proces.

Het blijkt dat de vertekening in de standaardfout bij deze toepassing niet groot is
en verwaarloosbaar wordt naarmate de reeks langer wordt. De simulatie laat ook
zien hoe het model beter gespecificeerd kan worden. Tenslotte, geeft de simulatie
in hoofdstuk 4 nieuwe inzichten in de verschillende methoden die in de literatuur
bekend zijn om rekening te houden met de onzekerheid van maximum likelihood

schattingen voor de hyperparameters in state space modellen.

Zoals hierboven vermeld, zijn multilevel tijdreeksmodellen een alternatieve optie
voor herhaaldelijk uitgevoerde enquétes. De hiérarchische (volledige) Bayesiaanse
(HB) aanpak, die vrij eenvoudig in het kader van multilevel modellen is te im-
plementeren, is een generieke alternatieve aanpak om rekening te houden met alle
onzekerheid, ook rond hyperparameters. In hoofdstuk 5 worden de state space
en multilevel tijdreekstechnieken vergeleken op basis van het Onderzoek Verplaat-
singen in Nederland (OViN). Dit onderzoek heeft last van methodebreuken ten
gevolge van veranderingen in de onderliggende enquéte en kleine steekproefom-
vangen. Het doel van het onderzoek beschreven in Hoofdstuk 5 is om na te gaan
of beide methoden vergelijkbare uitkomsten leveren, en om de negatieve verteke-
ning in de gemiddelde standaardfouten in state space modellen te kwantificeren.
Het blijkt dat punt- en variantieschattingen afkomstig uit beide tijdreekstechnie-
ken vergelijkbaar zijn. Verschillen verschijnen eerder in de geschatte varianties dan
in de puntschattingen en komen alleen in kleinschalige domeinen of in domeinen
met beperkt flexibele stochastische trends voor, omdat de variantie hyperparame-
ters van de trends daar dicht bij de grens van de parameterruimte liggen. Beide
methoden bieden een behoorlijke reductie in design-gebaseerde standaardfouten.
Voor het OViN worden standaardfouten op nationaal niveau met circa 30 procent
gereduceerd, uitgaande van het HB multilevel model. Op provinciaal niveau is

de reductie circa 50 procent. Om dezelfde reductie in de standaardfouten van
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de design-gebaseerde schattingsmethoden te bewerkstelligen zou de steekproefom-
vang meer dan verdubbeld moeten worden op nationaal niveau en meer dan vier
keer zo groot moeten worden op provinciaal niveau. In het geval van OViN kan
de negatieve vertekening in standaardfouten oplopen tot 8 procent op provinciaal
niveau en tot meer dan 10 procent op nationaal niveau indien de standaard Kal-

man filter recursies gebruikt worden.

In state space modellen en multilevel modellen worden standaardfouten van de
design-gebaseerde schattingen als prior informatie in het model gebruikt. Vaak
zijn deze erg onbetrouwbaar en moeten daarom gesmoothd worden over de do-
meinen en over de tijd. In hoofdstuk 5 wordt een nieuwe manier voorgesteld om
met ontbrekende en/of onbetrouwbare design-gebaseerde variantieschattingen om

te gaan.

Vrijwel elke enquéte die herhaaldelijk wordt uitgevoerd kan profiteren van tijd-
reeksmodellen beschreven in dit proefschrift. Deze beschreven technieken maken
het mogelijk om de precisie van design-gebaseerde schattingen te verbeteren. Daar-
naast kan rekening worden gehouden met systematische effecten op de uitkomsten
die ontstaan door het veranderingen in het onderliggende enquéteproces. Dit laat-
ste voorkomt dat cijfers voor en na een herontwerp niet meer vergelijkbaar zijn.
Het gebruik van dergelijke model-gebaseerde schattingsmethode is in de productie
van officiéle statistieken nog vrij beperkt. Twee voorbeelden van nationale sta-
tistische bureau’s die state space tijdreeksmodellen gebruiken in de productie van
officiéle cijfers zijn het Bureau of Labor Statistics in de Verenigde Staten en het
CBS in Nederland. Hopelijk maakt dit proefschrift meer officiéle statistici be-
wust van de potentie van state space en multilevel tijdreeksmodellen en biedt het

richtlijnen voor enquéte beoefenaars.
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Valorisation

The well-being of a country is defined to a large extend by good governing and
planning, which, in turn, is not possible without reliable quantitative and quali-
tative data. Collecting, summarizing and releasing such data about the country’s
state of affairs is usually laid over the shoulders of the country’s national statistical
institute (in the Netherlands, it is Statistics Netherlands, or Centraal Bureau voor
de Statistiek (CBS)). If to be described in just a couple of words, the matter of
this thesis is improving the quality of official statistical figures. The EUROSTAT
defines several quality dimensions (EUROSTAT (2014)), of which two are consid-
ered in this work: 1. accuracy and reliability and 2. coherence and comparability.

The first problem arises because observing the whole population, i.e. census, can
be very costly or even impossible and is thus hardly ever done in statistical practice.
Instead, a sample is drawn that should be representative of the whole population.
It is obvious that the point-estimate for the quantity of interest (e.g., for the true
average or total) based on this sample is not exactly equal to the true value in
the population, and drawing another sample would result in a different estimate.
This variability of point-estimates across all possible samples is summarized by
the (design-based) variance or standard error. The bigger the sample size is, the
closer we expect the estimate to be to the true value, and hence, the smaller the
variance is. High design-based variances can be detected in time series with the

naked eye, as they result in excessively volatile point-estimates.

Sometimes, estimates for small areas or domains are required (and the demand on
these has been growing in recent years), where the sample size may be so small
(could be even zero) that the estimated variance is unacceptably large. Think,
for instance, of an estimated unemployment rate of 3(£4)%. Such a huge un-

certainty around the point-estimate tells us virtually nothing about the existing
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unemployment rate. But even if it is estimated more precisely up to +1%, it
is still not precise enough, since a two-percent uncertainty around the unem-
ployment rate makes it difficult for policy makers to decide on their fiscal and
monetary instruments. The confidence interval bands of +0.1%, as one usually
sees in unemployment statistics produced by EUROSTAT, are achievable but re-
quire interviewing much more people. This means an increase in public money
expenditures due to additional interviewing, as well as in the total administrative
burden respondents experience by participating in the survey. The problem with
comparability stems from the fact that surveys sooner or later get redesigned due
to cost of quality considerations. A change in a way data are collected renders
the figures before and after a redesign incomparable over time. As one can see,
NSIs produce estimates contaminated with different kinds of errors, while being
a respectable source of data for policy makers or non-governmental researchers
who usually treat these estimates as the true data in their econometric models or
other kinds of analytics. Therefore, it is of utmost importance that data produced
by NSIs are of best possible quality. Nowadays, when NSIs’ budgets are shrink-
ing and when the society is becoming ever more averse to administrative burden
they experience from their NSIs, increasing the sample size is not the best of even
feasible option, so statisticians have to look for more sophisticated methods to
meet both constraints. In fact, NSIs dispose of lots of information that can be
used in improving newly-produced figures without resorting to trivial sample size
increases. It is obvious that information on the same quantities of interest from
the past or from similar domains can be of a great use, but is usually discarded,
though. With this dissertation, I have tried to raise the awareness about the po-
tential of time series modelling (namely, state space and multilevel time series)
techniques that address both problems of small sample sizes and incomparability.
Committing to these techniques would put the production of official statistics on
the rails of model-based, rather than design-based approach. Most NSIs in the
world are, however, conservative in this respect and prefer relying on traditional
(assumption-free) methods based on the survey design in production of their fig-
ures. This is understandable, because a bias-free implementation of new methods
requires a careful model selection, while the penetration of ideas about the true
power of these methods among official statisticians is not high. The knowledge
transfer from academia to NSIs is limited because it often requires routine work
from academics, as well as certain degree of expertise in survey methodology. In

order to fill this gap, Statistics Netherlands tries to strengthen its collaboration
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with academia by establishing professorships and funding PhD research projects,
like the present one. This dissertation is aimed at illustrating how information
accumulated over time and space can be exploited in repeatedly conducted sur-
veys to improve the quality of official statistical figures in terms of precision and
comparability over time. As this research is conducted thanks to and in the in-
terests of Statistics Netherlands, the objective has been to develop suitable time
series models for several data sets for repeatedly conducted surveys with several
survey redesigns. Variance reduction runs as a red thread through the whole dis-
sertation, and in Chapters 2 and 5 it is the central issue. Chapter 2 applies the
state space model-based approach to the Dutch Road Transportation survey that
features several survey redesigns and insufficiently large sample sizes. It is shown
that most variance reduction comes from borrowing information over time, i.e.
even when domains are modelled individually. Jointly modelling all the domains
in one model by exploiting the correlation between them, i.e. borrowing informa-
tion over space, further reduces the variance of the newly produced time series.
The resulting standard errors of the series are eventually 40 to 70 percent smaller
than the design-based ones, with smaller domains experiencing more variance re-
duction compared to the larger ones. The coherence between estimated domain
series, on the one hand, and the series that constitutes the sum thereof, on the
other hand, is addressed in Chapter 3 based on the same survey. State space mo-
dels are usually estimated with the help of the well-known to engineers Kalman
filter. The problem with these models, despite their indisputable power, is that
in practice the Kalman filter relies on estimated hyperparameters, rather than on
their true values. Since there must always be a certain amount of uncertainty
around any estimate, it should be taken into account; otherwise, the estimated
variances of the newly produced series will be negatively biased (underestimated).
The literature knows several methods to correct for the bias in variances esti-
mated with the Kalman filter. However, before any newly developed theory can
be applied in the regular production process, its value added and flaws must be
verified. Usually, the performance of new methods is illustrated with simple exam-
ples where the superiority of the method is salient and unambiguous. The same
methods may not, however, perform as well in real-life examples where different
factors play a role. Therefore, one of the chapters in this dissertation (Chapter 4)
is devoted to a comparative simulation study of several existing variance approx-
imation methods in state space models. For this purpose, a real-world complex

application is chosen: the Dutch Labour Force survey (DLFS) model that is used
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by Statistics Netherlands in the production of official statistical figures on the un-
employed labour force. Apart from casting some light/shadow on these variance
approximation methods, this study also suggests that simulating a model can be a
good tool to check the model for overspecification. Such procedure suggests that
it might be worth considering a more restricted version of the DLFS model. Biases
in the Kalman filter-based variances in both variants of the DLFS model do not
raise high concerns and become negligible as the time progresses, which makes
the state space approach safe and attractive for use in the production of official
figures. Another way to account for the uncertainty around (unknown) estimated
hyperparameters is a full (hierarchical) Bayesian paradigm. Chapter 5 compares
the state space approach with the multilevel Hierarchical Bayesian (HB) one in
another official statistical application — the Dutch Transportation survey (DTS).
It turns out that outcomes from the two approaches are quite comparable, with
differences becoming visible mainly in small-scaled domains and applicable mainly
to variance-, rather than point-estimates. Unlike in the DLFS, negative biases in
standard error estimates produced by the Kalman filter are considerable in the
case of the DTS reaching almost 8% at the provincial level and more than 10%
at the national one. The more conservative standard error estimates from the
multilevel HB model still offer a significant reduction in the design-based standard
errors in the DTS: above 50% at the provincial level, and over 30% at the national
level, averaged over the domains and time. In other words, in order to reduce
the true variance within the design-based framework to the extent the time series
techniques do, one would have to increase the sample size more than four-fold for
the provincial level, and more than twice for the national level (conditional on the
point-estimates). Chapter 5 also presents an approach for dealing with unreliable
and missing design-based variance estimates that are used as input information
in both multilevel and state space models. Many official statistical applications
can be largely improved with the help of the time series techniques considered in
this dissertation. At Statistics Netherlands, the US Census Bureau and the UK
Office for National Statistics, certain attempts have been made to move further
than the traditional sampling theory. As mentioned above, Statistics Netherlands
is already producing official figures for the Labour Force survey based on the state
space model. For the DTS presented in Chapter 5, certain attempts are being
made to switch to the model-based times series approach in the production of
official figures, as this survey is going to redesigned again in 2018. However, much

more needs to be done in popularizing various modelling techniques among official
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statisticians. The applications presented in this dissertation have demonstrated
how information accumulated over time and optionally domain space can be suc-
cessfully used to increase the precision of survey estimates without resorting to
(expensive) sample size increases, as well as in order to restore the comparability
of figures before and after survey redesigns. The former must be of a particu-
lar importance at the time when most NSIs have to deal with reducing budgets.
Examples of successful implementation of novel modelling methods and dissem-
ination of these results is therefore crucial for advancement of official statistics.
Hopefully, this dissertation provides practitioners with useful guidelines, and sur-
vey methodologists with sufficient evidence about the great potential of the time

series techniques in repeatedly conducted surveys.
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