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State space time series modelling of the Dutch Labour Force 
Survey: Model selection and mean squared errors estimation 

Oksana Bollineni-Balabay, Jan van den Brakel and Franz Palm1 

  Abstract 

Structural time series models are a powerful technique for variance reduction in the framework of small area 
estimation (SAE) based on repeatedly conducted surveys. Statistics Netherlands implemented a structural time 
series model to produce monthly figures about the labour force with the Dutch Labour Force Survey (DLFS). 
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. This paper describes a simulation aimed at studying the 
properties of hyperparameter estimators in the model. Simulating distributions of the hyperparameter estimators 
under different model specifications complements standard model diagnostics for state space models. Uncertainty 
around the model hyperparameters is another major issue. To account for hyperparameter uncertainty in the mean 
squared errors (MSE) estimates of the DLFS, several estimation approaches known in the literature are 
considered in a simulation. Apart from the MSE bias comparison, this paper also provides insight into the 
variances and MSEs of the MSE estimators considered. 

 
Key Words: Bootstrap; Hyperparameter; State space model; True MSE; Unemployment. 

 
 

1  Introduction 
 

Figures on the labour force produced by national statistical institutes (NSIs) are generally based on 

Labour Force Surveys (LFS). There is an increasing interest to producing these indicators at a monthly 

frequency (EUROSTAT 2015). Sample sizes are, however, hardly ever large enough even at the national 

level for producing sufficiently precise monthly labour force figures based on design-based estimators 

known from classical sampling theory (Särndal, Swensson and Wretman 1992; Cochran 1977). In such 

situations, small area estimation (SAE) techniques can be used to improve the effective sample size of 

domains by borrowing information from preceding periods or other domains, see Rao and Molina (2015) 

and Pfeffermann (2013). Repeated surveys in particular have a potential for improvement within the 

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

STS models, as well as multilevel models, usually contain unknown hyperparameters that have to be 

estimated. If this uncertainty (here and further in this paper referred to as hyperparameter uncertainty) is not 

taken into account, estimated mean squared errors (MSEs) of the domain predictors become negatively 

biased. Within the framework of multilevel models, accounting for hyperparameter uncertainty is a 

necessary and common practice. It is routinely performed when those models are estimated with the 

empirical best linear unbiased predictor (EBLUP) or the hierarchical Bayesian (HB) approach, see Rao and 

Molina (2015), Chapter 6-7, 10. STS models, in turn, are not as widely used in SAE as multilevel models. 

The Kalman filter, usually applied to fit STS models, ignores the hyperparameter uncertainty, and therefore 

produces negatively-biased MSE estimates. Applications that give evidence for substantial advantages of 

STS models over the design-based approach treat the estimated model hyperparameters as known, see, e.g., 
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Bollineni-Balabay, van den Brakel and Palm (2016a), Krieg and van den Brakel (2012). Pfeffermann and 

Rubin-Bleuer (1993), Tiller (1992). 

At Statistics Netherlands, a multivariate STS model, proposed by Pfeffermann (1991), is used to produce 

official monthly labour force figures for the DLFS. The DLFS is, as in many other countries, based on a 

rotating panel and features insufficiently large sample sizes for production of monthly figures. The STS 

model applied to the design-based estimates uses sample information from preceding time periods and 

accounts for the so-called rotation group bias (RGB) and for autocorrelation in the survey errors. In this 

way, sufficiently precise monthly estimates of the unemployed labour force are obtained (see van den Brakel 

and Krieg 2015). STS models are also applied in the production of official statistics at the US Bureau of 

Labor Statistics, Tiller (1992). Interest to this technique has been growing among several other NSIs spread 

around the world, for example at NSIs of Australia (Zhang and Honchar 2016), Israel and the UK (ONS 

2015). 

This paper presents an extended Monte-Carlo simulation study, where the DLFS model acts as the data 

generation process. Such a simulation is an insightful step into the process of model selection before 

implementation in the production of official statistics. First, evaluating distributions of the hyperparameter 

estimators under different model specifications provides additional insight into the importance of retaining 

certain hyperparameters in the model. Standard model diagnostics for state space models provide limited 

information on irrelevant hyperparameters. In case of model overspecification, not only may the distribution 

of redundant hyperparameter estimates largely deviate from normality, but estimation of other 

hyperparameters may also be disturbed. Therefore, even if the model diagnostics is satisfactory, it may still 

be wise to simulate the model and to examine the distribution of the maximum likelihood (ML) estimator 

of the model’s hyperparameters.  

Another aim of the simulation is evaluating to which extent uncertainty around the hyperparameter 

estimates affects estimation of the STS model-based MSEs. Ignoring the hyperparameter uncertainty in 

MSE estimation is only acceptable if the available time series are sufficiently long. Depending upon a 

particular application, the length of time required to be “sufficiently long” will vary. Most often, 

uninterrupted time series available at NSIs are relatively short, mainly due to survey redesigns. The literature 

offers several ways to account for the hyperparameter uncertainty in STS models: asymptotic 

approximation, bootstrapping and the full Bayesian approach (for the latter approach, see Durbin and 

Koopman (2012), Chapter 13). 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 find the best MSE estimation method in this real life application. This 

paper also illustrates how the hyperparameter uncertainty problem decays as the DLFS time series increase 

from 48 to 200 months. 

The contribution of the paper is four-fold. First of all, it shows how the Monte Carlo simulation can be 

used to check for model overspecification (i.e., for redundant hyperparameters). Secondly, it suggests the 

best of the proposed approaches to MSE estimation for the DLFS and offers a more realistic evaluation of 

the variance reduction obtained with the STS model compared to the design-based approach. Thirdly, this 
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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, apart from MSE bias 

comparison, this paper also provides insight into the variance and MSEs of these MSE estimators. To the 

best of our knowledge, the variability of the above-mentioned bootstrap methods has not been studied yet. 

The paper is structured as follows. Section 2 contains a description of the DLFS and the model currently 

used by Statistics Netherlands. Section 3 reviews the above-mentioned approaches to the MSE estimation. 

Details on the simulation setup specific to the DLFS are given in Section 4. Results are presented in 

Section 5. Section 6 contains concluding remarks. 

 
2  The Dutch Labour Force Survey 
 

2.1  The DLFS design 
 

The DLFS has been based on a rotating panel design since October 1999. Every month, a sample of 

addresses is drawn according to a stratified two-stage sample design. Strata are formed by geographical 

regions; municipalities are the primary sampling units and addresses are the secondary sampling units. All 

households residing on one address are included in the sample. In this paper, the DLFS data observed from 

January 2001 until June 2010 are considered. During this period, data in the first wave were collected by 

means of computer assisted personal interviewing (CAPI) by interviewers that visit sampled households at 

home. After a maximum of six attempts, an interviewer leaves a letter with the request to contact the 

interviewer by telephone to make an appointment for an interview. When a household member cannot be 

contacted, proxy interviewing is allowed by members of the same household. Respondents are re-

interviewed four times at quarterly intervals. In these four subsequent waves, data are collected by means 

of computer assisted telephone interviewing (CATI). During these re-interviews, a condensed questionnaire 

is applied to establish any changes in the labour market position of the respondents. Proxy interviewing is 

also allowed during these re-interviews. Mobile phone numbers and secret land line numbers are collected 

in the first wave to avoid panel attrition. With the commencement of the rotating panel design for the DLFS, 

the gross sample size was about 6,200 addresses per month on average, with about 65% completely 

responding households. The response rates in the follow-up waves are about 90% compared to the preceding 

wave.  

The general regression (GREG) estimator (Särndal et al. 1992) is applied to estimate the total 

unemployed labour force. This estimator accounts for the complexity of the sample design and uses auxiliary 

information available from registers to correct, at least partially, for selective non-response. Let j
tY  denote 

the GREG estimate of the total number of unemployed in month t  based on the thj  wave of respondents. 

Five such estimates are obtained per month, each of them being respectively based on the sample that 

entered the survey in month ,t l   = 0, 3, 6, 9, 12 .l  The GREG estimator for this population total is 

defined as:  
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with , ,i k ty  representing the sample observations that are equal to 1 if the thi  person in the thk  household is 

unemployed, and zero otherwise; ,k tn  is the number of persons aged 15 or above in the thk  household; ,k tw  

are the regression weights for household k  at time .t  The method of Lemaître and Dufour (1987) is used 

to obtain equal weights for all persons within the same household:  
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where ,k t  is the inclusion probability of household k  at time ,t  ,k tg  is the size of household k  at time ;t  
,

, , ,1
= ,x xk tn

k t i k ti  with , ,x i k t  being a J  dimensional vector with the weighting model auxiliary information 

on the thi  person in the thk  household at time .t  Vector X t  contains population totals of auxiliary variables. 

The weighting model is defined by the following variables (with the number of categories in brackets): 

Age(5)Gender + Geographic Region(44) + Gender(2)   Age(21) + Age(5)   Marital Status(2) + 

Ethnicity(8), where   stands for interaction of variables, and Age(5)Gender is a variable classified into 

eight classes where Age has five categories, with the second, third and fourth age category being itemized 

into two genders. 

The variance of the GREG estimator j
tY  is approximated by:  
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    (2.3) 

where the GREG residuals are  ,

, , , , ,1
ˆˆ = ;x βk tn

k t i k t i k t ti
e y


  ,h tn  is the number of households in stratum h  

(with H  being the total number of strata); vector β̂t  is a Horvitz-Thompson type estimator for the 

regression coefficient that is obtained from regressing the target variable on the auxiliary variables from the 

sample.  
 

2.2  The STS model for the DLFS 
 

There are two reasons why Statistics Netherlands took a decision to switch to a time series model-based 

production approach in June 2010. One reason for that was inadequately small sample sizes for production 

of monthly estimates. With a net sample size of about 4,000 households in the first wave on average, the 

GREG estimates of the unemployed labour force had a coefficient of variation of about 4% at the national 

level, which was considered to be too volatile for official statistical publications. In addition to that, monthly 

unemployment figures must be published for six domains based on a classification of gender and age. The 

design-based estimates of these domains feature much higher coefficients of variation. Another problem 

with the DLFS is the so-called RGB, which refers to systematic differences between the estimates of 

different waves (see, e.g., Bailar 1975 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. See van den Brakel and Krieg (2009) 

for a more detailed discussion. 
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Both problems are solved with an STS model, which uses five series of GREG estimates for the five 

different waves as input. With an STS model, an observed series is decomposed into several unobserved 

components, e.g., trend and seasonal. The Kalman filter, optionally in combination with a smoothing 

algorithm, can be applied to extract these components from the observed time series. By doing so, estimates 

of the components that define the signal for unemployment are separated from unexplained variance of the 

population parameter and from the sampling variance. This generally results in less volatile point estimates, 

with substantially smaller standard errors compared to those of the GREG estimates. By modelling the 

systematic differences between the five input series, the model also accounts for the RGB of the rotating 

panel. 

In each month ,t  a five-dimensional vector  1 2 3 4 5=Yt t t t t tY Y Y Y Y   is observed, containing GREG 

estimates of the total number of the unemployed labour force based on the five waves. Based on Pfeffermann 

(1991), van den Brakel and Krieg (2009) developed the following model for the GREG estimates :Yt  

 5 ,Y = 1 λ et t t t    (2.4) 

here, 51  is a five-dimensional column vector of ones, t  is the unknown (scalar) true population parameter, 

λ t  is a vector containing state variables for the RGB, and e t  is a vector of the survey errors that are 

correlated with their counterparts from previous waves (the structure will be presented later). For the true 

population parameter, it is assumed that: = ,t t t tL     which is the sum of a stochastic trend ,tL  a 

stochastic seasonal component ,t  and an irregular component  
iid

2~ 0, .t N    

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

 
1 1
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where tL  and tR  represent the level and slope of the true population parameter, respectively, with the slope 

disturbance term being distributed as:  
iid

2
, ~ 0, .R t RN   

For the seasonal component ,t  the trigonometric model is assumed:  
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with 6= l
lh   being the thl  seasonal frequency,  = 1, 6 .l   The zero-expectation stochastic terms ,t l  and 

*
,t l  are assumed to be normally and independently distributed and to possess the same variance within and 

across all the harmonics, such that:  
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The second component in (2.4) is the RGB. It is assumed that the first wave is unbiased, as motivated in 

van den Brakel and Krieg (2009). The RGBs for the follow-up waves are time-dependent and are modelled 
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as random walk processes. The rationale behind this is that field-work procedures are subject to frequent 

changes. Apart from that, response rates change gradually over time. This makes the RGB time-dependent, 

as illustrated by van den Brakel and Krieg (2015), Figure 4.3. The RGB vector for the five waves can be 

written in the following form:  2 3 4 5= 0 ,λ t t t t t      with: 

  1 ,= , = 2, 3, 4, 5 .j jj
t t t j      

It is assumed that the RGB disturbances are not correlated across different waves and are normally 

distributed:  
iid

2
, ~ 0, ,j
t    with equal variances in all the four waves.  

The last component in (2.4) contains the survey errors for the five GREG estimates, i.e., 

 1 2 3 4 5= .e t t t t t te e e e e   To account for sampling error heterogeneity caused by changes in the sample sizes 

over time, the sampling errors are modelled proportionally to the design-based standard errors according to 

the following measurement error model proposed by Binder and Dick (1990): = ,j j j
t t te e z  where 

  = Varj j
t tz Y  and j

te  are standardised sampling errors that follow a stationary process defined later in 

the text. Here,   Var j
tY  are the design-based variance estimates obtained from the micro data using (2.3). 

They are treated as a priori known sampling variances in the STS model.  

Since the sample in the first wave has no overlap with samples observed in the past, t
te  can be modelled 

as a white noise with  1 = 0tE e  and  
1

1 2Var = .t ve   The variance of the survey errors t
te  will be equal to 

the variance of the GREG estimates if the maximum likelihood estimate of 
1

2
v  is approximately equal to 

unity.  

The survey errors in the follow-up waves are correlated with the survey errors from the preceding waves. 

This autocorrelation coefficient is estimated from the survey data using the approach proposed by 

Pfeffermann, Feder and Signorelli (1998). The autocorrelation structure is modelled with an AR(1) model 

where the autocorrelation coefficient is obtained with the Yule-Walker equations (van den Brakel and Krieg 

2009): 

    
iid

1 2
3= , ~ 0, , = 2, 3, 4, 5 .

j

jj j j
t t t t ve e N j   

     

It is assumed that the first-order autocorrelation coefficient is common for all the four waves. Its estimate 

is used as a priori information in the model. Since j
te  is an AR(1) process,    2 2Var = 1 .

j

j
t ve    The 

variance of the sampling error j
te  is approximately equal to   Var j

tY  if the maximum likelihood estimate 

of 2
jv  is approximately equal to  21 .  Five different hyperparameters  2 , = 1, 2, 3, 4, 5 ,

jv j  are 

assumed for the survey error components of the five waves. 

The disturbance variances, together with the autocorrelation parameter ,  are collected in a 

hyperparameter vector called  
1 2 3 4 5

2 2 2 2 2 2 2 2 2= ,θ R v v v v v              and the vector containing only 

the disturbance variances is called  
1 2 3 4 5

2 2 2 2 2 2 2 2 2= .σθ R v v v v v             To avoid negative estimates, 

the disturbance variance hyperparameters in σθ  are estimated on a log-scale. The quasi-maximum 

likelihood method is used (see e.g., Harvey 1989), where ̂  estimates are treated as known. Numerical 

analysis of this paper is conducted with OxMetrics 5 (Doornik 2007) in combination with SsfPack 3.0 

package (Koopman, Shephard and Doornik 2008). 
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3  MSE estimation approaches 
 

Linear structural time series models with unobserved components are usually fitted with the help of the 

Kalman filter after putting them into a state space form. See Bollineni-Balabay, van den Brakel and Palm 

(2016b) for the state space representation of the STS model for the DLFS. The state vector αt  contains the 

state variables defined in the previous section, i.e., the trend, slope, seasonal harmonics, RGB, the 

population white noise and survey errors. All the non-stationary state variables are initialised with a diffuse 

prior (i.e., with a zero-mean and a very large variance). The five survey error components ,j
te  

 = 1, 2, 3, 4, 5j  and the population white noise t  are stationary state variables that are initialised with 

zeros. The initial variance of the first-wave sampling errors is taken equal to unity, whereas the one of the 

other waves is taken equal to  21 .  One could try a small value for the initial variance of .t  

Filtered estimates of the state vector αt  and its covariance matrix Pt t  are usually extracted with the 

Kalman filter (see Harvey 1989). Pt t  thus contains MSEs extracted by the filter conditionally on the 

information up to and including time :t  

      ˆ ˆE ,P α θ α α θ αt t t t t t t t t
     

 (3.1) 

where θ  is assumed to be the true hyperparameter value, and the expectation is taken with respect to the 

joint distribution of the state vector and the Y  values at time .t  In practice, the true hyperparameter vector 

is replaced by its estimate θ̂  in the Kalman filter recursions. Then, the MSE in (3.1) is no longer the true 

MSE and is called “naive” as it does not incorporate the uncertainty around the θ̂ estimates. The true MSE 

then becomes:  

                       ˆ ˆˆ ˆE ,MSE α θ α α θ αt t t t t t t t t
     

  

which is larger than the MSE in (3.1) and can be decomposed as the sum of the filter uncertainty and 

parameter uncertainty, provided the error terms are normal:  

                ˆ ˆˆ ˆ ˆ ˆ ˆ ˆE E .MSE α θ α α θ α α θ α θ α θ α θt t t t t t t t t t t t t t t t t t
              

 (3.2) 

The first term, the filter uncertainty, is what is estimated by the naive MSE estimates Pt t  delivered 

by the Kalman filter. Estimation of the second term, the parameter uncertainty, requires some additional 

effort. The literature on MSE estimation 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. 

For the parametric bootstrap, the state disturbances, say, ,ηt  are drawn from their estimated joint 

conditional multivariate normal density  
iid

ˆ ˆ~ MN , ,η 0 Ω Ωt  being evaluated at the hyperparameter 

estimate ˆ ,θ  and are used in the Kalman filter state recursions to generate the state variables. Non-parametric 

bootstrap, in turn, has an advantage of not depending on any particular assumption about this joint 

distribution. Unlike in the parametric case where state disturbances are drawn from their estimated 

distribution, in the non-parametric case, standardised innovations are resampled with replacement from the 

standardized innovations that are based on the original hyperparameter estimates. The resampled 
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standardized innovations are further used to generate bootstrap series  1 , ,Y Yb b
T  by running the so-called 

innovation form of the Kalman filter, see Harvey (1989) or Bollineni-Balabay et al. (2016b) for details. In 

the DLFS model, the first 13 time points of standardised innovations are not subject to resampling, as they 

constitute the so-called diffuse sample (this is the time needed to construct a proper distribution for the non-

stationary state variables; see Koopman (1997) for initialisation of non-stationary state variables). 

If an STS model contains non-stationary components, as is the case with the DLFS model, the generated 

series are likely to diverge from the original dataset they have been bootstrapped from, i.e., from 

 1 , , .Y YT  Therefore, a special procedure is required for bootstrap samples to be brought in accordance 

with the pattern of the given dataset. This can be done with the help of the simulation smoother algorithm 

developed by Durbin and Koopman (2002). Technical details for implementation can be found in Koopman 

et al. (2008), Chapter 8.4.2. The survey errors, generated as described in either parametric or non-parametric 

unconditional state recursion, do not need any adjustments as they constitute (autocorrelated) noise. 

The following sections contain a brief presentation of the asymptotic approach, as well as of the recent 

Rodriguez and Ruiz (2012) bootstrap approaches (hereafter referred to as the Rodriguez and Ruiz (RR) 

bootstrap) and of Pfeffermann and Tiller (2005) (hereafter the Pfeffermann and Tiller (PT) bootstrap) 

bootstrap approaches. 

 
3.1  Rodriguez and Ruiz bootstrapping approach 
 

Rodriguez and Ruiz (2012) developed their bootstrap method for MSE estimation conditional on the 

data, which means that bootstrap hyperparameters are further applied to the original data series for obtaining 

bootstrap estimates of the state variables. Bootstrapping can be done both parametrically and non-

parametrically, following the steps below:  

1. Estimate the model and obtain the hyperparameter estimates ˆ.θ  

2. Generate a bootstrap sample  1 , ,Y Yb b
T  using ˆ ,θ  either parametrically or non-parametrically, as 

described in the introduction to this section. If the model is non-stationary, the bootstrap sample has 

to be corrected with the help of the simulation smoother.  

3. The bootstrap dataset  1 , ,Y Yb b
T  is used to obtain both the survey error autocorrelation parameter 

estimates ˆ b  and bootstrap ML estimates ˆ .σθ
b  Thereafter, the Kalman filter is launched using the 

original series  1 , ,Y YT  and the newly-estimated ˆ ,θb  which produces  ˆα̂ θb
t t  and  ˆ .P θb

t t  

4. Steps 2-3 are repeated B  times. Then, the MSE are estimated in the following way:  

       RR

1 1

1 1ˆ ˆ ˆˆ ˆ ,
B B

MSE P θ α θ α α θ α
B B

b b b
t t t t t t t t t t t t

b b 

            (3.3) 

where  1
B 1

ˆˆ .α α θ
B

b
t t b t t
   

 

Equation (3.3) is applied both for the parametric and non-parametric bootstrap MSE estimators 

(denoted hereafter as RR1MSE  and RR2MSE ,  respectively). 
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3.2  Pfeffermann and Tiller bootstrapping approach 
 

The bootstrap developed by Pfeffermann and Tiller (2005) is an unconditional bootstrap. This implies 

that bootstrap state variables are derived from the bootstrap dataset  1 , , ,Y Yb b
T  i.e., not from the original 

data  1 , ,Y YT  as in Rodriguez and Ruiz (2012). Pfeffermann and Tiller (2005) prove that they 

approximate the true MSE up to the order of  21O T  (Pfeffermann and Tiller 2005, Appendix C):  

             PT

1 1

1 1ˆ ˆ ˆ ˆ ˆ ˆˆ ˆ ˆ ˆ2 .
B B

MSE P θ P θ α θ α θ α θ α θ
B B

b b b b b b b
t t t t t t t t t t t t t t

b b 

             (3.4) 

Equation (3.4) is applied both for the parametric and non-parametric bootstrap MSE estimators 

(denoted further as PT1MSE  and PT2MSE ,  respectively). MSE  calculation in (3.4) requires two Kalman 

filter runs for every bootstrap series. In the first run,  ˆα̂ θb b
t t  is estimated from the bootstrap data set 

 1 , ,Y Yb b
T  and the bootstrap parameters ˆ .θb  In this run,  ˆP θb

t t  can also be obtained based on ˆ ,θb  since 

matrix Pt t  does not depend on the data. The second Kalman filter run is needed to produce the state 

estimates  ˆα̂ θb
t t  based on  1 , ,Y Yb b

T  and θ̂ 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 ˆ.θ  

Apart from that, save the “naive” MSE estimates  ˆP θt t  for future use in (3.4).  

2. Use the parametric or non-parametric method to generate a bootstrap sample  1 , , .Y Yb b
T  Apply 

the simulation smoother correction to it if the model is non-stationary. 

3. Estimate bootstrap hyperparameter estimates θ̂b  from the newly generated bootstrap dataset. Run 

the Kalman filter once to get  ˆα̂ θb b
t t  and  ˆ ,P θb

t t  and another time to obtain  ˆˆ ,α θb
t t  as described 

under (3.4).  

4. Repeat steps 2-3 B  times. Then, estimate the MSE using (3.4).  
 

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  ˆα̂ θb
t t  in (3.4) can be replaced by the true vector α b

t  to obtain the following MSE 

estimator:  

         PT1

1 1

1 1ˆ ˆ ˆ ˆˆ ˆ .
B B

MSE P θ P θ α θ α α θ α
B B

b b b b b b b
t t t t t t t t t t t t

b b 

             (3.5) 

There is only one  ˆP θt t  in the right-hand side of (3.5). This is due to the fact that the new term 

   ˆ ˆˆ ˆE ,α θ α α θ αb b b b b b
B t t t t t t

         corresponding to the last term on the right-hand side of (3.5), can 

itself be decomposed, in the same fashion as in (3.2), into the measure of parameter uncertainty 

       ˆ ˆ ˆ ˆˆ ˆ ˆ ˆE α θ α θ α θ α θb b b b b b
B t t t t t t t t

         and the filter uncertainty term  ˆP θb
t t   

   ˆ ˆ ˆˆ ˆE ,α θ α α θ α θb b b b
t t t t t t

         being the true parameter vector the bootstrap state variables α b
t  

are generated with. However, the bootstrap average term    1
B 1

ˆ ˆˆ ˆα θ α α θ α
B

b b b b
t t t t t tb

         

replacing  ˆP θt t  may need much more bootstrap iterations to converge. Further, this simplified method 

may result in an additional bias if the normality assumption about the model error terms is violated. Then, 
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the decomposition of the term    ˆ ˆˆ ˆE α θ α α θ αb b b b b b
B t t t t t t

         according to (3.2) will also contain 

a non-zero cross-term:       ˆ ˆ ˆˆ ˆ ˆE .α θ α α θ α θb b b b b
t t t t t t t

         In this application, the non-zero cross-

term bootstrap averages have turned out to be negligible, but the bootstrap average 

   1
B 1

ˆ ˆˆ ˆα θ α α θ α
B

b b b b
t t t t t tb

         exhibited large departures (in both directions) from the term it 

was meant to replace. This may be explained by the fact that the true Kalman filter MSE in (3.1) can be 

obtained from simulated series if the distribution of the state-vector is sufficiently dispersed. When 

bootstrapping non-stationary models, however, the bootstrap series 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 term    1
B 1

ˆ ˆˆ ˆα θ α α θ α
B

b b b b
t t t t t tb

         that replaces  ˆP θt t  in (3.5) may 

not be sufficiently close to it. For this reason, both parametric (denoted as PT1) and non-parametric (PT2) 

bootstraps in this application rely on the estimator in (3.4). 

A few words have to be said about the role of the simulation smoother of Durbin and Koopman (2002), 

mentioned at the end of the introduction to this section. We suggest that it should be used at the bootstrap 

series generation step. Without it, the bootstrap hyperparameter distribution obtained from uncorrected 

series for a non-stationary model could be very different from what it should be for a particular realisation 

of the data at hand. At least in the case of the DLFS, omitting the simulation smoother step resulted in 

bootstrap hyperparameter distributions having a much wider range than the range of distributions obtained 

with the simulation smoother. Moreover, such bootstrap hyperparameter distributions obtained from 

uncorrected series in the DLFS are centred around values that are much larger than the hyperparameter 

values the series have been generated with. This results in an excessively large bootstrap average 

 1
B 1

ˆP θ
B

b
t tb  (relatively to ˆ( ))P θt t  and, subsequently, in MSE estimates that are even lower than the 

naive ones. The term        1
B 1

ˆ ˆ ˆ ˆˆ ˆ ˆ ˆα θ α θ α θ α θ
B

b b b b b b
t t t t t t t tb

         also becomes very unstable over time 

and excessively large compared to when the simulation smoother is used, but that does not compensate for 

the negative bias obtained from (3.4) without the simulation smoother. 
 

3.3  Asymptotic approximation 
  

An asymptotic approximation (AA) to the true MSE in equation (3.2) was developed by Hamilton (1986) 

and can be expressed as an expectation over the hyperparameter joint asymptotic distribution  ˆ ,θ Y  

conditional on the given dataset  1 , , .Y Y YT   In the present application, the part of the hyperparameter 

vector estimated by the ML method,  ˆ ,σθ  depends on the estimated value of the autoregressive 

parameter ˆ .  Therefore, the joint asymptotic distribution of the hyperparameter estimator has the following 

form:      ˆ ˆˆ ˆ , .σθ Y Y θ Y      The MSE is approximated as follows:  

                ˆ ˆ
ˆ ˆ ˆˆ ˆ ˆ ˆE , E , , ,

θ Y θ Y
MSE P θ Y α θ Y α Y α θ Y α Yt t t t t t t t t t t t 

         
 (3.6) 

where  ˆE
θ Y

 is an expectation taken over the hyperparameter estimator joint asymptotic distribution 

 ˆ ,θ Y  and  α̂ Yt t  are the state vector estimates when the hyperparameters are not known (i.e., 

 ˆ
ˆˆE [ ( , )]).

θ Y
α θ Yt t
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Distribution   ˆ ˆ, VarN    is chosen as ˆ’s  asymptotic distribution  ˆ ,Y   from which random 

̂  realisations are drawn. Generally, the sampling distribution of the correlation coefficient has a complex 

form, but it may be well approximated by a normal distribution, which was the case in this application (the 

normal distribution fitted both the simulated and the bootstrap distribution of ̂  very well). From equation 

(3) in Bartlett (1946), and using the fact that the autoregressive coefficient in an AR(1) process is equal to 

the correlation for lag 1, the variance estimator of ̂  becomes:    2ˆ ˆVar 1 .T    In the case of the 

DLFS, where ˆ = 0.208,  this means that     ˆVar 0.96 1 .T   Taking into account the fact that ˆ’s  

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 ̂  draws 

by means of 1 T  as the asymptotic distribution’s standard deviation would be a reasonable choice. 

A sample of B  draws from the hyperparameter asymptotic distribution is obtained in the following way. 

After a value, say, ˆ ,a  is drawn from  ˆ ,Y   the other hyperparameters are re-estimated from the 

original data to obtain MLˆ ˆ ,σθ Ya  and the information matrix  MLˆˆ ˆ , .σI θ Ya  Finally, a ˆ
σθ
a draw is made 

from distribution   ML 1 MLˆ ˆˆ ˆMN , , .σ σθ I θ Ya  The Kalman filter is run again using ˆ a   and ˆ
σθ
a

realisations to obtain the state estimates  ˆˆ ,α θ Ya
t t  and their MSEs  ˆˆ .P θa

t t  The procedure is repeated 

until B  θ̂a draws are obtained, whereafter (3.6) is obtained by averaging the necessary quantities over B  

iterations. If all the hyperparameters of the model are estimated within the ML procedure, B  draws can 

be made directly from   ML 1 MLˆ ˆˆMN , .θ I θ  

The first term in (3.6) can be approximated by the average value of the Kalman filter variance Pt t  across 

B  realizations of the hyperparameter vector, and the second term by the variance of the state vector 

estimates across the same B  realisations. An asymptotic approximation for the MSE could therefore be 

obtained in the following way:  

       AA

1 1

1 1ˆ ˆ ˆˆ ˆ ˆ ˆ, , ,
B B

MSE P θ α θ Y α α θ Y α
B B

a a a
t t t t t t t t t t t t

a a 

            (3.7) 

where θ̂a  is the tha  draw from the  θ̂ Y  asymptotic distribution. As Hamilton (1986) suggests, the 

sample average  1
B 1

ˆˆ ˆ ,α α θ Y
B

a
t t t ta
   can replace  α̂ Yt t  in (3.6). Further, he states, such a 

decomposition of the total uncertainty into the filter and parameter uncertainty resembles the well-known 

decomposition:        var = var var .X E X Y E X Y  Obviously, this MSE  estimator is entirely 

based on the assumption of asymptotic normality of 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 

assumed asymptotic normal distribution would fail to approximate the finite (usually skewed) distribution 

of maximum-likelihood estimates. 

Another problem with the asymptotic approach can occur if some of the hyperparameters 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 ̂  draws. In these cases, the asymptotic variance of such hyperparameters will be very 

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. 
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4  The DLFS-specific simulation setup 
 

The performance of the five MSE estimation methods is examined on series 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 

lengths 48 and 80 months, and on longer ones of length 200. For each of these series lengths, a Monte-Carlo 

experiment is set up where multiple series (1,000) are simulated on the basis of the DLFS model for the 

number of unemployed. MSEs for each of these series are estimated based on = 300B  bootstrap series; for 

asymptotic approximation, however, at least = 500B  draws turned out to be needed. This number has been 

found sufficient for the approximated MSEs to converge. MSEs delivered by the five methods and averaged 

over the 1,000 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, at least 10,000 simulations 

are needed. 

The above-mentioned artificial series Y s
t  for simulations 1, , 1,000s    (or 10,000) are generated 

parametrically in the following way. First, the hyperparameter ML estimates ˆ
σθ  are obtained from fitting 

the STS model to the original series. Thereafter, state disturbances (recall that survey errors are also 

modelled as state variables) are randomly drawn from their joint normal distribution   ˆ, ,σ0 Ω θN  and 

series are generated using the Kalman filter recursion. Since the system is non-stationary, the generated 

series Y s
t  may take on negative or implausibly large numbers of the unemployed. In order to avoid an 

excessively large number of series with negative values, the state variables recursion is launched from the 

states’ smoothed estimates at one of the highest points of the observed series. Further, the first 30 time points 

are discarded in order to prevent that the series start at the same time-point. With an assumption that 

unemployment in the Netherlands will not exceed 15 percent of the total labour force, the simulation data 

set is restricted to contain only series with values between 0 and 1 mln of unemployed (this value comprised 

about 15 percent of the Dutch labour force in 2010); other series are discarded. 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 .j
tz  

Every series of simulated GREG point-estimates needs its own series of simulated design-based standard 

error estimates, ’s.j
tz  The original known design-based standard error estimates   Var j

tY  would not be 

suitable for this simulation because the sampling error variance is proportional to the corresponding point-

estimate. The following variance function is used to generate design-based variances for the simulated series 

of point-estimates (see Appendix B in Bollineni-Balabay et al. (2016b) for details):  

 

         
             

2 21 1 1 1 1
1

22 21
3

ln Var = ln = ln , 0, ;

ln Var = ln ln ln , 0, , = 2, 3, 4, 5 ,

t
t t t t t

jj j j j j j
t t j t j t t t

Y z c l N

Y z z l N j





   

    


       

           




 
(4.1)

 

where  , = 1, 2, 3, 4, 5j
tl j  is the wave-signal being the sum of the trend, seasonal and RGB components. 

The regression coefficients in (4.1) are time-invariant and are obtained by regressing  2
ln j

tz  on  ln j
tl  

and   21
3ln j

tz 
  from the original DLFS series. The superscripts are used to denote the wave these 

coefficients belong to. The coefficient estimates are presented in Table 4.1, together with the adjusted R 
square goodness of fit measure. 
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Table 4.1 
Regression estimates for the design-based standard error process 
 
  = 1j  = 2j  = 3j  = 4j  = 5j  

ĉ   12.219 - - - - 
ˆ

j   0.630 0.468 0.354 0.414 0.413 

ˆ
j   - 0.717 0.786 0.749 0.751 

ˆ j
   0.202 0.204 0.228 0.225 0.267 
2
adjR   0.351 0.373 0.386 0.477 0.342 

 
The simulation proceeds as follows. For each series length considered and in each simulation ,s  five 

simulated signals  , , = 1, 2, 3, 4, 5j
t sl j  are used to generate five sets of the design-based standard errors 

,
j

t sz  according to the process defined by (4.1) and using the regression coefficients from Table 4.1. As soon 

as an artificial data set is generated, ˆ
s  estimate is obtained, whereafter the rest of the hyperparameters are 

estimated with the quasi-ML method. Note that the same set of design-based standard errors ,z t s  is used to 

generate all bootstrap series within a particular simulation. 

In order to obtain the true MSEs, the DLFS model is simulated a large number of times  50,000 ,M   

with each of these replications being restricted to the same limits as before, i.e., between zero and 1 mln of 

the unemployed. The true MSE is calculated in the following way using the true state vector ,αm t  values 

known for every simulation :m  

      true
, , , ,

1

1 ˆ ˆˆ ˆ .
M

MSE α θ α α θ α
M

t m t m m t m t m m t
m

       (4.2) 

The true MSE of the signal is calculated in the same way by using the wave-signal values , .lm t  

 
5  Results 
  
5.1  Alternative model specifications for the DLFS 
 

STS models are usually selected and evaluated by means of formal diagnostic tests for normality, 

homoscedasticity and independence of the standardised innovations. Parsimonious parameterisation is 

based on log-likelihood ratio tests or on information criteria (e.g., AIC or BIC). The outcomes of such tests, 

however, depend on the particular point estimates of hyperparameters rather than on their entire 

distributions. Simulated distributions of the hyperparameter estimators, obtained with the Monte-Carlo 

simulation described in Section 4, give additional insight into the adequacy of the STS model. The simulated 

distributions give an indication as to whether or not the model tends to be overspecified in the sense that 

some state variables may be modelled as time invariant. 

This study considers four models that differ in numbers of hyperparameters 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 t  removed from the true population parameter .t  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. Removing the 
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irregular component t  from the model has mitigated the instability in the two above-mentioned 

hyperparameters. This formulation implies that the population parameter t  does not exhibit irregularities 

that cannot 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. Alterations 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, i.e., all with the irregular component t  removed (see Table 5.1). 
 

Table 5.1 
Hyperparameters estimated in the four versions of the DLFS model; the disturbance variances are estimated 
on a log-scale 
 
Models Description Parameters estimated 

M1 complete model  
1 2 3 4 5

2 2 2 2 2 2 2 2, , , , , , , ,
R v v v v v             

M2 seasonal time-independent  
1 2 3 4 5

2 2 2 2 2 2 2, , , , , , ,
R v v v v v           

M3 RGB time-independent  
1 2 3 4 5

2 2 2 2 2 2 2, , , , , , ,
R v v v v v           

M4 seasonal, RGB time-independent  
1 2 3 4 5

2 2 2 2 2 2, , , , , ,
R v v v v v         

 

The simulated distributions of the hyperparameter estimators under Model 1 indicate that variance 

hyperparameters of the seasonal and, in particular, of the RGB component are often estimated to be close 

to zero. This causes bi-modality in the distribution of these variance estimates with a significant mass 

concentrated close to zero. Apart from that, an attempt to estimate both  2ˆln   and  2ˆln ,


  as in Model 1, 

distorts the other hyperparameters’ ML estimator distribution that is expected to be normal. For instance, 

normality in    
3 4

2 2ˆ ˆln , lnv v   and  
5

2ˆln v  is severely violated with extreme outliers and/or a huge kurtosis 

(see Figure A.1 in Appendix, where the x  axis is extended due to the outliers), while the corresponding 

variances are less likely to exhibit extreme values as they are supposed to fluctuate around 1. Making the 

seasonal component time-invariant, as in Model 2, hardly changes the situation for the trend 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 (Figure A.2). By contrast, under both 

models where the RGB component is fixed over time (Models 3 and 4), all hyperparameter estimates 

corresponding to the survey error component have turned out to be normally distributed, see Figure A.3 and 

Figure A.4. Under Model 3, distributions are still skewed for the slope and seasonal components (skewness 

of -0.88 and -0.72, and kurtosis of 5.56 and 4.61, respectively). Fixing the seasonal hyperparameter to zero 

under Model 4 results in only a marginal improvement: the distribution of  2ˆln
R

  is negatively skewed 

(-0.81) with an excess kurtosis of 1.76.  

This simulation evidence suggests that the preference in modelling the DLFS series may be given to the 

more parsimonious Model 3, where only the RGB disturbance variance is set equal to zero. However, since 

the RGB itself depends on the numbers of unemployed, its variance hyperparameter is retained for 

production purposes at Statistics Netherlands to secure sufficient flexibility against gradual changes in the 

underlying process.  

The likelihood ratio test can be used to test if the hyperparameters of the seasonal and RGB components 

are significantly different form zero, since Models 2 through 4 are nested in Model 1. The test-statistic has 

very low values for all the three alternative models with respect to Model 1 (0, 0.18 and 0.18 for Models 2, 
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3 and 4, respectively, where the absence of differences between Models 2 and 1, as well as between 

Models 3 and 4 is due to a very low hyperparameter value of the seasonal component). These tests, thus, do 

not indicate that the more parsimonious models perform worse compared to Model 1. Another way of 

evaluating the adequacy of the four models is to compare their predictive power using the Root Mean 

Squared Differences (RMSD) between the GREG estimates and the one-step-ahead predictions for the 

signals. This is done for each wave separately:    2

1=
ˆRMSD = 1 ,

T jj j
t t tt d

T d l Y   with d  taken 

equal to 20, 30 and 60 months. Results presented in the Appendix (Table B.1), however, show that there is 

hardly any difference in the performance of the four models when applied to the original series. The more 

parsimonious models show a slight increase in the RMSD. 

The distribution of the estimator of the survey error autoregressive parameter   across the 1,000 

simulated series does not seem to be affected by model reformulations: it approaches the normal distribution 

quite closely and ranges between 0 and 0.4 when = 114,T  which is in line with the approximation of its 

asymptotic distribution mentioned in Subsection 3.3. The range is slightly wider for the shorter time series 

and narrower when = 200.T  The simulation procedure described in the previous section and the analysis 

of bootstrap methods that follows is performed separately for all the four models. 
 

5.2  MSE estimation 
 

The focus of this simulation study is MSE estimation for the trend and for the population signal, the 

latter being the sum of the trend and seasonal components. The performance of the Kalman filter and of the 

five MSE estimation methods discussed in Section 3 is evaluated by use of the relative bias and MSE of the 

MSE estimators. First, the filtered MSE estimates from (3.3), (3.4) and (3.7) are averaged over 1,000 

simulations (where the average is denoted with a bar: MSE )t t  whereas the Kalman filter MSE estimates 

are averaged over 10,000 simulations, as mentioned at the beginning of Section 4. These averaged filtered 

MSE estimates for Model 3 (except for the AA  method, see below why) are depicted in Figure 5.1 – 5.4 

for = 48,T  = 80,T  = 114,T  and = 200,T  respectively, skipping the first = 30d  time points of the 

sample (d  should exceed the number of time points at the beginning of the series required to eliminate the 

effect of the diffuse filter initialization). Note that the analysis is based on filtered, rather than smoothed 

estimates, because filtered estimates better mimic the process of official figures production. MSEs in the 

four figures exhibit declining patterns, as expected, since the accuracy of the filtered estimates increases if 

more information becomes available over time for estimating the state variables. An exception is the true 

MSEs in Figure 5.2. A possible explanation is that, in this application, the signal MSEs are proportional to 

the signals themselves through the design-based standard errors, with the true MSEs being based on another 

(much larger) set of simulated series (50,000 for true MSEs; 1,000 for MSE estimators). Note that the 

lines in Figure 5.1 look much smoother because they are stretched over a smaller number of time points. 

Further, the patterns in Figure 5.2 – 5.3 look more erratic because the scale of the y  axis is finer, compared 

to Figure 5.1 and Figure 5.4. 

The percentage relative bias is calculated as  trueRB = 100% MSE MSE 1 ,
f

f
t tt t t   where f  defines a 

particular estimation method and trueMSE t t  is defined in (4.2). The percentage relative MSE biases averaged 

over time (skipping the first = 30d  time points) for the signal, the trend and seasonal components are 

presented in Tables 5.2, 5.3, 5.4, and 5.5.  
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Figure 5.1 True MSEs and average MSE estimates for filtered true population parameter (trend plus seasonal) 

from Model 3, 48T   months. 

 
 
 
 
 
 
 
 
 
 
Figure 5.2 True MSEs and average MSE estimates for filtered true population parameter (trend plus seasonal) 

from Model 3, 80T   months. 
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Figure 5.3 True MSEs and average MSE estimates for filtered true population parameter (trend plus seasonal) 

from Model 3, 114T   months. 

 
 
 
 
 
 
 
 
 
 
Figure 5.4 True MSEs and average MSE estimates for filtered true population parameter (trend plus seasonal) 

from Model 3, 200T   months. 
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Table 5.2 
Average percent bias of the MSE estimators under the DLFS model,  = 31, , , 48t T T   
 

Models Signal* Trend Seasonal 
M1 M2 M3 M4 M1 M2 M3 M4 M1 M2 M3 M4 

KF  N/A N/A -7.1 -7.6 N/A N/A -6.5 -6.6 N/A N/A -6.7 -7.0 
PT1 N/A N/A 4.4 1.4 N/A N/A 8.7 6.4 N/A N/A 4.9 2.4 
PT2 N/A N/A 26.2 -4.4 N/A N/A 22.4 -3.1 N/A N/A 25.6 -4.6 
RR1 N/A N/A -9.8 -10.8 N/A N/A -13.9 -13.8 N/A N/A -9.5 -10.1 
RR2 N/A N/A -35.3 -5.6 N/A N/A -29.9 -3.2 N/A N/A -29.7 -5.1 
* Signal is the sum of the trend and seasonal component.

 

Table 5.3 
Average percent bias of the MSE estimators under the DLFS model,  = 31, , , 80t T T   
 

Models Signal* Trend Seasonal 
M1  M2   M3   M4   M1  M2   M3   M4   M1  M2   M3   M4 

KF  -3.0 -3.2 -2.1 -2.2  -3.5 -3.8 -2.5 -2.5   8.8 2.5 2.9 2.4 
AA  N/A N/A N/A 14.9 N/A  N/A N/A 15.0  N/A N/A N/A 14.9 
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  -7.2  -9.0  -7.3  -7.2  -9.6 -11.2 -9.6 -9.5 -3.8 -9.0 -6.7 -6.6 
RR2  6.7  -3.5  -3.9  -4.2   5.3  -4.1  -4.6  -5.4  18.6 -4.7 -4.1 -4.3 
* Signal is the sum of the trend and seasonal component.

 

Table 5.4 
Average percent bias of the MSE estimators under the DLFS model,  = 31, , , 114t T T   
 

Models Signal* Trend Seasonal 
M1  M2   M3   M4   M1  M2   M3   M4   M1  M2   M3   M4 

KF  -2.1 -2.6 -2.4 -2.2  -2.3 -2.7 -2.4 -2.3  2.5 -3.2 -3.1 -2.6 
AA  N/A N/A N/A  5.2 N/A N/A N/A  4.1  N/A N/A N/A 12.5 
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  -8.3  -7.8  -6.4  -6.5  -10.7 -9.9  -8.7  -8.9  -3.1 -7.2 -5.5 -5.6 
RR2  -1.1  -6.0  -3.9  -3.5   -3.0  -7.6  -5.5  -5.0  7.3 -5.9 -3.2 -3.0 
* Signal is the sum of the trend and seasonal component.

 

Table 5.5 
Average percent bias of the MSE estimators under the DLFS model,  = 31, , , 200t T T   
 

Models Signal* Trend Seasonal 
M1  M2   M3   M4   M1  M2   M3   M4   M1  M2   M3   M4 

KF  -1.3 -1.6 -1.3 -1.3 -1.7 -1.8 -1.6 -1.6 3.8 -1.7 -1.6 -1.6 
AA   N/A N/A N/A 5.9 N/A N/A N/A 5.6 N/A N/A N/A 5.6 
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  12.5  2.1 1.3 0.6 
RR1  -8.0 -8.0 -4.9 -5.9  -10.0  -9.9 -6.8 -7.1  -1.1  -5.3 -3.8 -3.9 
RR2  -5.1  -5.6 -4.5 -5.0  -7.0  -7.4 -6.0 -6.4  3.6  -3.1 -3.3 -3.9  
* Signal is the sum of the trend and seasonal component.

 

Table 5.6 
Average estimated variance and MSE of the MSE estimators for the numbers of unemployed under the DLFS 
model (divided by 1510 ),   = 31, , , 48t T T   
 

Models Signal* Trend Seasonal 
M3 M4 M3 M4 M3 M4 

MSEVar  MSEMSE  MSEVar  MSEMSE MSEVar MSEMSE MSEVar MSEMSE MSEVar  MSEMSE  MSEVar MSEMSE

PT1  3.39 3.46 3.64 3.66 3.61 3.83 3.67 3.81 0.59 0.61 0.64 0.65 
PT2  5.03 7.26 3.03 3.10 4.02 5.27 2.56 2.61 1.00 1.50 0.52 0.54 
RR1  2.51 2.83 2.68 3.06 2.03 2.51 2.13 2.62 0.44 0.51 0.48 0.55 
RR2  1.59 5.93 2.74 2.85 1.52 3.97 2.50 2.56 0.55 1.28 0.50 0.52 
* Signal is the sum of the trend and seasonal component.
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Table 5.7 
Average estimated variance and MSE of the MSE estimators for the numbers of unemployed under the DLFS 
model (divided by 1510 ),   = 31, , , 80t T T   
 

Models Signal* Trend Seasonal 
M3 M4 M3 M4 M3 M4 

MSEVar  MSEMSE  MSEVar  MSEMSE MSEVar MSEMSE MSEVar MSEMSE MSEVar  MSEMSE  MSEVar MSEMSE

PT1   2.24   2.29   2.43   2.52   1.82   1.91   1.97   2.09   0.27   0.30   0.27   0.31  
PT2   2.20   2.23   2.14   2.18   1.71   1.74   1.66   1.69   0.27   0.28   0.27   0.29  
RR1   1.86   1.95   1.74   1.82   1.42   1.56   1.33   1.46   0.22   0.23   0.22   0.23  
RR2   1.98   2.01   1.94   1.97   1.57   1.60   1.49   1.54   0.23   0.23   0.23   0.23  
* Signal is the sum of the trend and seasonal component.

 
The main conclusions from the simulation study are as follows: 

1. For = 48,T  and when averaged over time (starting from = 31),t  the relative bias of the signal MSE 

obtained with the use of the Kalman filter is around -7 percent. This bias tends to decrease as the series 

length increases. The Kalman filter (KF) bias is quite small for the case of = 200,T  such that none of the 

estimation methods offers an improvement over the KF based MSE estimates. One could still apply the 

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

2. The AA  method turned out to be inapplicable to the models with marginally significant 

hyperparameters. When some of the hyperparameters are estimated close to zero, the matrix  1 MLˆ
σI θ a  

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 performance for = 114T  and = 200T  is comparable to that 

of the PT1 bootstrap method, but significantly worse than the PT2 method’s performance. 

3. As can be immediately observed, the use of the RR  bootstrap results in a negative bias, whereas the use 

of the PTmethod produces a positive bias. Contrary to the claim of Rodriguez and Ruiz (2012) that their 

approach has better finite sample properties compared to the approach of Pfeffermann and Tiller (2005), the 

case of the DLFS suggests that the RR  based MSE estimates, both the parametric and non-parametric 

ones, have larger negative biases than the KF based MSE estimates across all the models and series lengths 

(except for RR2 in Model 4 when = 48,T  and in Model 1 when = 80T  and = 114).T  While the PT  

bootstrap method is shown to have satisfactory asymptotic properties in Pfeffermann and Tiller (2005), 

Rodriguez and Ruiz (2012) illustrate the superiority 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. The PTmethods have never produced negative biases for the 

DLFS, which makes these methods conservative (except for PT2 in Model 4 when = 48,T  with the 

negative bias still being smaller than that of the Kalman filter). Another striking outcome for = 48T  is that 

the PT2 positive bias and the RR negative bias take on very large values in Model 3. However, with such a 

short series length and with so many non-stationary components like in the DLFS model, it is difficult to 

obtain reliable estimates from non-parametric bootstrap methods, since the burn-in period (or the diffuse 
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sample) necessary for the non-parametric generation of the series takes more than a quarter of the series 

length (13 months out of 48). 

4. For the series of lengths = 114T  and = 80,T  the positive biases produced by the PT2method slightly 

exceed the KF biases in absolute value in 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 value. For = 48,T  bootstrap results are presented only for Models 3 and 4 (Models 1 and 2 that 

tend to be overspecified are not considered due to numerical problems). As could be expected, the biases 

are larger for this series length: the negative KF and RR biases become larger in absolute value, and so do 

the PT positive biases, with an exception of the above-mentioned result for PT2 in Model 4.  

The signal MSE of Model 3, which could be considered as the better option for the production of official 

DLFS figures, is best estimated by the PT2 approach, with the relative bias of 1.4 and 1.9 percent for = 80T  

and = 114,T  respectively. The PT2 bootstrap method also seems to be the best method for = 200,T  

but, as already noted, the negative KF biases are already quite small for series of this length. For very short 

series like = 48,T  the parametric PT1 bootstrap seems to be the best option. 

5. For both the PT   and RR  methods (except for RR2 in Model 4, = 48),T  the absolute values of the 

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 distorted normality of the error distribution in the models. Therefore, non-parametric bootstraps should 

be preferred unless time series are very short. 

6. Apart from the bias of the MSE estimators, their variability may also give important insights into their 

reliability. To our knowledge, this has not been yet presented in the statistical literature. Tables 5.6 and 5.7 

contain variances and MSEs of the four bootstrap MSE estimators for the signal, trend, and seasonal 

components for the two most interesting series lengths: = 48T  and = 80T  months (Models 1 and 2, as 

well as the asymptotic approximation, are not considered due to the aforementioned numerical problems). 

For both Model 3 and Model 4, the MSEs of the two PT MSE estimators are larger than the MSEs of the 

two RR MSE estimators. The RR MSE estimators’ seemingly superior performance, reflected by their 

smaller MSEs, is due to their smaller variances. The biases, however, are sometimes large enough to bring 

MSEs of these MSE estimators almost to the level of MSEs of the PT estimators. More importantly, the 

biases of the RR MSE estimators are mostly negative, often exceeding those of the Kalman filter. This 

phenomenon makes RR  bootstraps hardly applicable in this application. 

Apart from the above-mentioned simulation results, it is also interesting to see if the STS model-based 

approach still offers more precise predictors than the design-based variance estimates even after correcting for 

the hyperparameter uncertainty. For this purpose, STSmodel-based Root MSEs (RMSEs) obtained with the 

different MSE estimation procedures for the original series  = 114T  are compared to the standard errors 

(SEs) of the GREG estimator. Such Mean Differences in the Standard Errors (MDSE) under the time series 

model m    = 1, 2,3, 4m  are defined as:        
=

ˆMDSE =100% RMSE SE SE
T

f f m
m t t t tt d

T d l Y Y     

and are presented in Table 5.8, with ˆm
t tl  being the filtered estimate for the true population parameter, defined 
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as trend plus seasonal, under model .m  Results are shown for the Kalman filter (labelled as “KF” in the 

table), i.e., when the hyperparameter uncertainty is neglected, as well as for cases when the five MSE 

estimation methods are applied to take the hyperparameter uncertainty into account. The true RMSEs from 

(4.2) are also compared to the GREG standard errors (see row “True” in Table 5.8). Note that the RGB and, 

particularly, the seasonal hyperparameter estimates obtained from the original DLFS data set are quite small. 

Therefore, there are no noticeable differences between the signal point-estimates of the four models. The 

AA, being the most unreliable approach, produces overestimated SEs (compare the 18- to 20-percent 

reduction based on the true RMSEs) due to nearly singular information matrices of the hyperparameter ML 

estimates. Keeping that in mind, one should feel more confident with the use of the PT  estimators. 

Although the simulation study presented in this paper shows that PT2 usually outperforms the PT1 

parametric approach, for this particular series, the PT1 based SEs are closest to the true RMSEs, offering 

about a 20 percent reduction in the estimated GREG standard errors. This means that the model-based 

approach offers a significant variance reduction compared to the traditional design-based approach, even 

after accounting for the hyperparameter uncertainty. 

 
Table 5.8 
Percentage mean differences in the SEs (MDSEs) between the GREG- and model-based estimators for the 
original DLFS series, = 30;d  percentage increase in the Kalman filter-based SEs after applying the MSE 
correction (in parentheses) 
 

   Model 1  Model 2   Model 3   Model 4 
KF  -24.1 -24.1 -24.5 -24.5 
True  -20.0 (5.56) -20.1 (5.5) -20.6 (5.4) -20.7 (5.3) 
AA  -18.8 (6.9) -19.0 (6.7) -19.1 (7.1) -19.5 (6.6)  
PT1 -20.1 (5.2) -20.1 (5.2) -21.1 (4.6) -21.2 (4.4) 
PT2 -22.9 (1.6) -21.2 (3.8) -22.2 (3.1) -22.5 (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) 

 
6  Concluding remarks 
 

There is a gradually increasing interest among NSIs in the use of STS models for the production of 

monthly figures on the labour force. In the Netherlands, such a model has been applied in the production of 

official LFS figures since 2010. STS models constitute a type of small area estimation (SAE), where sample 

information from preceding periods is used to obtain more precise estimates, as well as to account for the 

rotating panel design, often used in Labour Force Surveys. 

Ignoring the hyperparameter uncertainty in the MSEs of STS model-based estimates results in 

underestimation of the MSEs of domain estimates. Particularly when series are short, which is often the 

case at NSIs, the bias due to ignoring hyperparameter uncertainty can be substantial. Most applications of 

SAE procedures in the literature are based on multilevel models, where it is common practice to account for 

hyperparameter uncertainty. The literature on STS models applied in the context of SAE is rather limited, 

with most applications ignoring hyperparameter uncertainty in the MSE estimates. Whether the bias in the 
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obtained MSEs becomes substantial, depends on the structure of the model and on the length of the series. 

The present work describes a Monte-Carlo simulation applied to the STS model used by Statistics 

Netherlands for estimating monthly unemployment. The simulation serves two purposes. Firstly, it 

establishes the amount of bias in the DLFS MSEs when hyperparameter uncertainty is ignored. In addition 

to that, several MSE estimation methods available in the literature for the STS framework are compared in 

this simulation, and the best approach for the Dutch LFS is established. Secondly, simulating the 

distributions of the hyperparameter estimators is useful for obtaining better insights into the dynamics of 

the unobserved components in the STS model, and thus, ascertain the necessity to model the components as 

time-variant. In the case of the DLFS, the simulation shows that it might be worth considering a more 

restricted version of the model, where the rotation group bias is time-invariant and the population white 

noise is ignored. For both reasons, it is advisable to conduct a simulation as described in this paper as part 

of the model implementation process into official statistical production. 

The comparison of the MSE estimation procedures also sheds new light on their properties. The 

asymptotic approximation is not applicable to cases where hyperparameters are close to zero because the 

information matrix of the hyperparameter estimates becomes (almost) singular. The non-parametric 

bootstraps, being less dependent on normality assumptions, perform better than their parametric 

counterparts under both Pfeffermann and Tiller (2005) and Rodriguez and Ruiz (2012) approaches, except 

in very short series. The most important finding is that the PT bootstraps have positive biases and 

consistently outperform the RR bootstraps, where the biases are generally negative and larger (in absolute 

terms) than those produced by the Kalman filter. 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 heuristic and 

are based on a simple model (random walk plus noise), while Pfeffermann and Tiller (2005) prove that their 

bootstrap approach produces MSE estimates with a bias of correct order. 

The variances of the PT MSE estimators are larger than the variances of the RR MSE estimators. 

Differences between MSEs of the PT and RR MSE estimators are modest to moderate (MSEs of the RR 

MSE estimators are 28 to 8 percent lower than those of the PT estimators, depending on the model and the 

time series length). More importantly, the tendency of the RR MSE estimators to have negative biases, 

sometimes exceeding those of the Kalman filter, renders these bootstrap methods inapplicable. Hence, the 

PTmethods should be generally considered for other survey data too, despite the fact that these methods 

may occasionally be outperformed by the RR  methods. 

For very short time series, the non-parametric bootstraps do not seem to be an option for a model of the 

presented complexity. The PT parametric bootstrap, however, corrects the negatively biased MSE up to a 

small positive bias (1.4 to 4.4 percent, depending on the model). For the present series length of 114 months, 

the negative MSE bias can be reduced from about -2.4 to 1.9 percent with the non-parametric method of 

Pfeffermann and Tiller (2005) in the model with a time-invariant RGB. The true Kalman filter root MSEs 

are about 20 smaller than the standard errors of the GREG estimates in all the four models applied to the 

DLFS data. In general, the biases in the Kalman filter MSE estimates are relatively small in the DLFS 

application. Therefore, it may be deemed sufficient to rely on these naive MSE estimates for publication 

purposes. 
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Appendices  
 
A. Simulated densities of the hyperparameters under the four versions of the 

DLFS model 
 

This appendix presents the hyperparameter density functions obtained from simulations where the four 

versions of the DLFS model (see Table 5.1) 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. 

 
 
 
 
 
 
 
 
 
 
 
Figure A.1 Hyperparameter distribution under the complete DLFS model (Model 1), left to right on the x-axes: 

3 6 9 12
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t t t t tR v v v v v             the normal density 

with the same mean and variance superimposed; 50,000 simulations, 114.T   
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Figure A.2 Hyperparameter distribution under Model 2, left to right on the x-axes: 2 2ˆ ˆln( ), ln( ),
R    
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         the normal density with the same mean and 

variance superimposed; 50,000 simulations, 114.T   
 

 
 
 
 
 
 
 
 
 
 
 
 

Figure A.3 Hyperparameter distribution under Model 3, left to right on the x-axes: 2 2ˆ ˆln( ), ln( ),R    
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         the normal density with the same mean and 

variance superimposed; 50,000 simulations, 114.T   
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Figure A.4 Hyperparameter distribution under Model 4, left to right on the x-axes: 2 2ˆ ˆln( ), ln( ),t
tR v
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        the normal density with the same mean and variance 

superimposed; 50,000 simulations, 114.T   

 
B. Predictive performance of the four DLFS models 
 
Table B.1 
Root mean square deviations of GREG estimates of the numbers of unemployed from their one-step-ahead 
predictions, per wave 
 

W Model 1 Model 2 Model 3 Model 4 
= 20d  = 30d  = 60d  = 20d = 30d = 60d  = 20d = 30d = 60d  = 20d  = 30d = 60d  

1 34,370 33,582 34,641 34,370 33,582 34,641 34,518 33,754 34,881 34,525 33,757 34,885 
2 30,130 29,770 29,410 30,130 29,770 29,410 30,138 29,780 29,418 30,144 29,779 29,409 
3 35,792 32,631 34,654 35,792 32,631 34,654 35,714 32,535 34,499 35,716 32,532 34,499 
4 39,647 38,556 36,797 39,647 38,556 36,797 39,753 38,640 36,891 39,743 38,633 36,889 
5 38,271 37,622 36,341 38,271 37,622 36,341 38,183 37,528 36,225 38,177 37,523 36,226 
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