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1. Introduction to thetheme

1.1.1 Description of the theme

In seasonal adjustment, our intention is to correct time series for so-called seasonal
patterns. These are upward and downward movements in atime series that occur on
aregular basis (for example, annually). By adjusting for these patterns, data can be
more effectively compared over time.

Many statistics at Statistics Netherlands are compiled severa times a year, and
therefore offer the opportunity to follow certain devel opments from period to period.
However, these statistics are influenced by annually recurring patterns in the data
Examples of this are higher retail turnover levels in December and lower energy
consumption in the summer months. If we adjust the data for these effects, this data
can be compared more effectively between consecutive periods. For example, the
December turnover may differ only minimally from that of November if typical
holiday purchases are excluded. By performing seasonal adjustment, trend-related
developments are more visible in the data. Figure 1 illustrates the series * Employee
jobs’, together with the seasonally adjusted series.
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Figure 1. Seriesfor ‘Employeejobs and seasonally adjusted series

Seasonal patterns are thus annually recurring variations in the data. However, there
can be frequencies other than annual patterns. For example, energy consumption can
also demonstrate a weekly pattern, and even a daily pattern. At Statistics
Netherlands, however, we only deal with monthly and quarterly data, and we only
adjust for annual patterns. An exception to this, however, is the turnover at



supermarkets, which is measured every four weeks, which means that there are
actually 13 periods per year.

Seasonal adjustment should only be carried out if a pattern can be estimated with a
reasonable level of accuracy, so that it can be removed effectively from the data
This implies that sufficient historical data must be available. In practice, however,
time series are often relatively short. Moreover, we may have to deal with missing
data, trend discontinuities, or other shiftsin the series.

In addition to adjusting for seasona patterns, we also adjust for calendar effects at
Statistics Netherlands. These are events related to the calendar that usually have an
irregularly recurring pattern, but which do influence the time series. If, for example,
there are fewer working days in a month, the turnover in a sector can be lower as a
result. Another example is that the number of Saturdays in a month will influence
the turnover. Other examples involve effects relating to holidays, school holidays,
and leap year. By adjusting for these effects, data can be more effectively compared
over time.

1.1.2 Problems and solutions

The different methods and software developed for seasona adjustment software are
closely related. Three main approaches are available for seasonal adjustment.

- The US Census Bureau has developed X-12-ARIMA as a seasonal
adjustment method and software package. X-12-ARIMA is actually based
on a non-parametric approach. The method is based on the iterative
estimation of the seasonal component of a time series by means of several
calculation rounds. Using ARIMA models, the series is extrapolated to
make better estimations, but the X-12-procedureis based on empirical rules.

- The Bank of Spain has developed the TRAMO-SEATS approach and
software package, which includes modules for time series anaysis and
seasonal adjustment. The method tries to model time series and estimate
seasonal effects using ARIMA models.

- The third approach uses Structura Time Series Models (STM). These
models and the associated software are intended for general time series
analysis, not specifically for seasonal adjustment. They model each of the
components of atime series separately, and can therefore aso estimate the
seasonal component separately. STAMP is a well-known software package
that is used for this purpose.

The most frequently used approaches are X-12-ARIMA and TRAMO-SEATS. Of
the 27 European statistical bureaus, 10 use the X-12 approach and 14 use the
TRAMO-SEATS approach. The others utilise a different approach. Statistics
Netherlands uses X-12-ARIMA, which is discussed in more detail in chapter 3. For
a more extensive description of the X-12-ARIMA method, please refer to the
Syllabus on Seasonal Adjustment using X-12-ARIMA (in Dutch, Vollebregt, 2002).



In practice, the same quality of seasona adjustment can be attained using X-12-
ARIMA or TRAMO-SEATS, at least for regular series without special effects. The
Eurogtat guidelines (Eurostat, 2009) therefore do not demonstrate a preference for
either of the methods.

Within Eurostat, Demetra was developed as a interface for TRAMO-SEATS and X-
12-ARIMA. The successor of Demetra is Demetrat+, which can aso deal with
structural time series models.

At Statigtics Netherlands, Vivaldi (Boset, 2000) was developed as a interface for X-
12-ARIMA, to improve user-friendliness and increase the number of series that can
be dealt with simultaneoudy. Since then, X-12-ARIMA itself has also become more
user-friendly.

At Statistics Netherlands, a decision was made to work with X-12-ARIMA, and a
number of guidelines were drawn up for the use of seasonal adjustment at Statistics
Netherlands (Booleman, 2003). The Eurostat guidelines (Eurostat, 2009) were
drawn up in a European context. These contain recommended practices, but are not
requirements.

At Statistics Netherlands, seasonal adjustment is applied to a number of statistics.
Ouwehand and Kraan (2009) provide a summary of the statistics involved, and
which methods are used for this. Within Statistics Netherlands, seasona adjustment
is addressed in the same way on several important points, while it is handled in
divergent ways at a lower detail level. This is unavoidable to some extent, because
each gatistic requires it own specific approach. For the most part, the Statistics
Netherlands guidelines and Eurostat guidelines are followed. Where this is not the
case, a conscious choice has often been made to deviate from this.

In addition to the adjustment for the seasonal pattern itself, seasona adjustment also
encompasses the adjustment for caendar effects. These are the events that also
cause variations in the data, but which can be explained by calendar characterigtics.
Examples of this are the adjustment for the number of working days and shopping
days in a period, the number of days in a month, the occurrence of holidays and
‘bridge days' (the extra day off between two holidays or between a holiday and a
weekend), and the leap year effect. Seasonal adjustment can only be performed
effectively if the data are first corrected for calendar effects. Thisis done before the
actual seasonal adjustment, but it can also be performed without applying the rest of
the seasonal adjustment procedure. This adjustment is discussed in chapter 4.

1.2 Placein the atistical process

Seasonal adjustment is performed at the end of the statistical process. It is applied
once the actual statistic production has been completed. At this point, the figures are
uncorrected. For some statistics, these are a so the figures to be published. However,
the seasonally adjusted figures can then also be calculated, which makes it easier to
analyse a series over time. For other series, this seasonally adjusted series involves



the only figures that will be published. In the future, it may be desirable to perform
seasonabl e adjustment earlier in the statistical process, during the analysis phase.

1.3 Definitions
Concept Description
ARIMA model Autoregressive Integrated Moving Average model

Calendar effect

Events related to the calendar which usually have an irregularly
recurring pattern, but which do influence the time series

Decomposition

Dissection of a time series into its components (this can be
additive or multiplicative)

Demetra / Demetra+

The interface developed by Eurostat for X-12-ARIMA and
TRAMO-SEATS

Filter

Series of weights for values of a time series, needed to identify
the seasonal pattern in the series

Seasonal pattern

A number of upward and downward movements in a time series
that occur on a regular basis (such as annually)

ST™M

Structural Time series models

Time series

Data about a certain variable, arranged by time

TRAMO-SEATS

The method and software developed by the Bank of Spain for
time series analysis and seasonal adjustment

Vivaldi The interface for X-12-ARIMA developed by Statistics
Netherlands
X-12-ARIMA The method and software for seasonal adjustment developed by

the US Census Bureau




2. Seasonal adjustment using X-12-ARIMA

In this chapter, we discuss the approach for seasonal adjustment used at Statistics
Netherlands, which utilises the X-12-ARIMA package. In sections 2.1 and 2.2, we
will first examine two important basic principles behind this approach: the
decomposition of a time series into components, and the use of filters. Section 2.3
contains an explanation of ARIMA models and the X-12-ARIMA approach. We
conclude with quality indicatorsin section 2.4.

2.1 Decomposition of atime seriesinto its components

Seasonal adjustment involves the adjustment of atime series for influences that
recur on an annual basis at fixed times with a certain intensity. To do this, we
decompose atime seriesinto its separate components, so that we can filter out the
seasonal component. However, the separate components are not observable, because
we only see the seriesin itstotality. Seasonal adjustment is therefore subjectiveto a
certain extent; thereis more than one way of performing this decomposition.
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Figure 2. Decomposition of a seriesinto four components

Figure 2 illustrates the components of atime series. In addition to the season, a
distinction can be made between three other componentsin the time series:



Thetrend (also referred to as the long-termtrend) is defined as the development in a
very long term.

The business cycle (called the ‘cycle in Figure 2) is a periodically recurring wave
movement on top of the long-term trend devel opment. This cycle varies from two to
ten years, and longer. If there is a periodically recurring business cycle pattern, the
number of years over which the trend development is determined will have to be
considerably greater than the number of years over which the business cycle pattern
extends.

The irregular component consists of fluctuations in the time series caused by
coincidental non-systematic factors. This remaining component contains the part of
the datathat is not part of one of the other components.

The trend and the business cycle are used together by X-12-ARIMA and referred to
as the ‘trend cycle’. The trend cycle, which gives a good impression of both
medium-term and long-term development, is determined by removing the seasonal
component and the irregular component.

It is assumed that a calendar and working day-adjusted time series (Y) can be
broken down into the above four components:. the trend component (T), the business
cycle or cycle component (C), the seasonal component (S) and the irregular
component (I). Additionaly, two methods of decomposition are available. The
additive decomposition assumes that the seasona effects are constant in size,
independent of the changes in the trend. Multiplicative decomposition assumes that
the seasonal effectsincrease in alinear fashion with the trend level of the data.

The additive decomposition is described by the following formula:
Yt=Tt+Ct+St+|t' (2-1)
wheret indicates the period to which the data relate (month, quarter).

The multiplicative decomposition is given by the following formula:
Y, =T, xC, x§ x1,. (22)

For each time series, it must be determined whether the decomposition into
components can best be described by additive or multiplicative decomposition. The
easiest way to choose either additive or multiplicative decomposition is to have X-
12-ARIMA automatically select one of the two decompositions. To this end, X-12-
ARIMA uses the Akaike Information Criterion (AIC). Thiscriterion is a variation of
the maximum likelihood criterion. For more information about this criterion, see
Akaike (1973). In most cases, however, a time series will have a multiplicative
decomposition, because, in general, the size of the results of an economic time series
will proportionally depend on the values of al its components. The multiplicative
decomposition is made additive by performing a logarithmic transformation.
Formula 2.2 is then transformed into:

log(Y,) = log(T,) +10g(C,) +1og(S) +log(l,). (2.3)



It is therefore sufficient to explain the use of the X-12-ARIMA program through
additive decomposition.

2.2 Filters

The filters as used in X-12 determine a moving average (or moving weighted
average). In this process, a data point is replaced by a combination of surrounding
data points. These filters do not use complex models, and are therefore reasonably
simple and robust in use. It is possible to construct filters that have positive
characteristics with respect to retaining the trend and removing the seasonal
component. The part of X-12-ARIMA that consists of using symmetrical filtersis
often historically referred to as the X-11 part. The combination of the use of
symmetrical filters along with regression and ARIMA modelling is jointly referred
to as X-12-ARIMA. Regression and ARIMA modelling will be discussed later in
this document.

How X-11 works

The calculation scheme of X-11 consists of three similar calculation rounds. The
second and third round use the results from the previous calculation round and
further refine these results. Each calculation round involves an estimation of the
trend cycle, the season and the irregular component. In each calculation round, an
initial estimation of the trend cycle and the season is provided, followed by actual
estimations of the trend cycle, the season and the irregular component for the
calculation round in question. The irregular component is used to detect extreme
values. The extreme values found are deleted from the original series, and this
newly created series is used as the starting point for the next calculation round. The
same calculation steps are repeated in the next calculation round. Under the
assumption that, by eliminating the extreme values, the estimations for the irregular
component will become increasingly refined in successive calculation rounds, the
results in each calculation round also continue to improve. We will discuss how the
X-11 works using an additive filter. As demonstrated a multiplicative series can be
made additive by taking alogarithm.

Determining the trend and the seasonal component

The first step in the calculation consists of filtering the trend cycle from the series.
Thisis done using afilter or a moving average. For quarterly series, this consists of
a 2x4 moving weighted average:

TC =5Ye * 4 + 4 Yo + 4 T 5 Ve (24)

wheret represents the quarter and Y, the time series values. The weights of the filter
are determined such that all quarters count the same. Given that the quarterst-2 and
t+2 indicate the same quarters (of a different year), weights are used that are half the
weights of the other quarters. Furthermore, the weights must add up to 1. The filter
can also be written as 1/8[1 2 2 2 1]. Because this case involves a symmetrical filter,
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it is sufficient to write this as: 1/8[1 2 [2]], where the nhumber between the sgquare
brackets indicates the central values, and aso immediately indicates that thisfilter is
symmetrical. The name ‘pxq filter' refers to the filter that results if we take a
moving average of afilter of order p, for which al coefficients are 1/p, followed by
a moving average of order g of a filter for which al coefficients are 1/g. In the
above 2x4 filter, we then indeed obtain the resulting filter 1/8[1 2 2 2 1] from the
convolution of these two smplefilters:
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For monthly series, this consists of a 2x12 moving weighted average
TC = Yie v Vst T Y+ + 5 Vs + 57 Vi (2.5)

where t now indicates the month. Or, M2x12=1/24[12222222222 2 1]=1/24[1
22222]2]. Agan, because the edges of the filters indicate a corresponding
period, these are assigned half of the weights compared to the other periods.

By subtracting the trend determined in this way from the original series, the
remaining series consists of an irregular component and a seasonal component
(S+I). At this point, an initial estimation of the seasonal component is made using a
3x3 filter. Written out for a monthly series, the filter has the following form:

{ 1/9,0,0,0,0,0,0,0,0,0,0,0, 0,
2/9,0,0,0,0,0,0,0,0,0,0,0,0,
3/9,0,0,0,0,0,0,0,0,0,0,0,0,
2/9,0,0,0,0,0,0,0,0,0,0,0,0,
1/9}

and is therefore 49 months long, but only the corresponding periods are included in
the calculation. Here again, the edges count for less than the months of the directly
surrounding years.

By now also subtracting the seasonal component from the trend-free data, only the
irregular component remains. The extreme values are subsequently removed from
the irregular component in roughly the following way: each data point for which the
irregular component is greater than 2.5 times the standard deviation is considered
extreme, and will be given the weight of 0 and will eventually not count for the
calculation. Next, the standard deviation is re-determined. Once again, the points for
which the irregular component is greater than 2.5 times the standard deviation no
longer play a role. All points for which the irregular component is less than 1.5
times the standard deviation are considered as non-deviating and are given the
weight of 1. If the points are between 1.5 and 2.5 times the standard deviation, they
are assigned aweight between 1 and 0 in alinear manner.
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Determining the trend of the seasonally adjusted series

An initia estimation is made of the trend cycle and seasona component, and
extreme values are removed. Subtracting the seasonal component from the
observations corrected for extreme values results in a seasonally adjusted series, for
which the trend is going to be re-determined. At this stage, determining the trend
from a seasonally adjusted series is no longer done using the previous 2x12 filter.
Instead, a so-called Henderson filter is used, which has adjusted coefficients because
it is assumed that the trend estimate now also has become smoother. The main
specia requirement placed on the filter coefficients of the Henderson filter is that
guadratic polynomias remain unchanged after the application of the Henderson
filter (Ladiray and Quenneville, 2001). Consequently, the coefficients of the
Henderson filter form a somewhat smoother series. In the figure below, we see a
comparison between the weights of the Henderson filter and the 2x12 trend filter.
For the sake of comparison, a Henderson filter was chosen that has the same length
asthe 2x12 trend filter (while this does not necessarily have to be the case).

0.3

0.2

—e— Henderson
01 —a— 212

0.1 T T T T T T T T T T T T T
tt7 t6 t5 t4 t3 t2 t1 t t+1 t+2 t+3 t+4 t+5 t+6 t+7

Figure 3. Weights for the Henderson filter and for the 2x12 filter

By default, X-11 selects a suitable Henderson filter itself. X-11 makes this choice
based on the size of the fluctuations in the irregular component compared to the
fluctuations in the trend cycle (Vollebregt, 2002, section 4.6).

The above filters are applied severa times on the datain a similar manner by X-11
in three calculation rounds (Vollebregt, 2002, page. 16). This leads to increasingly
better estimations of the trend cycle, seasonal component and irregular components.
For this purpose, X-11 uses standard values for the filter coefficients, which may be
adapted by the user. If we do not take the various corrections for extreme values into
consideration, X-11 does nothing else than apply various filters in succession. This
successive application of several small filters is the same as applying a large filter
once. If, for example, we use a 3x3 seasona filter for the first estimations, a 3x5
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seasonal filter for the second estimations and a Henderson filter with a length of 13
for the estimation of the trend cycle, and ignore corrections for extreme values, the
final filter has alength of 169. The weights of this filter are shown in Figure 4. Note
that the weights before —40 and after +40 are practically negligible. In reality, X-11
does perform corrections for extreme values. For that reason, the figure below is
provided only for illustrative purposes.
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Figure 4. Weights for the final X-11 filter

2.3 ARIMA models

The X-11 method uses symmetrical filters. We prefer symmetrica filters because
these generally lead to more stable seasona patterns. However, their use makes it
necessary to extrapolate the data on the edges in order to ensure that no data points
arelost after thefiltering.

The extrapolations of the time series are made using ARIMA models. ARIMA
stands for autoregressive integrated moving average. ARIMA models are an
extensive class of models that are frequently used to describe economic time series.
However, the material is rather complex and, for that reason, only the basic idea of
the models will be discussed. Details can be found in Box and Jenkins (1970).

The basic principle behind ARIMA modelling is Wold's theorem. This theorem
states that every stationary time series can be written as the sum of a deterministic
component and an infinite series of independent random variables e:

Y, = m+ i:yiet_i , (2.6)

¥
where mis the average of the series. The stochastic part ( E y.€.;) isin fact an

1=0
infinitely long moving average of a white noise process €. The problem, however, is
that the number of random variables, and therefore also the number of parameters, is
infinitely large. An approximation can be made by only including a limited number
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of parameters ¢/; in the model. In this case, we are talking about a moving average
model, or MA model for short. An MA(g) model is amodel with g parameters.

In complex models, we would still need a large number of parameters in an MA
model. A model with a large number of parameters is difficult to estimate. In that
case, we can use an autoregressive model, abbreviated as an AR model. Here, we
use the fact that the above stationary time series can also be written as follows:

Y, =cte @Y +o,Y , *.. (2.7)

Here, c is a constant that depends on the average of the series. It is also possible to
express the parameters ¢, in the parameters ¢/,, and vice versa. This series

therefore expresses that each term in the series can also be expressed in its previous
terms plus arandom variable g. After all, the values of atime series are correlated in
time. For example, the production or consumption of August will partialy depend
on that of July.

A model with an infinite number of terms is now approximated by a limited number
of AR and MA terms. If we combine autoregressive and moving-average termsin a
single model, we call thisan ARMA model. An ARMA model with p autoregressive
terms and g moving-average terms (in brief, an ARMA(p,q) model) can be written
as.

Y =CtP Y, t..+P Y  te+06,+...08, (2.8)

However, we want to use the ARMA models described up to this point to aso
describe non-stationary series. If, for example, there is a linear trend (y=At+B)
instead of a constant trend, we perform the following transformation on the series:

Z,=Y, Y, (29

It now follows (by substituting Y, = At + B) that we have transformed the non-

stationary series Y into a stationary series Z with a constant trend A. We cal this
transformation a ‘difference’. We can now describe the stationary series Z with an
ARMA model. If we transform the series described by the ARMA model back, we
get the original series Y. We call this ‘back transformation’ integration. After this,
we have a model-based description of Y, and call this type of model an ARIMA
model. Thel in ARIMA stands for ‘integrated’.

For trends of a higher order, differences and integrations must be performed
multiple times. In practice, in most cases, no more than two differences are applied.
We cal an ARIMA model with p autoregressive terms, d differences and g moving-
average terms an ARIMA(p,d,g) model.

The ARIMA(p,d,g) model allows us to provide a good description of alarge number
of time series. Using this description, we can make a forward and backward
extrapolation of the series, as a result of which symmetrical filters can be used in X-
11, and also the beginning and end points of the series can be retained.
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ARIMA was designed to determine the connection between successive observations
for which predictions are possible. This method was implemented by Statistics
Canada in X-11, which made it possible to apply trend and seasonal filters
symmetrically. Thisis the X-11-ARIMA method. By subsequently modelling other
effects in the time series in advance, including calendar effects and outliers, the
quality of the estimated seasona patterns is improved. These special effects are
modelled using regression. This simultaneous use of regression and ARIMA was
developed by the US Census Bureau and is known as X-12 RegARIMA.

ARIMA modelling of seasonal effects

The time series that we want to analyse using X-12-ARIMA are time series with a
strong seasonal component. To make good predictions, this seasona component will
therefore have to be effectively modelled by the ARIMA model. To this end, we do
not expressY; inthe MA terms at timet, t-1, t-2, ..., but in the MA termsat timet, t-
12,1-24, ... .(in case of monthly series),

Y SH+8 +06 1, + 0,8 5 +...+ 08 4 (2.10)

Note that we have replaced the lower-case 6 by a capital © and the lower-case g by
a capital Q. In general, lower-case letters are used for the normal parameters of the
ARIMA model, and capital letters for the seasonal parameters of the ARIMA model.
The introduced seasonal MA terms are added to the existing ARIMA model.

We can do the same for autoregressive terms

Y, =C+D)Y,_, + DY, +.P.6_,p t €& (2.11)
and for differences:

Z, =Y, -Y, (2.12)

We now combine all terms in an ARIMA(p,d,g)(P,D,Q) model, where P is the
number of seasonal-autoregressive terms, D the number of seasona differences and
Q the number of seasonal-moving-average terms. This model makes it possible for
us to effectively describe both the trend and the season in a given time series.

Both the trend and the seasonal effects are modelled. However, the seasona effects
are implicit in the given model. The model does not provide us at this point with an
explicit description of the trend cycle, the season or the irregular component. It is
indeed possible to determine this description using the ARIMA model, but the
description is only implicitly available from the model. It is anything but easy to
translate a given ARIMA model into three components. For this reason, this
approach is not sdected for X-12-ARIMA. X-12-ARIMA uses the ARIMA model
only for extrapolation, and then calculates according to the known calculation
scheme. TRAMO/SEATS, however, determines the decomposition using the
calculated ARIMA moddl. Here, TRAMO is the program that searches for the most
suitable ARIMA model , adjusts for calendar and other specia effects, and SEATS
the program that actualy performs the decomposition. Consequently, the
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mathematical basis of TRAMO/SEATS is stronger, but the resultsin practice are not
better or worse than those of X-12-ARIMA.

Selection of the ARIMA model in X-12-ARIMA

In X-12-ARIMA, the user can either manually select a certain ARIMA model, or
have X-12-ARIMA search for a suitable ARIMA model. If the user specifies the
ARIMA model, in any case, the type of model must be specified by indicating the
parameters p, d, g and P, D and Q. The model parameters are subsequently
estimated by X-12-ARIMA, unless these are explicitly specified by the user.

When analysing a series, most X-12-ARIMA users will not specify an ARIMA
model themselves, but will have X-12-ARIMA automatically select a suitable
model. In version 0.3 of X-12, there is also the possibility to have the software find
asuitable ARIMA model by using the option ‘automodel’ (see section 2.3), which is
different from the existing ‘ pick model’.

A compromise is ‘pick model’. With this option, X-12-ARIMA calculates five
standard models and selects the one that is the most suitable for the given series.
These are the models with the ‘ non-seasonal’ (p,d,q) parameters equal to (01 1), (O
12),(210),(022) or (212), while the ‘seasond’ (P,D,Q) parameters are still
equal to (0 1 1). These five models are sufficient to produce good predictions for
amost every time series. To select one of the five models, al five models are
calculated. Each model is approved or rejected based on two conditions.

First, the ARIMA model is applied to the beginning of the series (all observations
except for the last three years), to make extrapolations for the last three years of the
series. The extrapolations for the last three years are compared with the actual
values. If the extrapolations differ too much from the actual observations, the model
does not effectively describe the series, and it is rejected.

The second condition is that the non-modelled components of the series must be
uncorrelated. The so-caled Ljung-Box test statistic is calculated to determine
whether or not this is indeed the case. If the null hypothesis that there is no
autocorrelation is rejected, the model is also rejected.

2.4 Quality indicators

X-12-ARIMA indicates the quality of the seasona adjustment using 11 quality
measures, M1 to M11, which describe the extent to which the seasonal
decomposition was successful. M1, M2, M3, M5 and M6 measure the size of the
irregular component compared to the other components. M3 and M5 measure the
size of the irregular component compared to the trend. M4 measures the
autocorrelation in the irregular component. M7 measures the extent to which the
seasonal effect is identifiable. M8 to M11 measure the extent to which the seasonal
pattern changes. Based on this assessment, we can decide to modify a number of
parameters. We can consider the quality measures as report marks, with the
difference that the 11 quality measures of X-12-ARIMA vary from 0 to 3, and that a
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value between 0 and 1 is considered satisfactory. The smaller the value of a quality
measure, the better the seasonal decomposition scores on the aspect concerned. An
end figure is provided at the end of table F3; this figure is a weighted average of the
11 figures. This average is indicated by Q. Here again, the score varies from 0O to 3,
and a number between 0 and 1 is considered satisfactory. The weights are listed in
table 1. For series shorter than six years, or series with a stable season average, the
measures M8, M9, M10 and M11 are not calculated. In that case, there are
aternative weights, which are also stated in the table.

Table 1. Weights for the determination of Q

Measure | Weight Weight Measure | Weight Weight
(short (short
series) series)

M1 13 17 M7 16 30

M2 13 17 M8 7

M3 10 10 M9 7

M4 5 5 M10 4

M5 11 11 M11 4

M6 10 10

As we saw in the table, M7 is assigned the largest weight for the calculation of the
weighted average Q. In genera, we will not accept a seasona adjustment with an
M7 of greater than 1, even if Q hasavalue of lessthan 1.

As an example, the M and Q values of the monthly statistic for the credit card credit
provided are shown. Thereis a clear seasond pattern in this statistic (Figure 5). The
peaks in July and August are connected with the extra outlays during the summer
holiday periods. After seasonal adjustment, X-12-ARIMA produces the following M
and Q values:

M1 | M2 |M3|M4 | M5 | M6 | M7 | M8 | M9 |MIO(M11| Q

0.260.14|0.46|0.29|0.67]0.21|0.35|0.38 | 0.33|0.43|0.43|0.38

All M values are clearly smaler than 1, which means that the seasonal adjustment
may be considered successful on al points. Next, a weighted average of the M
values (without M2) is used to calculate the Q value, which is dso clearly smaller
than 1. The seasona adjustment is subsequently accepted by X-12-ARIMA.
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Figure 5. Monthly statistic for credit card credit provided

The quality measures referred to are further explained below. The 11 quality
measures that we provide a summary of are discussed in more detail in [1]. The
calculation and justification of all M values is described in detail in Lothian and
Morry (1978). A good summary is provided in Ladiray and Quenneville (2001, pp.
176-182), and in Vollebregt (2002, pp. 59-68). We give avery brief summary of this
below.

M 1: contribution of theirregular component to fluctuations

M1 measures the relative contribution of the irregular component to the changesin
the series. If this contribution is large, this means that the irregular component
causes many more fluctuations than the seasonal component in the series. In such a
case, a successful distinction cannot be made between the seasonal component and
the irregular component.

M2: contribution of theirregular component in the stationary series

Just like M1, M2 also measures the contribution of the irregular component to the
total variance in the series. If M2 islarge, the irregular component is also relatively
large. However, the calculation of M2 differs from the calculation of M 1.

M3: ratio of theirregular component to the trend

To properly determine the seasona decomposition, it is important that the
fluctuations in the irregular component are not too large compared to the
fluctuations in the trend. M3 measures the ratio between the fluctuations of these
two components.
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M4: connection in theirregular component

One of the most important assumptions for the irregular component is that there is
no connection between successive observations. If there is a strong connection
between successive observations, this component is indeed not so irregular. M4
therefore measures the connection in theirregular component.

M5: number of monthsfor cyclical dominance (MCD)

Just like M3, M5 also measures the changes in the irregular component compared to
the changesin the trend cycle.

M®6: ratio of theirregular component to the season

During the first two calculation rounds, a 3x5 filter is used for the caculation of the
seasonal component. M6 checks whether the 3x5 filter is suitable for the given
series. A large value of M6 means that the ratio of the irregular component and the
seasonal component is either too small or too large for thefilter.

M7: identifiability of the seasonal pattern

As we saw in table 1, M7 is the most important quality measure for the seasonal
adjustment. If M7 is larger than 1, we may not, in principle, accept the seasona
adjustment as such. M7 indicates the extent to which the seasonal effect in the series
isidentifiable. If the seasonal effect is poorly identifiable, the absolute error in the
ultimate seasonal component is large.

M8 to M11: changein the seasonal pattern over theyears

M8 to M11 measure the extent to which the seasonal pattern in the series is subject
to change. If the seasona pattern changes strongly, the seasond filters of X-12-
ARIMA are not able to accurately estimate the seasonal pattern, and the error in the
estimations is large. In particular, if the seasonal pattern in the end years changes
strongly, the problem is large, because this means that the error in the most recent
estimations is large. And it is exactly the most recent estimations that users of the
series are interested in. The seasonal pattern can change in two different ways. First,
more or less arbitrary fluctuations can occur in the seasonal pattern. Second, there
can be a systematic increase or decrease. M8 and M10 measure the arbitrary
fluctuations in the seasona pattern. M9 and M11 measure the systematic increase or
decrease in the seasonal pattern. In this context, M8 and M9 are calculated over the
entire series. M10 and M 11 are calculated based on the most recent years.

For each quality measure below, we provide a brief description and a number of
hints to lower the value in question. The table also lists the out -file, in parentheses,
that was used to cal cul ate the quality measure.
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Table 2. Hints to lower M-values

M1 Contribution of the irregular component to changesin the series
(out F2B) . Correct for outliers, working day effects, etc.
M2 Contribution of the irregular component in the series that was made stationary
(out F2F) . Correct for outliers, working day effects, etc.
M3 Ratio of the irregular component to the trend (I/C-ratio)
(out F2H) By definition, M3 islarge in the case of aflat trend.
. Correct for outliers, working day effects, etc.
M4 Connection in the irregular component
(out F2D) e Useshorter filters.
M5 Number of months for cyclical dominance (MCD)
(out F2E) By definition, M5 islarge in the case of aflat trend.
e Correct for outliers, working day effects, etc.
M6 Ratio of the irregular component to the season (I/S-ratio)
(out F2H) e Select a3x3 seasondl filter for an I/S-ratio (table F2H) smaller than 1.5.
e Select a3x9 seasona filter for an I/S-ratio (table F2H) larger than 6.5.
M7 Identifiability of the seasonal pattern
(out F2I) If it is not possible to obtain an M7 smaller than 1, the series is not suitable for
adjustment.
. Correct for outliers, working day effects, etc.
M8 Arbitrary changes in the seasonal pattern over al the years
e Usealonger seasonal filter.
e For seasonal discontinuity: split the series or define pre-treatment factors
yourself.
M9 Systematic change in the seasonal pattern over al the years
 Usealonger seasonal filter.
e For seasonal discontinuity: split the series or define pre-treatment factors
yourself.
M10 Arbitrary changes in the seasonal pattern in the last three years
e Usealonger seasona filter.
¢ Modify the ARIMA model.
e For seasonal discontinuity: split the series or define pre-treatment factors
yourself.
M11 Systematic change in the seasonal pattern in the last three years

e Usealonger seasona filter.

e Modify the ARIMA model.

e For seasonal discontinuity: split the series or define pre-treatment factors
yourself.
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3. Regression: calendar effectsand outliers

Adjusting for calendar effects covers the adjustment of the following:
*  Working days and shopping days
* Holidays and ‘bridge days
* Length of the month
» Theleap year effect.

Adjustments for calendar effects are performed to improve the comparability of the
results between different months or quarters. A good example of thisis the length of
the month. January has 31 days, while February has 28 or 29. If, for example, the
production is the same on all days of the month, a difference will still be measured
between the amount of goods produced in January and in February. This difference,
caused by the difference in the number of days in the month, is not interesting for
the business cycle and is corrected for this reason. Apart from leap year effects, the
length of the various months is the same every year. It istherefore aregular seasonal
effect that cannot be distinguished from other seasonal effects, and an adjustment is
therefore made for thisin the regular seasonal adjustment.

A large number of series demonstrate not only an annually recurring pattern, but
also aweekly recurring pattern. Consider, for example, the turnover of shops, which
sell more at the end of the week than at the beginning of the week, and are often
closed on a Sunday. A month or a quarter does not usually contain an exact number
of full weeks. The problem is that one month will have an extra Friday and
Saturday, while another may have an extra Monday and Tuesday. More is sold on
Friday and Saturday, and therefore the total turnover of the first month will be
higher than that of the second month. From a business cycle perspective, these
working day effects are also not interesting, and therefore an adjustment is
performed for these effects too.

In calendar adjustment, it is essential that, when presenting the data, a detailed
explanation is given about which effects were adjusted for, because there are a
multitude of ways to perform this adjustment. For the holiday adjustment, thereisan
important difference between Christmas and Easter. The effect that occurs around
Christmas comes about every year at the same time, and therefore cannot be
distinguished from other seasonal effects. Easter, however, does not occur a the
same time each year. As a result, in contrast to Christmas effects, Easter effects
cannot always be dealt with in a normal seasona adjustment. X-12-ARIMA offers
the option of adjusting for Easter effects using a regression variable that models
Easter. When adjusting for Easter effects, it is assumed that the leve of the time
series is different during a fixed number of days before Easter. This number of days
is specified by the user. Next, it is determined per year which fraction of this
number of fixed days occurs in the month of March, and which fraction occurs in
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the month of April. This fraction is then filled in for the regression variable that
models Easter. For the other months, this variable is equal to zero. Another
possibility is to caculate the effect of Easter as a normal seasonal effect, because
Easter almost aways occurs in the month of April. The months when Easter occurs
in March are then adjusted using an auxiliary variable or aregressor.

Regression variables to model working day effects or leap year effects are available
as standard in X-12-ARIMA. However, it is always possible that we will need a
regression variable that does not occur as standard in X-12-ARIMA; for example,
for an adjustment for a specific effect that occurs in a certain time series. We can
consider, for example, the adjustment for Dutch holidays. For this reason, X-12-
ARIMA also offers users the option of defining the regression variables themselves.
For example, a user can adjust for the number of ‘frost days in the construction
industry (days when it is too cold to work). This adjustment will enable a better
determination of the seasonal pattern.

The regression method is also used to adjust for trend discontinuities and other types
of outliersin atime series.

To adjust for calendar effects, regression and ARIMA models have been brought
together in X-12-ARIMA. A regression model is able to effectively determine
irregular effects, such as working day patterns and discontinuities in the trend. The
relationship between the various observations is not described well by the regression
model, because it assumes that the observations over time are independent of each
other. ARIMA models are able to successfully model the mutual relationships, and
are mainly used for the seasonal adjustment and for extrapolation of the time series
data to make symmetrical trend and seasonal filters possible. By combining the
regression models with ARIMA models, we can make use of both models. The
regression part of the model describes the specia effects, while the ARIMA part
describes the mutual relationships. We cal a model combined in this way a
RegARIMA model (see section 2.3).

Comhbining regression and ARIMA modelling

We combine the two types of models as follows. As described in the seasonal
adjustment section, a time series is extrapolated using ARIMA modelling to make
symmetrical trend and seasonal filters possible. We therefore aready assume that
the time series without working day effects can be described by an ARIMA model.
Thetime series Y, adjusted for working day effects

Z, :Y’(_(ﬁ0+ﬁ1x1t+"'+ﬁpxpt) (3.1

is therefore atime seriesZ, , which can be described using an ARIMA model. Here,

the occurrences of [ stand for the parameters of the regression model and the
occurrences of X for the regression variables. Using an ARIMA(p,d,q)(P,D,Q)
model, we can obtain a good description of the variable Z;, and therefore, in
combination with the regression model, a good description of the original time
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series VY, Both the parameters of the ARIMA model and the parameters of the
regression model are estimated, which iswhy it is called RegARIMA.

The above modelling method shows that, aso for determining a good seasonal
decomposition, it is necessary to adjust for working day effects, separate from the
guestion of whether one wants to adjust the final series for working day effects or
not.

Working day adjustment

Two frequently used methods to adjust for working day effects and the leap year
effect will be discussed. The user can have X-12-ARIMA select one of the two
methods.

The intuitively simplest model to model working day effectsis asfollows:
Y, =B+ BiXy t. t B Xy tE. (3.2

In this model, for each working day, there is a regression variable X;, which is equal
to the number of times that he working day concerned occurs in the month. Xy, is
therefore the number of Mondays in month t, Xy the number of Tuesdays and X the
number of Sundays. In this model, there are seven parameters to estimate. Note that
these seven parameters are fixed for the entire period. This means that we assume
that the day of week effects do not change over time. An adjustment must now be
performed for the fact that February does not contain the same number of days every
year (the leap year effect). This is done in this method by using a transformation.
For this purpose, observations for February are multiplied by a factor 28.25/m.
Here, 28.25 is the average length of the month February, and m the length of the
given month February.

In the above model, the length of the month is included implicitly. After all, the
length of the month is the sum of the regression variables X;...X;. The number of
days that a month contains, however, is a regular seasonal effect for which an
adjustment is made in the normal seasonal adjustment. In this sense, the above
regression model therefore contains redundant information.

For this reason, we can replace the seven named variables by six contrast variables.
This produces the following model:

Y, =B+ B Xy +...+ B X HE. (3.3

Here, Xy is the difference between the number of Mondays and the number of
Sundays, Xy the difference between the number of Tuesdays and the number of
Sundays and Xg the difference between the number of Saturdays and the number of
Sundays. The number of days in the month is now no longer modelled, but the new
model contains exactly the same amount of information as the old one. To make the
output more interpretable, X-12-ARIMA calculates the six contrast variables into
seven coefficients for the separate days of the week. Thisis shown in table 3. These
figures show the deviation with respect to the average day, and add up to zero.
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Table 3. Working days in the output of X-12-ARIMA

Regression Model
Par anet er St andard
Vari abl e Esti mate Error t-val ue
Tr adi ng Day
Mon 0. 0021 0. 00671 0.31
Tue 0. 0241 0. 00664 3.62
Ved 0.0153 0. 00659 2.32
Thu 0. 0024 0. 00651 0. 37
Fri 0. 0092 0. 00658 1.39
Sat -0. 0213 0. 00691 -3.09
*Sun (derived) 0. 0275 0. 00689 -3.99
*For full trading-day and stabl e seasonal effects, the derived
paraneter estimate is obtained indirectly as mnus the sum
of the directly estinmated paraneters that define the effect.

Now, the final step isto adjust for the leap year effect. We can add an extra dummy
variable | pyear (leap year) to the model for this purpose. This working day
adjustment method al so uses seven regression variables.

We now have two methods to adjust for working day effects and the leap year
effect, but the user must select one of the two methods in X-12-ARIMA. The
method in which Sunday is used as a contrast variable for the other days of the
week, however, leads to a better working day adjustment. It is the standard method
at Statistics Netherlands.

Outliers

The regression method is also used to adjust for trend discontinuities and other
outliers in a time series. An outlier in a time series can have serious consequences
for the estimation of the seasonal effects. It is possible to automatically detect
outliers in X-12-ARIMA. However, known outliers can also be specified by the
user. A distinction is made between three types of outliers. One of theseis caused by
atrend discontinuity (see Figure 6). A trend discontinuity can, for example, arise as
a result of a change in legidation, such as an increase in the VAT rate. With this
type of change, the average level of the series will change permanently. Trend
discontinuities are discussed in detall in the Methods Series theme Trend
Discontinuities (Van den Brakel et a., 2010).
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Figure 6. A serieswith a trend discontinuity

There are two additional types of outliers to model: the additive outlier and the
temporary level change. An example of an additive outlier is a sudden peak in
natural gas consumption during a very severe winter (see Figure 7). Such an outlier
isonly seen at one spot in the series.
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Figure 7. A serieswith an additive outlier

A temporary level change is an effect that occurs suddenly and then fades away
gradually (see Figure 8).

25



1AL
1A

series _|

11

10

tijd

Figure 8. A serieswith a temporary level change

If we know at what time an outlier occurs in a series, we can specify the associated
regression variable ourselves. Given that X-12-ARIMA offers the possibility of
automatically detecting many types of outliers, the individual specification of
outliers is usually not necessary, except for in special cases. Outliers are
automatically detected by determining a t-value for each period and for each type of
outlier, using a t-test. An outlier is significant if the t-value is greater than a value
specified in advance. If there are multiple significant outliers, the most significant
outlier is added to the model first. Next, the t-values of the other outliers are
recalculated and, again, the most significant outlier is added to the model. This
process repeats itself until there are no more significant outliers left.

As stated above, outliers make it more difficult to determine a seasonal component,
and they are also not a part of the seasonal component. For this reason, outliers are
re-added to seasonally adjusted data after the seasonal adjustment. After al, an
outlier can provide important information about the data; for example, the effect of a
strike or an exceptionally hot summer on atime series.

Quality indicators

To assess the quality of the calendar adjustments or outliers, at-test is performed for
all regression variables. A regression variable or outlier is significant if the
associated absolute t-value is larger than a critical value determined in advance. If
there is no significant regression variable, the t-value is close to 0. For calendar
effects, the t-value is significant when itis> + 1.96. For outliers, the user can decide
to individually determine the critical value for the t-test. If no value is entered, a
standard value is used. This depends on the length of the series and varies from 3.65
for aseries of 48 observationsto 4.08 for a series of 360 observations. An example
of t-values can be seen in the last column in Table 3. We can see that, if the t-value
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iscloseto 0, the standard error (column 3) isrelatively large compared to the
estimated parameter (column 2).

Fine-tuned outlier detection

The critical t-value to detect the number of outliers can be set using the number of
observations (see the X-12 manual). If, visually, outliers are still clearly present, the
threshold should be decreased by 0.1. This is done until the final threshold is
attained where not too many outliers are detected. Furthermore, lowering the
threshold can result in an improvement of the total regression model. It is important
that, once outliers have been detected, they continue to remain significant in the
time series. This can be done by selecting the ‘add one’ outlier detection method.
For large-scale production, however, fine-tuned outlier detection (automatic and
manual) is quite labour intensive. But for the seasonal adjustment of macro-
economic indicators, fine-tuned outlier detection is actually a must.
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4. Other aspects

4.1 Pre-treatment

The goa of data pretreatment is to make a better estimate of the seasonal
component possible. Severa of these pre-treatments have already been discussed.
Working day adjustment, holiday adjustment and outlier correction are all part of
the pre-treatment phase of data treatment. These al make seasonal adjustment
possible and must be performed even if the user reintroduces the working day
effects and outliers in the seasonally adjusted data.

However, it is also possible that other known non-seasonal effects play arolein the
data, which makes it difficult to properly estimate the seasonal component.
Examples of this are an uncommonly hot summer, the effect of holiday distribution
and ‘bridge days'. All of these effects can be adjusted for by specifying aregression
variable. Of course, adjustment only takes place for these effects if the associated
regression variables are significant (if they have a high t-value).

It is therefore aways important to plot the time series in the pre-treatment phase.
This gives the user an initial impression of strange values in the data, such as zero
values or exceptiondly high values, trend discontinuities, etc. At this point, the user
can determine whether there actualy is a trend cycle, a seasonal component or a
clear irregular component. Alternatively, the user can also analise the spectrum of
the data or the autocorrelations. Of course, the visual inspection of alarge number of
time series is labour intensive, and hampers automated seasona adjustment. Still, it
is an important part of seasonal adjustment, certainly for the most important time
series.

4.2 Revisons

There are two main reasons why revisions of seasonally adjusted data are performed
a fixed times. First, revisions of seasonaly adjusted data are done because new
information has become available in the raw non-seasonally adjusted data. A
problem here is that one new observation can have consequences for years of
seasonally adjusted data. Second, new parameter settings can be applied in the
seasonal adjustment of the data. This can have consequences for al seasonally
adjusted data. Making changes to already published data can be confusing for users.
Therefore, a balance must be found between the accuracy and timeliness of the
seasonally adjusted data and the stability of the seasonally adjusted data over time.
To achieve this, a revision strategy must be developed for the time series that are
published. Here, one must consider the needs of the users and the availability of
source materia. In particular, the frequency and the scope of the revisions must be
set down in advance. It must aso be clear which part of the seasonally adjusted data
will be affected by arevision, and which part will not.
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In the current adjustment method, the seasonal adjustment parameters are recorded
at set times and kept the same between these times. In the concurrent adjustment
method, seasona adjustment parameters are adapted each time new data becomes
available. The first method leads to fewer revisions but, in general, will generate less
accurate results. The second method leads to better seasonal adjustment but will
result in more changes to the seasonally adjusted data in the interim. In general, the
recommendation is to review the seasona adjustment methods and parameters at
least once ayear and to modify them if necessary.

4.3 Compositeseries

Some time series are composed (aggregated) from underlying time series. As an
example, we can assume a series (C), which is composed of two underlying time
series (A and B). We therefore assume that the unadjusted composite series (C) is
obtained by means of C=A+B. There are now various options for the seasona
adjustment.

In the direct method, al the series (A, B and C) are separately seasonally corrected
(directly). The result of this is that, in general, the sum of the directly seasonally
adjusted underlying series will not be exactly equal to the directly seasonally
adjusted composite series (A directly adjusted + B directly adjusted # C directly
adjusted). Upon publication of all the seasonally adjusted series, the user can, of
course, easily establish this difference by adding up the seasonally adjusted sub-
series and then comparing this to the seasonally adjusted composite series.

In the indirect method, only the underlying series (A and B) are seasonally adjusted
and then added up (A directly adjusted + B directly adjusted = C indirectly
adjusted). What can now occur is that the direct seasonal adjustment of the
composite series (C directly adjusted) clearly deviates from the indirectly seasonally
adjusted series (C adjusted # C indirectly adjusted).

At Statistics Netherlands, mainly the direct method is used, with occasional use of
the indirect method. In this situation the choice is made to accept possible deviations
in the direct method.
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5. Phased plan for seasonal adjustment

Seasonal adjustment using X-12 is performed in a certain order. First, the analyst
inspects the series. Next, X-12 is used to pre-treat the time series, after which the
seasonal pattern can be extracted. The X-12 then decomposes the time series
components in a series of steps. The goal of this chapter is to provide insight into
this decomposition by describing it, and then to make it more concrete by
elaborating an example. The decomposition process will first be described using two
diagrams and the successive steps. Thisal will be done using an example.

5.1 Splitting a seriesinto components

Table 4 provides a diagram of the decomposition process of a series using X-12-
ARIMA, from input to output. The step “Enhanced X-11" is the actua seasonal
adjustment, and is a further development of the X-11 method.

Table 4. Scheme for seasonal adjustment method using X-12 software

I nput Original  time  series
figuresY
Decomposition
Transform emultiplicative Y=STC*I
eadditive Y=S+TC+ A
Regression modelling
extracting D
and predicting:
Treatment ecaendar effects
X-12 RegARIMA | ARIMA especia effects
etrend filters epredictions
eseasonal filters eoutliers
Filtering Extraction of:
Enhanced Moving averages eseasonal pattern
X-11 etrend cycle
ewhite noise
e Adjustment factors
e Average daily figures
Output e Season-free figures
eTrend cycle values
e \White noise values
ePredicted values of Y
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Table 5 shows which time series components can be present in a series and the
frequency with which they occur, starting with the component with the highest
frequency to the component with the lowest frequency (see section 2.1 for a detailed
discussion).

Table 5. Diagram of Time series components and their frequency

Main components Subcomponents Frequency
Random component White noise High
(irregular)
Incidental component One-off change Occasionaly
(outlier; specificities) Temporary change Occasionaly
Discontinuity change Occasionaly

Calendar component Days of week Annually, not systematic
(calendar) Holidays Annualy, fixed and shifting
Leap year Every four years
Seasona component Seasonal pattern Annually, systematic
(Seasonality) Month length
Quarter length

Cycle component
(Business cycle)

Business cycle

Medium-long term
2to 10 years,

periodic, not systematic

Trend component
(Trend)

L ong-term movement

Infinite

In practice, seasonal adjustment using X-12 can be broken down into four general

steps:

1 Knowledge about the statistical time series

2 Graphical inspection of the time series
3 X-12 - Pre-treatment (RegARIMA)

4 X-12 - Seasona adjustment (Enhanced X-11).

The various statistical measures and diagnostics used in steps 3 and 4 will be
discussed in more detail in the elaboration of the example. Each of these four steps
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will now be described briefly. For a detailed description of X-12, please refer to the
Vollebregt (2002) syllabus.

5.2 Knowledge about the statistical time series

The analyst must know about the time series concerned or obtain information about
it. Thisis important for a successful seasonal adjustment. If, for example, there are
discontinuities in the static observation as a result of a definition change, because a
VAT change, or strikes, severe weather conditions or swine fever, etc. have skewed
the data, account can be taken of this in the calculation of the seasonal pattern.
Furthermore, the analyst must also know whether the statistic concerned is aso
determined by calendar effects, such as working day effects or shopping day effects,
and whether thisis influenced by the holiday distribution, ‘bridge days or shopping
days pattern over the years. In addition, the length of the work week (five days, six
days or continuous) can also be relevant for how the working day pattern is
calculated. In general, calendar factors are present in economic time series, while
these factors will seldom or never be present in labour market statistics.

5.3 Graphical inspection of thetime series

By graphical inspection of a datistical series, the analyst obtains an initia
impression of the components present, in combination with what he or she knows
about the time seriesitsdlf. Is there a clear annual seasonal pattern present, such asis
typical in the hotel and catering industry, tourism and agriculture? Or does the series
have a visible business cycle movement, as is characteristic of many labour market
statistics or consumer confidence? Or, is the view of the seasona pattern or the
business cycle movement clouded by large or a relatively high number of random
fluctuations, as is characteristic of production and turnover series? Furthermore, are
outliers also present, possibly based on prior knowledge about the series as a result
of a severe winter, a strike, foot-and-mouth disease, etc.? And if a seasonal pattern
can be detected visualy, what type of seasona decomposition seems to be the
obvious choice, additive or multiplicative? Most economic series have a
multiplicative seasonal pattern. Business cycle test outcomes or figures with
negative values or outcomes must be additively decomposed.

5.4 Pre-treatment using X-12
After steps 1 and 2, the actual seasonal adjustment using X-12 is performed.

One of thefirst things to be determined is how the seasona pattern in a series should
be calculated, multiplicatively or additively. While information from steps 1 and 2
should be applied, the preference at this stage is to first use default settings, and then
to fine-tune this in subsequent sessions with X-12.

Suppose that this concerns an economic series, such as turnover or production, then
the following will take place in thefirst run:
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1) The decomposition for the seasonal pattern will be set to ‘automatic’.

2) Theoptions for the presence of calendar effects ‘6 day-of-week effects' and
the leap year effect will be selected.

3) Theoption for detecting outliers will be selected.

4) The settings for the X-11 seasonal adjustment will be entered.

While, in this stage, we are not yet dealing with seasonal adjustment in the narrow
sense, thisis already necessary. Based on a provisional seasonally adjusted series, it
must be determined whether X-12 has actualy removed all known or other outliers
based on automatic settings. If this does not happen, then the seasonal pattern in step
four cannot be optimally quantified as a result. For example, an incorrect
decomposition can be performed and/or elements of outliers that were not removed
can result in, for example, an inaccurate calculation of the working day pattern and
also the seasonal pattern. If this is a labour market statistic, then the standard pre-
adjustment starts without calendar adjustment. If calendar effects are till present in
the series, then X-12 indicates this by means of a ‘warning error’. Outcomes of
sentiment statistics, such as producer and consumer confidence, are never adjusted
for calendar effects.

In subsequent X-12 sessions, al the information arising from the previous run can
be incorporated, along with the analyst’s knowledge about the series and the visual
inspection. Such a robust causal pre-adjustment of calendar factors and special
effects with the regression module of X-12 is essential to obtain the clearest picture
possible of the underlying development in the year-on-year changes in the original
statistical monthly figures. Using these average daily figures, the seasona pattern
can subsequently be more accurately determined by X-12.

5.5 Seasonal adjustment using X-12

After the series has been effectively pre-treated, that is, after it has been adjusted for
al specia effects present (outliers, caendar effects), the series can be adjusted for
seasonal influences. For this purpose, X-12 uses trend filters and seasonal filtersin
the form of moving averages. To use these filters in a symmetrical manner, the
series is extrapolated using an ARIMA model that was found to be suitable for this
during the pre-treatment.

The seasonal pattern is calculated in three iterative calculation rounds using
multiplicative or additive decomposition (see Vollebregt, 2002, page 81 and further,
for more details). Because, in each calculation round, the extreme values ill
present are identified and replaced, the most stable seasonal pattern possible can be
calculated in the end.

5.6 Practical example of seasonal adjustment using X-12

The *passenger numbers of commercial flights at Schiphol airport’ (see Figure 9) is
used as an example of seasonal correction using X-12. This will be eaborated in
accordance with the four steps referred to above. Tables and figures will be used to
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show the adjustment settings, diagnostics and output of X-12, from a run with
automatic settings to a run supplemented with fine-tuned adjustment specifications.

—#—schiphol passengers on commercial flights
5000
35000 UJ\KA M\K/J\ \/f\qﬂw/\/x
20000 T T T T T T T T T T
1999 2000 2001 2002 2003 2004 2005 2006 2007 2008 2009

Figure 9. Schiphol passengers on commercial flights (x100)

5.6.1 Sep 1 Passenger transport at Schiphol - prior knowledge

The fear of a millennium bug in the computer equipment, several terrorist attacks
(2001 in the US; 2002 in Bali), the SARS outbreak and war in Irag starting in 2003,
and skyrocketing fuel prices: we know that one or more of these factors have, at
times, strongly skewed commercial passenger air transport. We also know that the
passenger transport at Schiphol airport in the 1990s grew strongly, by two-digit
figures, as a result of which a multiplicative decomposition is probable. There may
also be a flight days pattern. Saturday is a popular day to fly for holiday trips, but
less so for business trips. An extra Saturday in the month therefore can, on balance,
lead to a greater or smaller number of travellers than in other months. In view of the
very high number of flights per day and/or transported passenger numbers, there
will also certainly be aleap year effect.

5.6.2 Step 2 Passenger transport at Schiphol - visual inspection

A very strong seasona pattern is clearly visible; this is probably multiplicative, in
view of the increase in the season amplitudes with the predominantly rising level.
Painstaking inspection for a millennium effect shows that there is a low point only
in December 1999, while this invariably lies in the month of January. The figures
are also skewed in 2001 and 2002, due to the attacks of September 2001, and from
the spring of 2003, due to the SARS outbreak and the war in Irag. Furthermore,
uncommon substantial business cycle or other declines are observed in late 2008 and
20009.



5.6.3 Sep 3 Passenger transport at Schiphol — pre-treatment using X-12

Table 6 presents the default adjustment settings of the first provisional run using X-
12.

Table 7 shows that, based on a default run, an additive calculation of the seasona
pattern should be performed. The regression ARIMA model is provided in table 8.
There, the flight days pattern is generally not significant. A Monday aready has a
significant T-value of 1.96 (T-value > + 1.96). The other days of the week are
amost significant to not significant. The value for Saturday is almost significant; the
negative sign of an extra Saturday indicates that Saturday is unfavourable for
passenger air transport. As expected, the leap year effect is indeed significant. Table
8 aso shows that the attacks of 2001 significantly influenced the passenger numbers
in the Schiphol series (> + -3.6) and this was for a longer period (Temporary
Change). However, it is problematic that, X-12 applies two immediately subsequent
Temporary Changes for this. Moreover, in April 2009, a one-off significant (> * -
3.3) outlier (AO) was detected, which may be associated with the strongly
deteriorated world business cycle. The ARIMA model for the symmetrical
application of trend and seasonal filters when calculating the seasonal pattern has
the parameters (0,1,0)(1,1,0). The fear of a millennium bug and the outbreak of
SARS, in combination with the war in Irag, however, were not automatically
detected, while they did substantially influence the figures.
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Table 6. Default X-12 setup

defaul t"

Line #
1. SER ES{
2 title = "000000001schi pho
3: Format = "DateVal ue"
4: Period = 12
5: Fil e = "F:\Qut put\schi phol passagi er s. DAT"
6 name = "schiph"
7 precision =0
8: decimal s = 1}
10: TRANSFORM
11: Function = auto
12: adj ust = none
13: savel og=atr }
15: FORCE{
16: lambda = 0.0
17: usefcst = yes}
19: QUTLI ER{
20: types = ( ao Is tc)
21: critical = (3.3,3.9,3.6)
22: met hod = addone}
24: REGRESSI ON{
25: Vari abl es =(
26: t dnol pyear
27: | pyear
28
29: ai ct est =(tdnol pyear)}
31: AUTOVDL{
32: acceptdefault = no
33: checkmu = yes
37: maxdi ff = (2 1)
38: maxorder = (2 1)
39: savel og=aut onodel }
41: X1
42: seasonal ma = msr
43: final=(ao tc Is)

44: savel og=(nv nl0 nll mnsr)}

Table 7. Default X-12 decomposition

Li kel i hood statistics for nodel fit to untransforned series

Li kel i hood Statistics

Nunmber of observations (nobs)

Ef fective nunber of observations (nefobs)
Nunber of paraneters estinated (np)

Log likelihood (L)

Al C

Al CC (F-corrected- Al C
Hannan Qui nn

Bl C

-949. 7035
1919. 4069
1921. 5223
1930. 5485
1946. 8563

Li kel i hood statistics for nodel fit to log transforned series

Li kel i hood Statistics

Number of observations (nobs)

Ef fective nunber of observations (nefobs)
Nunber of paraneters estinated (np)

Log li kel i hood

Transfornmati on Adj ust nent

Adj usted Log likelihood (L)

Al C

Al CC (F-corrected- Al C

Hannan Qui nn

Bl C

Addi tive seasonal adjustment will be performed

253. 6996
-1204. 6425
-950. 9430
1921. 8860
1924. 0014
1933. 0275
1949. 3353
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Table 8. Default X-12 Regression and ARIMA model

Aut omati ¢ nodel choice : (0 1 0)(1 1 0)
Regr essi on Mde

Par anmet er St andard
Vari abl e Estimate Error t-val ue
Tradi ng Day
Mon 187. 3104 95. 78496 1.96
Tue -175.5784 92. 09313 -1.91
Ved - 95,2893 91.11718 -1.05
Thu 16. 0564 91. 28630 0.18
Fri 41. 4512 86. 45563 0. 48
Sat -148. 5821 86. 39017 -1.72
*Sun (derived) 174. 6318 89. 61313 1.95
Leap Year 750. 2473 271.17710 2.77
Automatically ldentified Qutliers
TC2001. Sep - 2540. 6085 581. 18759 -4.37
TC2001. Cct -3471. 7462 581. 42101 -5.97
AC2009. Apr 2777. 0059 555. 27658 5.00
*For full trading-day and stabl e seasonal effects, the derived
paraneter estimate is obtained indirectly as mnus the sum
of the directly estimated paranmeters that define the effect.
Chi -squared Tests for Goups of Regressors
Regr essi on Effect df Chi - Squar e P- Val ue
Tradi ng Day 6 24.97 0. 00
Conbi ned Tradi ng Day and Leap Year Regressors
7 34.11 0. 00
ARIMA Model: (0 1 0)(110)
Nonseasonal differences: 1
Seasonal differences: 1
St andard
Par anet er Estimate Errors
Seasonal AR
Lag 12 -0.4224 0. 08955
Vari ance 0. 54785E+06
SE of Var 0. 72249E+05
Li kel i hood Statistics
Nunber of observations (nobs) 128
Ef fective nunber of observations (nefobs) 115
Nunmber of parameters estinmated (np) 12
Log likelihood (L) -924. 1483
Al C 1872. 2965
Al CC (F-corrected-Al C 1875. 3554
Hannan Qui nn 1885. 6664
BI C 1905. 2357

The “pre-treated figures® in Figure 10 show that the original figures from September
2001 to the beginning of 2002 are upwardly adjusted for the attacks in 2001. Taking
this into account, the seasonally adjusted figures demonstrate a development as if
this had not occurred. The decline in the provisional seasonaly adjusted series
starting in early 2003 (Figure 11) is striking. This means that X-12 did not
automatically adjust the figures based on the SARS outbreak and the Irag war.
Consequently, manual outlier detection will be employed for this purpose.
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Figure 10. Schiphol passengers. provisional pre-treated and seasonally adjusted
series (x100)

‘+ ann. changes % schiphol passgrs. on commercial flights®#— ann. changes % pre-treated figs
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Figure 11. Provisional pre-adjustments of original % annual changes

The further analysis and modelling of the original figures ultimately leads to a
definitive setup (table 9) of pre-treatment. In this case, the time series will now
indeed be multiplicatively decomposed (table 10). An adjustment has been
performed for a flight days pattern and outliers; some of these were automatically
detected and others were user-defined or manualy performed (table 11).
Furthermore, in this example, according to Statistics Netherlands practice, the
RegARIMA model (ARIMA model, flight days pattern, leap year effect, outliers)
was determined based on a period with complete years, called the model span. How,
thereis still aresidual peak in the flight days pattern (table 12; Spectrum G1 output
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X-12). X-12-ARIMA dlerts us to this in the err file. If, in the spectrum, clear
peaks are visible in the trading day frequencies (table 18), then there is gtill a
working day pattern visible in the seasonally adjusted series or the irregular
component. If this cannot be resolved in the pre-treatment phase, it can be deat with
in the next step of seasonal adjustment. The results of the fina pre-treatment are
depicted in the following tables and diagrams. The calendar adjustment, while
significant, does not lead to a clearer picturein the origina annua changes. Without
calendar adjustment, however, the pre-treatment is not optimal.

Table 9. Final X-12 pre-treatment setup

1. SER ES{

3: Format = "Dat eVal ue"

4 Period = 12

5: Model span = (, 2008. 12)
6: File = "F:\Qut put\schi phol passagi er s. DAT"
7: name = "schiph"

8: precision =0

9: decimal s = 1}

11: TRANSFORM

12: Function = auto

13: adj ust = none

14. savel og=atr}

16: FORCE{

17: lambda = 0.0

18: usefcst = yes}

20: QUTLI ER

21: types = ( ao Is tc )

22: critical = (3.0,3.9,3.6)
23: met hod = addone}

25: REGRESSI ON{

26: Vari abl es =(

27: tdnol pyear

28: | pyear

29: tc1999. 12 a02001. 09 30: tc2001.10 a02003.03 31

tc2003.04 )
33: ai ct est =(tdnol pyear)
34: tcrate=(0.6) }
36: PI CKMDL{
37: file = J:\Inpl STS\ Season\ Vi vX- 12\ cbst\ Vi val di 0. 6X-
120. 3\ Vival di \ X- 12\ X- 12a. ndl "

38: mode = fcst
39: met hod = best
40: Identify = first }
42: X1
43: final =(ao tc Is)

44: savel og=(nv nl0 nll nsr)}

Table 10. Final X-12 decomposition method

Li kel i hood statistics for nodel fit to untransforned series
Li kel i hood Statistics

Log likelihood (L) - 837.9286
Al C 1705. 8571
Al CC (F-corrected-AlC 1711. 1318
Hannan Qui nn 1722. 1100
BI C 1745. 9495

Li kel i hood statistics for nodel fit to log transforned series
Li keli hood Statistics

Log likelihood 289. 9098
Transformati on Adj ust nent -1120. 7069
Adj usted Log likelihood (L) -830. 7971
Al C 1691. 5942
Al CC (F-corrected-AlC 1696. 8689
Hannan Qui nn 1707. 8471
BI C 1731. 6866

Miul tiplicative seasonal adjustnent will be perforned
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Table 11. Final X-12 pre-treatment: Regression and ARIMA model

The nodel chosen is (0 1 1)(0 1 1)
Estimation converged in

Regr essi on Mode

Par amet er
Vari abl e Esti mat e
Tradi ng Day
Mon 0. 0030
Tue -0. 0054
Wed 0. 0015
Thu -0. 0020
Fri 0. 0026
Sat -0. 0065
*Sun (derived) 0. 0066
Leap Year 0. 0366
TC1999. 12 -0. 0666
AQ2001. 09 -0.0578
TC2001. 10 -0.1354
AO2003. 03 -0. 0692
TC2003. 04 -0.1170
Automatically ldentified Qutliers
TC2005. Mar -0.0443
AQ2006. Mar -0. 0465

effects, the derived

*For full trading-day and stabl e seasonal

13 ARMA iterations,

123 function eval uations

St andar d

Error t-val ue
0. 00235 1.29
0. 00235 -2.29
0. 00231 0. 66
0. 00233 -0.84
0. 00229 1.15
0. 00229 -2.85
0. 00227 2.93
0. 00685 5.35
0.01333 -5.00
0. 01205 -4.80
0.01338 -10.12
0. 01200 -5.77
0.01341 -8.73
0.01226 -3.62
0.01103 -4.21

paraneter estimate is obtained indirectly as mnus the sum
of the directly estimated paraneters that define the effect.

Chi -squared Tests for G oups of Regressors

Regr essi on Effect df Chi - Squar e P- Val ue
Tradi ng Day 6 22.68 0. 00
Conbi ned Tradi ng Day and Leap Year Regressors
7 56. 96 0. 00
AR MA Model: (0 1 1)(0 1 1)
Nonseasonal differences: 1
Seasonal differences: 1
St andar d
Par anet er Esti mat e Errors
Nonseasonal MA
Lag 1 0. 3372 0. 09053
Seasonal MA
Lag 12 0.5331 0. 08183
Vari ance 0. 20242E- 03
SE of Var 0. 27675E- 04
Li kel i hood Statistics
Nunber of observations (nobs) 120
Ef fective nunber of observations (nefobs) 107
Number of parameters estinmated (np) 17
Log li kel i hood 301. 1329
Transformati on Adj ust nent -1120. 7069
Adj usted Log likelihood (L) -819. 5740
Al C 1673. 1480
Al CC (F-corrected-Al Q) 1680. 0244
Hannan Qui nn 1691. 5680
Bl C 1718. 5861
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Table 12. Day of week and leap year factors

F 4. Miltiplicative Trading Day Conponent Factors:

Day of Week and Leap Year Factors

Day of Week Conponent for regARI MA Tradi ng Day Factors:
nonths starting on:

Mon Tue Wed Thu Fri Sat Sun
31-day nonths 99. 92 99. 42 100. 22 99. 42 100. 28 100. 32 100. 43
30-day nonths 99.77 99. 62 99. 96 100. 07 99. 61 100. 01 100. 97
Leap year Feb. *k ok ok ok ok ok ok ok 99.46 khkkkkkhkkk khkkkkhkkkk 100. 26 *kkkkkkkk 100- 67

Nonseasona
31-day nont hs

component of length of nonth effect ("Leap Year" factors)
100. 00

30-day nont hs 100. 00
Leap year Feb. 102.78
Non- Leap Feb. 99. 09

Visual ly significant residual trading day peaks have been

found in the spectral plots of the follow ng series starting in 2001. Sep
di fferenced, transforned seasonally adjusted series (Table E2) (2 Trading
Day peak(s))

By taking account of the attacks of September 2001, the SARS outbreak and the
Iraq war in 2003, the underlying development is clearly demonstrated. The
adjustment for these two specia effects shows where the underlying low point lies
in the original annual changes, not in 2001 or early 2003, but in the second half of
2003 (Figure 12). After 2000, Schiphol also suffered from the declining
international business cycle.

----+---annual changes % schiphol passengers on commercial flights
annual changes % with calendar and incidental adjustment
annual changes % with calendar adjustment
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Figure 12. Original, calendar and incidentally adjusted % annual changes

5.6.4 Sep 4 Passenger transport at Schiphol - seasonal adjustment

Based on this refined final pre-treatment, a provisiona seasona adjustment is
performed using default settings. The same as for the pre-treatment, a number of
diagnostics are available for this. There are various tests and measures that indicate
whether there is a (stable) seasonal pattern in the years of the period concerned
(between years) and within the year (between months) and the quality level of the
seasonal adjustment. Spectrums indicate whether there is still a residual season or
working day pattern (see Vollebregt, 2002). There are also revision statigtics. The
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seasonal adjustment of the passenger numbers using default settings seems to be
sufficient. The X-12 tables D.8.A, F2B, F3, the spectrum diagrams G and revision
tables R can be consulted for this purpose.

In the example here, there are no problems with the seasona adjustment. The
revisions of the figures adjusted for the first time are, afterwards, generally smaller
than 1% (table 18). In the spectrum GO (table 16), the pre-treated series shows
strong peaks, which clearly indicates the presence of a seasonal pattern. The extent
to which monthly changes can be attributed to a seasonal affect can be seen in table
F2B of the X-12 output (table 13). As noted above, in the spectrum G1, there are
till peaks in the trading day frequencies (table 18). To dea with this problem, more
extremes in the noise component are replaced, and the result is that there are no
more peaks in the TD 0.348 frequency in question in the spectrum (tables 19, 20 and
21).

Table 13. Relative contributions of components to original change

F 2.B: Relative contributions to the variance of the percent change in the
conponents of the original series

Span
in E3 D12 D10 A2 D18 RATI O
nont hs | Cc S P TD&H TOTAL  (X100)

1 0. 07 0.24 98. 26 0. 68 0.75 100.00 102.31

3 0.01 0.33 99. 13 0. 43 0.10 100.00 99. 66

6 0.00 0.57 99.03 0.35 0.05 100.00 99.46

12 0.26 80.93 0.13 16.30 2.38 100.00 114.00

Table 14. F-tests for the presence of a seasonal pattern

D 8. A F-tests for seasonality
Test for the presence of seasonality assumng stability.

Sum of Dgr s. of Mean
Squar es Freedom Squar e F- Val ue
Bet ween nont hs 28872. 2217 11 2624.74743 1717. 959**
Resi dual 177. 2281 116 1.52783
Tot al 29049. 4498 127

**Seasonal ity present at the 0.1 per cent |evel.

Nonparanetric Test for the Presence of Seasonality Assuming Stability

Kruskal -Vl lis Degr ees of Probability
Statistic Freedom Level
124.3913 11 0. 000%

Seasonal ity present at the one percent |evel.

Movi ng Seasonal ity Test

Sum of Dgrs. of Mean
Squar es Freedom Squar e F-val ue
Bet ween Years 8. 7906 9 0.976734 0. 955
Error 101. 2136 99 1. 022359

No evi dence of npving seasonality at the five percent |evel.

COMVBI NED TEST FOR THE PRESENCE OF | DENTI FI ABLE SEASONALI TY
| DENTI FI ABLE SEASONALI TY PRESENT
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Table 15. Quality measures for seasonal adjustment

F 3. Munitoring and Quality Assessnent Statistics

10.

11.

Al'l the nmeasures below are in the range fromO to 3 with an acceptance region fromO0 to 1.

The rel ative contribution of the irregular over three nonths span (from Table F 2.B).
The rel ative contribution of the irregul ar conponent to the stationary portion of
the variance (fromTable F 2. F).

The anpunt of nmonth to nonth change in the irregul ar conponent as conpared to the
amount of nmonth to nonth change in the trend cycle (from Table F2.H).

The anpunt of autocorrelation in the irregular as described by the average duration
of run (Table F 2.D).

The nunber of nonths it takes the change in the trend cycle to surpass the anopunt

of change in the irregular (fromTable F 2. E).

The anpunt of year to year change in the irregular as conpared to the anount of year
to year change in the seasonal (from Table F 2. H).

The anpbunt of noving seasonality present relative to the amount of stable
seasonality (fromTable F 2.1).

The size of the fluctuations in the seasonal conponent throughout the whole series.
The average |inear novenment in the seasonal conponent throughout the whol e series.
Same as 8, calculated for recent years only.

Same as 9, calculated for recent years only.

*** ACCEPTED *** at the |evel 0.11

. 208

. 000

. 431

. 054

. 103

. 083

. 113

Table 16. Satistic of average revisions per calendar month

R 1.S Sunmary statistics :
aver age absol ute percent revisions of the seasonal adjustments

Dat e Conc -
Fi nal

Mont hs:

Jan 0.17
Feb 1.11
Mar 0.80
Apr 0.28
May 0.56
Jun 0.33
Jul 0.53
Aug 0. 65
Sep 0. 36
Cct 0.84
Nov 0.33
Dec 0.54
Years:

2006 0.54
2007 0.39
2008 0.78
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Table 17. Log spectrum of the pre-treated series

G 0 10*LOG SPECTRUM of the differenced, transforned Prior Adjusted Series (Table Bl)
Spectrum estimated from 2001. Sep to 2009. Aug.
B o o L e o e o e A ma |

- 3. 85I S | -3.85
| S |
| S |
| S |
-6. 241 S | -6.24
| S S |
| S S |
| S S |
-8. 64l S S | -8.64
| S S |
| S S |
| S S S |
-11. 03I S S S | -11.03
| S S S |
| S S S |
| S S S |
-13. 431 S S S | -13.43
| S S S S |
| S S S S |
| *S S S S |
- 15. 821 *S S S S | -15. 82
| * S* S S S* |
| * S* S S S* |
| * S S S S* |
-18. 221 * S* S S S* Sl -18. 22
| * S* S S S* S
| * S S S *S* S|
| * S S S *S* S|
-20. 621 * S* S S *S* S| -20. 62
| *rS* S *S* *S* S|
| *rS* S S *S* *S* S|
| *kGx S S * S* *SHT S|
-23. 011 *HGH* S S * S* *ST S| -23.01
| *HGE* S S *S* *ST S|
| *kGrx *S S * S* *SHT S|
| *hk GRx *S s * Gr * G TH S|
-25. 411 *EKEGHH *S S *S* FRSHTH S| -25.41
I ***S** *S* S **S* **SkT* Sl
| KRk K GR AR * G* s *x GH *x GFT* S|
| Kok Rk G Kk * G* S+ *x GH *x GFT* S|
_2780' *****S*** *S* *S* **S* **SA'T** Sl _27 80
I *****S*** *S* *S* **S* **SkT** Sl
| Kok ko GR KKK * G* *GF Kk KGHT * ok GETH* S|
I ******S**** **S** *S*********S*T **SkT** *Sl
_3020' ******S***** **S** *S*********S*T ***SkT** *SI _30 20
| KA KKK GRAK KK KK GRAK KGR KKKk KKK G T *ok ok GrTH K *g|
I *******S*********S*** *S*********S*T ***SkT*** *Sl
I *******S*********S**** *S*********S*T ***SkT*** *Sl
-32.59] Kok kKK GR KK KKK kK QR KKK KGR K KKk KKk GR TR Kokk GETH Kk *g| -32.59
I ********S*********S**** **S*********S*T* ****SkT*** *Sl

I ********S*********S***** **S*********S*T* ****SkT*** **Sl
| KA QR GRAK KK KK GEAKKKK KKK GETH Kk QT k% G|
DB, QO KKKk kK G KKKk G kG Kk G TR Kk k G TH Kk kK Kk G -34.99
B T o B e o e |
S=SEASONAL FREQUENCI ES, T=TRADI NG DAY FREQUENCI ES

S-frequency 1/ 12 2/ 12 3/12 4/ 12 5/ 12 6/12
Peri od 12 nonths 6 nonths 4 nonths 3 nonths 2. 4nonths 2nont hs
TD frequency 0. 348 0. 432




Table 18. Log spectrum of the seasonally adjusted series

G 1 10*LOG SPECTRUM of the differenced, transforned Seasonal ly Adjusted Data (Table E2).
Spectrum estimated from 2001. Sep to 2009. Aug.
B B o o L o T s o A A |

-34. 37l * | -34.37
| * |
[ * [
| * |
-35. 43| * < -35. 43
| x o
I * * k |
| * T x|
- 36. 49 * * T o -36. 49
I * * T * k |
| - T x|
Lo - T T e
-37.551  ** o+ * % T T e -37.55
|k * - T T s
| ke x ox % T T e
I**‘k‘k * k * *k Kk T T * k |
-38.60] *xxx  xx * AL | T e -38. 60
| rarn x . . soerx T kT wx |
I**‘k‘k* * k * % * * *kkok ok T * T * k |
I**‘k‘k* * k * % * % * ok ok ok Kk T * T * k |
230, GBI Fr KRR RR . . B T -39, 66
I**‘k‘k**‘k* * % * * *kkok Kk T* * % *T * kK |
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PR . . B T
| * ARk R xk . . kxkrx TH kk RTH kxxxxg)
_41.78|*******‘k* * % * kK * ok kok Kk T* * % *T* *****Sl _41 78
PR . T T
PR . . T
I**‘k‘k**‘k** * * % * Kk ok ok *kk ok ok T* * % *T*******Sl
4D, B3| ARRRERRE ok x xk N = 42,83
| FErrkERREE Kk R KkkERE KTH  kkk GRTRRRRAEEG]
I**********S** * % * kK ok k * ok ok ok ok ok *T* * kK ok SkT*******Sl
| AR KR RRAA R KAk RN KkkERE KTH Kkkk QRTRRRREHEG]
43, BOI KA RERRAAGER AAH rrk KkkERE  KTRAKKRR QRTRRRREHKG] .43, 89
I**********S** * kK *kkk kK * ok ok ok ok ok *T*******SkT*******Sl
| AR KR AR GHAR AR K Kk kAR KkRRRE KTRAK KRR GETHRR AR R K G
| AR KR AR GRRRRR K kAR T
_44.95|**********S‘k***** * ok ok ok ok ok ok *kkkk kK *T*******SkT*******Sl _44 95
I**********S******* k ok ok ok ok ok ok *kkkk kK *T*******SkT*******Sl
| AR KR AR GRRRKA KK KKRRRRE RAAKKKK K TRARAAK KGR KRRAR G
I**********S******* * ok kok ok ok ok *kkkk kK *T*******SkT*******Sl
_46.0l|**********S‘k**‘k*** k ok ok ok ok ok ok *kkkk kK S*T*******SkT*******Sl _46 01
| AR KRR AR GRRRK AR GRRRRRRE  RAAKKKR QR TRAAAAKKGRTHHKRKARG)
I**********S******* S******** *kkkk kK S*T*******SkT*******Sl

I**********S******* S******** *********S*T*******SkT*******Sl
D47 QB| KA AR A GERR KK AE GERKKKEAE KKK RR KK GETHN R KKK GETHR KA AR G| -47.06
I**********S‘k**‘k‘k** S******** *********S*T*******SkT*******Sl
I**********S******** S******** *********S*T*******SkT*******Sl
| Rk Rk kKRR GR KRR KK QR AR KK KA R R KKK GETHH R XX G THAK KX %% G
LAG. 1D KK EEE A GEA R KA KA GER KA AR K SRR AR R KK GETHR R KRk GETH R H R KKK G .48.12
B |
S=SEASONAL FREQUENCI ES, T=TRADI NG DAY FREQUENC! ES

S-frequency 1/ 12 2/ 12 3/12 4]/ 12 5/ 12 6/ 12
Peri od 12 nonths 6 nonths 4 nonths 3 nonths 2. 4nont hs 2nont hs
TD frequency 0. 348 0. 432
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Table 19. Final adjustment of setup for passenger transport at Schiphol

1: SERI ES{
2: title = "000000001schi phol finaal seizoencorrectie"
3: Format = "DateVal ue"
4: Period = 12
5: Model span = (, 2008. 12)
6: File = "F:\Qutput\schi phol passagi ers. DAT"
7: name = "schi ph"
8: precision = 0
9: decimal s = 1}
11: TRANSFORM
12: Function = | og
13: adj ust = none
14: savel og=atr}
16: FORCE{
17: lanbda = 0.0
18: usefcst = yes}
20: OUTLI ER{
21: types = ( a0 tc)
22: critical = (3.0,3.9,3.6)
23: nmet hod = addone}
25: REGRESSI O\
26: Vari abl es =(
27: t dnol pyear
28: | pyear
29: t€1999. 12 a02001. 09t ¢c2001. 10 a02003. 03t c2003. 04)
33: ai ct est =(t dnol pyear)
tcrate=(0.6)}
36: Pl CKVDL{
37: file = "J:\ I npl STS\ Sei zoen\ Vi vX- 12\ cbst\ Vi val di 0. 6X- 120. 3\ Vi val di \ X-
12\ X- 12a. ndl "
38: node = fcst
39: nmet hod = best
40: ldentify = first}
42: ESTI MATE{ save = (nodel)}
45: FORECAST{ Maxl ead = 24
47: Save = fct}
49: X11{
50: nmode = mult
51: seasonal ma = nsr
52: sigmal i m=(0.8 1.6)

final =(ao tc Is)

savel og=(n¥V nlO nill nsr)}
58: H STORY{ save=(sar)

start=2006. 01}

Table 20. Decomposition of flight days pattern and leap year factor

F 4. Miltiplicative Trading Day Conponent Factors:

Day of Week Conponent for regARI MA Trading Day Factors:
nonths starting on:

Mon Tue Ved Thu Fri Sat Sun
31-day nonths 99.92 99. 42 100. 22 99.42  100. 28 100. 32 100. 43
30-day nont hs 99. 77 99. 62 99.96  100. 07 99. 61 100.01  100.97

Leap year Feb. Kok koK kK K 00, 4B **Kkkkkkk kkkkkkkk 100, 26 ****kkkx 100. 67

Nonseasonal conponent of |ength of nonth effect (“"Leap Year" factors):
31-day nonths 100. 00
30-day nonths 100. 00
Leap year Feb. 102.78
Non- Leap Feb. 99. 09
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Table 21. Log spectrum of the seasonally adjusted series

G 1 10*LOG SPECTRUM of the differenced, transforned Seasonal |y Adjusted Data (Table E2).
Spectrum estimated from 2001. Sep to 2009. Aug.

-36.361 *

|

[

I -36.36
1o [
1o [
I oxx |

-37.711 **x I -37.71
| rres |
I***‘k |
I***‘k |

-39. 06| *** I -39.06
I***‘k * |
I***‘k * |
[ |

- 40. 41 xxxn I -40.41
I***‘k**‘k‘k I
[ |
I***‘k**‘k‘k |

4L 7T | -41.77
[ |
[ |
I***‘k**‘k‘k |

- 43.12] Frrrr I -43.12
[ . |
I***‘k**‘k‘k* * % * |
[ . . |

- 44, 4T *x * I -44.47
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[ . . . |
[N . . . |

_45.82|********** * % * * k * | _45 82
rrxxrrreeg ks . . o
| RrrrrrrrergE k% . . o
I***‘k**‘k‘k**s* * % * * Kk kK *T * k |

_47.17|**********S‘k * kK * * * ok kK *T * k | _47 17
| AR AR Gr xRk . . R
I**********S** * kK * ok ok ok * * ok ok ok ok *T * k |
I***‘k***‘k**s****** * ok ok ok ok * % * ok ok ok ok SkT * k |

4G, B3| kKR RR GrAR R A N, . sxxrex SKT %% | 48,53
I**********S******* * ok ok ok ok k * k T****** SkT * kK |
I**********S******* *kkkkk Kk * k T*******SkT* * kK |
[ . KrrerRg  Axk TRERKKRRGETE Kk |
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I**********S******* ********S* * kK T*******SkT***** |
| RRRRAA AR GRRRKKRR KRk RRKKGH  KAE TRKKKARRGETHRRRRR |
i

_51.23|**********S‘k**‘k‘k** ********S* * kK T*******SA'T****** | _51 23
i
i
I**********S******** *********S** * ok ok k *T*******SkT****** |

DD B kR KKKKRR QR K KKARRAAAKGHE KKKk ATHARRRRRGRTRARA%% | 5D 58
i

I**********S*********S‘k‘k**‘k****S******** S*T*******SA'T******* |
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—=— schiphol passengers on commercial flights —e— pre-treated figures
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Figure 13. Schiphol passengers: final pre-treated and seasonally adjusted (x100)
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5.6.5 The sdlected ARIMA modd (0,1,1) (0,1,1)

In this section, using ACF (Auto Corrdation Function) and PACF (Partial Auto
Correlation Function) plots, we demonstrate the main aspects of how X-12 selected
the model (0,1,1)(0,1,1). (It is not a coincidence that his model is also known as the
‘airline model’). For the passenger numbers for 1999-2008, this model has the
smallest predictive error. The first and most important step in identifying the
ARIMA model is whether a series must be differenced or not and, subsequently, if
differencing is required, how many season differences must be used to make the
series stationary. No overdifferencing or underdifferencing is alowed. In X-12,
plots of autocorrelations of the residuals can indicate how many differences are
needed for the ‘seasona’ and ‘ hon-seasonal’ parts.

Table 22 shows the differencing specifications for the Schiphol passenger numbers.
For the ‘non-seasona’ part, the option ‘identify’ is used to request first that no
differencing is used, then that one and two differences are used and, finally, for the
‘seasonad’ part, zero and one difference.

Table 22. Identify
60: | DENTI FY{
61: di ff=(0,2)

62: sdiff=(1,2)
63: nmaxl ag=24
64: print=(none +acf +acfplot +pacf +pacfplot rgc)}

In table 23, the residuals from the first lag to the 10" lag are strongly positively
correlated. In addition, there are large peaks on the 12" and 24™ |ag, which indicates
the presence of a seasonal pattern. This demonstrates that the seriesis not stationary,
and that it must be differenced for both the ‘seasona’ and the ‘non-seasonal’ part.
The goal now is to find the right number of differences. This is done by using one
and two differences for the ‘non-seasonal’ and the ‘seasonal’ part. Using more than
one difference is generally not needed. In the most complicated model, TRAMO has
two differences for the ‘non-seasonal’ part (3,2,3). In the ‘pick model’ collection of
X-12, there is an ARIMA model with two differences (0,2,2). For the ‘seasonal’
part, the use of more than one differenceis not recommended.
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Table 23. Differencing: None

Sanpl e Autocorrel ations of the Residuals

Lag 1 2 3 4 5 6 7 8 9 10 11 12
ACF 0.80 0.54 0.19 -0.17 -0.36 -0.47 -0.36 -0.16 0.18 0.51 0.71 0.84
SE 0.09 0.14 0.15 0.16 0.16 0.16 0.18 0.18 0.18 0.18 0.20 0.22
Q 79.53115. 56120. 05123. 54139. 97167. 83184. 33187. 69192. 04226. 79295. 15391. 17
DF 1 2 3 4 5 6 7 8 9 10 11 12
P 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
Lag 13 14 15 16 17 18 19 20 21 22 23 24
ACF 0.66 0.42 0.11 -0.21 -0.38 -0.48 -0.38 -0.20 0.11 0.41 0.59 0.70
SE 0.24 0.26 0.26 0.26 0.26 0.27 0.28 0.28 0.28 0.28 0.29 0.30
Q 451.21475.60477. 16483. 44504. 26536. 85557. 54563. 39565. 21590. 04642. 32717. 21
DF 13 14 15 16 17 18 19 20 21 22 23 24
P 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
The P-val ues approxi mate the probability of observing a Qvalue at |east
this large when the nodel fitted is correct. When DF is positive, snall
val ues of P, customarily those below 0.05, indicate nodel inadequacy.
Sanpl e Autocorrel ations of the Residuals
-1.0-0.8-0.6-0.4-0.2 0.0 0.2 0.4 0.6 0.8 1.0
R T ek C T S e e h oLt &
1 [ XOXRIOKIKKIXHXXXX 0.804
2 [ XOXHXXIXXXXX 0.539
3 | XXXXX . 0.189
4 . XXXX| . -0.166
5 XXX -0.359
6 XHOKKKKXKX| - 0. 466
7 DXOKXXXXK -0.357
8 XXXX| -0.160
9 [ XXXXX . 0.182
10 [ XOKXXIXXXXX 0.511
11 [ XOXRKIKIHKIIKXKXXK 0.713
12 | XHOOKOXIKIIKIKXKX 0.842
13 [ XOKIKIKIKXKX 0.662
14 | XOKXXXXXX . 0.420
15 | XXX 0.106
16 XXXXX| -0.211
17 L OOKKXXXXX -0.383
18 . XOOOKKXXXK -0.477
19 XXX -0.378
20 XXXXX| -0.200
21 | XXX 0.111
22 [ XOKXXKXXX 0.408
23 [ XOKXKIKHIIXHXXKX 0.589
24 - - - - | XHOOOKHKKIKXXXXXK - 0.701
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Table 24 includes the residuals of one difference. A difference of the first order is
adequate to make the series stationary if, on the first lag, the autocorrelation of the
residuas is not equal to 0.0 or is negative, and if there are no continuing positive
autocorrelations after ten or more lags. The plot demonstrates that this is the case,
and therefore one difference is sufficient to make the * non-seasonal’ part stationary.

Table 24. Differencing: Non-seasonal Order=1

Sanpl e Autocorrel ations of the Residuals

Lag 1 2 3 4 5 6 7 8 9 10 11 12
ACF  0.20 0.32 0.02 -0.43 -0.25 -0.60 -0.25 -0.45 0.03 0.29 0.19 0.88
SE 0.09 0.10 0.10 0.10 0.12 0.12 0.14 0.15 0.16 0.16 0.16 0.17
Q 4.88 17.55 17.62 40.52 48.27 93.81101.61127.47127.58138. 80143. 82248. 13
DF 1 2 3 4 5 6 7 8 9 10 11 12
P 0.027 0.000 0.001 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Lag 13 14 15 16 17 18 19 20 21 22 23 24
ACF 0.18 0.29 0.02 -0.38 -0.23 -0.53 -0.23 -0.41 0.03 0.26 0.18 0.78
SE 0.20 0.20 0.21 0.21 0.21 0.21 0.22 0.23 0.23 0.23 0.23 0.24
Q 252.56263. 91263. 96284. 33291. 65332. 03339. 35363. 60363. 71373. 40378. 06469. 63
DF 13 14 15 16 17 18 19 20 21 22 23 24
P 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

The P-val ues approxi mate the probability of observing a Qvalue at |east
this large when the nodel fitted is correct. Wen DF is positive, snall
val ues of P, customarily those bel ow 0.05, indicate nodel inadequacy.

Sanpl e Autocorrel ations of the Residuals
-1.0-0.8-0.6-0.4-0.2 0.0 0.2 0.4 0.6 0.8 1.0
+

oo e e oo oo oo oo+

1 . | XXXXX 0.200

2 . | XXXXXXXX 0.321

3 . X . 0.024

4 XXXXXXXXKXXX| . -0. 428

5 XXXXXX| . -0.248

6 XXXKKXKXXKIKIKK| . -0.598

7 - XXXXXX| . -0.246

8 XXKXKXXKXKX| . -0. 446

9 . | X . 0.029

10 . | XXXXXXX. 0.291
11 . | XXXXX . 0.194
12 - - - - - . | XXXXHKXIKXKIXKXXKXXKXXK 0. 880
13 . | XXXXX . 0.181
14 . | XXXXXXX 0.288
15 . | . 0.019
16 XOXOOXKXXXK| . -0.382
17 . XXXXXX| ) -0.228
18 HXOXKKXKKXKK| . -0.532
19 . XXXXXX| . -0.225
20 - XXXXXXXXXX| . -0. 408
21 | X . 0.028
22 | XXXXXX . 0.255
23 | XXXX . 0.176
24 - - - - - | XHXXXKEIKIXKXIKXKKXK 0.777

However, in the plot of table 24, we can aso see that, on the season lags 12 and 24,
there are till large (diminishing) peaks. This occurs because no difference has yet
been used for the ‘seasonal’ part. In table 25, two differences were used for the
‘non-seasonal’ part. On the first lag, there is a large negative autocorrelation, more
than -0.5. Thisindicates that two differences is too much; there is overdifferencing.
The conclusion can be drawn that, for the ‘non-seasonal’ part, X-12 correctly
selected one difference to make the series stationary (p,d,g=0,1,1). X-12 also
selected one difference to make the ‘seasonal’ part stationary, indicated by the peaks
on the season lags. Thisis shown using tables 26 and 27.
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Table 25. Differencing: Nonseasonal Order=2

Sanpl e Autocorrel ations of the Residuals

Lag 1 2 3 4 5 6 7 8 9 10 11
ACF -0.58 0.26 0.10 -0.39 0.33 -0.44 0.35-0.42 0.13 0.22 -0.49 O.
SE 0.09 0.12 0.12 0.12 0.13 0.14 0.15 0.16 0.17 0.17 0.17 O.
Q 40.57 49.11 50.25 69.58 83.56108. 12123. 44146. 45148. 79155. 25186. 99287.
DF 1 2 3 4 5 6 7 8 9 10 11
P 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.0

Lag 13 14 15 16 17 18 19 20 21 22 23
ACF -0.51 0.24 0.08 -0.35 0.29 -0.38 0.31 -0.39 0.13 0.19 -0.42 0.
SE 0.22 0.23 0.23 0.23 0.23 0.23 0.24 0.24 0.25 0.25 0.25 O.
Q 321.98329.67330. 59347. 22358. 96379. 92393. 47415. 23417. 77423. 04449. 95536.
DF 13 14 15 16 17 18 19 20 21 22 23
P 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.0

The P-val ues approxi mate the probability of observing a Q value at |east
this large when the nodel fitted is correct. Wen DF is positive, snall
val ues of P, custonmarily those below 0.05, indicate nodel inadequacy.

Sanpl e Autocorrel ations of the Residuals
-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0

I e

1 XXX . -0.579

2 . | XXXXXXX 0. 265

3 . | XX . 0. 096

4 XXXXXXXXXX| . -0.395

5 . | XXXXXXXX 0. 334

6 XXX . -0.441

7 . | XXXXXXXXX 0. 346

8 XXXXXXKXXXK| . -0.423

9 . | XXX . 0.134

10 . | XXXXXX . 0. 222
11 XXXXKXXHKXXXK| . -0.490
12 E | XXXXKXHXHXIXXXKXK 0. 867
13 XXXXXXKXXXXXKX| -0.507
14 . | XXXXXX 0.238
15 | XX 0.082
16 XXXXXXXXX| -0.346
17 | XXXXXXX 0. 289
18 XXXXXXXXXX| -0.385
19 | XXXXXXXX 0. 308
20 XXXXXXKXXXK| -0.388
21 | XXX 0.132
22 | XXXXX 0.189
23 XXX . -0.425
24 - - - - - | XXX 0. 758

12
87
18
35
12
00

24
76
26
60
24
00
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The plot in table 26 clearly shows that the peaks on the season lags fully disappear
when one difference is used. Where the calculation was still based on two seasonal
differences, table 27 shows a large negative autocorrelation on the season lag 12,
and this lies outside the bandwidth of uncorrelated residuals. Finally, table 28 shows
a plot of the residuas in the case of one difference for both the seasona and the
non-seasonal part, as X-12 found for the passenger numbers. There is no
autocorrelation pattern left in the residuals. The negative autocorrelation on the first
lag is smaller than -0.5; therefore there is no overdifferencing.

Table 26. Differencing: Seasonal Order=1

Sanpl e Autocorrel ations of the Residuals

Lag 1 2 3 4 5 6 7 8 9 10 11 12
ACF 0.76 0.64 0.54 0.43 0.35 0.29 0.28 0.26 0.18 0.10 0.05 -0.07
SE 0.10 0.14 0.17 0.18 0.19 0.20 0.20 0.20 0.21 0.21 0.21 O0.21
Q 64.28110. 52143. 41164. 64178. 73188. 72197. 91205. 72209. 69210. 94211. 31211. 84
DF 1 2 3 4 5 6 7 8 9 10 11 12
P 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Lag 13 14 15 16 17 18 19 20 21 22 23 24
ACF -0.06 -0.02 0.00 -0.02 -0.05 -0.09 -0.16 -0.26 -0.27 -0.20 -0.18 -0.16
SE 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.21 0.22 0.22 0.22
Q 212.26212.31212.31212.39212. 74213. 82217. 26226. 48236. 36242. 17246. 75250. 24
DF 13 14 15 16 17 18 19 20 21 22 23 24
P 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

The P-val ues approxi mate the probability of observing a Qvalue at |east
this large when the nodel fitted is correct. When DF is positive, snall
val ues of P, customarily those bel ow 0.05, indicate nodel inadequacy.

Sanpl e Autocorrel ations of the Residuals
-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0

T
1 | XXXIKXIIHKHIHKHXKXXX 0.761
2 (B SGO00009.9.0.90.¢,04 0. 642
3 | XXXXHXXXXHXXXXXK 0.539
4 | XHXXXXXXXKXX 0.431
5 | XHXXXXXXXX. 0. 350
6 | XXXXXXX 0.293
7 | XXXXXXX 0.279
8 | XXXXXX 0. 256
9 | XXXXX 0.182
10 | XXX 0.102
11 | X 0. 055
i D -0.066
13 X| -0.058
14 X| -0.020
15 | 0.004
16 X| -0.024
17 X| -0.052
18 XX| -0.091
19 XXXX| -0.161
20 XXXXXXXK| -0.261
21 XXXXXXXK| -0.269
22 XXXXX| -0.205
23 XXXXX| -0.181
24 - - - - - - XXXX| .- - - -0. 157
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Table 27. Differencing: Non-seasonal Order=1, Seasonal Order=2

Di f f er enci ng:

Nonseasonal Order=1, Seasonal Order=2

Sanpl e Autocorrel ations of the Residuals

Lag 1

2 3 4 5 6 7 8 9 10 1

ACF -0.33 -0.01 -0.02 -0.12 -0.03 -0.02 -0.03 0.23 -0.01 -0.11 0.3

SE 0.10

0.11 0.11 0.11 0.11 0.11 0.11 0.11 0.12 0.12 0.1

Q 10.45 10.46 10.50 11.88 11.98 12.02 12.09 17.90 17.91 19.13 29.9

2 3 4 5 6 7 8 9 10 1

P 0.001 0.005 0.015 0.018 0.035 0.062 0.098 0.022 0.036 0.039 0.00

DF 1
Lag 13
ACF  0.03
SE 0.15

14 15 16 17 18 19 20 21 22 2
0.05 0.10 0.05 -0.01 0.02 0.13 -0.23 -0.04 0.10 -0.0
0.15 0.15 0.15 0.15 0.15 0.15 0.15 0.16 0.16 0.1

Q 63.03 63.31 64.37 64.65 64.66 64.69 66.66 73.16 73.36 74.64 75.7

DF 13

14 15 16 17 18 19 20 21 22 2

1
1
2
6
1
2

3
9
6
7
3

-0.
0.
62.

0.0

0
0.
76

12
54
13
90
12
00

24

.05

16

.07

24

P 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

The P-val ues approxi mate the probability of observing a Qvalue at |east
this large when the nodel fitted is correct. Wen DF is positive, snall

val ues of P,

custonarily those bel ow 0.05, indicate nodel inadequacy.

Sanpl e Autocorrel ations of the Residuals

CoO~NOOUBRWNE

-1.0 -0.8 -0.6 -0.4-0.2 0.0 0.2 0.4 0.6 0.8 1.0
B T S R
XOOXXXKXXX| . -

) | ) -

| . -

XXX| . -

X ) -

| . -

X| ) -

| . -
XXX| . -

§

cooocooooo000

0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.

326
011
019
117
031
019
025
234
013
106
314

0. 545

.034

050
096
049
009
017
127
230
040
100
094

. 048
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Table 28. Differencing: Non-seasonal Order=1, Seasonal Order=1

Sanpl e Autocorrel ations of the Residuals

Lag 1 2 3 4 5 6 7 8 9 10 11 12
ACF -0.33 -0.02 0.00 -0.07 0.00 -0.03 0.02 0.12 0.01 -0.06 0.19 -0.28
SE 0.10 0.11 0.11 ©0.11 0.11 0.11 0.11 0.11 0.11 0.11 0.11 O0.11
Q 11.84 11.86 11.87 12.37 12.37 12.47 12.52 14.36 14.36 14.83 19.17 29.05
DF 1 2 3 4 5 6 7 8 9 10 11 12
P 0.001 0.003 0.008 0.015 0.030 0.052 0.085 0.073 0.110 0.138 0.058 0.004

Lag 13 14 15 16 17 18 19 20 21 22 23 24
ACF -0.07 0.10 0.09 0.02 -0.01 0.02 0.15 -0.24 -0.03 0.08 0.00 -0.08
SE 0.12 0.12 0.12 0.12 0.12 0.12 0.12 0.12 0.13 0.13 0.13 0.13
Q 29.62 30.76 31.71 31.74 31.76 31.81 34.96 43.00 43.11 44.00 44.00 44.95
DF 13 14 15 16 17 18 19 20 21 22 23 24
P 0.005 0.006 0.007 0.011 0.016 0.023 0.014 0.002 0.003 0.004 0.005 0.006

The P-val ues approxi mate the probability of observing a Qvalue at |east
this large when the nodel fitted is correct. When DF is positive, snall
val ues of P, custonmarily those below 0.05, indicate nodel inadequacy.

Sanpl e Autocorrel ations of the Residuals
-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0

S S
1 XXKXXXXK] . -0.328
2 . | . -0.015
3 . | ) 0. 002
4 XX . -0.067
5 . | . -0.002
6 .oX ) -0.030
7 . | . 0. 020
8 . | XXX . 0.125
9 . | ) 0. 007
10 XX . -0.063
11 . | XXXXX 0.189
12 - - - e e e XXXXXXX| S e e e e -0.284
13 XX . -0.068
14 ) [ XX . 0. 096
15 ) |Xx . 0. 086
16 ) | ) 0.016
17 ) | . -0.010
18 ) X . 0.021
19 ) | XXXX . 0.154
20 XXXXXX| . -0.245
21 ) X| -0.029
22 | XX 0.081
23 | 0. 002
24 oo XX . - - e e e e -0.082

The next step in identifying the ARIMA mode is the number of AR and MA terms
that are needed to remove any remaining autocorrelation in the differenced series.
The PACF plot (table 29) of the differenced series gives an indication of the number
of AR and MA terms. An AR term is needed if, on the first lag, there is alarge peak
and/or an abrupt decrease in the peak level. Neither of these occur in the PACF plot,
so no AR terms are needed. While, in principle, residual autocorrelation can be
removed using an AR term, using an MA term is a better solution. In this case, we
should look at the ACF plot of differenced series. If there is a negative peak on the
first and/or on the twelfth lag, which is an indication that the series is dightly
overdifferenced, then there is residual autocorrelation. This is indeed the case in
table 27. Here, it is preferable to use an MA term rather than an AR term to adjust
the remaining autocorrelation. How many MA terms are needed is determined by
the lag where there is a rapid decrease in the autocorrelation, therefore in the peak
level. The plot indicates that this is on the second lag of the ‘seasonal’ and ‘non-
seasonal’ part; therefore only one MA term is needed. This corresponds exactly to
the airline model selected for the passenger numbers by X-12: (p,d,q =0,1,1) and
(P,D,Q=0,1,1). In the modél, there are no AR terms, but there is one MA term.




Table 29. Differencing: Non-seasonal Order=1, Seasonal Order=1

Sanpl e Partia

Lag 1

PACF -0.26 -0
SE 0.10 0

Lag 13

PACF -0.21 -0
SE 0.10 0

Lag 25

PACF 0.04 O.
SE 0.10 0

Sanpl e Parti al

OCoO~NOUA WNE

NNNNNRRRERRERR R
PWONRPOOONOOUOBRWNEO

2 3 4 5 6 7 8 9 10
08 -0.07 -0.14 -0.03 -0.08 -0.06 0.09 0.10 -0.02 O.
10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 O
14 15 16 17 18 19 20 21 22
02 0.09 0.07 0.05 0.07 0.22 -0.08 -0.09 0.00 O.
10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 O
26 27 28 29 30 31 32 33 34
06 -0.09 0.01 0.05 0.08 0.03 -0.10 0.00 0.09 O.
10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 O.
Autocorrel ations of the Residuals
-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.
T o e e R L e Ty
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Aut ocorrel ati ons of the Residuals

11
19
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AR SN

257
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135
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059
085
104
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