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Abstract

This study evaluates methods for estimating total quarterly hours actually worked 
within enterprises, using known annual values obtained from a complete enumer-
ation survey conducted by the Statistics Poland. Using data from Q1 2009 to Q4 
2023, we compare the estimates across economic activity sections with official 
quarterly survey data from Statistics Poland. Our approach prioritises practical-
ity, computational feasibility, and statistical integrity. The evaluated methods are 
classified using forecast accuracy metrics and taxonomic tools based on the dis-
tance from an abstract ideal solution. The analysis demonstrates that methods 
employing average paid employment as an auxiliary series are more effective than 
approaches focused on movement preservation. Litterman’s method, which mini-
mises the weighted residual sum of squares, exhibits the highest forecast accuracy 
and the greatest resilience to external shocks such as the COVID-19 pandemic and 
the global energy crisis. Our findings provide useful insights for selecting optimal 
interpolation methods in labour market statistics from a complete enumeration 
survey by the Statistics Poland.

Streszczenie

W badaniu oceniono metody szacowania łącznej kwartalnej liczby godzin prze-
pracowanych w przedsiębiorstwach, wykorzystując do tego znane wartości roczne 
z pełnego badania przeprowadzanego przez Główny Urząd Statystyczny. Osza-
cowania dotyczące okresu od I kwartału 2009 r. do IV kwartału 2023 r. uzyskane 
w poszczególnych sekcjach działalności gospodarczej porównano z oficjalnymi 
danymi pochodzącymi z badań kwartalnych Głównego Urzędu Statystycznego. 
W analizie uwzględniono przede wszystkim praktyczność, wykonalność obli-
czeniową oraz spójność statystyczną. Metody zostały sklasyfikowane na podsta-
wie miar dokładności prognozowania oraz narzędzi taksonomicznych opartych 
na odległości od abstrakcyjnego idealnego rozwiązania. Wyniki wskazują, że 
metody, w których wykorzystuje się przeciętną liczbę zatrudnionych jako zmienną 
pomocniczą, są bardziej efektywne niż te, które koncentrują się na zachowaniu 
dynamiki zmian. Metoda Littermana, minimalizująca ważoną sumę kwadratów 
reszt, wykazała najwyższą dokładność prognoz oraz odporność na zewnętrzne 
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szoki, takie jak pandemia COVID-19 i globalny kryzys energetyczny. Uzyskane 
wyniki dostarczają wskazówek dotyczących wyboru optymalnych metod inter-
polacji w statystyce rynku pracy.

Introduction

The challenge of missing high-frequency data is a common issue for researchers and practitioners [Cham-
berlin, 2010]. Although no tools can fully compensate for this limitation, temporal disaggregation methods 
have been widely applied in public statistics, particularly in the context of national accounts [Mosley et al., 
2022; Wójcik, 2016; Quenneville et al., 2013; Chen, 2007]. In contrast, this article analyses temporal disag-
gregation from the perspective of practitioners involved in the production of official labour market statistics. 
The methods considered here prioritise practicality, computational viability, resilience, ease of understanding, 
statistical integrity, and adaptability [Quilis, 2018].

The goal of this article is to disaggregate annual time series of time actually worked (effective working 
time) in medium-sized and large enterprises into quarterly frequencies across the NACE Rev. 2 economic 
activity sections. The study evaluates sparse and adaptive sparse temporal disaggregation [Mosley et al., 2022], 
the temporal disaggregation methods of Sax and Steiner [2013], and the imputation methods of Moritz and 
Bartz-Beielstein [2017] from the first quarter of 2009 to the fourth quarter of 2023. It compares the ability 
of these interpolated time series to mirror the official, high-quality, but costly, complete enumeration sur-
vey-based quarterly series on hours actually worked provided by the Statistics Poland (GUS). The assessment 
is conducted using forecast accuracy metrics, statistical tests, diverse auxiliary time series, and taxonomic 
analysis based on proximity to an abstract ideal solution [Hellwig, 1968; Walesiak, 2017].

This article contributes to both the literature and practice as an optimal method depends critically on the 
application context [Reber, Pack, 2014]. Therefore, it is essential to consider the specific nature of effective 
working time and the availability of suitable high-frequency auxiliary indicators.

The study introduces the first application of Hellwig’s [1968] procedure and Polish taxonomic principles 
for ranking interpolation methods. Unlike most empirical studies on temporal disaggregation, which usually 
focus on a single method or compare only a few, this study evaluates 36 methods using a real-world case study. 
It considers four fundamental high-frequency auxiliary variables – the industrial production index, GDP, GDP 
per capita, and gross value added (all expressed in real terms) – as well as their combinations with average paid 
employment, including lagged variants and seasonal components. In total, this results in over 36 potential 
high-frequency auxiliary series across each economic activity section (see Table 5A in the Appendix).

The article is applicative in nature, emphasising the need for sustainable statistics to replace surveys with 
alternative methods or data sources while maintaining high precision. Time actually worked in enterprises is 
typically not available from administrative data sources, unlike employment and wage statistics. This neces-
sitates estimating or surveying its missing higher frequency data. Up-to-date quarterly information on time 
actually worked is crucial in modern knowledge-based economies. Mathematical methods can meet this need, 
reducing the statistical burden on enterprises, lowering the costs associated with survey-centric approaches, 
and improving government budget conditions. Enterprises could then allocate their time more productively 
instead of completing time-consuming quarterly reports.

Empirical findings reveal that, among the methods considered, temporal distribution methods are the most 
effective for interpolating missing quarterly data on time actually worked within enterprises. Specifically, the 
results suggest using the average paid employment indicator as an auxiliary time series rather than methods 
focused primarily on movement preservation. In our application, the Litterman [1983] method, with the min-
imisation of the weighted residual sum of squares [Barbone et al., 1981], provided the best forecast accuracy. 
Using only the average paid employment indicator yielded satisfactory results while maintaining simplicity, 
ease of understanding and consistency across economic activity sections (MAPE = 2.8%). Incorporating addi-
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tional auxiliary indicators further improved forecasts (MAPE decreased to 2.49%), though the optimal auxil-
iary indicators varied across economic activity sections.

This article may help overcome scepticism regarding the potential of temporal disaggregation methods 
for labour market statistics in Poland. The findings offer valuable guidance for selecting the optimal method 
for temporal disaggregation of effective working time, applicable to labour market statistics in other coun-
tries as well.

The remainder of this article is organised as follows. Section 2 provides a review of temporal disaggrega-
tion methods, along with their applications in official statistics. Section 3 compares the current approach used 
by Statistics Poland with the alternative proposed in this study. Section 4 outlines the methodological frame-
work, including the temporal disaggregation procedures and the linear ordering method applied. Section 5 
describes the data sources, clarifies key components included in the definition of effective working time, and 
presents empirical evidence demonstrating a close relationship between average paid employment and time 
actually worked. Section 6 presents the empirical results. Finally, Section 7 discusses the limitations of the 
empirical research and proposes future improvements based on administrative data.

Literature review

Temporal disaggregation techniques are regression-based methods employed by several NSOs. For instance, 
the Italian National Institute of Statistics adopts these techniques to obtain quarterly national accounts [Bisio, 
Moauro, 2018]. In France, temporal disaggregation is utilised to determine the quarterly GDP [Sax, Steiner, 
2013], while in Austria, numerous quarterly time series are estimated by disaggregating annual data [Schei-
blecker et al., 2007]. The US Census Bureau applies the Causey-Trager [1981] growth rate preservation model 
for temporal disaggregation and benchmarking [Brown, 2012]. Rossi and Chini [2021] utilise a state-space 
method for the temporal distribution of US business dynamics, deriving quarterly data from the Census data. 
Pipień and Roszkowska [2015] propose a linear regression method for estimating Poland’s quarterly GDP.

Interpolation methods typically fall into two categories: (1) methods that do not use auxiliary time series 
and rely solely on mathematical dependencies or ARIMA models to smooth the unobserved values [Hodgess, 
Mhoon, 2019]; and (2) methods that incorporate information from auxiliary time series available at higher 
frequencies, which are logically and empirically related to the lower frequency series with missing data. Com-
prehensive overviews of temporal disaggregation, interpolation, benchmarking, and calendarisation techniques 
are provided by Dagum and Cholette [2006], Pavía-Miralles et al. [2010], and the International Monetary 
Fund [2017].

Early work in this field includes Denton’s [1971] quadratic optimisation approach focused on movement 
preservation to minimise the difference between revised and original series. Chow and Lin [1971] introduced 
a generalised least squares (GLS) regression using several high-frequency auxiliary variables, including a pos-
sible constant, a method now well-established in several NSOs [Eurostat, 2018]. This technique has been 
extended by Fernández [1981] and Litterman [1983], who allow residuals to follow a nonstationary process. 
Fernández’s [1981] approach is a special case of Litterman’s [1983], where residuals follow a random walk. 
Litterman’s method more broadly considers the serial correlation of errors. Santos Silva and Cardoso [2001] 
further enhanced the Chow and Lin [1971] method by incorporating dynamic models.

Recent advancements in big data and the increasing availability of high-frequency administrative data have 
spurred a growing body of literature on forecasting macroeconomic time series [Fuleky, 2019]. High-frequency 
administrative data enable the use of machine learning methods and numerous high-frequency indicators to gen-
erate more accurate forecasts. However, when the number of dimensions exceeds that of observations, consist-
ent parameter estimates require additional structure [Wainwright, 2019]. Consequently, recent approaches 
have extended earlier work on temporal distribution to high-dimensional settings [Mosley et al., 2022].
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Alternative proposals for temporal distribution include seemingly unrelated structural time series mod-
els [Moauro, Savio, 2005] and multivariate models with restrictions imposed by time series [Proietti, 2010]. 
Huang [2012] suggests a regime-switching model to capture the non-linear behaviour of aggregated and disag-
gregated output series and the asymmetrical nature of business cycles. A novel approach is the use of wavelets 
for temporal disaggregation [Perricone, 2018], which have been gaining popularity in economics [Ryczkowski, 
Zinecker, 2022]. Despite these innovations, NSOs typically use well-established, sound methods recognised 
and accepted by the international community, as noted by Di Fonzo [2003]. Moreover, Quilis [2018] argues 
that the benefits of increased complexity in temporal distribution methods may be minimal.

The basis for a new estimation of effective working time

By providing a robust and practical solution for estimating quarterly hours worked, this research seeks to 
reduce reliance on costly and time-consuming survey (Z-03), thereby enhancing the efficiency of official statis-
tics. In the method currently employed by the Statistics Poland for determining quarterly total time actually 
worked in enterprises, the actual hours worked for Q1, Q2, and Q3 are calculated as the sum of hours reported 
in Forms Z-03 and DG-1. The annual total time actually worked for the same group of units is determined 
based on reports submitted using Form Z-06. Administrative data sources play a supporting role in calculat-
ing selected specific values related to employment (upper part of Figure 1).

The survey conducted using Form Z-03 provides information on time actually worked by employees con-
sidered in the calculation of the average number of employed persons. The Z-03 survey also covers public sector 
units and budgetary institutions classified under all types of activities, regardless of the number of employees. 
However, it does not include agricultural holdings, foundations, associations, social organisations, employers’ 
organisations, or economic and professional self-government bodies.

The survey conducted using Form DG-1, similar to the survey with Form Z-03, provides information on 
time actually worked by employees considered in the calculation of the average number of employed persons. 
The DG-1 survey covers entities classified within the enterprise sector with 50 or more employees, as well as 
a 10% sample of units with 10 to 49 employees.

The proposed new procedure for determining quarterly data on hours actually worked is based on the 
temporal disaggregation of annual data (Form Z-06), combined with quarterly data on average employment 
from administrative data sources (as an auxiliary variable) and other potential high-frequency auxiliary time 
series to further improve the forecast. Here, administrative data sources play an active role, as the algorithms 
for calculating employment, wages, and salaries developed by Statistics Poland [2018], and later refined, are 
now ready to generate the quarterly data on wages and employment that were previously collected using Form 
Z-03 (see the lower part of Figure 1).

The only data missing from administrative sources are hours actually worked, making their estimation 
crucial for eliminating the need for the quarterly Z-03 survey. A central question addressed in this paper is 
how the estimated data on time actually worked, from a historical perspective spanning Q1 2009 to Q4 2023, 
differed from the actual survey-based data on hours worked as obtained from the combined Z-03 and DG-1 
sources. To clarify, the Monthly Report on Economic Activity (Form DG-1) would remain necessary even if 
the method proposed in this article were adopted. This is because the DG-1 survey includes questions about 
economic activity, many of which are not covered by administrative sources, nor has a methodology been 
established for estimating them.



26 Maciej Ryczkowski,     Evaluating the Methods of Estimating Total Hours Actually Worked: Insights from Labor Market Statistics

Figure 1.  Current method of the Statistics Poland for determining quarterly time actually worked (above) 
and proposal using temporal disaggregation methods (below)
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Source: Author’s own elaboration.

Temporal disaggregation and linear ordering

The article examines sparse temporal disaggregation and adaptive sparse temporal disaggregation methods 
by Mosley et al. [2022], both of which operate in high-dimensional settings using the least absolute shrink-
age and selection operator (LASSO) of Tibshirani [1996] to exclude insignificant indicators from the model. 
Additionally, the study explores several classical temporal disaggregation techniques, including those by Den-
ton [1971] and Chow and Lin [1971], and their extensions by Fernández [1981], Litterman [1983], Santos 
Silva and Cardoso [2001], alongside other variants detailed by Sax and Steiner [2013]. These methods are 
 implemented under various assumptions regarding the specification of the distribution matrix and approaches 
to estimating the autoregressive parameter (Appendix: Table 1A).
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The research also incorporates multiple univariate time series imputation methods as outlined by Moritz 
and Bartz-Beielstein [2017]. While temporal distribution methods rely on inter-attribute correlations, uni-
variate time series imputation utilises time dependencies. This provides a benchmark to evaluate the perfor-
mance of more complex temporal disaggregation techniques (Appendix: Table 2A).

Regression-based temporal disaggregation techniques utilise high-frequency auxiliary indicators to esti-
mate missing high-frequency data points, aiming to ensure high precision and continuous historical data for 
the original low-frequency series. The natural indicator closely related to effective working time is average 
employment, calculated in full-time equivalents. In fact, average employment and time actually worked in a spe-
cific company for a given quarter are used as cross-checks by Statistics Poland. This study formally examines 
the relationship between hours actually worked and average employment using linear Pearson correlation, 
significance tests, bootstrap confidence intervals, descriptive statistics, and the Johansen cointegration test. 
Additionally, a range of unit root tests are applied, including ADF, KPSS, ADF-GLS, and PP tests. Most of 
the methods analysed, including the Chow-Lin method [Fukuda, 2009], perform particularly well when the 
auxiliary time series are closely associated with low-frequency series.

The study also investigates other potential quarterly auxiliary indicators: real Gross Domestic Product 
(GDP), real GDP per capita, the real Industrial Production Index (IPI), and real Gross Value Added (GVA). 
These indicators and their seasonal components, obtained using X-13ARIMA-SEATS, are examined, along 
with the consideration of lags specific to each economic activity section. To address the issue of incorporating 
lags and avoid delays in quarterly time worked estimates, missing data points are forecast using an updated ver-
sion of the Hyndman and Khandakar [2008] algorithm. Additionally, a naive forecasting method is employed 
as a simple robustness check.

The objective of the temporal distribution in this study is to estimate an unknown high-frequency series 
of hours actually worked, y (in this case, quarterly), where the sums are consistent with a known low-fre-
quency series, yl, derived from an annual comprehensive enumeration survey (Form Z-06, as shown in Fig-
ure 1). In other contexts, the unknown high-frequency series may be aligned with the average, first or last 
values of a known low-frequency series. To estimate y, the methods can employ one or more high-frequency 
auxiliary variables (trackers) that are considered as proxies for yl. The high-frequency auxiliary variables are 
collected in an n m#  matrix X:

 : , , , , ,X X j m t n1 1… …,j t= = =" ,, (1)

where m represents the number of trackers, and n corresponds to the number of high-frequency observations 
(in this case, quarterly). In a specific case, the Denton and Denton-Cholette methods utilise a single indicator 
for the preliminary series, where p=X and X is an n×1 matrix.

The temporal disaggregation methods involve generating a high-frequency preliminary time series p and 
subsequently allocating discrepancies between the annual preliminary and actual annual values yl across the 
preliminary quarterly time series. The final estimation of the quarterly series is derived by adding the prelim-
inary quarterly series to the distributed annual residuals, as outlined in Equation 2. The variety of temporal 
distribution methods can be simplified by organising them within a framework of equations (2) and (3) [Sax, 
Steiner, 2013]:

 y p Du1= +t  (2);

 u y Cpl l/ -  (3),

where: subscript l denotes low frequency variables, y^  is the final estimation of quarterly time series, D is the 
distribution matrix with dimensions equal to quarterly (n) and annual (nl) observations, ul is the vector of nl

length that consists of differences between the annualised values of p and yl. C is the temporal aggregation – 
extrapolation matrix: Inl

7 ~, which is the Kronecker product of an identity matrix of size nl and a transposed 
vector ~ of length n

n
l
 (frequency conversion ratio) which specifies the form of temporal aggregation. In this 
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article, we set [ , , , ]1 1 1 1~=  meaning the annual values of hours actually worked represent the sum of the 
quarterly values. In other contexts, depending on the choice of ~, different cases may arise: annual values can 
represent the average of quarterly values if [ , , , ]

n
n

n
n

n
n

1 1 1…
l l l

~= , annual values can equal the first quarterly 

value if [ , , , , ]1 0 0 0…~= , or the last quarterly value if [ , , , ]0 0 1…~= . Equation (2) serves as the foundation 
for the disaggregation methods, with the key differences among them lying in how they establish the prelim-
inary series, p, and the distribution matrix, D [Sax, Steiner, 2013]. Please refer to the Appendix for a more 
detailed discussion of the methods developed by Chow and Lin, Fernández, and Litterman, as well as the 
dynamic extensions of the Chow-Lin approach.

The study evaluates forecast accuracy using Mean Error (ME), Root Mean Squared Error (RMSE), Mean 
Absolute Error (MAE), Mean Percentage Error (MPE), MAPE, and Theil’s U [Hyndman, Athanasopoulos, 
2018]. These are compared using the modified Diebold-Mariano test [Diebold, Mariano, 2002] corrected for 
small-sample bias [Harvey et al., 1997] and a taxonomic analysis based on the distance from the abstract ideal 
solution [Hellwig, 1968; Walesiak, 2017]. This approach is similar to the Technique for Order of Preference by 
Similarity to Ideal Solution [Balcerzak, Pietrzak, 2017], which identifies an abstract pattern. For alternative 
ordering methods, refer to the median-based version of the taxonomic analysis based on the distance from 
the abstract ideal solution by Ryczkowski and Ręklewski [2021], or refer to Szczepaniak and Szulc-Obłoza 
[2020], where the synthetic measure is obtained by computing the average of the final diagnostic variables. 
The list of additional methods for multivariate comparative analysis is not exhaustive and could be expanded 
to include techniques such as cluster analysis [Lach, Malaga, 2023].

Figure 2. Linear ordering method

Step 0: Raw Data Table booster (yes) booster (no) 

Country/Indicator GDP Unemployment Rate

Poland 9%9 2.9%

Spain '(2% ''.)%

Germany )**% 3.)%

booster (yes) booster (yes) 

Country/Indicator GDP Unemployment Rate

Poland 9%9 –2.9%

Spain '(2% –''.)%

Germany )**% –3.)%

Country/Indicator GDP
(normalised) 

Unemployment Rate
(normalised) 

Poland –%.9 ((.%%

Spain –%.) –')'.2%

Germany '.) *).2%

Country/Distance GDP Unemployment Rate

Poland 2.3 %.%

Spain '., 2.2

Germany %.% %.'

Country/Ranking Synthetic Performance Measure

1. Germany %.9(

2. Poland %.),

3. Spain %.''

Notes: GDP for 2024, expressed in current billions of US dollars, was obtained from the International Monetary Fund (IMF), while the 2024 
Labour Force Survey (LFS) unemployment rate was sourced from Eurostat. The ranking assumes equal weighting of GDP and the unemploy-
ment rate in  the assessment.

Source: Author’s own elaboration based on Hellwig [1981:  48] and Walesiak [2016].

Step 1. Transformation of Diagnostic 
Variables into Boosters (variables for 
which higher values indicate better 
performance)

Step 2. Normalisation Using Classical 
Method (a mean of zero and a 
standard deviation of one)

Step 3. Measurement of Distance 
from the Abstract Ideal Solution: (The 
Euclidean distance)

Step 4. Computation of the Synthetic 
Performance Measure and Ranking
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Our linear ordering method (Figure 2) involves transforming diagnostic variables xkjinto boosters and nor-

malising them using classical methods: z s x
x x

kj
j

kj j
=

- -

^ h , where xj
-  is the mean, and ( )s xj  is the standard deviation. 

The variable Mj is considered a booster (stimulant), as initially defined by Hellwig [1968] if, for any two of its 
observations (real numbers for metric data and categories for ordinal data) xij

S and xkj
S , referring to the objects 

(in this case, methods for determining quarterly time worked) Ai and Ak, it holds that ,x x A Aij
S

kj
S

i k&( (  
where ( denotes the dominance of method Ai over method Ak (see, Hellwig [1981: 48], Walesiak [2016]). The 
diagnostic variables in our basic scenario include MPE to capture bias in the forecasts, MAPE to measure the 
average magnitude of error, and Theil’s U to compare the accuracy of a forecast model with that of a naive 
model based on RMSE. In the primary scenario, the weights for the diagnostic variables were set equally.

The measure [ , ]m 0 1i!   describes the closeness of the interpolation method to an abstract ideal solution. 
The further the value is from one, the more divergent the interpolated series is from the survey-based refer-
ence series. For ( , ) /i B L I! " , economic activity sections, the Theil’s U and MPE diagnostic variables (where 
values further from x 0Nj = , indicate worse performance) were transformed into boosters (where larger values 
indicate better performance) as follows:

 ;x x for x x1
1 0 <

kj Nj
kj Nj- -

- =   (11)

 ;for x x1 0 kj Nj= =  (12)

 ,x x for x x1
1 0 

kj Nj
kj Nj$- + =  (13)

where k and j denote the indices of interpolation methods and diagnostic variables used for evaluation respec-
tively. The detractor MAPE (where larger values indicate worse performance) was transformed into booster 
by multiplying xkj by −1.

The Euclidean distance dI0 measures how close the particular zij  variable is to the abstract ideal solution 

z j
P: ( )d z z 7 I kj j

P

j

d

0
2

1
= -

=
_ i| . The final formula for mi is as follows: ( )m d

d
1 8 i

I

0

0= - , where: d0 is the total dis-

tance between the abstract ideal solution and the minimum zjvalues for all of the disaggregation methods. The 
abstract ideal and inferior solutions are defined as the best and worst values of diagnostic variables achieved 
by the methods under consideration for a given economic activity section.

Data and preliminary statistical analysis

The quarterly time series of hours actually worked in medium-sized and large enterprises (>9 employees) 
are disseminated by Statistics Poland per employee for NACE Rev. 2 economic activity sections from B to L, 
excluding I, covering the period from the first quarter of 2009. Earlier data on time actually worked are either 
unpublished or not adjusted in accordance with the Polish Classification of Activities PKD-2007.

The total time actually worked (effective working time) is calculated by multiplying the officially published 
hours actually worked per employee by the average paid employment. Annual data on hours actually worked 
are available in the Statistical Yearbooks of Statistics Poland. Official data exclude entities with fewer than 
nine employees, individual agriculture, individuals employed abroad, and those engaged in social, political, 
and trade union organisations, as well as personnel involved in national defence and public security activities.

Effective working time encompasses both regular hours worked and overtime (excluding, for example, 
vacation and sick leave) by employees considered in the calculation of the average number of employed per-
sons. Regular working hours are defined as the time worked during a standard workday, within the hours 
stipulated for a particular group of employees. This includes time spent on business trips, courses, and train-
ing sessions organised by the employer during working hours, whether conducted on-site or off-site. Addi-
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tionally, regular working hours include time spent performing substitute tasks in the event of work stoppage 
at the employee’s usual workstation. Periods during which an employee remains at the employer’s disposal, 
meaning they can be called upon to work at any moment, are also considered paid working time, including 
during pandemics or periods of epidemic risk (for further details, see Statistics Poland [2023]).

Quarterly data on average employment are available through the basic macroeconomic indicators section on 
the website of Statistics Poland. Average paid employment includes individuals employed on a labour con-
tract, converted to full-time equivalents. IPI is sourced from the OECD, while nominal GDP, GDP per capita, 
and GVA are obtained from Eurostat in national currency. As a deflator, we use the price index (2015 = 100) 
from Eurostat.

Preliminary data analysis, including the observation of common trends, correlations, unit roots, and linear 
cointegration, indicates a strong empirical relationship between average paid employment and time actually 
worked. The Pearson Correlation Coefficient between hours actually worked and average paid employment 
is statistically significant, ranging from 0.71 (for K economic activity section) to over 0.9 (for B, C, D, G, H, 
and J), with intermediate values of 0.76 (for L) and 0.87 (for E and F). The lower bound of the 0.95 bootstrap 
confidence interval for the Pearson Correlation Coefficient exceeds 0.8 on average.

Both time actually worked and average paid employment exhibit non-stationarity and are generally inte-
grated of the same order, typically I(2), as indicated by a comprehensive battery of unit root tests, including 
KPSS, ADF, ADF-GLS, and PP. The exception is found in section K, where six out of nine tests indicated I(0) 
for time actually worked. Moreover, the null hypothesis of no cointegration between hours worked and aver-
age paid employment is rejected for all sections, except section G at the 0.05 significance level (and section K, 
due to the stationarity of hours worked); Appendix: Tables 3A-4A. Various versions of the Johansen cointe-
gration tests, including those with unrestricted or restricted constants and trends, as well as sample size cor-
rections for the Trace test, did not alter these results.

Empirical results

The Litterman [1983] method of temporal disaggregation, referred to as the Litterman-minrss [Sax, 
Steiner, 2013], which minimises the weighted residual sum of squares [Barbone et al., 1981], demonstrated 
the highest accuracy among the methods investigated. It achieved a MAPE ranging from approximately 1.60 
to 1.69 percent in the E and G economic activity sections, respectively, to 3.76 percent in the D section – the 
only section in which the MAPE exceeded 3.0 percent. This method yielded these favourable outcomes when 
a regression on the low-frequency series was estimated using the average paid employment as the primary 
auxiliary indicator, supplemented by: (i) real GVA for sections H and F; (ii) real GDP for section G and its 
one-quarter lag for sections J and D (in the latter case, in per capita terms); (iii) the real industrial production 
index for section C; (iv) the seasonal components of real GDP per capita (derived via X-13ARIMA-SEATS), 
lagged by one quarter, for sections B and L; and (v) the seasonal component of real GVA, also lagged by one 
quarter, for sections E and K.
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Figure 3.  Litterman Temporal Distribution of Annual Time Actually Worked (in thousands of hours) to Quarterly 
Frequency across Economic Activity Sections in Poland from Q1 2009 to Q4 2023

 

 

 

 

 
Notes: The disaggregated (quarterly) high-frequency series on time actually worked are represented by blue lines, each surrounded by 95% con-
fidence intervals. The black lines depict the actual Statistics Poland survey-based quarterly effective working time. The figure illustrates the 
Litterman method [1983] for temporal disaggregation, which involves minimising the weighted residual sum of squares [Barbone et al., 1981]. 
The temporal disaggregation is conducted using average employment as a  high-frequency (quarterly) indicator series. For improved forecasts 
additional help indicators were used across economic activity sections: B, F- real Gross Value Added; L-real Gross Value Added lagged by one 
quarter; D,J,K- real GDP lagged by one quarter; H- difference between real GDP and its X-13ARIMA-SEATS seasonally adjusted series; E- 
difference between real GDP and its X-13ARIMA-SEATS seasonally adjusted series lagged by one quarter; G-difference between real Gross 
Value Added and its X-13ARIMA-SEATS seasonally adjusted series, C- real Industrial Production Index. The disaggregation assumes that the 
last value of the time actually worked (in  the 4th quarter) aligns with the low-frequency (annual) series.

Source: Author’s own elaboration.
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The Litterman [1983] method also achieved favourable forecast accuracy when the average paid employ-
ment indicator was used as the sole auxiliary time series, with an average MAPE of 2.80% and our synthetic 
aggregate measure based on the distance from an abstract ideal solution of 0.979 [Hellwig, 1968; Walesiak, 
2017]; Appendix: Figure 1A. Its maximum MAPE occurred in economic activity section D at 3.85%, and it 
exceeded 3.0% in two other sections, H and J. While the inclusion of additional auxiliary macroeconomic 
series alongside average paid employment improved forecast accuracy slightly (see Figure 3 and Table 6A for 
a comparison of MAPE across economic activity sections), relying solely on average paid employment ensures 
methodological simplicity, transparency, and consistency – features particularly valued in the production of 
official statistics (see Table 1).

Furthermore, the integration of supplementary macroeconomic auxiliary series presents practical chal-
lenges for official statistics. These indicators are typically published with significant delays, necessitating 
preliminary forecasts to enable their timely incorporation into official estimates. This issue becomes even 
more complex when employing lagged versions of such indicators, as forecasting errors can propagate into 
the disaggregation process. To address this issue, Table 6A employs two forecasting strategies – naive and 
ARIMA-based – with methodological details provided in the corresponding table note. However, doing 
so increases the methodological complexity, compromises transparency, and requires tailoring different 
auxiliary series to specific economic activity sections. An inappropriate selection of such indicators may 
result in considerable estimation errors (see Table 6A). By contrast, average paid employment data derived 
from administrative sources are both timely, readily available for use in official statistics, and closely related 
to time actually worked (see Section 5).

Given these considerations, this study recommends the use of average paid employment as the sole aux-
iliary series. This approach achieves only marginally lower accuracy compared to more complex alternatives, 
while significantly enhancing methodological coherence and applicability in official statistical contexts.

The empirical evidence in Table 1 shows that classical temporal disaggregation methods, along with their 
modern adaptations to high-dimensional settings, achieved high and comparable accuracy, denoted as grade 
A. Grade A was awarded when the synthetic aggregate measure mi, based on MAPE, MPE, and Theil’s U across 
all economic activity sections, exceeded the sum of its average and one standard deviation for all the methods 
investigated. Generally, the more complex methods, which involve greater computational effort and utilise 
the average paid employment indicator as an auxiliary time series, significantly outperformed the naive fore-
cast, namely the Last Observation Carried Forward (Locf) method (grade: C, mi=0.70).

Notably, the original Denton [1971] method performed only marginally better than the naive forecast 
(Locf). The poor performance of the Denton method stems from an unsatisfactory choice of initial conditions, 
which create transient movements at the beginning of the benchmarked series that violate the principle of 
movement preservation. The correction to the Denton method involves removing Denton’s initial condition, 
which states that the first observation of the benchmarked series must equal the first element of the prelimi-
nary series [Dagum, Cholette, 2006]. Consequently, the denton-cholette method is preferable to the original 
denton method in most cases and, as shown in Table 1, is graded A with a MAPE of 2.84 percent.

The methods graded A in Table 1 outperformed not only simple computational methods (such as Locf or 
Stineman interpolation) but also more advanced techniques based on spline functions or the Kalman filter. 
Methods primarily concerned with movement preservation, including moving and simple averages, performed 
worse compared to temporal disaggregation methods, receiving grades B and C. Perhaps unexpectedly, simple 
linear interpolation based on the standard linear function demonstrated relatively satisfactory performance 
among movement preservation-focused methods ( : ; . )grade B m 0 83i = .

Fast and simple imputation techniques, such as using the mode, median, or mean to replace missing data, 
yielded the least satisfactory results (grade D). These methods should generally be avoided for interpolation 
in public statistics and used with great caution in other contexts.
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Table 1.  Forecast accuracy of temporal distribution methods of annual time actually worked to quarterly 
frequency averaged across economic activity sections in Poland from Q1 2009 to Q4 2023

Method ME- RMSE- MAE- MPE- MAPE- max 
MAPE 'Theil s U - mi Grade

Litterman-minrss –).,E-%9 (%)3.(' -)9'.(% –%.') 2.,% 3.,- %.*% %.9(9 A

Litterman-fixed –3.)E-'' (%('.9% --'(.)2 –%.') 2.,% 3.,3 %.*% %.9(( A

Chow-Lin- Quilis ).23E-'' (%,-.%- --2-.-* –%.') 2.,' 3.,2 %.*' %.9(* A

Litterman-maxlog –2E-'2 (%(,.%3 --2%.3% –%.') 2.,% 3.,2 %.*' %.9(- A

Fernandez –2.)E-'' (%,3.2( --2).2% –%.') 2.,' 3.,2 %.*' %.9(- A

Fast 2.-,E-%( (%,3.3, --2).2) –%.') 2.,' 3.,2 %.*' %.9(- A

Dynamic-maxlog 3.*)E-'2 (')9.%% -*%(.)- –%.') 2.,- 3.,% %.*' %.9(% A

Chow-Lin- ecotrim 3.32E-'2 ('-3.2* --*).3, –%.') 2.,3 3.,' %.*2 %.9*9 A

Chow-Lin-maxlog '.3E-'2 ('-%.-) --(9.2% –%.') 2.,) 3.,% %.*2 %.9*9 A

Chow-Lin-fixed ).)9E-'2 ('*%.2( --(3.'9 –%.') 2.,) 3.,' %.*2 %.9*, A

Ols 3.)'E-'2 ('-9.9' --9%.*, –%.') 2.,- 3.,% %.*2 %.9*, A

Sparse ).%'E-'2 ('),.)' ---2.*% –%.') 2.,) 3.,% %.*2 %.9*( A

Adaptive ).%'E-'2 ('),.)' ---2.*% –%.') 2.,) 3.,% %.*2 %.9*( A

Denton-Cholette ,.2,E-'2 ('-(.*- --)*.*- –%.') 2.,) 3.,' %.*2 %.9** A

Dynamic-minrss – 3.2E-'' ()''.*- -,-9.*( –%.') 2.92 3.,3 %.*2 %.9-( A

Dynamic-fixed 3.3(E-'2 ()2).9- -,-,.9, –%.'- 2.93 3.9- %.*2 %.9-) A

Uniform -.**E-'2 (*9-.32 -9(%.-% –%.'* 3.%2 ).2) %.*- %.92) A

Nocb 3.%*E-'2 (*9(.39 -9('.,, –%.'* 3.%3 ).2) %.*- %.92) A

Spline 2').9% (922.*% *'92.() –%.%9 3.%, ).%% %.** %.9'' B

Stineman ,''.23 (,9,.-- *%*-.-- –%.%2 3.%) ).%- %.*( %.,2* B

Linear ,2%.%3 (9%'.22 *%(,.2( –%.%2 3.%- ).%* %.*( %.,2- B

EwMA ,'*.,2 (9-%.9( *'2).-' –%.%2 3.%* ).%) %.*( %.,2) B

Kalman ) ,2'.92 (,99.3) *%(9.*( –%.%' 3.%- ).%* %.*( %.,2) B

LwMA ,%3.9) (,)2.*' *%').*, –%.%3 3.%- ).'% %.*( %.,23 B

SMA (92.(2 ((**.2, -9'(.29 –%.%) 3.%* ).2) %.*( %.,', B

Kalman ' '%%3.'2 ,'-%.2( *2,2.)( –%.%2 3.'% ).%- %.*, %.(93 C

Kalman 3 '%%3.'2 ,'-%.2( *2,2.)( –%.%2 3.'% ).%- %.*, %.(93 C

Kalman 2 ''--.3, ,(**.9) *(29.,3 %.%3 3.33 ).32 %.(3 %.(33 C

Denton -.''E-'% '*,2-.)* ,9-,.,3 –%.') ).3' -.2- %.99 %.(', C

Locf '*)%.%* ,*3%.*( **)-.,% %.'2 3.)' ).*% %.() %.(%3 C

Harmonic mean '223.(' ','9-.)- '--%).'* –%.'9 (.-2 '-.)% '.)2 %.-*' D

Geometric mean *2%.2( ',2%'.'2 '----.(- –%.-, (.*% '-.(3 '.)) %.),9 D

Mean -.,2E-'2 ',2)'.9' '-*3%.)- –%.99 (.(' '*.', '.)* %.))2 D

Median '2**.')2 ',3-2.'* '--32.)' %.)( (.)* '-.-3 '.)3 %.)3) D

Random –',2'.') 23'-9.22 ',-)*.2, –2.(* 9.(% 23.*3 '.9( %.2'9 D

Mode '(9-%.-, 2*39-.9- '9-(%.*) (.,2 ,.,3 '*.-, '.9% %.%)( D

Notes: The temporal disaggregation is conducted using average employment as a sole high-frequency (quarterly) indicator series. The temporal 
distribution methods are ordered in descending order based on the synthetic aggregate measure mi built across all the NACE Rev. 2 economic 
activity sections  considered. If mi equals 1, it indicates that, according to  MPE, MAPE, and Theil’s U, the interpolation method produced 
a  time series that most closely matches the high-frequency time series obtained from statistical surveys. The metric “max MAPE” represents 
the highest MAPE produced by the method across all economic activity sections. The forecast errors with a dash above their names represent 
the respective average errors across all economic activity sections. The information on the methods used and their abbreviations are explained 
in  Tables 1A-2A. The methods are graded using the positional grouping method (depending on the arithmetic average, m- , and standard de-
viation, s): Grade A: { : ( )}m m m m s mi i2! +- ; Grade B: { : ( )}m m m m m s mi ii1! # +- - ; Grade C: { : ( ) }m m m s m m m mi i1! #-- -^ h ; Grade D: 
{ : ( )}m m m m s mi i! # -- ; Grade A consists of disaggregation methods with the best properties, while Grade D consists of disaggregation meth-
ods with the least favourable characteristics.

Source: Author’s own elaboration.
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However, what may initially seem surprising is the satisfactory performance of the Next Observation Car-
ried Backward (Nocb) method, where missing values are interpolated using the values from the next avail-
able non-missing case that immediately follows the missing values (namely, inverted naive forecast); grade: 
A; .m 0 924i = . This indicates that in our research, data from the fourth quarters on time actually worked can 
be copied to the preceding three quarters of the same year, leading to relatively satisfactory forecast accu-
racy. This result is attributable to the characteristics of the data rather than any extraordinary properties of 
the Nocb method. It is likely that in other applications, Nocb would not perform as efficiently as in Table 1.

Nevertheless, the relatively satisfactory performance of Nocb confirms that naive forecasts can sometimes 
be surprisingly difficult (and occasionally impossible) to outperform [Gilliland, 2010]. We employ the Die-
bold-Mariano test for predictive accuracy (see Fiszeder et al. [2019]) to formally assess which interpolation 
methods surpass the inverted naive benchmark (Nocb) across economic activity sections, with the alternative 
hypothesis positing that the method investigated is more accurate than Nocb (Table 2).

For our preferred method (referred to as Litterman-minrss), even when utilising the average paid employ-
ment indicator as the sole auxiliary time series, the null hypothesis of equal forecast accuracy was rejected for 
six of 10 economic activity sections at the 0.05 significance level. Moreover, the method also outperformed 
Nocb in section C at the 0.06 significance level and was close to conventional significance levels in section H 
(p-value < 0.12). In sections J and K, the Litterman [1983] method and our naive Nocb benchmark demon-
strated the same forecast accuracy.1

Table 2. Diebold-Mariano test for predictive accuracy from Q1 2009 to Q4 2023

Method
Nace Rev. 2 economic activity section

B C D E F G H J K L

Litterman-minrss 3.03 
(0.00) 

'.-- 
(%.%*) 

2.34 
(0.01) 

2.18 
(0.02) 

3.58 
(0.00) 

2.33 
(0.01) 

'.', 
(%.'2) 

–'.-3 
(%.93) 

%.*9 
(%.2-) 

2.01 
(0.02) 

Litterman-fixed 3.05 
(0.00) 

'.-2 
(%.%() 

2.3( 
(0.01) 

1.)2 
(0.03) 

3.(4 
(0.00) 

2.40 
(0.01) 

%.-( 
(%.29) 

–%.,' 
(%.(9) 

%.** 
(%.2*) 

2.00 
(0.03) 

Chow-Lin-Quilis 3.08 
(0.00) 

'.-- 
(%.%*) 

2.3( 
(0.01) 

1.8) 
(0.03) 

3.(( 
(0.00) 

2.44 
(0.01) 

%.-) 
(%.3%) 

–%.,% 
(%.(9) 

%.*( 
(%.2*) 

2.03 
(0.02) 

Litterman-maxlog 3.08 
(0.00) 

'.-* 
(%.%*) 

2.3( 
(0.01) 

1.)2 
(0.03) 

3.(1 
(0.00) 

2.44 
(0.01) 

%.-) 
(%.29) 

–%.,% 
(%.(9) 

%.*( 
(%.2-) 

2.03 
(0.02) 

Fernandez 3.08 
(0.00) 

'.-* 
(%.%*) 

2.3( 
(0.01) 

1.)2 
(0.03) 

3.(( 
(0.00) 

2.44 
(0.01) 

%.-) 
(%.29) 

–%.,% 
(%.(9) 

%.*( 
(%.2-) 

2.03 
(0.02) 

Fast 3.08 
(0.00) 

'.-* 
(%.%*) 

2.3( 
(0.01) 

1.)2 
(0.03) 

3.(( 
(0.00) 

2.44 
(0.01) 

%.-) 
(%.3%) 

–%.,% 
(%.(9) 

%.** 
(%.2*) 

2.03 
(0.02) 

Dynamic-maxlog 2.(5 
(0.01) 

'.-) 
(%.%*) 

2.38 
(0.01) 

1.8( 
(0.03) 

3.77 
(0.00) 

2.50 
(0.01) 

–%.') 
(%.-*) 

–'.)' 
(%.92) 

%.)( 
(%.32) 

1.70 
(0.05) 

Chow-Lin-ecotrim 3.0) 
(0.00) 

'.)9 
(%.%() 

2.3( 
(0.01) 

1.)0 
(0.03) 

3.(8 
(0.00) 

2.34 
(0.01) 

%.%9 
(%.)() 

–%.,, 
(%.,%) 

%.29 
(%.39) 

'.*- 
(%.%-) 

Chow-Lin-maxlog 2.(5 
(0.01) 

'.-3 
(%.%() 

2.38 
(0.01) 

2.03 
(0.02) 

3.(8 
(0.00) 

2.33 
(0.01) 

%.'' 
(%.)*) 

–%.(* 
(%.(() 

%.29 
(%.39) 

1.)4 
(0.03) 

Chow-Lin-fixed 3.0) 
(0.00) 

'.)9 
(%.%() 

2.3( 
(0.01) 

1.)0 
(0.03) 

3.70 
(0.00) 

2.34 
(0.01) 

%.%3 
(%.)9) 

–%.,* 
(%.,%) 

%.2, 
(%.39) 

'.-9 
(%.%*) 

Ols 2.(5 
(0.01) 

'.-) 
(%.%*) 

2.38 
(0.01) 

2.03 
(0.02) 

3.77 
(0.00) 

2.50 
(0.01) 

–%.') 
(%.-*) 

–%.(* 
(%.(() 

%.3( 
(%.3*) 

1.70 
(0.05) 

Sparse 2.)5 
(0.00) 

'.-2 
(%.%() 

2.37 
(0.01) 

1.(8 
(0.05) 

3.(4 
(0.00) 

2.3) 
(0.01) 

–%.23 
(%.-9) 

–%.,( 
(%.,') 

–%.', 
(%.-() 

'.*, 
(%.%-) 

Adaptive 2.)5 
(0.00) 

'.-2 
(%.%() 

2.37 
(0.01) 

1.(8 
(0.05) 

3.(4 
(0.00) 

2.3) 
(0.01) 

–%.22 
(%.-9) 

–%.,( 
(%.,') 

–%.', 
(%.-() 

'.*3 
(%.%-) 

1 In J: Litterman method (ME=–4.72E-08; RMSE=4343.2; MAE=3214.5; MPE=–0.18; MAPE=3.4; Theil’s U=0.60); Nocb (ME=4.85E-13; 
RMSE=3910.3; MAE=2782.0; MPE=–0.18; MAPE=3.0; Theil’s U=0.58). In K: Litterman method (ME=–1.51E-10; RMSE=3834.6; MAE=3145.4; 
MPE=–0.13; MAPE=3.0; Theil’s U=0.62); Nocb (ME=–1.94E-12; RMSE=3940.3; MAE=3227.7; MPE=–0.14; MAPE=3.0; Theil's U=0.64).
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Method
Nace Rev. 2 economic activity section

B C D E F G H J K L

Denton-Cholette 3.07 
(0.00) 

'.*% 
(%.%*) 

2.35 
(0.01) 

1.70 
(0.05) 

3.(7 
(0.00) 

2.44 
(0.01) 

–%.29 
(%.*') 

–%.9, 
(%.,3) 

–%.3% 
(%.*2) 

'.*) 
(%.%-) 

Dynamic-minrss 2.80 
(0.00) 

–%.%) 
(%.-2) 

2.42 
(0.01) 

2.23 
(0.01) 

2.20 
(0.02) 

1.)2 
(0.03) 

2.35 
(0.01) 

–'.-) 
(%.9)) 

%.,, 
(%.'9) 

'.-' 
(%.%() 

Dynamic-fixed 2.83 
(0.00) 

%.%' 
(%.-%) 

2.44 
(0.01) 

2.12 
(0.02) 

3.08 
(0.00) 

2.02 
(0.02) 

'.2, 
(%.'%) 

–'.32 
(%.9%) 

%.), 
(%.32) 

'.%( 
(%.')) 

Uniform 3.11 
(0.00) 

1.)( 
(0.03) 

2.(3 
(0.01) 

2.25 
(0.01) 

3.7) 
(0.00) 

2.(8 
(0.00) 

%.3' 
(%.3,) 

%.9( 
(%.'() 

'.** 
(%.%-) 

2.33 
(0.01) 

Spline %.93 
(%.',) 

–'.-- 
(%.9)) 

1.78 
(0.04) 

–'.,- 
(%.9() 

–%.(% 
(%.(*) 

–%.2, 
(%.*') 

–%.'( 
(%.-() 

–2.-( 
(%.99) 

'.%) 
(%.'-) 

%.3) 
(%.3() 

Stineman –%.-9 
(%.(2) 

–'.%9 
(%.,*) 

%.'9 
(%.)3) 

'.)) 
(%.%,) 

–%.%( 
(%.-3) 

%.)3 
(%.33) 

1.70 
(0.05) 

–2.3' 
(%.99) 

%.), 
(%.32) 

–%.3, 
(%.*-) 

Linear –%.*) 
(%.()) 

–'.'2 
(%.,() 

%.'* 
(%.))) 

'.-( 
(%.%*) 

%.%3 
(%.)9) 

%.3* 
(%.3*) 

1.() 
(0.05) 

–2.3% 
(%.99) 

%.3) 
(%.3() 

–%.-- 
(%.(') 

EwMA –%.-( 
(%.(') 

–'.2- 
(%.,9) 

%.)3 
(%.33) 

%.9( 
(%.'() 

–%.%* 
(%.-2) 

%.'' 
(%.)9) 

'.33 
(%.%9) 

–2.3* 
(%.99) 

%.)- 
(%.33) 

–%.)2 
(%.**) 

Kalman ) –%.*) 
(%.()) 

–'.'2 
(%.,() 

%.'9 
(%.)2) 

'.-( 
(%.%*) 

%.%- 
(%.),) 

%.3( 
(%.3*) 

1.81 
(0.04) 

–2.33 
(%.99) 

%.3) 
(%.3() 

–%.-- 
(%.(') 

LwMA –%.,% 
(%.(9) 

–%.9( 
(%.,3) 

–%.29 
(%.*') 

%.93 
(%.',) 

%.%* 
(%.),) 

%.(9 
(%.22) 

2.20 
(0.02) 

–2.', 
(%.9,) 

%.'* 
(%.))) 

–%.9) 
(%.,2) 

SMA –'.'9 
(%.,,) 

–%.*, 
(%.(-) 

–'.%3 
(%.,-) 

%.(, 
(%.22) 

–%.%2 
(%.-') 

'.2( 
(%.'') 

2.82 
(0.00) 

–'.,% 
(%.9*) 

–%.3, 
(%.*-) 

–'.** 
(%.9-) 

Kalman ' –%.(* 
(%.(() 

–2.2( 
(%.99) 

%.22 
(%.)') 

–2.), 
(%.99) 

%.%), 
(%.),) 

%.'2 
(%.)-) 

1.81 
(0.04) 

–2.2* 
(%.99) 

'.') 
(%.'3) 

–%.'2 
(%.--) 

Kalman 3 –%.(* 
(%.(() 

–2.2( 
(%.99) 

%.22 
(%.)') 

–2.), 
(%.99) 

%.%- 
(%.),) 

%.'2 
(%.)-) 

1.81 
(0.04) 

–2.2* 
(%.99) 

'.') 
(%.'3) 

–%.'2 
(%.--) 

Kalman 2 –2.'2 
(%.9,) 

–2.2' 
(%.9,) 

–%.)* 
(%.*,) 

–%.(- 
(%.(() 

–'.92 
(%.9() 

–'.'% 
(%.,*) 
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('.%) 
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Mean –(.'2 
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–2.'' 
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(%.99) 

Median –-.(- 
('.%) 
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–).'2 
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(%.99) 

Random –).2* 
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(.99) 

–).*% 
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–-.(' 
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(%.99) 
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(%.99) 

Mode –-.2, 
('.%) 

–-.)9 
('.%) 
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('.%) 
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Note: p-values in brackets, against the Next Observation Carried Backward The null hypothesis is that the method under investigation and the in-
verted naive benchmark (Next Observation Carried Backward) have the same forecast accuracy. The alternative hypothesis is that the method 
under investigation is more accurate than the inverted naive benchmark. Bolded values indicate that the null hypothesis is rejected at the 0.05 
significance level. A positive value of the Diebold-Mariano statistic (DM > 0) – with higher values indicating greater relative performance – sug-
gests that the naive benchmark yields higher average forecast errors than the evaluated model. The temporal distribution methods are ranked 
in descending order based on the synthetic aggregate measure mi as shown in Table 1. The temporal distribution methods are with the average 
paid employment indicator as the sole auxiliary time series.

Source: Author’s own elaboration.

An important question remains as to whether the COVID-19 pandemic or the global energy crisis may 
have affected the forecast accuracy of the preferred Litterman method. Figure 3 suggests that the Litterman 

cont. Table 2
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[1983] method remains largely resilient to the impacts of the COVID-19 pandemic and the subsequent global 
energy crisis. Formal forecast accuracy metrics generally support this observation (Table 3).

The average MAPE across the economic activity sections remained comparable between the period from 
Q1 2009 to Q4 2023 and the subsample from Q1 2020 (following the World Health Organisation’s declara-
tion of a public health emergency due to COVID-19 on January 30) to Q4 2023, showing a slight reduction 
from 2.49% to 2.36%. The average MPE also decreased from –0.13 to –0.08. However, in the subsample from 
Q1 2020 onwards, temporal distribution led to an increase in the RMSE, resulting in the average Theil’s U 
rising from 0.54 to 0.65 (see Table 3 and Figure 3).

Table 3.  Forecast accuracy across economic activity sections for Litterman temporal distribution of annual 
time actually worked (in thousands of hours) to quarterly frequency across economic activity 
sections in Poland from Q1 2020 to Q4 2023

Nace Rev. 2 ME RMSE MAE MPE MAPE ACF' Theil’s U

B –'.(3E-'% '3-9.'* ''').39 –%.%( 2.'% %.%9 %.*%

C ,.2(E-%9 22-(,.(* '*),9.'' –%.%- '.-9 %.%( %.-9

D –*.*,E-'% '93%.-, '*''.*- –%.', 3.3* –%.%9 %.*3

E ).*'E-'% ('9.3* ),(.2- –%.%2 %.(- –%.'- %.)*

F –).(,E-'% 3(2-.-) 3'''.,% –%.%) '.*2 –%.%9 %.)%

G ).39E-%9 ',(,3.), '33)9.() –%.%* 2.3) %.'* %.99

H –'.((E-%9 '%*3-.3) ,9%,.)* %.%% 3.%( –%.'2 '.%%

J –2.92E-%( -(-*.,- )%2'.)- –%.'3 3.'( –%.)* %.*%

K 2.2*E-'% 3,9-.*% 32''.22 –%.'- 3.'( –%.'* %.*%

L –(.((E-'% '2-).%2 '%,,.,) –%.%, 2.)2 %.%) %.*(

average –2.,3E-%, (%*3.,( -339.39 –%.%, 2.3* –%.%( %.*-

s ,.,%,(2E-%, (393.3% -3)*.%, %.%* %.,' %.'( %.'9

Notes: The table illustrates the forecast accuracy measures for the Litterman method [1983] of temporal disaggregation, which involves minimising 
the weighted residual sum of squares [Barbone et al., 1981]. The temporal disaggregation is conducted using average employment as a high-fre-
quency (quarterly) indicator series and additional optimal help indicators identified across economic activity sections, as shown in Figure 3.

Source: Author’s own elaboration.

As an additional robustness check, Table 7A in the Appendix presents the respective forecast accuracy 
metrics for the pre-COVID period (Q1 2009–Q4 2019). When comparing this period to the COVID-affected 
subsample (Q1 2020–Q4 2023), MAPE decreased in four economic activity sections (G, H, J, K), increased 
in five (B, C, D, E, F), and remained roughly unchanged in one (L). Overall, the average MAPE across all sec-
tions remained relatively stable, increasing only marginally by 0.15 percentage points in the pre-COVID period.

The resilience of the Litterman method to the impacts of the COVID-19 pandemic and the subsequent 
global energy crisis may be explained by the fact that persistent external shocks ultimately influence the annual 
data. This annual data is then “split” into quarterly data using temporal distribution methods, allowing the 
quarterly data to reflect the impact of the external shock. Furthermore, this robustness may partly arise from 
the strong empirical relationship between average paid employment and effective working time (as discussed 
in Section 5). If the effects of the crises were reflected in average paid employment – the key auxiliary time 
series used for temporal disaggregation – then the temporal distribution methods could effectively capture 
the corresponding changes in effective working time.

Limitations

If the method proposed in this article were adopted, it would eliminate the need for the Z-03 survey. How-
ever, the final data on hours actually worked for the first, second, and third quarters of a given year would only 
be available at the beginning of the following year, once the annual data from Form Z-06 have been  processed 
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to enable temporal disaggregation into quarterly data (as illustrated in the lower section of Figure 1). If ear-
lier quarterly data on effective working time were required for official statistics, the method outlined in this 
article would need to be supplemented by estimating preliminary data for the first three quarters of the given 
year. In this case, our method would consist of first estimating preliminary data and then finalising them. This 
procedure should be conducted separately for each NACE Rev. 2 economic activity section.

Although determining a method for extrapolating quarterly hours actually worked is not the focus of this 
article, Table 1 suggests that a straightforward approach for estimating preliminary data on hours worked for 
the first, second, and third quarters of a given year – before the annual data from Form Z-06 becomes availa-
ble – could be the Last Observation Carried Forward (LOCF) method (Table 2A). The LOCF approach demon-
strates a relatively good performance, with an average MAPE of 3.4% across economic activity sections (Table 1).

An alternative and more sophisticated method may involve using ARIMA models for forecasting. For 
instance, Figure 2A illustrates ARIMA-based forecasts for the first three quarters of 2023 with an average 
MAPE of 3.4%. ARIMA models were selected based on the Akaike Information Criterion, with an estimate 
of seasonal strength as per Wang et al. [2006]. Model selection followed the algorithm presented in Hyndman 
and Khandakar [2008]. In most cases, the data on hours actually worked from Form Z-03 for Q1, Q2, and Q3 
of 2023 fall within the 95% confidence interval (Appendix: Figure 2A). A similarly strong forecasting perfor-
mance was observed over the preceding five years, including 2020, when the COVID-19 pandemic began. It 
is possible that alternative or more sophisticated methods could provide even more accurate forecasts, making 
this an excellent topic for future research, contingent on the need for preliminary data by official statistics.

The temporal distribution techniques have also other limitations. First, they do not account for varia-
tions in time actually worked due to employee holidays and sick leaves. These factors likely exhibit a seasonal 
pattern that is not adequately captured by macroeconomic auxiliary variables such as average paid employ-
ment. Additionally, the relationship between effective working time and average employment, while close, is 
not one-to-one. Various factors contribute to this discrepancy, including high employee turnover, rounding 
of conversion factors to full-time equivalents, and the method of calculating average employment without 
accounting for daily stocks.

These limitations could be mitigated by using administrative data sources. Although data on holiday 
leaves is not available from administrative registers, these registers could provide quarterly estimates of 
hours not worked due to sick leaves in a given economic activity section. The actual time worked in quarters, 
as obtained through temporal distribution methods, could then be adjusted proportionally to the estimated 
quarterly length of sick leaves. Finally, the administrative registers could help more accurately account for 
employee turnover based on daily stocks.

Another potential solution could involve introducing discretionary permanent adjustments based on his-
torical dependencies to reflect historical seasonality. However, such adjustments do not account for struc-
tural changes in the number of hours actually worked in a given economic activity section. Variations in sick 
leaves, holiday leaves, and other potential changes in the seasonal pattern of effective working time can have 
multiple causes and cannot be ruled out. Furthermore, temporal distribution methods will not capture exter-
nal shocks with durations shorter than one year unless these shocks are reflected in the time actually worked 
in the fourth quarters or in the auxiliary variables used in the analysis.

Despite these limitations, the forecast accuracy measures derived from the Litterman method were found 
to be acceptable according to standard criteria established in the literature. Consequently, this method, along 
with others demonstrating similarly high forecast accuracy, could serve as a viable alternative to costly and 
time-consuming quarterly surveys.
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Conclusions

Unlike employment and wage statistics, data on effective working time within enterprises is typically not 
available from administrative sources and must be obtained through surveys or econometric methods. The lat-
ter approach would benefit the state budget, reduce the reporting burden on enterprises, and decrease energy 
consumption. As a result, enterprises could allocate their time more productively, rather than spending it on 
time-consuming quarterly reports. Sustainable statistical practices should seek to replace surveys with alter-
native methods or data sources. Despite their potential, temporal disaggregation methods remain underuti-
lised for estimating statistics on hours actually worked in several NSOs.

This article assesses the effectiveness of various methods for replacing official Statistics Poland quarterly 
data on time actually worked within enterprises in Poland, covering the period from the first quarter of 2009 
to the fourth quarter of 2023. The analysis focuses on enterprises with more than nine employees, including 
public sector units regardless of size, across NACE Rev. 2 economic activity sections. The methods investi-
gated include recent high-dimensional approaches proposed by Mosley et al. [2022], univariate time series 
imputation techniques by Moritz and Bartz-Beielstein [2017], and classical temporal disaggregation meth-
ods [Sax and Steiner, 2013]. These methods were selected for their practicality, computational viability, resil-
ience, ease of understanding, statistical integrity, and adaptability, which is important in official statistics.

The study innovatively applied principles of Polish taxonomic thought to rank interpolation methods using 
a taxonomic analysis based on the distance from an abstract ideal solution, as outlined by Hellwig [1968] and 
Walesiak [2017]. Unlike many empirical studies that focus on a single method or only a few, this study pro-
vides a comprehensive assessment of several methods using a broad range of forecast accuracy metrics, tests, 
auxiliary variables, their combinations, and lags.

The findings suggest prioritising temporal distribution methods with the average paid employment indica-
tor as an auxiliary time series, rather than those focused solely on movement preservation. Classical temporal 
distribution methods and their modern adaptations achieved similar accuracy in estimating quarterly effective 
working time. However, the Litterman [1983] method, with the minimisation of the weighted residual sum 
of squares [Barbone et al., 1981], exhibited the best forecast accuracy. The method remained resilient to the 
impacts of the COVID-19 pandemic and the subsequent global energy crisis. Despite the recognised challenges 
in the literature of outperforming naive forecasts in some applications, the method significantly outperformed 
the Next Observation Carried Backward method in the majority of economic activity sections. Employing 
additional macroeconomic auxiliary indicators further improved the forecast (average MAPE decreased from 
2.8% to 2.5%). However, the optimal auxiliary indicator varied across economic activity sections. Using solely 
the average paid employment indicator as an auxiliary time series provided satisfactory results while main-
taining simplicity, ease of understanding, and consistency across economic activity sections.

In an era where timely and accurate economic data is crucial for policy makers, businesses, and researchers, 
the study’s findings provide valuable insights for selecting optimal temporal disaggregation methods in labour 
market statistics. Future research could explore combining temporal distribution methods with administra-
tive data on sick leaves to more accurately capture seasonal patterns in time actually worked.

References
Balcerzak A. P., Pietrzak B. M. [2017], Digital Economy in Visegrad Countries. Multiple-criteria Decision Analysis at Regional 

Level in The Years 2012 and 2015, Journal of Competitiveness, 9 (2): 5–18.

Barbone L., Bodo G., Visco I. [1981], Costi e profitti nell’industria in senso stretto: un’analisi su serie trimestrali [Costs and Profits 
in the Manufacturing Industry: An Analysis of Quarterly Series], 1970–1980, Bollettino della Banca d’Italia, 36: 465–510.

Barcellan R., Di Fonzo T., Raffaele D., Staplehurst V., Buono D. [2003], Ecotrim: A Program for Temporal Disaggregation of 
Time Series, Workshop on Quarterly National Accounts, Eurostat, Theme 2: 79–95.

Bisio L., Moauro F. [2018], Temporal Disaggregation by Dynamic Regressions: Recent Developments in Italian Quarterly National 
Accounts, Statistica Neerlandica, 72 (4): 471–494.



GOSPODARKA NARODOWA / The Polish Journal of Economics / 2(326)2026 39

Brown I. [2012], An Empirical Comparison of Benchmarking Methods for Economic Stock Time Series, US Census Bureau.

Causey B., Trager M. L. [1981], Derivation of Solution to the Benchmarking Problem: Trend Revision. Unpublished research notes, US 
Census Bureau, Washington, DC.

Chamberlin G. [2010], Methods Explained: Temporal Disaggregation, Economic & Labour Market Review, 4 (11): 106–121.

Chen B. [2007], An Empirical Comparison of Methods for Temporal Disaggregation at the National Accounts, Office of Directors Bureau 
of Economic Analysis, Washington, DC.

Chow G. C., Lin A. L. [1971], Best Linear Unbiased Interpolation, Distribution, and Extrapolation of Time Series by Related 
Series, The Review of Economics and Statistics, 53: 372–375.

Dagum E. B., Cholette P. A. [2006], Benchmarking, Temporal Distribution, and Reconciliation Methods for Time Series, 186, Springer, 
New York.

Denton F. T. [1971], Adjustment of Monthly or Quarterly Series to Annual Totals: An Approach Based on Quadratic Minimiza-
tion, Journal of the American Statistical Association, 66 (333): 99–102.

Di Fonzo T. [2003], Temporal Disaggregation of Economic Time Series: Towards a Dynamic Extension, European Commission (Eurostat) 
Working Papers and Studies, Theme 1:41.

Diebold F. X., Mariano R. S. [2002], Comparing Predictive Accuracy, Journal of Business & Economic Statistics, 20 (1): 134–144.

Eurostat [2018], ESS Guidelines on Temporal Disaggregation, Benchmarking and Reconciliation, Luxembourg: Publications Office of 
the European Union.

Fernández R. B. [1981], A Methodological Note on the Estimation of Time Series, The Review of Economics and Statistics, 63 (3): 471–476.

Fiszeder P., Fałdziński M., Molnár P. [2019], Range-based DCC Models for Covariance and Value-at-Risk Forecasting, Journal 
of Empirical Finance, 54: 58–76.

Forsythe G. E., Malcolm M. A., Moler C. B. [1977], Computer Methods for Mathematical Computations, Prentice-Hall, Englewood Cliffs.

Fukuda K. [2009], Related-Variables Selection in Temporal Disaggregation, Journal of Forecasting, 28 (4): 343–357.

Fuleky P. (ed.) [2019], Macroeconomic Forecasting in the Era of Big Data: Theory and Practice, 52, Springer Nature, Cham.

Gilliland M. [2010], The Business Forecasting Deal: Exposing Myths, Eliminating Bad Practices, Providing Practical Solutions, SAS Insti-
tute Inc., Wiley, Hoboken.

Harvey D., Leybourne S., Newbold P. [1997], Testing the Equality of Prediction Mean Squared Errors, International Journal of 
Forecasting, 13 (2): 281–291.

Hellwig Z. [1968], Zastosowanie metody taksonomicznej do typologicznego podziału krajów ze względu na poziom ich rozwoju 
oraz zasoby i strukturę wykwalifikowanych kadr, Przegląd Statystyczny, 4: 307–327.

Hellwig Z. [1981], Wielowymiarowa analiza porównawcza i jej zastosowanie w badaniach wielocechowych obiektów gospo-
darczych, in: Welfe W. (ed.), Metody i modele ekonomiczno-matematyczne w doskonaleniu zarządzania gospodarką socjalistyczną, 
PWE, Warszawa.

Hodgess E. M., Mhoon K. [2019], Temporal Disaggregation of Time Series Revisited, Management, 7 (4): 293–299.

Huang Y. L. [2012], Measuring Business Cycles: A Temporal Disaggregation Model with Regime Switching, Economic Modelling, 
29 (2): 283–290.

Hyndman R. J., Athanasopoulos G. [2018], Forecasting: Principles and Practice, OTexts, Melbourne.

Hyndman R. J., Khandakar Y. [2008], Automatic Time Series Forecasting: The forecast Package for R, Journal of Statistical Soft-
ware, 27 (3): 1–22.

International Monetary Fund [2017], Quarterly National Accounts Manual, Washington, DC.

Lach B., Malaga K. [2023], Changes on Economic Freedom in 11 Post-Socialist Countries of Central-Eastern and South-Eastern 
Europe in 1996–2022, Ekonomia i Prawo. Economics and Law, 22 (2): 251–274.

Litterman R. B. [1983], A Random Walk, Markov Model for the Distribution of Time Series, Journal of Business & Economic Sta-
tistics, 1 (2): 169–173.

Moauro F., Savio G. [2005], Temporal Disaggregation Using Multivariate Structural Time Series Models, The Econometrics Journal, 
8 (2): 214–234.

Moritz S., Bartz-Beielstein T. [2017], imputeTS: Time Series Missing Value Imputation in R, The R Journal, 9 (1): 207–218.

Mosley L. I., Eckley A., Gibberd A. [2022], Sparse Temporal Disaggregation, Journal of the Royal Statistical Society Series A: Statistics 
in Society, 185 (4): 2203–2233.

Pavía-Miralles J. M. [2010], A Survey of Methods to Interpolate, Distribute and Extrapolate Time Series, Journal of Service Science 
and Management, 3 (4): 449.



40 Maciej Ryczkowski,     Evaluating the Methods of Estimating Total Hours Actually Worked: Insights from Labor Market Statistics

Perricone C. [2018], Wavelet Analysis for Temporal Disaggregation, SSRN Electronic Journal.

Pipień M., Roszkowska S. [2015], Quarterly Estimates of Regional GDP in Poland, Gospodarka Narodowa, 279 (5): 145–169.

Proietti T. [2010], Multivariate Temporal Disaggregation with Cross-Sectional Constraints, Journal of Applied Statistics, 
38 (7): 1455–1466.

Quenneville B., Picard F., Fortier S. [2013], Calendarization with Interpolating Splines and State Space Models, Journal of the 
Royal Statistical Society: Series C (Applied Statistics), 62 (3): 371–399.

Quilis E. M. [2012], Temporal Disaggregation Library, 2012, MATLAB Library, May 08.

Quilis E. M. [2018], Temporal Disaggregation of Economic Time Series: The View from the Trenches, Statistica Neerlandica, 
72 (4): 447–470.

Reber R. L., Pack S. J. [2014], Methods of Temporal Disaggregation for Estimating Output of the Insurance Industry, Bureau of Eco-
nomic Analysis.

Rossi L., Chini E. Z. [2021], Temporal Disaggregation of Business Dynamics: New Evidence for US Economy, Journal of Macro-
economics, 69: 103337.

Ryczkowski M., Ręklewski M. [2021], Macroeconomic Performance of Countries across Monetary Policy Regimes from 2000 
to 2017, Economic Research-Ekonomska Istraživanja, 34 (1): 1224–1243.

Ryczkowski M., Zinecker M. [2022], The Interconnectedness of Stock Prices, Money, and Credit across Time and Frequency 
from 1970 to 2016, Technological and Economic Development of Economy, 28 (5): 1182–1220.

Santos Silva J. M. C., Cardoso F. N. [2001], The Chow-Lin Method Using Dynamic Models, Economic Modelling, 18 (2): 269–280.

Sax C., Steiner P. [2013], Temporal Disaggregation of Time Series, The R Journal 5 (2): 80–88, http://journal.r-project.org/
archive/2013-2/sax-steiner.pdf.

Scheiblecker M., Steindl S., Wüger M. [2007], Quarterly National Accounts Inventory of Austria: Description of Applied Meth-
ods and Data Sources, WIFO Studies.

Statistics Poland [2018], Development of a Methodology and Estimation of the Number of Employed Persons in the National Economy 
by Place of Residence and Main Workplace at NTS Level 4, the Registered Unemployment Rate at NTS Level 5 and Measures of Gross 
Wages and Salaries at NTS Level 4, Warsaw.

Statistics Poland [2023], Methodological report Statistics on labour market, wages and salaries, Warsaw.

Stineman R. W. [2980], A Consistently Well Behaved Method of Interpolation, Creative Computing, 6 (7): 54–57.

Szczepaniak M., Szulc-Obłoza A. [2020], Labour Market Institutions and Income Inequalities in the Visegrad Group Countries, 
Comparative Economic Research. Central and Eastern Europe, 23 (3): 75–90.

Tibshirani R. [1996], Regression Shrinkage and Selection via the Lasso, Journal of the Royal Statistical Society Series B: Statistical 
Methodology, 58 (1): 267–288.

Wainwright M. J. [2019], High-Dimensional Statistics: A Non-Asymptotic Viewpoint 48, Cambridge University Press.

Walesiak M. [2016], Visualization of linear ordering results for metric data with the application of multidimensional scaling, 
Ekonometria, 52: 9–21.

Walesiak M. [2017], The Application of Multidimensional Scaling to Measure and Assess Changes in the Level of Social Cohesion 
of the Lower Silesia Region in the Period 2005–2015, Ekonometria, 3 (57): 9–25.

Wang X., Smith K., Hyndman R. [2006], Characteristic-based clustering for time series data, Data Mining and Knowledge Discovery, 
13, 335–364.

Wójcik S. [2016], Temporal Disaggregation of Time Series with Regularization Term, Barometr Regionalny. Analizy i Prognozy, 
3: 183–188.



GOSPODARKA NARODOWA / The Polish Journal of Economics / 2(326)2026 41

Appendix
Table 1A. Temporal distribution methods

Name / abbreviation References and short description

Sparse Sparse temporal disaggregation of Mosley et al.’s [2022] high-dimensional extension of the 
regression-based techniques proposed by Chow and Lin [1)71].

Adaptive Adaptive sparse temporal disaggregation of Mosley et al.’s [2022] high-dimensional extension of the 
regression-based techniques proposed by Chow and Lin [1)71]. The adaptive LASSO is particularly 
useful if the columns of the design matrix reveal multicollinearity.

Chow-Lin-maxlog Chow and Lin [1)71] with the lower bound for the autoregressive parameter t = %; autoregressive 
parameter estimated using GLS

Chow-Lin-ecotrim Chow and Lin [1)71] with the minimisation of the weighted residual sum of squares, using a correlation 
matrix instead of the variance covariance matrix [Barcellan, 2003]. Autoregressive parameter 
estimated using GLS estimated. Chow-Lin-minrss-ecotrim in Sax and Steiner [2013].

Chow-Lin-Quilis The Matlab extension of Quilis [2012] which multiplies the correlation matrix with '/(' – t2). An 
autoregressive parameter is GLS estimated. Chow-Lin-minrss-Quilis in Sax and Steiner [2013].

Chow-Lin-fixed Chow and Lin [1)71] for a predefined autoregressive parameter t = %.-. The correlation matrix is   used 
instead of the variance-covariance matrix.

Dynamic-maxlog Methods based on dynamic extensions to the original Chow and Lin [1)71] method proposed by Silva 
and Cardoso [2001].Dynamic-minrss

Dynamic-fixed

Fernandez Fernández [1)81].

Litterman-maxlog Litterman [1)83] for the autoregressive parameter t = %, an autoregressive parameter is GLS 
estimated.

Litterman-minrss Litterman [1)83] with the minimisation of the weighted residual sum of squares [Barbone et al., 1)81], 
an autoregressive parameter is GLS estimated.

Litterman-fixed Litterman [1)83] for an invariant truncation parameter t = %.-. The correlation matrix is   used instead of 
the variance-covariance matrix.

Denton-Cholette Dagum and Cholette [200(] eliminate the transient movement present in the original “denton” 
method at the start of the resulting series.

Denton Denton’s [1)71] technique can minimise the sum of squares of the deviations between the levels, the 
first differences, or the second differences of the indicator and the derived series.

Fast chow-lin-fixed with fixed.rho = %.99999. It returns roughly the same results as denton-cholette, which 
minimises the sum of squares of the deviations between the first differences of indicator and the 
derived series.

Uniform The “uniform” method stands for a special case of the “denton” approach, with the order of differencing 
equal to % and the minimisation criterion that distributes the residuals uniformly.

Ols The “ols” function conducts an ordinary least squares (OLS) regression and distributes the residuals 
uniformly, which allows for comparisons of the estimators from both the GLS and OLS regressions.

Notes: The names of the methods are close to original following Sax and Steiner [2013] to preserve consistency and prevent the reader’s con-
fusion as to which exact method is used.

Source: Sax and Steiner [2013]; Mosley et  al. [2022].

Table 2A. Imputation methods

Name / abbreviation References and short description

Simple imputation techniques (simple but fast approaches) 

Spline Uses spline interpolation to replace missing values. For a given interpolated interval, four intervals are 
created and in each of them the function is interpolated with an interpolation polynomial [Forsythe 
et al., 1)77].

Stineman Uses Stineman interpolation to replace missing values [Stineman, 1)80].

Kalman 1;
Kalman 2;
Kalman 3;
Kalman 4.

Interpolation with the Kalman filter using a simple structural model (so-called State-Space Model) 
estimated by the maximum likelihood method. In the article, we consider: Kalman ': Kalman Smoothing 
is used for estimation; Kalman 2: Kalman Run is used for estimation; Kalman 3: Kalman Smoothing is 
used for estimation based on the structural model; Kalman ): Kalman Smoothing is used for estimation 
based on the structural model with a trend.

Linear Weighted Moving 
Average (LwMA) 

Replaces missing values with moving average values. The width of the moving average window is 
) quarters. Weighting successive observations directly to the central value reduces the arithmetic 
progression as follows: ., '/3, /, and so on.
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Name / abbreviation References and short description

Exponential Weighted 
Moving Average 
(EwMA) 

Replaces missing values with moving average values. The width of the moving average window is ) 
quarters. Weighting factors directly to the central value decrease exponentially as follows: /1 21; /1 22; 
/1 23; …, and so on.

Simple Moving Average 
(SMA) 

Replaces missing values with moving average values. The width of the moving average window is ) 
quarters, with equal weights for all observations when calculating the mean.

Geometric mean Replaces missing values with the geometric mean of all the non-missing values.

Harmonic mean Replaces missing values with the harmonic mean of all the non-missing values.

More advanced algorithms that require more computation

Linear Standard approximation using a linear function.

Last Observation 
Carried Forward (Locf) 

Interpolates missing values using the values from the last available non-missing observation. In other 
words, this is known as a naive forecast.

Next Observation 
Carried Backward 
(Nocb) 

Involves a method similar to LOCF but operates in the opposite direction. Missing values are 
interpolated using the values from the next available non-missing case that immediately follows the 
missing values. In other words, this is referred to as an inverted naive forecast.

Mode Replaces missing values with the most frequent value in the time series. If two or more values had the 
same frequency, the lower value was chosen.

Median Replaces missing values with the median of all the non-missing values.

Mean Replaces missing values with the arithmetic mean of all the non-missing values.

Random Replaces each missing value by randomising a number within the boundaries defined by the minimum 
and maximum values of the non-missing data in a given time series. We expect this method to deliver 
inferior results.

Source: Moritz and Bartz-Beielstein [2017].

Table 3A.  Johansen test for cointegration of the worked time and average paid employment in Poland, 
Q1 2009–Q4 2023

NACE Rev. 2 Trace test [p-value] Eigenvalues Lmax test [p-value] 

B 2%.3)' [%.%2)(] %.2,,', '9.%3* [%.%23,] 

C 22.%3, [%.%'33] %.2,,,( '9.%9% [%.%23)] 

D 3).93) [%.%%%'] %.)39%2 32.3(2 [%.%%%'] 

E 2'.(,9 [%.%')*] %.2,(3( ',.9(3 [%.%2))] 

F 29.('9 [%.%%%*] %.339(( 23.2)9 [%.%%)*] 

G '-.(2- [%.''3*] %.'9-*) '2.'92 [%.23'%] 

H )3.3%' [%.%%%%] %.)9-*% 3,.32* [%.%%%%] 

J '9.9') [%.%2,(] %.2,2%' ',.--3 [%.%2,-] 

L 29.*2' [%.%%%(] %.29*') '9.**- [%.%',,] 

Notes: Test with unrestricted trend and constant. Seasonal dummies are included. Lag order = 4. The null hypothesis (H0) states that there 
are no  cointegrating vectors.

Source: Author’s own elaboration.

Table 4A.  Unit root tests (alfa = 0.05) for the quarterly time worked and average paid employment in Poland 
for national economic sections from Q1 2009 to Q4 2023
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cont. Table 2A
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D '.) %.3 –'.32 –).-* –3.2- –%.-* –'.,' –'.2) –%.,(
DD %.2) %.'2 –'.-) –'.** –-.%3 –'.-2 –'.,, –-.,( –-.92

E '.-, %.22 ).'' %.*) –3.3( '.', –3.3( –'.'2 –2.,3
DE %.'2 %.' –2.2 –*.2 –*.3' –%.2 –'.' –''.39 –''.33

F %.), %.23 –'.%* –3.9- –3.,- –'.9- –2.3) –'.- –'.*-
DF %.') %.') –2.() –2.,- –3.%- –'.)) –'.9- –9.22 –9.'3

G '.-3 %.'( 2.3, –%.* –2.2) %.%2 –'.-, –%.3) –'.((
DG %.'- %.') –'.(9 –).2, –).2) –'.33 –'.-9 –*.93 –*.,(

H '.-' %.33 '.-3 –%.3' –2.)- –%.3( –'.3' '.) –2.)9
DH %.-, %.', –%.9* –'.93 –'.,' –'.32 –'.9) –,.** –9.3(

J '.-3 %.3' 3.,) '.33 –3.33 %.)' –%.,3 %.,2 –3.)(
DJ %.2( %.%) –* –*.29 –*.*) –%.-) –'.-' –'3.,' –'-.'9

K '.32 %.%9 –%.(( –'.-9 –2.2 –%.-) –'.,- –'.9 –).))
DK %.%* %.%* –*.-' –*.* –*.(' –'.%' –'.39 –'3.2 –'3.'

L '.' %.'2 –2.2* –2.-' –3.)) –'.)' –'.( –'.' –3.'3
DL %.'* %.%( –).-- –).*9 –).** –%.-) –'.3( –*.*, –*.*-

Worked time

B '.)9 %.2 –'.(9 –%.93 –'.*) %.2 –'.*) –'.39 –).,3
DB %.%* %.%) –,.2) –,.*2 –,.-( –'.9( –2.2( –'-.'9 –'-.'

C '.)* %.', '.-* –%.(, –'.' –%.2( –'.-' –'.,9 –-.-
DC %.'3 %.'' –9.(2 –'%.'9 –'%.'9 –%.,3 –'.2( –'*.** –'*.(*

D '.) %.29 –2.(3 –).)) –2.'2 –%.(- –'.9- –2.2 –-.))
DD %.'3 %.%9 –'.9, –2.-2 –3.,( –'.9* –2.93 –'9.9' –'9.92

E '.-- %.'' 2.%- %.%9 –2.9) %.** –2.() –3.'' –9.92
DE %.2- %.'* –'.3- –2.%2 –'.(' %.2- –'.32 –29.-2 –3%.2(

F %.)2 %.2' –'.'2 –3.)2 –3.3, –2.3' –2.', –3.-- –3.93
DF %.') %.') –2.'2 –2.29 –2.-3 –%.'* –'.3 –'*.'3 –'-.9)

G '.)9 %.'( '.-' –'.'2 –%.,' –%.-( –'.)( –'.,9 –-.('
DG %.2 %.'- –3.*) –3.99 –).%2 –'.%9 –'.3, –'*.(9 –'*.,'

H '.-) %.2, 2.2) –%.%2 –2.%2 –%.2( –'.-- –'.'2 –(.%(
DH %.2) %.'( –'.93 –2.,, –2.93 –'.39 –2.2( –32.(- –33.)'

J '.-3 %.3) 3.)- 3.%9 –%.,3 –%.%) –'.2 %.2' –-.)3
DJ %.2* %.%( –%.%* –3.3- –(.(9 %.-( –'.23 –22.9) –2*.%-

K '.) %.' –'.%2 –%.,2 –).* %.-9 –3.-( –).9- –(.*,
DK %.%9 %.%( –3.23 –3.)- –3.)3 –%.3 –2.%- –2'.(* –2'.*

L '.2* %.' –3.), –%.*) –3.93 –%.3) –'.(* –3.*) –*.-)
DL %.') %.%( –3.-( –).)- –).) –2.*- –3.3) –'*.() –'(.%'

Notes: The header presents critical values in  round brackets.

Source: Author’s own elaboration.

cont. Table 4A
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Figure 1A.  Temporal disaggregation of annual time actually worked (in thousands of hours worked) to quarterly 
frequency using the Litterman method (with the average employment as the only high-frequency 
indicator series) across economic activity sections in Poland from Q1 2009 to Q4 2023

 

 

 

 

 
Notes: The temporal disaggregation in these plots is conducted using solely average employment as a high-frequency (quarterly) indicator series.

Source: Author’s own elaboration.
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Figure 2A.  ARIMA-based forecasts of preliminary data on hours actually worked in Q1, Q2, and Q3 of 2023 
compared to official survey data disseminated by Statistics Poland (Q1 2009 to Q4 2023)

    

    

    

    

    
Notes: ARIMA models were selected based on the Akaike Information Criterion, with an estimate of seasonal strength as per Wang et  al. 
[2006]. Model selection followed the algorithm presented in Hyndman and Khandakar [2008]. The plots display point forecasts and confidence 
intervals (80% and 95%) shaded in grey, compared to the Official Survey Data from Statistics Poland, indicated by the black line. The ARIMA 
models chosen across economic activity sections  are as follows: B: ARIMA (0,1,1) with drift; C, D: ARIMA (3,1,0) with drift; E, G: ARIMA 
(4,1,0) with drift; F: ARIMA (0,1,5); H, J: ARIMA (0,1,2) with drift; K: ARIMA (3,1,0); L: ARIMA (3,1,2).

Source: Author’s own elaboration.
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Table 5A. Supplementary auxiliary time series used in addition to average paid employment

Variable Original description Original data 
source Adjustments applied in this study

Real Industrial 
Production Index
(IPI) 

Industrial Production Index 
(2%'-='%%) for Poland; nominal 
values; unadjusted data (i.e., 
not seasonally or calendar 
adjusted), quarterly frequency.

OECD Adjusted for inflation using the price index 
(implicit deflator; 2%'-='%%) from Eurostat 
to obtain real values

Real GDP (GDP) Gross domestic product at market 
prices for Poland (in millions of 
national currency); unadjusted data 
(i.e., not seasonally or calendar 
adjusted); ESA 2%'% classification, 
quarterly frequency.

Eurostat Converted to constant prices (2%'-='%%) using 
the implicit deflator from Eurostat to derive real 
GDP

Real GDP per capita 
(GDPpc) 

Gross domestic product at market 
prices per capita for Poland (in units 
of national currency); unadjusted 
data (i.e., not seasonally or calendar 
adjusted); ESA 2%'% classification, 
quarterly frequency.

Eurostat Converted to constant prices (2%'-='%%) using 
the implicit deflator from Eurostat to obtain real 
GDP per capita (Poland) 

Real Gross Value 
Added (GVA) for 
Poland and by section
(Sections B–E, F, G–I, 
J, K, L*) 

Gross value added at current 
prices in million euro (SCA) across 
sections, unadjusted data, quarterly 
frequency.

Eurostat Converted to real GVA in million PLN (Poland) 
using the implicit deflator (2%'-='%%) from 
Eurostat; adjusted for inflation and converted 
from EUR to PLN using quarterly average 
exchange rates from the National Bank of Poland

Notes: For the four primary auxiliary time series, alternative variants were also considered. These include versions lagged by one or two quar-
ters, their seasonal components extracted using the X-13ARIMA-SEATS procedure (both contemporaneous and lagged values), as well as real 
indices adjusted by subtracting the corresponding seasonally adjusted series generated by X-13ARIMA-SEATS (also including contemporane-
ous and lagged values). Data on GVA by economic activity are available only from Q1 2021 onwards, while aggregate GVA data for Poland 
are available for the entire time span considered in  this study.

Source: Author’s own elaboration.

Table 6A.  Mean Absolute Percentage Error (MAPE) of the Litterman-minrss method with selected auxiliary time 
series combined with the average paid employment series

Auxiliary time series

MAPE (%) 

B C D E F G H J K L

Economic activity section

average paid employment 2.*- '.,3 3.,- 2.), 2.*- '.9, 3.-2 3.3- 2.9( 2.*,

Supplementary auxiliary time series used in addition to average paid employment:

IPI 2.** '.,2 3.,- 2.)* 2.*- '.99 3.)2 3.3) 2.9( 2.*,

GDP 2.*( 3.3- 3.,* 2.)3 2.-) '.*9 2.-, 3.)9 3.%( 2.(%

GDPpc 2.*( 3.23 3.,* 2.)* 2.-) '.*9 2.-9 3.)* 3.%- 2.(%

GVA 2.*- 2.2* 3.,- 2.)' 2.-% '.(- 2.)2 3.32 3.2' 2.*9

IPI[s] 2.** 23.-3 3.(9 2.), 3.)* '.9* '-.-* 3.32 3.'( 3.9(

IPI[u] '%.2 23.-3 3.,- 2.*( 3.)* '2.%9 '-.-* 2%.2' 3.'( 3.9(

GDP[s] -.)* '3.,( 9.)* 2-.** 2%.9' '3.'' ').33 2).%9 ).,, ,.%-

GDP[u] 9.*( '3.2% ).,* ').(% *.)* '-.** 2.-3 )3.9* *.9% -.*)

GDPpc[s] '(9 ')3.() 32.%- (%.,) 3(.32 '3.2) '%-.(% (3.33 3(.'2 )%.*9

GDPpc[u] 3%.* '9.93 ).99 '(.'9 ).,* 2,.'* ).%% (%.-9 2-.-) 3.(2

GVA[s] '-.' 2).,- *.*) 3.-' ').(' '9.(* 3%.') *%.', 2'.29 2.(3

GVA[u] 33.* ').99 ,.,' (.(3 2-.), '.(% 2.*) 2).)3 22.'- ).*2

GVA_Section 2.*- '.,- 3.,* 2.)( 2.*- 2.%% 3.-- 3.)% 2.9, 2.*,

IPI (-2)n 2.*) '.,- 3.,) 2.)( 2.** '.99 3.*% 3.2% 2.9) 2.*-

GDP (-2)n 2.(2 2.%% 3.(9 2.)- 2.** 2.)% ).'% 2.(, 2.9' 2.*'

GDPpc (-2)n 2.(2 '.99 3.(, 2.)3 2.** 2.2- ).%9 2.(, 2.9% 2.*'

GVA (-2)n 2.(3 2.32 3.(9 2.)9 2.** 2.3, 3.(9 2.,2 2.9- 2.*%
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Auxiliary time series

MAPE (%) 

B C D E F G H J K L

Economic activity section

IPI[s] (-2)n 2.** '.,3 3.,- 2.), 2.*- '.9, 3.-' 3.29 2.9* 2.*,

IPI[u] (-')n 3.2- '.,3 3.,- 2.)( 2.** '.9, 3.-' 3.29 2.92 2.*,

GDP[s] (-')n 2.)) 2.)) ).'3 '.,2 2.9* 2.*9 ).3, *.9' 2.(* 2.39

GDP[u] (-2)n 2.(2 2.2, ).'% '.93 2.9% 2.)9 ).%( -.'* 2.(( 2.*3

GDPpc[s] (-')n 2.3, 2.29 ).'- '.*9 2.(9 2.-% 3.** ,.)( 2.(( 2.2)

GDPpc[u](-2)n 2.(2 2.'9 ).'- '.(* 2.(' 2.39 3.)9 -.(, 2.,3 2.(,

GVA[s] (-')n 2.)) 2.'' ).2* '.*% 2.() 2.39 2.,9 *.-* 2.75 2.32

GVA[u] (-')n 2.)' 2.%- ).2' '.*) 2.*9 2.3% 2.9( ).,( 2.(- 2.3,

IPI (-2)a 2.*) '.,- 3.,) 2.)( 2.** '.99 3.-' 3.)- 2.9) 2.*(

GDP (-2)a 2.,2 2.%9 3.(( 2.)( 2.** 2.2* 3.,' 2.(9 2.92 2.*2

GDPpc (-2)a 2.,2 2.%* 3.(* 2.)* 2.** 2.2* 3.,' 2.,% 2.92 2.*3

GVA (-2)a 2.,2 2.*2 3.(( 2.)( 2.*- 2.3% ).%2 2.,* 2.9( 2.*2

IPI[s] (-2)a 2.** 2.*2 3.(9 2.), 2.*- '.9* 3.-2 3.32 2.9* 2.*9

IPI[u] (-')a 3.2- '.,3 3.,- 2.)( 2.** '.9, 3.-' 3.29 2.92 2.*,

GDP[s] (-')a 2.*- '*.*( ).', '.(2 2.99 ''.* '%.%) 2%.' ).22 2.('

GDP[u] (-2)a -.3% ').33 ).3( '.,) 3.%' *.99 9.2% ').2 -.%( 2.*(

GDPpc[s] (-')a ').3 '-2.) )%., 9'.) 3%.% ').* '--.9 )2.3 9.93 33.,

GDPpc[u] (-2)a )3.* 3-.9' ).3* 2.'' -.%3 3.)) ).39 3.3* '%.) 3.2-

GVA[s] (-')a '2.2 39.() 3.,3 3.-* 9.9, '3.' 2'.() 2).( ).2( -.%-

GVA[u] (-')a 2.(- 2(.*2 ).3' 2.(- '%.2 '%.) ').3( 3(.% 3.99 *.2(

Notes: [s]  denotes the seasonal component of the given macroeconomic time series, extracted using the X-13ARIMA-SEATS procedure. [u] 
refers to the seasonally unadjusted real macroeconomic time series adjusted by subtracting the corresponding seasonally adjusted series gener-
ated using X-13ARIMA-SEATS. Lags of the macroeconomic time series are indicated in  parentheses. The superscript n signifies that a  naive 
forecasting approach was employed to extend lagged auxiliary time series to match the length of the original series in order to provide timely 
official statistics. The superscript a  indicates that forecasts were generated using ARIMA models selected according to  the Akaike Informa-
tion Criterion (AIC), incorporating an estimate of seasonal strength following Wang et  al. [2006]. Model selection in  this case followed the 
algorithm proposed by Hyndman and Khandakar [2008]. GVA_Section refers to  gross value added data disaggregated by specific economic 
activity sections  (Sections B–E, F, G–I, J, K, and L). The selection between one-quarter and two-quarter lags for auxiliary time series was 
based on the criterion of minimising MAPE.

Source: Author’s own elaboration.

Table (A.  Forecast accuracy across economic activity sections for Litterman temporal distribution of annual 
time actually worked (in thousands of hours) to quarterly frequency across economic activity 
sections in Poland from Q1 2009 to Q4 2019

Nace Rev. 2 ME RMSE MAE MPE MAPE ACF' Theil’s U

B –'.))E-'% 22%(.2( '-,2.%3 –%.'- 2.*2 –%.-' %.-)

C 3.9,E-%9 23)*'.(( ','*-.%- –%.%* '.,( –%.2' %.*2

D –-.3%E-'% 2(9'.', 2',-.-* –%.2* 3.9' –%.2* %.-(

E –,.,,E-'% ')'2.%2 '')2.2) –%.%( '.9- –%.'% %.)3

F –-.23E-'% *,,*.'* -3*-.)2 –%.'( 2.,2 –%.2( %.),

G 3.3-E-%9 '%)9,.23 ,2)(.(% –%.%- '.-, –%.23 %.)*

H –'.(%E-%, ,'22.39 *2,3.9) –%.'* 2.*( –%.29 %.)2

J –'.22E-%( 3%39.3' 22(9.(( –%.') 2.*3 –%.3) %.),

K –2.)-E-'' 3),3.'3 2,2*.'* –%.'% 2.*2 –%.3- %.-9

L –3.29E-'% ')(*.%% '',3.(* –%.'' 2.)2 –%.'- %.-*

average %.%% *33(.(- )92*.'* –%.'3 2.-' –%.2( %.-'

s %.%% *)%(.(* )9*(.-, %.%* %.*' %.'' %.%(

Source: Author’s own elaboration.

cont. Table 6A
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Temporal Disaggregation Models: From Chow–Lin to Dynamic Extensions

The Chow-Lin, Fernandez, and Litterman methods are three regression-based approaches that employ 
a Generalized Least Squares (GLS) regression of yl , on the annualised quarterly indicator series, CX. These 
models assume a static and linear relationship between y and X, as well as between yl and CX, leading to the 
expression p X

^
b= .

C is the temporal aggregation – extrapolation matrix: Inl
7 ~, which is the Kronecker product of an iden-

tity matrix of size nl and a transposed vector ~ of length n
n
l
 (frequency conversion ratio) which specifies the 

form of temporal aggregation.
The Chow-Lin method assumes that the quarterly residuals adhere to a first-order autoregressive process 

(AR1), where u ut t t1t e= +-  with te  being white noise: ~ ( , )N 0 te je , and 1<t . This assumption leads to:
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 (1),

The distribution matrix D, a function of (v), is typically given by:

 D v vC CvC 1= -l l^ ^h h  (2).

The GLS estimator bt, for a given variance-covariance matrix (v) is given by:

 v X C CvC CX X C CvC yl
1 1 1b = - - -l l l l l lt^ ^ ^ ^h h h h6 @  (3),

In contrast to the Chow-Lin method, the Fernandez and Litterman methods assume that the quarterly 
residuals follow a non-stationary process, represented as ,u u vt t t1= +-  where vt follows an autoregressive process 
of order 1. The Fernández method can be viewed as a special case of the Chow-Lin method when the quarterly 
innovation follows a near-random walk. Given its I(1) properties, the Fernández approach implicitly assumes 
no cointegration between y and X, making its estimation process more stable [Quilis, 2018].

The Litterman method extends the Fernández method by modifying its I(1) high-frequency innovation 
to an ARI(1,1) process, introducing greater flexibility to capture highly trended processes. When 0t= , the 
Litterman model reduces to Fernández’s model, making Fernandez its special case where u follows a random 
walk. The variance-covariance matrices for the Fernández and Litterman methods are given by equations (4) 
and (5) respectively:

 v G G0 2 1j= e
-l^ ^h h  (4),

 v G H HG2 1t j= e
-l l^ ^h h  (5),

where G and H are n × n matrices. Both matrices have 1s along the main diagonal, represented by vector 1n . In 
matrix G, the first subdiagonal consists of vector –1n 1-  , whereas in matrix H, the entries of –1 are replaced by 
t- . All other entries in both G and H are zero.

Estimating the variance-covariance matrix involves determining t, which can be achieved through various 
methods, such as the iterative approach proposed by Chow and Lin [1971], or by minimising the weighted 
residual sum of squares (RSS), as introduced by Barbone et al. [1981]:

 RSS u CvC ul l
1t = -l l^ ^h h  (6),

where ul is the parameter obtained from the observed autocorrelation of the low-frequency residuals. As 
a result, the outcomes are dependent on the specification of (v) [Sax, Steiner, 2013].
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Santos Silva and Cardoso [2001] introduced a dynamic extension of the classical Chow – Lin method. 
This extension incorporates a more complex dynamic structure into the relationship between y and X: 
y y xt t t t1{ b f= + +- , ( 1 1< <{- ; , ,t n1 …= ; ~ ( , ~iddN 0tf  iid N (0, jf)) where xt represents the t-th row of 
X. The matrix form of the model is given as follows:

 D y X qb h f= + +{  (7),

where :D n n
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 and E y0h= ^ h represent the truncation remainders. 

The (v) is given by C Cd { l^ h , where DD 1d { j= a { {
-l_^ ih , and ja is the standard deviation of the Gaussian white 

noise ( , )a iddN 0t j= a  that linearly links X and yl  in the methods previously described. For further details, see 
Quilis [2018]. The estimation of y follows the same best linear unbiased estimator (BLUE) approach utilised 
in the Chow-Lin method. However, it is important to note that the Santos Silva and Cardoso method, while 
also assuming cointegration between y and X, does not fully incorporate the Chow-Lin procedure [Quilis, 2018].


