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Abstract

Official statistics increasingly make use of higher-frequency time series. But when
users ultimately are interested in a seasonally adjusted temporal aggregate of these
data, we have to decide whether to perform seasonal adjustment or aggregation
first. Consequently, we must weigh up the benefits of richer informational content
against the increased computational requirements and the challenges presented by
using more volatile and outlier-prone data. We examine this trade-off on simulated
and real-world time series using a battery of diagnostics including revision size,
tests on residual seasonal and calendar effects and linkage with target variables
using leading adjustment procedures: DSA, WSA, X-13-ARIMA, and TRAMO-
SEATS. We synthesise our findings into practical guidelines that help users choose
the aggregation level that balances statistical quality and real-time usefulness.
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1 Introduction

Unlike forecasting, seasonal adjustment of a time series is a multi-purpose exercise. The
purposes include accurately estimating the seasonal and calendar components, and ob-
taining a seasonally adjusted series that is informative for business cycle analysis and
serves as a suitable input for subsequent economic forecasting. Because some of these ob-
jectives are latent and cannot be observed and at the weekly level, the reverse holds; their
evaluation inevitably involves a degree of subjectivity. Analysts generally need to employ
a battery of diagnostics to select the most appropriate set-up for seasonal adjustment.

One important choice is the temporal resolution for seasonal adjustment, i.e. the
temporal aggregation level at which seasonal adjustment is conducted. This is especially
relevant, when a higher-frequency time series is available. If for example a daily series
is observed but the economic analysis focuses on the quarterly aggregate, we can choose
from at least 4 temporal resolutions: the series can be adjusted at the daily, weekly,
monthly or quarterly aggregation level.

Even when only lower frequency time series are available, the question of the optimal
temporal resolution may arise: in a report for the U.S. Bureau of Economic Analysis,
Moulton and Cowan (2016) point out that several monthly series that are part of the
compilation of GDP and GDI data, showed no detectable seasonality at the monthly
frequency and were therefore not adjusted, yet displayed seasonal patterns once they were
aggregated to the quarterly level. Other series that had already been seasonally adjusted
still exhibited seasonality after temporal aggregation. Both situations contribute to the
residual seasonality observed in the published aggregates.

More generally, Ollech (2022) demonstrates that the properties we can detect in a
seasonal time series depend on the level of temporal aggregation. For instance, the in-
teraction between the annual seasonal pattern and the day-of-the-week effect is only dis-
cernible when the data are observed at sub-weekly periodicities. Indeed, ESS guidelines
on seasonal adjustment take this into account and allow to include different effects at
different temporal resolutions (Eurostat, 2024).

Here, we study how the choice of the temporal resolution impacts the seasonal adjust-
ment results and which diagnostics to rely on to help guide this choice and discuss their
limitations. Section 2 presents the seasonal adjustment methods considered and discusses
the limitations of the methods at the different temporal resolutions. Section 3 gives an
overview of appropriate diagnostical tools, while Section 4 illustrates the differences of
seasonal adjustment results at different temporal resolutions using simulated data and
applies the diagnostics to real-world series. Finally, Section 5 concludes.
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Figure 1: Electricity consumption (unadjusted)

2 Methodological considerations

Let Y;Vt e 1,...,T be a time series observed at equally-spaced intervals and let B denote
the backshift operator, so that B*Y; = y; . A seasonal ARIMA(p, d, q)(P, D, Q), model
with seasonal period 7 is written

6p(B)Op(BT)(1 - B)'(1 — B")PY, = 0,(B)0q(B7)er, & = (0,0%), (1)
where ¢,(B) =1—¢1B—...—¢,B? and ®p(B") =1 — &, B" — ... — ®pB"7 are the non-

seasonal and seasonal autoregressive (AR) polynomials, while 6,(B) = 1+6,B+...+6,B4
and Og(BT) = 1+ ;B + ... + ©gB? are the corresponding moving-average (MA)
polynomials. The operators (1 — B)? and (1 — B")? apply d orders of non-seasonal
differencing and D orders of seasonal differencing, respectively.

How does the temporal aggregation level affect the ARIMA model? Rossana and
Seater (1995) summarise the results derived by Brewer (1973) and Tiao (1972) as two-
fold: 1) The AR order of the time series remains the same after temporal aggregation,
except that the coefficients will decrease to zero, as k increases; all MA coefficients,
except the first d, will decrease to zero as k increases. 2) Even random walks will lead to
ARIMA(0,d,d) models through temporal aggregation, though the decrease in the number
of observations increases standard errors, which may render the MA terms statistically
insignificant and thus potentially undetectable

Based on the analysis of seasonal ARIMA models, Wei (1978) shows that estimation
and forecasting become less efficient if temporal aggregates of the series are used, provided
the non-seasonal part of the time series is non-stationary. In general, temporal aggrega-



tion reduces the complexity of the underlying ARIMA model; for instance, converting
a monthly or quarterly series to an annual (or lower) frequency removes the seasonal
component altogether (Silvestrini and Veredas, 2008).

The RegARIMA (Regression with ARIMA errors) model extends the ARIMA frame-
work to allow for the inclusion of exogenous regressors, enabling the modelling of both
the time series dynamics and the effects of external variables. In a RegARIMA model,
the observed series Y; is modelled as a linear combination of k regressors X, ..., Xj+,
plus an error term that follows a (seasonal) ARIMA process:

Y =00+ 51X+ 4 BeXie + 2, (2)

where z; is assumed to follow a seasonal ARIMA(p,d, q)(P, D, Q), process as described
above. Equivalently, the RegARIMA model can be written as

$p(B)®p(B7)(1 — B)'(1 = B7)"z = 0,(B)Oq(B")e:, (3)

with 2z, =Y, — By — 81 X1+ — - -+ — B Xk, This approach allows the inclusion of external
factors, such as calendar effects or other covariates and an automatic outlier detection
based on the algorithm described by Chen and Liu (1993). The full RegARIMA model is
also used to forecast the raw and linearised series, a practice that supports the revision
policy frameworks promoted by Eurostat (2024) and lessens the reliance on asymmetric
filters in the methods used to estimate the seasonal component.

2.1 Methods for seasonal and calendar adjustment

Let the time series Y; be defined by an unobservable components model so that

Y;:Tt‘FSt‘i‘Ct‘i‘[t (4)

where T; denotes the trend-cyclical component, S; the seasonal component, C; the calen-
dar component, and I; the irregular component. The objective of calendar and seasonal
adjustment is to estimate and remove the calendar-related effects (S; and Cy). In some
cases, the model specified in Equation (4) might be augmented by further components,
such as interaction effects.

To achieve the decomposition, all methods discussed below combine RegARIMA mod-
els — which capture selected calendar effects — with methods used to estimate the seasonal
component that correct for periodically recurring patterns.

Seasonal adjustment of daily time series The daily seasonal adjustment (DSA)
procedure of Ollech (2021) removes calendar and other periodic effects from daily time
series in an iterative, multistep procedure. Its successor, DSA2, includes the recently
developed extended airline model, which permits high-order RegARIMA specifications as
well as the simultaneous estimation of several periodic patterns.! The method is built
on the ARIMA (0,1,1)(0,1,1) model — better known as the Airline model introduced by
Box and Jenkins (1970) — which has proven highly effective in capturing the dynamics

!The DSA2 method is implemented in the dsa2 R package that can be downloaded from
https://github.com/bbkrd/dsa2.



of the majority of seasonal time series (Fischer and Planas, 2000; Ollech and Webel,
2020) and has attractive features in the context of seasonal adjustment and time series
decompositions (Aston and Koopman, 2006).

Let the backshift operator B for a non-integer 7 € R, be defined via a first-order
Taylor approximation as follows:

B =(1-a,_;))B" +a,_ ;B (5)

With this definition, B™ can be substituted into Equation 3 to obtain the extended air-
line model, which is capable of accommodating non-integer seasonal periodicities. Fur-
thermore, by allowing for multiple seasonalities, the extended airline model enables the
estimation of calendar effects while directly accounting for both weekly and annually
recurring patterns.

The sequence of adjustment steps in DSA2 is as follows:

1. Calendar adjustment using the extended airline model
2. Adjustment for the day-of-the-week
3. Adjustment for the day-of-the-month

4. Adjustment for the day-of-the-year

A further advantage of DSA2 is its modular design: different seasonal-adjustment
engines can be employed in step 2, 3, and 4. In contrast, DSA is limited to the STL
method of Cleveland, Cleveland, McRae, and Terpenning (1990), which decomposes a
time series into seasonal, trend-cyclical and irregular components by iteratively applying
(seasonal) loess regressions and weighted moving averages. DSA2 additionally supports
X-11 and a SEATS-type procedure based on the extended airline model (cf. Ollech, 2022).
Steps 2—4 can be iterated multiple times to ensure convergence of the estimated periodic
components.

Seasonal adjustment of weekly time series The weekly seasonal adjustment (WSA)
procedure?; described in Ollech (2022), uses the extended airline model to estimate cal-
endar effects. Then either an X-11- or SEATS-type decomposition is used to extract the
seasonal component. As discussed, the extended airline model allows non-integer period-
icities. This is somewhat of a necessity for weekly time series, given that the number of
observations per year is 52.18 on average.

Seasonal adjustment of monthly and quarterly time series The adjustment rou-
tines implemented in Eurostat’s seasonal adjustment software JDemetra+ for monthly
and quarterly time series are X-13-ARIMA and TRAMO-SEATS.

Both routines combine a RegARIMA-based pre-processor with a dedicated seasonal
adjustment method. In addition to the calendar correction, the pre-processing includes
algorithms for an automatic selection of the ARIMA order as designed by Gémez and

2WSA is available in the wsa() function in the aforementioned dsa2 package.



Maravall (2001), and an automated choice between additive and multiplicative decompo-

sitions.?

In TRAMO-SEATS, the pre-processing is followed by the SEATS (Signal Extraction
in ARIMA Time Series) for the estimation of the seasonal component. SEATS is a
fully model-based procedure: using the estimated ARIMA specification, it constructs
Wiener-Kolmogorov optimal filters that decompose the linearised series into four latent
components: seasonal, trend-cycle, transitory (short-term) movements and an irregular
remainder.

In X-13-ARIMA, the method X-11 is employed. This semi-parametric method itera-
tively applies weighted non-seasonal and seasonal moving averages to extract the seasonal,
trend-cyclical and irregular components.

2.2 Frequency-dependent limitations

Table 1: Estimation possibilities and limitations across temporal resolutions

Daily Weekly ~ Monthly Quarterly

Calendar effects v v v (V)
Time-varying weekly recurring pattern v X (X) (X)
Monthly recurring pattern v (V) X X
Interaction between weekday and v (V) (X) (X)

calendar effects
Bridging days v (V) (V) (V)

Remark: v = possible; (v') = possible with caveats; (X) = mostly not possible;
X = not possible.

As discussed above, the observable characteristics of seasonal time series depend on the
temporal resolution. Table 1 highlights the key differences (for an exhaustive treatment,
see Ollech, 2022).

Although calendar effects — influences related to the calendar constellation that are
neither seasonal nor strictly periodic* such as moving holidays and the number of working-
days in a period — can in principle be modelled with regression terms whenever suitable
regressors are available, their estimation is weak at quarterly or lower periodicities. The
variation in the length of a quarter, and hence in the number of working-days it contains, is
too small to yield reliable identification. The same lack of variation hampers the detection

3The pre-processing routines in X-13-ARIMA and TRAMO-SEATS differ only in minor details. TRAMO-
SEATS re-estimates the joint impact of all detected outliers more frequently, whereas X-13-ARIMA uses
a higher default critical value for outlier inclusion. In the automatic ARIMA order selection they employ
distinct unit-root cut-offs, impose different maximum ARMA orders, and vary in the use of exact versus
conditional likelihood. Their automatic calendar-effect modules also rely on different statistical tests.

4Strictly speaking, the Western calendar repeats every 400 years, and with few exceptions even every 28
years. However, this periodic behaviour is, to the best of our knowledge, never exploited in practice, so
we follow this terminology.



of any residual calendar effects, so the corresponding diagnostic tests are inevitably less
powerful than we would like.

In daily time series, the effect of working-days manifests itself as a day-of-the-week
pattern. This can be tackled by methods that allow this periodic effect to change over
time. The RegARIMA models used in official statistics to estimate the working-day effect
in monthly or quarterly time series generally assume a time-constant effect.” In weekly
time series it will usually not be feasible to identify intra-weekly patterns.

Similarly, monthly recurring patterns can usually only be estimated from sub-monthly
time series. Because there is a non-integer number of weeks per months, the estimation
of such effects in weekly time series will usually be unreliable, especially if time-varying
effects have to be estimated.

Some interaction effects can be captured by including suitable regressors in the model.
However, for time series with a frequency lower than daily, it is often nearly impossible to
identify such effects. This difficulty arises from the large number of additional regressors
required and the limited variation in relevant calendar constellations present in lower-
frequency series.

According to the official guidelines for seasonal adjustment (cf. Eurostat, 2024), bridge
days should not be modelled or adjusted for in monthly or quarterly time-series. In lower-
frequency data their impact is hard to isolate from other calendar effects, so any estimate
would be unreliable.

For higher-frequency time series the situation is different. In daily time series, the
influence of bridge days is often very apparent and suitable regressors can be constructed.
In weekly data the bridge days typically fall in the same week as the associated holiday,
making it unavoidable to include their effect in the estimation of the holiday effect.

3 Diagnostics

The purpose of seasonal and calendar adjustment is to remove all seasonal and calendar
fluctuations from a time series, without extracting any of the other components into the
seasonal and calendar effect, respectively. An adequately adjusted series should there-
fore display neither statistically significant seasonality (so-called residual seasonality) nor
signs of over-adjustment. As McElroy and Roy (2022) discuss, however, the seasonal ad-
justment methods routinely used by official statistical agencies often yield adjusted series
whose spectra exhibit pronounced troughs at the seasonal frequencies and corresponding
negative spikes in the autocorrelation function. This phenomenon is typically dismissed
as “a curious artefact of optimal signal extraction” (McElroy and Roy, 2022, p. 269) and
accordingly, relatively few diagnostic tools exist for detecting seasonal over-adjustment.

Residual seasonality, in contrast, is always considered a problem to be avoided. Com-
paring residual-seasonality diagnostics can therefore help determine the most suitable
level of temporal aggregation.

5Time-varying calendar effects can be handled, for instance, with rolling-window estimation, extended
procedures such as STAHL (Haller, Daniel, and Bellone, 2025), structural time series models (Harvey,
1989) or enhancements of existing methods (For ARIMA and ETS such enhancements are implemented
in the smooth package in R, see Svetunkov, 2017). Usually the identification of time-varying calendar
effects is less stable than for time-constant effects.



Within the regression framework employed to estimate calendar effects, tests for resid-
ual calendar influences are straightforward. Appropriate regressors have to be constructed
and can then be evaluated in a RegARIMA model fitted to the adjusted, aggregated series.
The chosen ARIMA specification and its accompanying diagnostic measures can then be
compared across alternative aggregation levels to identify the temporal resolution that
delivers the best statistical fit.

In official statistics, seasonal adjustment results need to be computed, every time
new data become available. Because each new observation adds information, previously
published values typically change, especially the most recent ones. Analysing the size,
direction, and pattern of these revisions and, to the extent that it does not reduce the
quality of the adjustment itself, minimising them, is therefore of considerable practical
importance.

Finally, many higher-frequency series are used as proxies for particular sectors of the
economy or for lower-frequency aggregates. The strength and stability of their relationship
to the target series thus provide an additional diagnostic criterion when selecting an
appropriate aggregation level.

The diagnostics presented here should generally be applied to the data’s final temporal
aggregation level to make it possible to compare results obtained at different temporal
resolutions.

3.1 Residual seasonality

McElroy and Roy (2022) examine several diagnostics for detecting residual seasonality,
concentrating on the autocorrelation based QS test, spectral-based tests, and the ROOT
diagnostic. For the latter they recommend using at least 20 years of data, noting that
shorter samples render the test noticeably mis-sized. This requirement considerably re-
stricts the practical applicability of the ROOT diagnostic, because many economic time
series fall short of the two-decade threshold, especially if one limits the sample to periods
free of methodological breaks or other structural changes in the data-generating process.
In fact the ESS guidelines on seasonal adjustment recommend to split time series that are
20 years or longer (Eurostat, 2024)

Ollech and Webel (2022) demonstrate that the QS test and the ANOVA-type Fried-
man test complement each other in detecting different manifestations of seasonality. Using
them in tandem increases the accuracy of classifying a series correctly as seasonal or non-
seasonal. As discussed above, standard seasonal-adjustment procedures produce series
with negative seasonal autocorrelation. The QS test statistic contains an indicator func-
tion that sets the statistic to zero whenever the first seasonal autocorrelation is negative.
Accordingly, the p-value of the test applied to seasonally adjusted series is often exactly 1.
In that case the QS test may give identical results for competing adjustment results.

So far, seasonality tests have not yet been evaluated systematically for higher-frequency
time series. Ollech (2021) uses visual inspection of the spectrum to assess the presence of
seasonal and periodic patterns in daily time series.

A thorough assessment of residual seasonality should therefore combine formal sea-
sonality tests — such as the QS and Friedman tests — with spectral-based diagnostics.

When selecting the temporal resolution, tests for residual seasonality should be con-
ducted at least at the aggregation level at which the data will be disseminated or analysed.



For example, if we adjust a daily time series and then aggregate it to a monthly frequency,
the tests should be applied at the monthly level of temporal aggregation.

3.2 Residual calendar effects

As discussed above, residual calendar effects can be assessed by including suitable calen-
dar regressors in a RegARIMA model for the already calendar- and seasonally-adjusted,
aggregated series (For a detailled discussion about an appropriate construction of calendar
regressors, we refer to Deutsche Bundesbank, 2012). The significance of these variables
can then be tested with the usual t- or F-statistics. Possible regressors include:

e the generic working-/trading-day variables supplied by JDemetra+, and

e user-defined holiday or working-day variables that reflect a country’s or a region’s
calendar.

For higher-frequency time series, additional calendar phenomena may be relevant.
Ollech (2022) documents several such effects and shows how they can be handled within
the adjustment procedure. Cross-seasonal effects, i.e. interdependencies between some or
all periodic and (fixed) holiday effects, are modelled in DSA2 using dedicated regressors
(see Section 2.1), these are often mere dummy variables. After they are compiled for
the higher-frequency series, the regressors can be aggregated to the lower frequency and
inserted into the RegARIMA model, allowing a direct test for any remaining cross-seasonal
structure. The accuracy and power of this kind of statistical tests will decrease with the
number of effects included. This can only partially be counter-acted by sensibly merging
regressors.

Bridge days warrant special attention because current guidelines give contrasting rec-
ommendations for their treatment at different levels of aggregation (Eurostat, 2024). Es-
pecially in daily time series, failing to correct for bridge days typically leaves conspicuous
spikes, so their adjustment is advisable. In monthly or quarterly series, however, their in-
fluence is diluted and very difficult to estimate with any precision. Consequently, searching
for residual bridge-day effects in aggregated (e.g., monthly or quarterly) data may often
be unnecessary and sometimes even be misleading.

To detect calendar effects, graphical tools can also be employed. Spectral analysis may
be particularly useful in this context. For monthly time series, relevant spectral peaks
associated with trading-day effects occur at 0.348 cycles per month, which is an alias of
(30.4375 days per month / 7 days per week) = 4.348, as noted by Soukup and Findley
(1999). Similarly, for quarterly time series, the calculation (91.3125 days per quarter /
7 days per week) = 13.04464 leads to spectral peaks at 0.04464 cycles per quarter. It
is easy to see then, why this peak for quarterly time series may be over-shadowed by a
dominant trend. Note also that the second quarter always spans over 91 days so — barring
any additional holiday corrections — each day of the week occurs exactly 13 times. As a
result, the variability in the number of trading-days per quarter is quite limited, making
the identification of trading-day effects more challenging. Therefore, this graphical tool
is generally more effective for monthly time series.

An alternative is the starting-day-of-the-period plot proposed by Cleveland and Devlin
(1980). Using the seasonally (and trend) adjusted series, for all periods of equal length



(e.g. all quarters with 92 days), a boxplot is created for each possible starting day of the
week: one for all periods beginning on a Monday, another for those starting on a Tuesday,
and so on. Examples are shown in Figure 7 and Figure 8. These plots can be used to
identify patterns related to the day of the week.

3.3 Revisions

Revisions are an unavoidable side-effect of seasonal adjustment®: each time new raw obser-
vations become available, the previously published adjusted values may change. While the
additional data generally improve the precision of the estimates, the attendant revisions
can also alter earlier analyses and conclusions. To manage this trade-off, the Eurostat
Guidelines on Seasonal Adjustment (Eurostat, 2024) outline several revision policies, tak-
ing into account specific properties of the series and the requirements of the data users.
These policies share a common goal: minimising revisions that are economically irrelevant
and thus unlikely to influence the interpretation of the current situation.

When conducting revision analysis, we must determine which data releases — known
as vintages — we want to compare. The most common approaches are period-to-period
revisions and first-to-final revisions.

Period-to-period revisions compare consecutive data vintages. For a series Y;, which
may be expressed in levels or as a growth rate, the period-to-period revisions are defined
as

TﬁTP = Yyr — Yyr—1 (6)

where g, denotes the estimate for period ¢ contained in the vintage released at time T,
and g,7—1 is the corresponding estimate published one release earlier.

First-to-final revisions measure the total change between the first release of an obser-
vation and the vintage that is regarded as final:

TtFF = ?)t|to - Qt\T* (7)
with g, being the estimate first published at release date ?y, with ¢y > ¢ and g+ the
estimate appearing in the final vintage issued at time T, with 7™ > t,. The horizon T
is chosen far enough in the future that further revisions are assumed to be negligible.

To summarise the properties of any of the revision series 7 € {rf¥ rf*} we con-
sider standard forecast-error statistics.” For the T observations for which corresponding

vintages are available,

6Seasonal adjustment methods that do not cause any revisions even if the results are re-estimated based
on additional observations will typically not take advantage of all available information and thus not be
efficient.

"Indeed, Nikolopoulos, Syntetos, Boylan, Petropoulos, and Assimakopoulos (2011) use an error statistic
to select the optimal aggregation level for forecasts of demand arrivals. They use the mean absolute
scaled error (MASE) proposed by Hyndman and Koehler (2006) to select the optimal aggregation level
for forecasts, where the scaling is done by dividing the absolute forecast error by the mean absolute error
of the naive (seasonal) forecast. This kind of scaling will usually not be necessary for revision measures,
and only applicable if an obvious method for comparison is available.



The mean absolute revision (MAR) and root mean squared revision (RMSR) gauge the
typical magnitude of a revision, RMSR giving greater weight to large revisions. These
measures can be expressed in relative terms — e.g., as a percentage of the final estimate —
to facilitate comparisons across series that differ in scale.

3.4 Relationship with target variable

Since the onset of the COVID-19 pandemic, economists have increasingly turned to higher-
frequency data — either as higher-frequency proxies for certain branches of the economy (cf.
Arshad and Beyer, 2023; Bricongne, Meunier, and Pouget, 2023; Lehmann and Mohrle,
2024) or as part of composite indicators intended to track the economy as a whole (e.g.
Delle Monache, Emiliozzi, and Nobili, 2020; Eraslan and Gotz, 2020; Fenz and Stix, 2021;
Lewis, Mertens, Stock, and Trivedi, 2022; Lourenco and Rua, 2021; Wegmiiller, Glocker,
and Guggia, 2021; Woloszko, 2024). In most of these applications one or more lower-
frequency target variables are available. The strength of the relationship between the
proxy series Y; and its target z; therefore provides a natural measure for evaluating the
quality of the seasonal adjustment.

The association between Y; and z; is most conveniently inspected with the sample
cross-correlation function computed on stationary transformations (e.g. log-differences
or percentage growth rates) of the variables (Kendall and Ord, 1983). In the context of
identifying an appropriate temporal resolution for the seasonal adjustment the contem-
poraneous correlation of the growth rates already offers a parsimonious summary of their
co-movement.

In a forecasting setting, a related metric is a test on Granger causality, which
identifies the suitability of regressors as predictors in a regression, whose result might
vary from the cross-correlational measures as they simultaneously include lags of the
variables, if necessary (Granger, 1969).

Let m and n denote the chosen lag length of z; and Y}, respectively. The proxy is said
to Granger-cause the target if, in the augmented autoregression

Z=0agForz_1+ ..+ pZm + BoYe .+ BuYien F e ~iid. (0,07), (10)

the null hypothesis Hy : By = ... = 8, = 0 is rejected, usually with an F- or Wald test.
Because the regression controls for the target’s own lags, the outcome of the test can differ
markedly from simple contemporaneous correlations.

In some forecasting applications, it may even be feasible to include the different sea-
sonal adjustment results into the evaluation stage. The prediction-accuracy metric can
then inform the choice of the most appropriate temporal resolution.

An indicator of directional co-movement is the sign congruence, which quantifies the

10



directional agreement between the series (see e.g. Eurostat, 2018). The sign congruence
is defined as the number of times that the growth rate of the series share the same sign,

1.e.
T

Congruence = % Z L fsign(vi)=sign (1)} (11)

t=1
indicating that their short-term trajectories are synchronised. This measure is particularly
useful for understanding whether the proxy and target consistently signal movement in
the same direction.® The congruence can be normalised by comparing it to the naive sign
forecast, which always predicts the most frequently occurring sign — positive if positive
values are more common, and negative otherwise. The scaled congruence is then given by

Congruence
T T
max (% 2=t Lsign(zo=+)) T 2oz 1{sign<zn:—})

When the series are expressed in comparable units, distance metrics such as the mean
absolute error or the root-mean-square error (cf Section 3.3) of their growth rates offer
an easily interpretable measure of the average discrepancy between proxy and target.
Taken together, these statistics characterise the strength, direction and predictive
content of the relationship, all of which can guide the choice of the temporal resolution.

Scaled congruence = (12)

3.5 Comparison of ARIMA models

Earlier studies (see Section 2) suggest a certain alignment of the ARIMA models at
different temporal resolutions. If, at one particular scale, the selected model is noticeably
more complex than those at other scales, that time-aggregation level may be unsuitable.
Before drawing a final conclusion, it may be worthwhile to refit the series with alternative
ARIMA specifications. Often one can find a simpler model consistent with the models
used at the other time scales that performs similarly, even if formal statistics initially
favour the more complicated choice.

4 Illustration

4.1 Simulation

Our simulation study follows the procedure proposed by Ollech (2021) and implemented
in the R package tssim (Version0.2.7) to generate daily time series.” Each simulated
series {Y;} is constructed multiplicatively as

Y, — Yt(SA) ‘ Sf@ ' 815365)7 Yt(SA) ~ ARIMA(3,1,1), (13)

8Pesaran and Timmermann (1992) derive a non-parametric tests of the accuracy of a regressor as a
predictor of the sign of the growth rate of a target variable.

9To assess the robustness of our findings, we additionally applied the simulation algorithm developed by
Cuevas and Quilis (2023), which is based on the time series models proposed by Harvey and Shephard
(1993). The results were qualitatively similar to those obtained with our primary approach and are
available upon request.
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where Y;(SA) is the seasonally adjusted component, and 5,5(7) and St(?’%) are the weekly and

annual seasonal factors, respectively. Calendar effects are deliberately excluded, as this
is beyond the scope of this study. )
For 7 € {7,365} the initial seasonal factor S,ET) is given by:

St(T) = St(Z)T + Et,
e =P + w, uy ~ N(0,07).

Its magnitude is adjusted to a user-chosen level,

50

035()

S =

Og(),

where 0.,y denotes the empirical standard deviation of SN’t(T).
We generate 1000 independent series. For each replication the parameters are drawn
with replacement from the following sets:

osn €41,2,...,20},
0% = o /0™, W™ € {2, 20, 200},

025 = Tgaan JW) | W) € {05, 5, 50},

3™ € {0.1, 0.01, 0.001},
BB%) ¢ {0.2, 0.02, 0.002}.

Because the data are simulated, the ”true” seasonally adjusted series is known; we will
consider it the target series. Even though we do include the relationship to the simulated
seasonally adjusted series, the goal of this simulation study is not to determine which
pairing of seasonal-adjustment method and temporal aggregation yields the overall best
adjustment. Yet, it would be worth investigating, how combinations of the single ad-
justment results may optimise the accuracy.! The main objective of the present study
is to analyse how the adjustment results relate to one another across different levels of
temporal aggregation.

The results included in Table 2 and Table 3 show the correlations of the growth
rates at different levels of temporal aggregation, restricted to the X-11 and SEATS based
procedures, respectively. The presentation of all relationships, including across methods,
can be found in Table 9 in Appendix A.

For both X-11 and SEATS, the highest correlations are observed between neighbour-
ing aggregation levels. In the case of X-11, these correlations remain consistently high
across all levels, likely due to the limited number of seasonal filters available compared to

10Tn the context of forecasting, different studies have investigated the benefits of combining the results
from different levels of temporal aggregation to obtain improved forecast (e.g. Athanasopoulos, Hynd-
man, Kourentzes, and Petropoulos, 2017; Kourentzes, Rostami-Tabar, and Barrow, 2017). We do not
find that combining the seasonal adjustment results based on different temporal resolutions generally
improves the accuracy compared to the best single seasonal adjustment results.
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Table 2: Correlations between growth rates for seasonal adjustment results at different
levels of temporal aggregation, only X-11 results

Daily Weekly Monthly Quarterly Target

Daily 1.000 0.963 0.974 0.965 0.943

Weekly 0.963 1.000 0.974 0.967 0.913

Monthly 0.974 0.974 1.000 0.982 0.931

Quarterly  0.965 0.967 0.982 1.000 0.924

Target 0.943 0.913 0.931 0.924 1.000
Note:

The Pearson-Bravais-type correlations are computed on sea-
sonally adjusted series aggregated to quarterly frequency.

Table 3: Correlations between growth rates for seasonal adjustment results at different
levels of temporal aggregation, only Seats results

Daily Weekly Monthly Quarterly Target

Daily 1.000 0.922 0.889 0.883 0.846

Weekly 0.922 1.000 0.891 0.883 0.841

Monthly 0.889 0.891 1.000 0.959 0.947

Quarterly 0.883 0.883 0.959 1.000 0.929

Target 0.846 0.841 0.947 0.929 1.000
Note:

The Pearson-Bravais-type correlations are computed on sea-
sonally adjusted series aggregated to quarterly frequency.

SEATS. For SEATS, however, there appears to be a distinct separation between higher and
lower frequencies: daily and weekly series are highly correlated with each other (cor(Daily,
Weekly) = 0.922), as are monthly and quarterly series (cor(Monthly, Quarterly) = 0.959).
This is probably because, for daily and weekly time series, only the extended airline model
can be applied, whereas for monthly and quarterly series, a broader set of ARIMA models
is available. In contrast, X-11 exhibits a more gradual decline in correlation as the differ-
ence between aggregation levels increases. For practitioners working only with lower fre-
quency time series, it is important to note that discrepancies between aggregation results
are not limited to higher frequencies; monthly and quarterly series are also not perfectly
correlated. This aligns with the findings in Table 10, which show that the monthly and
quarterly aggregation levels yield the same sign in less than 95% of observations. Conse-
quently, analysts working with both monthly and quarterly time series would encounter
differing signals regarding the direction of the most recent development in approximately
5% of cases as a result of using different temporal resolutions.
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4.2 Real world examples

Original values We examine the case for temporal disaggregation with 2 real-world
examples. You can see these time series in Figures 1 and 2. Both time series are observed
at a daily frequency and are also aggregated to weekly, monthly and quarterly series.
Note that in the figures the aggregated variants of the time series have been shifted by 3,
15 and 45 days, respectively, to align them with the mid point of each period.

The first real-world time series in our analysis shows the development of the German
electricity consumption since January 2015. These data are provided by the Bundesnetza-
gentur, the main regulative authority for infrastructure, energy, telecommunications, post
and railways in Germany. Quite clearly these data contain multiple seasonal patterns.
Except for a sharp decline between Christmas and New Year’s, power consumption is the
highest during the winter months. It then decreases during spring and reaches its lowest
levels in the summer months of July, August and September. At this time electricity
demand is usually around 30% lower than in January. After this low it increases again
until the end of the year.

There is no discernible monthly recurring pattern, but a pronounced weekday effect.
From Monday to Friday, power consumption is roughly constant at a fairly high rate. On
Saturday it drops noticeably until it reaches its low point on Sunday, where demand is
approximately 20% lower than during the week. In addition to these seasonal patterns
there are also longer-term trends in the data. Most notably, there is a reduction in
power consumption during 2020, when economic activity was hampered because of the
COVID-19 pandemic. After a short-lived recovery in 2021 and 2022 we can since observe
a downward trend, roughly coinciding with the ongoing recession of the German economy.

Pedestrian activity in German cities
2021 = 100, unadjusted values, varying frequencies
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Figure 2: Pedestrian activity (unadjusted)
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The second real-world time series estimates the pedestrian frequency in German cities
since July 2018 using lasers. These data originate from hystreet.com GmbH, a private
data provider that uses laser scanners to track foot traffic at prominent metering points in
inner cities in Germany. The aggregated times series used in our analysis is a population-
weighted average of the raw data from the metering points in 21 large German cities and
is indexed to its 2021 average.

Albeit not as pronounced as in the electricity data, the pedestrian data too contain
multiple seasonal patterns. First, we can see an increase of foot traffic throughout the
year that culminates in the weeks before Christmas. Second, we find that on Fridays
pedestrian activity increases by about 25% in comparison to the near constant level of
foot traffic from Monday to Thursday. On Saturdays, the number of pedestrians increases
by an additional 50%. On Sundays, when retail stores are closed in Germany, is about
40% of an average weekday or 75% lower than on Saturdays.

As with the electricity data, there is a significant downward trend of activity during the
Coronavirus pandemic. The effects are however much stronger and unfold more rapidly.
After the start of the first COVID-19 lockdown in mid-March 2020, within just one week
the number of pedestrians shrinks by more than 2/3 in comparison to pre-pandemic
levels. In mid-December 2020, when Germany entered its second lockdown period, the
same pattern repeats once more.

In addition to these seasonal patterns, we find that both time series contain distinct
dips and spikes pertaining to calendar-related effects such as holidays and bridge days.
For example, all else equal, on Easter Monday or Pentecost Monday, pedestrian activity
is 80 to 90% lower than on other days of the year.

Seasonal adjustment Section 2 describes the methods used to obtain seasonally ad-
justed data. The daily time series is adjusted using the X-11, SEATS and STL methods
as implemented in the dsa2 (Version 0.2.25). The weekly aggregates are adjusted using
WSA with the X-11 and SEATS methods of the same package. For the monthly and
quarterly series we use the X-13-ARIMA and TRAMO-SEATS routines of the RJDemetra
(Version 0.2.8). Thus, in total we conduct nine sets of seasonal and calendar adjustments.

Naturally, there are more observations available when working with the daily data
as opposed to the weekly, monthly or quarterly versions of the data. For the electricity
time series we have a total of 3,834 daily observations, i.e. 10.5 years. The shorter
pedestrian activity time series contains 2, 557 daily observations, i.e 7.0 years. The number
of observations in the weekly, monthly and quarterly aggregates, is lower by factors of
7, 30.4 and 91.3, respectively. Throughout all frequencies we work with a multiplicative
transformation and a seasonal ARIMA model of order (0,1,1)(0,1,1)."

We vary, however, the choice of calendar regressors, depending on the level of temporal
aggregation. For the daily frequency, we use 2 large sets of custom-made calendar regres-
sors to account for all major public holidays in Germany and bridge days associated with
them. To take into account interactions between the holiday and weekday components,
we use additional regressors to account for instances where holidays fall on particular days
of the week. In addition, we include further regressors for days that are not associated

HNotice that for the SEATS-adjustment of the daily time series we adjusted the logs of the original
values, as the SEATS routine of the R package rjd3highfreq (Version 2.3.0) invoked by dsa2 currently
does not support multiplicative decompositions natively.
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with public holidays in Germany but have nonetheless a significant impact on our time
series of interest. For example, when adjusting the pedestrian data, we observe that foot
traffic is significantly impacted by retail events such as Black Friday promotions or Sunday
shopping exceptions during the Advent season.

When adjusting the weekly versions of our time series, we remove all regressors that
pertain to days that occur within the same week, e.g. over the Easter weekend, or bridge
days. Similarly, we remove those regressors that were included to account for holidays that
fell on a weekend. At the monthly and quarterly frequency we use traditional working-day
and trading-day regressors. As described in Section 4.2, the electricity series is character-
ized by significantly lower activity on Saturday and Sunday. As the difference between
Saturday and Sunday as well as the difference among the working days is relatively small in
comparison to the difference between working-days and the weekend, we use a working-
day regressor when adjusting this time series. Conversely, pedestrian activity features
great differences between weekdays, especially Saturdays and Sundays. In an ordinary
week pedestrian activity spikes on Saturday and is the lowest on Sunday. Consequently,
we use trading-day regressors to treat each day of the week separately.

In all estimations we work with automatic outlier detection. When adjusting the
daily and weekly time series, we set the critical value for the detection of outliers equal
to 8, to limit the number of automatically detected outliers to a moderate level. Most of
these outliers are found at the start dates and end dates of the COVID-19 lockdowns in
Germany, i.e. in the spring of 2020 and the 2020/2021 winter season. For the monthly
and quarterly series we lower the critical value to 6, as the seasonal adjustment routines
of the RJDemetra package, unlike dsa2, allow us to specify outliers manually. As with
the adjustment of the higher-frequency series, we specify most of these outliers during the
time of the COVID-19 pandemic.

When adjusting the daily electricity time series with the X-11 method we select a
3 x 15 and a 3 x 9 filter for the intra-weekly and the intra-yearly patterns. We do not
estimate an intra-monthly effect, as such a pattern is not visible in the unadjusted values.
Similarly, for the STL method we use a window of 25 and 15 observations in the local
regressions for the seasonal components of the intra-weekly and the intra-yearly patterns
but do not estimate an intra-monthly pattern. For the SEATS method we do not need
to specify any filters, as the decomposition is fully based on an ARIMA model. For the
X-11 and X-13-ARIMA methods used to adjust the weekly, monthly and quarterly time
series we work with seasonal filters of length 3 x 5, 3 x 9 and 3 x 9, respectively.

When adjusting the daily pedestrian traffic time series with X-11, we work with a
3 x 15 filter for the day-of-the week effect and a 3 x 3 filter for the day-of-the year effect.
Unfortunately, the dsa2 package (in Version0.2.25) does not allow for an even higher
filter for the day-of-the week effect, which we would like to select to account for the
very persistent intra-weekly pattern.!? Analogously, for the STL approach, we include
a relatively large number of 31 observations in the local regression for the day-of-the
week effect and only 7 observations for the intra-yearly pattern. Because of the relatively
low number of observations in this time series, dsa2 auto-selects a 3 x 3 seasonal filter
when adjusting the weekly pedestrian time series with X-11. Lastly, at the monthly and
quarterly time frequencies, for which we work with the RJDemetra package, we use 3 X 9

2More precisely, the R package rjd3x11plus (Version 2.3.0) does not provide full asymmetric filters and
thus the filter choice is limited by the number of seasonal cycles available.
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seasonal filters in both cases.

Concerning the trend estimation, we select daily trend filters that encompass 13 ob-
servations for both the daily electricity time series and the daily pedestrian traffic time
series and for both the X-11 method and the STL approach. For the yearly trend we work
with filters that span 367 observations in the case of X-11 and 609 and 697 observations
in the case of STL. For the weekly X-11 estimations, we smooth both time series over 55
observations and use a 13-term Henderson filter for the monthly and quarterly X-13 esti-

mations. As was the case for the seasonal filters, there are no trend filters to be selected
for the SEATS estimations.?

Adjustment results Based on these specifications we adjust each of the real-world
time series 9 times: 3 times at the original daily frequency, and twice each at the weekly,
monthly and quarterly frequencies. We then aggregate all non-quarterly adjusted time
series to the quarterly level in order to facilitate comparison of the results.!* Figures 3
and 4 show the adjusted series for the electricity time series, Figures 5 and 6 display the
adjusted series for the pedestrian activity time series. For the electricity consumption, we
can quite clearly see that the results are generally quite similar across the different adjust-
ment methods. The differences appear to be a larger for the pedestrian activity. However,
for this time series, in comparison to the electricity data, the intra-yearly fluctuations are
much less dominant.

German electricity consumption aggregated to quarters
TWh, calendar and seasonally adjusted at varying frequencies using X-11

1.5
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Deutsche Bundesbank

Figure 3: Electricity consumption (X-11)

13See the appendix for a detailed overview of all specifications and outliers used in the real-world examples.
14Note that the recommended temporal resolution at which seasonal adjustment is conducted may be
differ if the target was a monthly instead of a quarterly time series.
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German electricity consumption aggregated to quarters
TWh, calendar and seasonally adjusted at varying frequencies using SEATS
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Figure 4: Electricity consumption (SEATS)

Pedestrian activity in German cities aggregated to quarters
2021 =100, calendar and seasonally adjusted at varying frequencies using X-11
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Figure 5: Pedestrian activity (X-11)
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Pedestrian activity in German cities aggregated to quarters
2021 =100, calendar and seasonally adjusted at varying frequencies using SEATS
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Figure 6: Pedestrian activity (SEATS)

Next, we apply the most relevant diagnostics discussed in Section 3 to the series, to
analyse how the adjustments differ qualitatively across the nine cases for the 2 real-world
examples. The results of these tests are displayed in Tables 4 and 5.

First, we test for residual calendar effects. To do so, we use the arima() function
contained in the R package stats (Version4.5.0) to estimate non-seasonal RegARIMA
models of order (0, 1, 1) for the adjusted time series that have been aggregated to quarterly
frequency. For the electricity consumption time series we include a standard working-day
regressor. For the pedestrian activity time series we use a trading-day approach, i.e. we
specify individual regressors for the number of each day of the week contained in each
quarter of our data sample. In doing so, we not only account for the difference between
working-days and weekends but also the strong difference between Saturdays and Sundays
(see Section 4.2).

In Tables 4 and 5 we report the p-values from a t-test of the statistical significance of
the working-day regressor and F-tests of the joint significance of the trading-day regres-
sors. For all specifications of the electricity series, we do not reject the null hypothesis
of no working-day effect. Conversely, for the pedestrian series we reject the null of no
trading-day effect in 8 of 9 cases. Only under the X-11 estimation at the weekly fre-
quency do the tests find no evidence of untreated calendar effects.

Regarding trading-day effects, the spectra shown in Figures 10 and 11 mirror the
results from the statistical tests. Pedestrian activity exhibits pronounced spikes at the
frequencies associated with trading-day effects across all cases, even including the series
adjusted at the weekly aggregation level using X-11. The spectrum for electricity con-
sumption underscores the limitations of using spectral diagnostics for trading-day effects:
the downward trend in the time series yields elevated spectral power at the lowest fre-
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quencies, which can obscure evidence of residual calendar effects. In this context, the
starting-day-of-the-period plots — adjusted for calendar, season, and trend, and thus rep-
resenting the irregular component — may offer a clearer perspective. As shown in Figures 7
and 8, differences between days of the week are apparent for both time series. Yet they
also highlight the general difficulty of reliably identifying calendar effects in quarterly se-
ries: all subplots indicate higher irregular values for quarters beginning on a Wednesday.
For the pedestrian activity, this calendar constellation occurs only once due to the short
length of the series: in 2020-Q3, when restrictions following the first COVID-19 wave
were lifted and pedestrian activity rebounded from its second-quarter levels. This single
observation also drives the pattern observed in electricity consumption. Therefore, any
apparent evidence of residual seasonality is likely spurious. This conclusion is supported
by the statistical tests: if the 2020-Q3 observation is excluded, the F-tests for residual
calendar effects in pedestrian activity are no longer significant.

Starting-day-of-the-period plot for German electricity consumption
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Figure 7: Starting-day-of-the-period plot for German electricity consumption
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Starting-day-of-the-period plot for pedestrian activity in German cities
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Figure 8: Starting-day-of-the-period plot for pedestrian activity in German cities

To test for residual seasonality in the adjusted and quarterised time series, we use
2 tests from the R package seastests (Version0.15.4): the QS test and the Friedman
test. Under the null, both tests assume that the series is non-seasonal.!> As indicated
by the p-values in Tables 4 and 5, we generally do not reject the null hypotheses at the
5% significant level for both the electricity consumption and pedestrian activity series.
The p-values of the Friedman test are generally lower for pedestrian series, the X-11
adjustment at the daily temporal resolution is even marginally significant at the 10%
level. These findings match the visual inspection of the adjusted time series. We do not
discern seasonal patterns in any of our time series before aggregating them to quarters.

For electricity consumption, the spectral plots (Figures 10 and 11) show notable spikes
at the seasonal frequency for the monthly and quarterly aggregations; even the series
adjusted at the daily level using SEATS exhibits a minuscule uptick. In the case of
pedestrian activity there are slightly elevated levels at the seasonal frequency in most
of the spectra. As none of these spikes translate into visible residual seasonality in the
adjusted series, we would not recommend ruling out any temporal resolution solely on the
basis of these spectral diagnostics.

To examine the the revision propensity at each temporal resolution, we conduct a
revision analysis. To this end, we first restrict our data sample to the first 5 years of
each time series and then iteratively increase it by one quarter until the end of our time

15For a detailed discussion of these tests and their test statistics see e.g. Ollech and Webel (2020).
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series. For each of the resulting vintages, we then repeat the process of aggregation and
seasonal adjustment using the same sets of specifications that we used for the complete
time series. Finally, we compare the adjusted time series aggregated to quarters and
compute the revision metrics: the mean absolute revision (MAR) and the root mean
squared revision (RMSR), both in %. We compute both of these measures on a period-
to-period basis as well as based on the first and the last vintage.

Our results reveal a large difference between the 2 real-world examples. For the elec-
tricity demand series, the largest mean absolute revision between the first and the last
vintage amounts to a mere 0.53% (SEATS, daily). Whereas, for the pedestrian activity
time series, the smallest mean absolute revision is equal to 1.80% and thus more than three
times larger. For the electricity series, revisions are lowest when adjusting the monthly
aggregates. Revisions of the pedestrian traffic series are particularly high when adjusting
at a quarterly frequency. These findings illustrate that in terms of the propensity for
revisions, there may not be a single frequency at which seasonal adjustment is generally
best.

We synthesise the preceding diagnostics by computing mean ranks that combine all
metrics into a single summary measure. For electricity consumption, the preferred aggre-
gation level depends on our choice of adjustment method used. Across methods, using
SEATS at the monthly aggregation and STL at the daily resolution yield the lowest mean
ranks. When restricting attention to X-11-based procedures, the daily aggregation per-
forms best. Looking at Figures 3 and 4, we see that the choice of a temporal aggregation
level does only have a modest impact on the adjustment result; practical considerations
(e.g., timeliness or computational cost) may therefore guide the final choice.

By contrast, the results for the pedestrian activity depend strongly on the chosen
aggregation level. Quarterly aggregation produces elevated end-of-sample values, driven
by rapidly increasing amplitudes of the seasonal and trend components in the RegARIMA-
based forecasts (not shown). The mean-rank summary accordingly disfavors the quarterly
aggregation. Across methods, the monthly aggregation performs best, particularly with
X-13-ARIMA. If a higher frequency is required, STL at the daily aggregation level is a
suitable candidate.

Lastly, we study the relationship to target series, i.e how well our 2 higher-
frequency time series are suited to nowcast traditional economic indicators. For the elec-
tricity time series this is the output in the German production sector. For the pedestrian
activity time series we consider retail turnover in sales rooms in Germany. Both of these
are originally monthly time series, of which we compute quarterly averages. Then, we
use 2 measures, to see how well our adjusted time series are able to match their target
time series. First, we compute the scaled congruence between the adjusted time series
and the target time series, i.e. the share of observations for which the growth rate of
the adjusted time series has the same sign as the growth rate of the target time series,
scaled by a naive sign forecast (see Section 3). If this scaled congruence ratio exceeds
a value of 1, the adjusted time series does provide some additional informational value
on the future trajectory of the target time series. Bear in mind, however, that the sign
congruence measure only considers the direction in which the adjusted time series and its
target move but not by how much. To also capture this quantitative aspect, we compute
a second measure, which is the simple correlation coefficient between the growth rates of
the adjusted time series and the growth rates of its target.
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We find that, for both proxies, the scaled sign congruence takes values both above and
below 1. Nevertheless, some adjusted series may still be useful for nowcasting their respec-
tive target series. In line with this, we observe contemporaneous correlation coefficients
between 0.55 and 0.63 for the electricity consumption. The relationship between proxy
and target in terms of correlation of growth rates is highest at the monthly aggregation
level, despite the scaled sign congruence being below 1 in those cases. Taken together, we
recommend using STL at the daily aggregation level for the electricity consumption.

As with other diagnostics discussed, the results for the quarterly pedestrian series using
X-13-ARIMA and TRAMO-SEATS are discouraging, with correlations of 0.16 and 0.13,
respectively.! For other candidates, correlations are substantially higher, consistently
exceeding 0.7. At the daily and monthly aggregation levels, X-11-based adjustments
outperform their SEATS-based counterparts in terms of the scaled sign congruence and
at the weekly level, the reverse holds. We would therefore advise to use daily or monthly
X-11 or weekly SEATS, if the relationship to a target is to be maximised.

16To gauge typical proxy-target relationships, we computed several contemporaneous correlations be-
tween individual WAI series and corresponding German target series. Using quarterly growth rates,
the correlations range from 0.43 (credit-card payments vs. retail turnover in sales rooms) to 0.97
(global flight numbers vs. exports). Excluding the pandemic period (2020-Q2 to 2022-Q1) markedly
weakens these relationships: the highest correlation falls to 0.65 (credit-card payments vs. turnover in
accommodation and food-service activities) and several correlations become statistically insignificant.
These results echo the evidence in the forecasting literature: the informational edge of higher-frequency
indicators becomes most valuable in periods of abrupt economic stress, such as the COVID-19 shock
(see, for example, Jardet and Meunier, 2022)
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Table 4: German electricity consumption

Daily Weekly Monthly Quarterly
X-11 SEATS STL X-11 SEATS X-13 SEATS X-13 SEATS

Relationship to target series

Scaled congruence 1.10 1.10 1.10  0.96 0.96 0.96 0.96 1.19 1.05

Correlation 0.57 0.55 0.59  0.58 0.55 0.63 0.62 0.59 0.60
Remaining calendar effects

F-test / t-test 0.833 0.524 0945 0836 0.612 0.724 0.904 0.814 0.848

Starting-day-of-the-period plot (V) (V) V) (V) (V) (V) (V) (v) (v)
Remaining seasonality

QS test 1.000  1.000 1.000 1.000 1.000 1.000 1.000 1.000  1.000

Friedman test 0.948 0.696 0.868 0.971 0.840 0.241 0.696 0.218 0.266
Visual inspection

Adjusted series v v v v v v v X X

Spectrum v (V) v v v (X) (X) (X) (X)
Revision metrics (in %)

MAR (period to period) 0.05 0.07 0.05  0.09 0.06 0.05 0.05 0.08 0.07

RMSR (period to period) 0.07 0.09 0.06 0.13 0.11 0.06 0.06 0.10 0.09

MAR (first to last) 0.30 0.53 0.35  0.32 0.21 0.19 0.19 0.38 0.26

RMSR (first to last) 0.34 0.56 0.38 0.42 0.29 0.24 0.24 0.49 0.33
Ranking

Mean rank 2.62 4.38 231 3.19 3.31 3.12 2.12 5.06 3.75
Notes:

1 Scaled congruence: fraction of obs. with same sign in growth rates, scaled by naive sign forecast.
2 For the statistical tests the table reports p-values.

3 Visual inspections: Check marks (in parentheses) indicate (mostly) unproblematic results.

4 The ranks are calculated, so that the best entry is assigned rank 1.
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Table 5: German pedestrian frequency

Daily Weekly Monthly Quarterly

X-11 SEATS STL X-11 SEATS X-13 SEATS X-13 SEATS

Relationship to target series
Scaled congruence 1.07 0.94 0.94  1.00 1.07 1.07 0.93 0.87 1.00
Correlation 0.72 0.70 0.72  0.72 0.73 0.73 0.74 0.16 0.13

Remaining calendar effects
F-test / t-test 0.013 0.003 0.000 0.601 0.000 0.000 0.000 0.000 0.000
Starting-day-of-the-period plot  (X) (X) (X) (X) (X) (X) (X) (X) (v)

Remaining seasonality

QS test 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000  1.000

Friedman test 0.086 0.241 0.334 0.158 0.158 0.334 0.334 0.978 0.362
Visual inspection

Adjusted series v v v v v v 4 4 v

Spectrum I O O R 9 N O A () I ) 4 (%)
Revision metrics (in %)

MAR (period to period) 0.66 0.68 0.74  0.86 0.56 0.44 0.43 1.85 1.64

RMSR (period to period) 0.92 0.80 0.99 1.50 0.67  0.51 0.52 2.21 1.99

MAR (first to last) 4.15 4.15 1.97  3.12 2.15 1.80 2.10 8.91 9.20

RMSR (first to last) 5.19 5.07 244 5.75 2.60 2.29 2,65 10.04  9.77
Ranking

Mean rank 3.75 3.38 2.88  3.62 3.31 2.56 2.75 4.06 4.31
Notes:

1'Scaled congruence: fraction of obs. with same sign in growth rates, scaled by naive sign forecast.
2 For the statistical tests the table reports p-values.

3 Visual inspections: Check marks (in parentheses) indicate (mostly) unproblematic results.

4 The ranks are calculated, so that the best entry is assigned rank 1.
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5 Summary

Select the temporal aggregation level for seasonal adjustment

r Use the ta level that yields best
N

Set of candidate Is there a target yes relationship with target or best
ta levels series? | nowcast / forecast of target given
the timeliness that you need

lno

Are calendar effects
important?

Exclude quarterly ta 1"0

yes

Do you have daily or yes

Are any of the following sy higher frequency ~ m—
effects important: yes series available?
time-varying day-of-the-week Exclude everythin
effects ﬁ "y A :
Cross-seasonal effects lower than dally ta
Day-of-the-month effects
Bridging days |
l v

Calculate sa results for all (remaining) ta

levels. Rank their performance for each of
- Revisions (P2P and F2L) Use the ta level with
- Residual seasonality (Friedman test) lowest mean rank
- Ifrelevant: Residual calendar effects

Visual assessment of the results
Visual assessment of the spectra ta = temporal aggregation
sa = seasonal adjustment

Deutsche Bundesbank

Figure 9: Decision tree for selection of temporal aggregation level

We present a stylised decision tree in Figure 9 to guide the choice of temporal aggregation
for seasonal adjustment in practice. First, define the use case and filter out aggregation
levels that cannot serve it. If, say, we want to use the series as a higher-frequency proxy
for a quarterly target, quarterly aggregation offers little advantage in terms of timeliness.
So, we would only be interested in results based on the quarterly aggregation level if the
target series is available with a sizeable delay.

Then, if the sole objective is to proxy a given target, optimise the proxy-target rela-
tionship: select the aggregation level that maximises alignment with the target. When
the proxy enters a forecasting model, out-of-sample prediction accuracy metrics can be
used directly to select the optimal temporal resolution.

If there is no target series, or the relationship to a target is only one of the objectives,
we can consider the properties of the series at hand. When calendar effects are very
important, avoid a quarterly aggregation. As we have seen, the identification of (residual)
calendar effects at that frequency is difficult and often unreliable. If additional effects,
such as cross-seasonal effects are important, consider only a daily or higher frequency.
Such effects can typically be estimated reliably only at higher frequencies.

For the remaining candidate temporal resolutions, evaluate the diagnostics and metrics
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discussed in this paper. Summarise them via mean ranks and choose the option with the
lowest mean rank.

Future work should explore principled weighting schemes for the diagnostics-tailored
to the intended use, sample length, and timeliness requirements to place greater emphasis
on the most relevant criteria.
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A Appendix

AR(30)-Spectra of German electricity consumption
Series seasonally adjusted at stated frequency and then aggregated to quarters and differenced

Daily SEATS Daily X-11 Daily STL
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Notes: Reference lines at 0.0447 Hz (blue, calendaric) and 0.25 Hz (red, seasonal), spectrum in logs
Deutsche Bundesbank

Figure 10: Spectra for German electricity consumption

31



AR(15)-Spectra of seasonally adjusted pedestrian activity in German cities

Reference lines at 0.0447 Hz (blue, calendaric) and 0.25 Hz (red, seasonal)

Daily SEATS Daily X-11 Daily STL
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Notes: Spectrum in logs; due to the length of the series, an AR(30) spectrum cannot be computed
Deutsche Bundesbank

Figure 11: Spectra for pedestrian activity in German cities
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Table 6: Pre-processing of electricity

Daily

Weekly

Monthly

Quarterly

Observations 3834
Decomposition Mult.
ARIMA (0,1,1)(0,1,1)

Crit.val. 8

Outliers WO (2018-04-30)
AO (2024-05-01)

AO (2025-05-01)

Jan1Sun
HolyThursday
GoodFriday
HolySaturday
EasterSunday
EasterMonday
EasterMondayAft1Day
AscensionBeflDay
Ascension
AscensionAft1Day
CorpusChristi
CorpusChristiAft1Day
May1Bridge
PentecostBeflDay
PentecostMonday
PentecostAft1Day
Oct3Bridge
Nov1Bridge

Dec25Sat

Dec24Sun

Dec25Sun

Dec26Sun
PostXmasSun10d
DstSpring

DstAutumn
ReformationDayBridge
NationalHolWeekday
NationalHolSat
XmasPeriodWeekday
CarnivalMonday

Calendar

547

Mult.
(0,1,1)(0,1,1)
8

CarnivalMonday
GoodFriday
EasterMonday
Pentecost
CorpusChristi

126

Mult.
(0,1,1)(0,1,1)
6

LS (4-2020)
LS (8-2020)
LS (4-2025)

WorkingDay

42

Mult.
(0,1,1)(0.1,1)
6

AO (I1-2020)
LS (11-2025)

WorkingDay

Notes:

I Due to technical reasons, we conducted a log-transformation for the daily SEATS model

outside the adjustment routine itself.

33



Table 7: Pre-processing of pedestrians

Daily Weekly Monthly Quarterly
Observations 2557 365 84 28
Decomposition Mult. Mult. Mult. Mult.
ARIMA (0,1,1)(0,1,1) (0,1,1)(0,1,1) (0,1,1)(0,1,1)  (0,1,1)(0,1,1)
Crit.val. 8 8 6 6
Outliers LS (2020-03-18) LS (2020-03-22) LS (3-2020)  AO (II-2020)
LS (2020-04-19) LS (2020-03-29) LS (4-2020)  AO (IV-2020)
LS (2020-05-02) LS (2020-04-26) LS (5-2020)  AO (IV-2021)
LS (2020-12-16) LS (2020-12-27) LS (12-2020)
LS (2021-05-20) LS (1-2021)
LS (6-2021)
LS (12-2021)
LS (1-2022)
Calendar JanlSun GoodFriday Monday Monday
HolyThursday PentecostMonday Tuesday Tuesday
GoodFriday Wednesday Wednesday
EasterMonday Thursday Thursday
EasterMondayAft1Day Friday Friday
May1Bridge Saturday Saturday
PentecostMonday
PentecostAft1Day
Ascension
AscensionAft1Day
CorpusChristi
CorpusChristiAft1Day
Oct3Bridge
Nov1Bridge
Dec25Sat
PreXmasSun3d
Dec25Sun
Dec26Sun
Dec31Sun
ThanksgivingFriday
XmasPeriodWeekday
LabourDayWeekdays
LabourDaySaturday
GermanUnity Weekdays
GermanUnitySaturday
AdventSun
Notes:

I Due to technical reasons, we conducted a log-transformation for the daily SEATS model
outside the adjustment routine itself.
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Table 8: Filter selection

Electricity consumption Pedestrian activity

Seasonal Trend Seasonal Trend

Daily
X-11 3x15 (t1=7) 13 (r=7) 3x15 (t1=7) 13 (r=7)
3x9 (1 =365) 367 (r=365) 3x3 (1 =365) 367 (r=365)
SEATS - - - -
STL 25 (r=7) 13(r="7) 31 (r=7) 13(r=7)
15 (1 =365) 609 (r =365) 7 (1 =365) 697 (1 = 365)

Weekly
X-11 3x5 55 3x3 55
SEATS - - - -

Monthly
X-11 3x9 13-Henderson 3x9 13-Henderson
SEATS - - - -

Quarterly
X-11 3x9 13-Henderson 3x9 13-Henderson
SEATS - - - -

Notes:

I For the X-11-type models ”Seasonal” refers to the seasonal movering aver-
age filter. For the STL-model it refers to number of observations included
in the local regressions calculated to obtain the seasonal component.
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Table 9: Correlations between growth rates for seasonal adjustment results at different levels of temporal aggregation

Daily Weekly Monthly Quarterly
Original X-11 SEATS STL X-11 SEATS X-11 SEATS X-11 SEATS Target

Original 1.000 0.602 0.530 0.597 0.582 0.540 0.584 0.604 0.582 0.604  0.621
Daily

X-11 0.602 1.000 0.889 0.980 0.963 0.884 0.974 0.967 0.965 0.946  0.943

SEATS 0.530 0.889 1.000 0.881 0.907 0.922 0.907 0.889 0.906 0.883  0.846

STL 0.597 0.980 0.881 1.000 0.950 0.875 0.969 0.966 0.964 0.946  0.948
Weekly

X-11 0.582 0.963 0.907 0.950 1.000 0.920 0.974 0.954 0.967 0.937 0.913

SEATS 0.540 0.884 0.922 0.875 0.920 1.000 0.905 0.891 0.905 0.883  0.841
Monthly

X-11 0.584 0.974 0.907 0.969 0.974 0.905 1.000 0.967 0.982 0.947  0.931

SEATS 0.604 0.967 0.889 0.966 0.954 0.891 0.967 1.000 0.959 0.959  0.947
Quarterly

X-11 0.582 0.965 0.906 0.964 0.967 0.905 0.982 0.959 1.000 0.953  0.924

SEATS 0.604 0.946 0.883 0.946 0.937 0.883 0.947 0.959 0.953 1.000  0.929
Target 0.621 0.943 0.846 0.948 0.913 0.841 0.931 0.947 0.924 0.929  1.000

Note:

The Pearson-Bravais-type correlations are computed on growth rates of seasonally adjusted series. When neces-
sary, the data are first aggregated to quarterly frequency.
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Table 10: Congruence analysis for seasonal adjustment results at different levels of temporal aggregation

Daily Weekly Monthly Quarterly
Original X-11 SEATS STL X-11 SEATS X-11 SEATS X-11 SEATS Target

Original 100.0  70.4 68.5 70.1 694 68.6  70.0 71.4  70.2 73.5 71.1
Daily

X-11 70.4 100.0 87.3 944  93.0 86.5  94.2 93.5 925 90.8 90.1

SEATS 68.5  87.3 100.0  86.1  88.7 91.2 88.8 86.9  88.8 86.3 83.7

STL 70.1 944 86.1 100.0 91.2 85.5  93.2 93.1 924 90.5 89.8
Weekly

X-11 69.4  93.0 88.7 91.2 100.0 88.6  93.7 91.5 92.6 89.3 87.3

SEATS 68.6  86.5 91.2 85.5 88.6 100.0  87.8 86.7  88.2 86.0 82.9
Monthly

X-11 70.0 94.2 88.8 932 93.7 87.8 100.0 93.0 94.7 90.6 88.9

SEATS 71.4 935 86.9 93.1 91.5 86.7  93.0 100.0  91.8 93.4 90.3
Quarterly

X-11 70.2 925 88.8 924 926 88.2  94.7 91.8 100.0 90.6 88.2

SEATS 73.5  90.8 86.3 90.5 89.3 86.0  90.6 93.4 90.6 100.0 88.5
Target 71.1  90.1 83.7 89.8 87.3 82.9 88.9 90.3 88.2 88.5  100.0

Note:

Congruence is the proportion of observations — aggregated to quarterly frequency when necessary — in which the
growth rates of the two series have the same sign.
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Table 11: Mean absolute differences for seasonal adjustment results at different levels of temporal aggregation

Daily Weekly Monthly Quarterly
Original X-11 SEATS STL X-11 SEATS X-11 SEATS X-11 SEATS Target

Original 0.0 9.9 10.3 10.0 10.1 10.4  10.0 9.8 10.0 9.5 9.7
Daily

X-11 9.9 0.0 24 09 1.8 2.9 1.1 1.2 1.2 1.6 1.8

SEATS 10.3 24 0.0 24 2.4 2.0 2.1 2.4 2.0 2.4 3.0

STL 10.0 0.9 24 0.0 2.0 3.0 1.2 1.3 1.3 1.6 1.8
Weekly

X-11 10.1 1.8 24 20 0.0 2.2 1.6 2.0 1.7 2.2 2.5

SEATS 10.4 2.9 20 3.0 2.2 0.0 2.6 2.9 2.6 2.9 3.4
Monthly

X-11 10.0 1.1 2.1 1.2 1.6 2.6 0.0 1.2 0.8 1.5 2.0

SEATS 9.8 1.2 24 1.3 2.0 2.9 1.2 0.0 1.4 1.2 1.8
Quarterly

X-11 10.0 1.2 20 1.3 1.7 2.6 0.8 1.4 0.0 1.5 2.1

SEATS 9.5 1.6 24 1.6 2.2 2.9 1.5 1.2 1.5 0.0 2.0
Target 9.7 1.8 3.0 18 2.5 3.4 2.0 1.8 2.1 2.0 0.0

Note:

The mean absolute difference is computed for the series aggregated to a quarterly level after seasonal adjust-

ment.
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Table 12: Mean absolute differences of growth rates for seasonal adjustment results at different levels of temporal aggregation

Daily Weekly Monthly Quarterly
Original X-11 SEATS STL X-11 SEATS X-11 SEATS X-11 SEATS Target

Original 0.0 8.9 9.3 89 9.0 9.3 9.0 8.8 9.0 8.5 8.7
Daily

X-11 8.9 0.0 21 09 1.2 2.3 1.0 1.1 1.2 1.4 1.7

SEATS 9.3 2.1 0.0 21 1.7 1.3 1.8 2.0 1.8 2.1 2.6

STL 8.9 0.9 21 0.0 1.4 2.3 1.1 1.1 1.2 1.4 1.6
Weekly

X-11 9.0 1.2 1.7 14 00 1.8 1.0 1.4 1.1 1.6 2.0

SEATS 9.3 2.3 1.3 23 1.8 0.0 2.0 2.2 1.9 2.3 2.8
Monthly

X-11 9.0 1.0 1.8 1.1 1.0 2.0 0.0 1.1 0.8 1.4 1.8

SEATS 8.8 1.1 20 1.1 1.4 2.2 1.1 0.0 1.3 1.1 1.6
Quarterly

X-11 9.0 1.2 1.8 1.2 1.1 1.9 0.8 1.3 0.0 1.4 1.9

SEATS 8.5 1.4 21 14 1.6 2.3 1.4 1.1 1.4 0.0 1.8
Target 8.7 1.7 26 1.6 2.0 2.8 1.8 1.6 1.9 1.8 0.0

Note:

The mean absolute difference is computed for the growth rates of the series aggregated to a quarterly level
after seasonal adjustment.
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