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Summary 
Traditionally price index theory has been remarkably free from the influence of time 
series. As time series modelling seems to offer various advantages, we proposed to 
investigate some of its consequences. Our main goal is to develop models that can be 
used to forecast the present HICP using data from the (recent) past, which amounts 
to an exercise in nowcasting.  Price index series modelled as time series offers various 
advantages. Using data from the (recent) past also is attractive as more efficient use 
of the data is made.  
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1. Introduction 

In the present paper1 we intend to model index series, such as those concerning 
consumer prices, as time series. Such models take into account the results of 
previous periods for the same series, and possibly also those of related series. 
Exploiting these dependencies has several advantages, which will be discussed later 
on in the introduction.  
 
This approach is to be contrasted with the approach that is currently used as 
standard practice, which is to focus only on the data sampled. No use is made from 
previous results or other index series. This practice of focussing only on just the 
current data is not typical for, say, the compilation of the HICP. It is far more 
widespread than this. As it involves no modelling of the fluctuations over time it is 
quite understandable that this approach is so widespread. The use of time series 
models to 'predict' the current situation ('now') on the basis of past data is called 
nowcasting in economics. 
 
Related issues on the optimization of observations are not studied in this paper. They 
are natural candidates for subsequent research. If one tries to optimize the data 
observations, one is led automatically to make the observations that are most 
profitable for the objective being pursued: for important index series (contributing 
with a higher weight to a total) and those that fluctuate more (are more volatile). In 
both cases it is more profitable to have more, and more frequent, observations than 
in case an index is of lesser importance or hardly changes. Indices with lower weight 
or lower volatility may have less frequent observations as this will have little negative 
effect on the objective.  
 
The current HICP method is exclusively based on the most recent (partial) 
observations. At the suggestion of the CPI department at CBS we embarked on a 
study for an alternative method, which is based on data from the (recent) past using 
time series models. The present report contains the fruits of this effort. 
 
The paper is organized as follows. In Section 2 some background information on the 
current flash HICP is given, focusing on the chronology and the process aspects, why 
it is made and how. Examples are shown of several kinds of adjustments are needed 
when comparing flash HICP results and HICP figures. More examples of such 
comparisons are shown in the Appendix.  
 
Section 3 considers several time series models that could be used instead of the 
current flash HICP that is exclusively based on non-historic data. The idea is to start 
with simple models, see what they deliver and only pass on to more complicated 
models if the simpler models seem to be inadequate.  
 

 
 
1 The authors are grateful to Frank Pijpers for reviewing a preliminary version of the present paper. 
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These simple models are autoregressive (AR) models. In stark contrast to the 
currently used flash HICP they do not use current data, only historic data. This is of 
interest, for it can give an insight how much predictive value is in the historic data 
alone. For these models it was investigated for all COICOPs and all COICOP levels 
what the best fitting models were, in case the maximum time lag is 16 and the 
maximum number of auxiliary variables (parameters) is  6.2 The choice of the values 
16 and 6 was in part motivated by the content (what can be expected to work and 
can be understood) and in part computationally motivated (what can be computed in 
an acceptable time on a desktop). To decide which is the best fitting model taking the 
number of parameters into account as a penalty, the Akaike Information Criterion 
(AIC) was used to select the best model for each COICOP-level combination. This 
exercise gives an insight in the dynamic behavior of the various COICOP-level 
combinations,  that is, patterns of parameters (months) in optimal AR models that 
occur frequently. This is spin-off in the search for alternative flash HICP models. Of 
particular interest are the cases that develop in a stepwise (staircase) fashion. These 
could even be modelled separately, as they occur in specific COICOP groups. An 
alternative use of this spin-off is whether the similar dynamic behavior of COICOP-
groups can be understood. Using these optimal patterns of parameters it becomes 
simple to identify them. 
 
In Section 4 several improvements for the relatively simple AR models in Section 3 
are discussed. They include other well-known time series models, such as ARMA and 
ARIMA models, and Kalman filter models. Also AR models with interaction terms are 
suggested, as well as VAR models, which are vector analogues of the AR-models in 
Section 3: they consider multiple time series instead of single ones. Also another kind 
of extension of the AR models in Section 3 are suggested: those that used historic as 
well as current data. Next, time series models are suggested that are inspired by price 
index models, such as the TPD-model. An extension of this model quite naturally 
leads to a structural time series model for the log price. A final extension concerns 
the modelling of related series (if they are available), namely for series of volumes 
and for quantities sold. From these prices can be computed, and in turn price indices. 
 
Section 5 is a discussion of the results achieved and the work that still can be done, 
not necessarily with the aim to improving the flash HICP. The benefit of using time 
series models is wider. For instance, how can using time series models improve the 
quality of CPI estimates? And how can they help reducing costs? A more direct 
application of the nowcasting problem considered in the present paper is in the 
validation of the CPI figures, every month when new figures are released. 
 
The main text is concluded with a reference list. The paper is completed with a 
lengthy appendix with some of the more interesting results of the extensive 
computations that have been carried out. Given the large volume of supplementary 
information this is omitted from the paper but can be made available upon request 
(to the first author). 

 
 
2 There are about 400 COICOP-level combinations . For each such combination 15 000 models  had to be 

processed to find the optimum model, which amounts to about 6 million models in total. 
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2. Current flash HICP 

2.1 HICP publication process 

The sequence of processes that currently lead to the Dutch HICP indices is presented 
in Figure 1 below. It shows the subsequent processes for an arbitrary reporting 
month resulting in an official HICP for the Netherlands and a final HICP for the 
European Union (EU) in the first half of the next month. 

Figure 1. Current chronology of the HICP process at Statistics Netherlands and Eurostat. 
(Numbers next to the time axis refer to days of the month) 

The following section describes the chronology of processes shown in Figure 1 in 
more detail. 

2.1.1 Chronological order of the HICP publication processes at 
Statistics Netherlands 

 
At Statistics Netherlands the production process of the HICP starts with 4 subsequent 
blocks in the reporting month. Each of these 4 blocks corresponds to a certain 
working week. In each block only a part of the prices in the reporting month is 
observed. These 4 separate blocks with the recent price observations are depicted as 
4 grey rectangles in Figure 1.  Note that the end of the 4th block is usually later than 
the 29th day in the reporting month, which is indicated by the letter "a" in Figure 1. 
 
For a number of years Statistics Netherlands has been delivering a flash estimate of 
the CPI to Eurostat at approximately the 29th of each reporting month, as indicated 
by letter "a" in Figure 1. The original reason for delivering this flash-estimate so early 
was a special need of the European Central Bank (ECB). However, the need of the ECB 
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seems to be less urgent now. It is clear that the moment for the production of the 
early flash-estimate is not in concordance with the regular standard production 
process of the HICP today. The underlying HICP-price information is still partially 
missing at that early stage. For instance the scanner data, or the fuel data may still be  
missing then. At this early stage Statistics Netherlands processes the data that are 
already available and sends the HICP-results to Eurostat without any guarantee of 
their quality. This procedure suffices because, although Eurostat requires a flash 
HICP, it does not apply any quality checks. 
 
Eurostat does not disseminate any flash HICP estimates delivered by Statistics 
Netherlands to the general public. These estimates are treated as confidential 
information by Eurostat, not to be shared with anyone else. 
 
The standard process of the HICP of Statistics Netherlands continues and keeps 
focused on the official publication of final HICP-indices at approximately the 5th day 
of the month after the reporting month, as indicated by the letter "d" in Figure 1. The 
standard regular process is fully arranged and planned for official publication on that 
date. 
 
Various new HICP-data are collected between the production of the flash HICP (at "a" 
in Figure 1) and the publication of the official HICP-indices (at "d" in Figure 1).  
These newly collected data are also processed in the meantime and the resulting 
official HICP-indices are then verified and validated. The resulting official HICP-indices 
are known internally at Statistics Netherlands about 2 days prior to their official 
publication, however without any interpretation. This moment is indicated by the 
letter "c" in Figure 1.  
The next 2 days are needed to finish the publication process and to add an 
interpretation to the official HICP-indices. This period is between the letter "c" and 
the letter "d" in Figure 1.  
 
We conclude that there are two subsequent deliveries of HICP-indices to Eurostat: 
the early flash HICP-indices at letter "a" and the official HICP-indices at letter "d" in 
Figure 1. There is a natural difference between these two deliveries. Their difference 
is separately indicated by the number (1) in Figure 1. The difference could be 
expressed as the "HICP-adjustment" of Statistics Netherlands.   

2.1.2 Chronological order of the HICP publication processes at 
Eurostat 

Eurostat receives the early flash HICP estimates at approximately the 29th of the 
reporting month, as indicated by the letter "a" in Figure 1. 
 
Eurostat processes all the early HICP-flash estimates of all the EU-member states and 
produces a common HICP-flash for the entire European Union. The common HICP-
flash is ready and will be published at approximately the 30th of the reporting month. 
The moment of this publication is indicated by the letter "b" in Figure 1. 
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Eurostat receives the official final HICP-indices of Statistics Netherlands at 
approximately the 5th of the month after the reporting month, as indicated by the 
letter "d" in Figure 1.  
 
Then Eurostat processes all the official and final HICP-indices of all the EU-member 
states and produces the final HICP-index for the entire European Union.  
Eurostat publishes these final HICP-indices at approximately the 16th of the month 
after the reporting month, as indicated by the letter "e" in Figure 1. 
 
We conclude that there are two subsequent publications of HICP-indices for the 
entire European Union: the publication of the early flash HICP-indices at letter "b" 
and the publication of the final HICP-indices at letter "e" in Figure 1.There is a natural 
difference between these two publications. Their difference is separately indicated 
by the number (2) in Figure 1. The difference could be expressed as the "HICP-
adjustment" by Eurostat. 

2.2 Supposed political interests 

Some European countries (for example Germany and Belgium) publish their flash 
HICP-indices in their own countries, but this is not the case for Statistics Netherlands. 
Until now Statistics Netherlands was of the opinion that publication of flash HICP 
data was superfluous or even unwanted as they were cutting short the official HICP-
indices. The impression was also that few customers are really eager for flash HICP-
indices. Another concern is that publication of such indices would cause confusion 
without having much real added value. 
 
For similar reasons Statistics Netherlands has not been in favour of the production of 
a flash HICP for the European Union at Eurostat either. Seemingly the main reason 
for the production of the flash HICP by Eurostat is to create a lot of attention from 
the media. The media are generally attracted to the flash HICP indices as they are the 
earliest price-indices published within the European Union, every month. Any later 
adjustments of the final HICP-indices generate significantly less media attention. This 
fate is shared by the official HICP-indices when they are published by Statistics 
Netherlands. 
 
Despite these objections there seems to exist an increasing pressure of Eurostat on 
the EU-member states to publish the early flash HICP-indices in their own countries. 
The current manager responsible for the compilation of  HICP-indices at Statistics 
Netherlands expects publication of flash HICP-indices to happen in a near future. She 
seems inclined to admit to Eurostat's wishes of Eurostat on the long term. 
So far Statistics Netherlands has not received any information that Eurostat would 
like to reduce the size of the HICP-adjustments (as indicated by (2) in Figure 1). 
So far Statistics Netherlands does not intend to reduce the size of the HICP-
adjustments (as indicated by (1) in Figure 1) either. This matter has not been very 
urgent at Statistics Netherlands as the flash HICP has never been disseminated to the 
general public. The publication of flash HICP-indices could change that. 
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2.3 Current methodology 

2.3.1 Hierarchical COICOP classification with 5 levels 
All the products and services consumed in the Netherlands are organised in a 
hierarchical manner. For the HICP all these products and services are structured by a 
hierarchical division in product groups on 5 different levels of detail. Statistics 
Netherlands uses the EU-standard of the COICOP-classification (Classification Of 
Individual COnsumption by Purpose) for this purpose. Each separate group of 
products or services in this classification has its own monthly consumer price index. 
As a consequence Statistics Netherlands reports the monthly price indices to Eurostat 
for approximately 433 different COICOP groups of products and services. Note that 
the production processes for each of these different COICOP-groups are not 
necessarily similar.  
 
Each of the 433 COICOP-groups has a separate standard code. A certain level of the 
COICOP classification can be indicated by the number of digits in the code. The levels 
of the COICOP classification are organized as described in Table 1. The notation of a 
COICOP group is as follows: a code of a group is denoted as "x" at level 1 (only the 
code "0"), codes are denoted as "xx" at level 2, codes are denoted as "xx.x" at level 3, 
codes are denoted "xx.x.x" at level 4 and codes are denoted as "xx.x.x.x" at level 5. 
 

Level of 
detail 

Nr. digits Nr. elements Description 

Level 1 1 digit 1 The first level is the top level of the 
COICOP classification. It has only one 
group with code "0", which has only one 
digit. This code stands for the group of all 
the consumptions in the Netherlands. 

Level 2 2 digits 12 The second level below the top level 
consists of exactly 12 COICOP-groups with 
codes of 2 digits each: codes "01", "02", 
and so on, until "12". 

Level 3 3 digits 45 The next and third level consists of 45 
COICOP groups with 3 digits each: from 
"01.1" until "12.7". 

Level 4 4 digits 96 The following and fourth level consists of 
96 COICOP groups with 4 digits each: from 
"01.1.1" until "12.6.2". 

Level 5 5 digits 279 The last and fifth level consists of 279 
COICOP groups with 5 digits each: from 
"01.1.1.1" until "12.7.0.4". 

Table 1. Description of the 5 levels of detail in the COICOP classification. 

2.3.2 Weights per COICOP group (article description) and shop type 
Each COICOP group on the most detailed level represents a certain share of the total 
consumption of an average household in the Netherlands. This share can even be 
divided further in shares per shop type. In that way we obtain an average share for 
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each combination of COICOP group and shop type. This average share is generally 
denoted as the weight of the COICOP group and shop type. The shares can change 
every year, but they are considered constant during a one year period. Every next 
year the shares are re-estimated for each combination of COICOP group and shop 
type.  
 
The precise methodology for the estimation of these shares is not important here 
and goes beyond the scope of this document. Different resources are used from the 
national accounts, supplemented with information about the distribution of 
household budgets in the Netherlands.  
 
The shares of COICOP groups on higher levels of detail are derived directly from the 
shares on the lowest level. 

2.3.3 The traditional methodology for price index computation 

2.3.3.1 The traditional  methodology for the sampling of articles 
A growing part of all the prices of articles are observed in more modern ways, for 
instance by means of web-scraping or by means of the collection of scanner data 
from supermarkets. The rest of the prices of articles are still observed in a rather 
traditional way with interviewers in various shops and stores. For the traditional 
kinds of observations a sample of articles is drawn in a rather complex way in five 
steps. For a quick overview the steps are described below in the following Table 2. 
 

Step nr Label Description 
Step 1 Sample of 

municipalities 
A sample of municipalities taken from all the 
municipalities in the Netherlands. (100 municipalities 
selected in 2010, 60 municipalities selected in 2015) 

Step 2 Sample of 
shops 

All shops and stores in a municipality have predefined 
types that can change over time. For each shop type a 
sample of shops is taken within the previous sample of 
municipalities. The travel times and costs for the 
interviewers are taken into account for the selection of 
the shops. 

Step 3 Sample of 
article 
descriptions 

For each COICOP group (on the lowest COICOP level) 
accurate descriptions are made of popular articles. These 
descriptions are made by the experts of the COICOP 
groups. The number of article descriptions depends on 
the weight of the corresponding COICOP group. 

Step 4 Sample of 
shops x 
article 
descriptions 

The article descriptions made in step 3 are distributed 
over the shops selected in step 2. 

Step 5 Sample of 
shops x 
articles 

For each article description (made in step 3) the 
interviewers select one article in each of the shops 
selected (as selected in step 2). This last step of the 
sample for articles is executed by the interviewers. 

Table 2. Overview of 5 steps taken for the sampling of articles. 
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2.3.3.2 Traditional methodology for the computation of price indices 
The price indices of each COICOP group are computed every month after the price 
observations of  the articles in the sample.  
 
The first step of the computation for each separate article description is an 
unweighted average of the prices over all shops of the same shop type. Then a price 
index is computed for each combination of article description and shop type. This 
index is computed by means of division of the next average price divided by the 
previous average price, also known as the Dutot-index. In this way the indices are 
iteratively computed from each previous month to the next month.  
 
The following step is the computation of the index per COICOP description and shop 
type on the basis of the month December of the previous year. This computation is 
done as a chain by the multiplication of all Dutot-indices corresponding to the 
intermediate months.  
 
The last step is the computation of the weighted average for each COICOP group 
separately. The weighted average is computed over all the previously derived indices 
inside that COICOP group. The weights used for this average are the weights that are 
derived earlier for each combination of shop type and article description. (See 
Section 2.3.2.) These weights are supposed to be constant over a period of one year. 

2.3.4 Neglect of historical price information as an information source 
If we step back and reflect on the traditional methodology described we notice an 
omission: it does not exploit historical price information for the computation of the 
monthly price indices. That means that the source of the historical price information 
is systematically neglected. We will try to elucidate this point further in the present 
section. 
 
To consider the traditional HICP-production methodology from a slightly different 
perspective we introduce the methodology on a larger time scale.  For the larger time 
scale we expand the time axis in the previous Figure 1 towards history to obtain a 
new picture as shown in Figure 2. In Figure 2 the reader can see two different 
rectangles in a grey colour: one rectangle labelled "historical HICP data" and one 
rectangle labelled "recent price observations". These separate rectangles represent 
two different kinds of data sources. Each of these two data sources contains 
information about the latest flash HICP data that are needed at the time denoted by 
"a" in the figure. 
 

Figure 2. The timeline of the HICP-processes expanded to the past. 



 
 

CBS | Discussion Paper | 27 January 2020 | 12 

 

However, the current HICP-methodology does not use the information enclosed in 
the historical HICP data. It does not extract the price information from one of the two 
available information resources shown in Figure 2.  
 
We conclude that the traditional methodology and the current HICP production 
process does not fully exploit all the available information sources to compute the 
latest HICP data.  

2.3.5 Inflexibility and absence of intermediate price indices 
Apart from not exploiting the historical price information there are other drawbacks 
of the traditional methodology. The traditional methodology and the current 
production process with the 4 production blocks in the reporting month is rigid and 
only focused on publishing HICP data at the official moment denoted by "d" in Figure 
2.  As a consequence the process is not able to estimate and produce good 
provisional HICP indices between the official publication moments. More specifically, 
it is not able to estimate and produce the flash HICP needed at the moment denoted 
by "a" in Figure 2. 

2.4 Quick overview of HICP adjustments 

To give an idea of the recent HICP-adjustments various time series graphs of the flash 
HICP and the official HICP are shown in the Appendix.  There you can find 
approximately 40 of the most interesting time series graphs chosen from 
approximately 433 COICOP groups. These graphs are clustered in five different 
COICOP levels, each level in a different section of the appendix.  
 
The COICOP levels of detail are denoted by the number of digits in the COICOP 
codification. In the appendix we made a selection of the largest HICP-adjustments in 
each of the COICOP levels. For the sake of brevity we will only show the most 
exemplary time series graph for each of the COICOP levels below. For more time 
series graphs we refer to the appendix. 
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Figure 3. Top level, COICOP-code 00 = All consumption of households  
(Price index axis scale 96  102). 

2.4.1 Top level COICOP (1 digit code 00, 1 code) 
The HICP-adjustments seem relatively small at the very top level, as can be deduced 
from  Figure 3.  The solid line (official HICP) and the dashed line (flash HICP) lie almost 
on top of each other most of the time. The maximal difference between de flash HICP 
and the official HICP was 1,05 percentage points. The corresponding maximal 
adjustment has been found in January 2016 which coincides with the transition of the 
basis for the price indices3. It corresponds to the month with number 48 in the 
corresponding time series graph in Figure 3.  
 
In Figure 3 the scale of the index axis is between 96 and 102. For the sake of 
comparison with all the other time series in this document we use a wider range from 
75 to 120 for the scale on the axis of the price index. The corresponding graph of 
Figure 3 on this wider range is shown in Figure 4. Here the difference between the 

 
 
3 In January 2016 (at number 48 in the graph) there was a shift of the basis for the price index calculations. 

From February 2012 up to and including December 2015 the price indices were calculated relative to 
the basic year 2005. From January 2016 and later the price indices were calculated relative to the basic 
year 2015. 
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flash HICP and the official HICP seems even smaller. The differences between the 
solid line and the dashed line are even more difficult to see in Figure 4.   
 

 

Figure 4. Top level, COICOP-code 00 = All consumption of households  
(Equivalent to  Figure 3 but with price index axis scale 75  120). 

2.4.2 Example on 2 digits COICOP level (12 codes, 01 -12,) 
It is clear that the size of the adjustments will increase at finer levels of detail. The 
differences between the solid line and the dashed line in the graph will increase if the 
number of COICOP digits increases. The next level of detail already has a larger HICP-
adjustment.  
 

           
 

Figure 5. Example on two digits level, COICOP-code 08 = Communication. 

At the 2 digits COICOP level the largest HICP-adjustment was found in COICOP group 
of communication (code 08) with an adjustment of 7,76 percentage points. It was 
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found for January 2016 which coincides with the time of the transition of the basis 
for the price indices. It corresponds to the month with number 48 in the time series 
graph in Figure 5. To facilitate comparison of the HICP-adjustments we used the same 
scales in the graphs. 

2.4.3 Example on 3 digits COICOP level (45 codes, 01.1 - 12.7) 
The size of the adjustments at the next finer level of 3 digits is approximately 
comparable to the size of the adjustments on the level of 2 digits. At the 3 digits 
COICOP level one of the larger HICP-adjustments was found in the COICOP group of 
the newspapers, books and stationery (code 09.5). An adjustment of 3,55 percentage 
points was found for January 2014 which corresponds to month number 24 in the 
time series graph in Figure 6 below. To facilitate comparison of the HICP-adjustments 
we used the same scales in the graphs. 
 

           

Figure 6. Example on three digits level, COICOP-code 09.5 = Newspapers, books and 
stationery. 

           

Figure 7. Example on four digits level, COICOP-code 01.1.2 = Meat. 
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2.4.4 Example on 4 digits level (96 codes, 01.1.1 - 12.7.0) 
The size of the adjustments at the next finer level with 4 digits is sometimes much 
bigger than in the previous level.  At the 4-digits COICOP level a large HICP-
adjustment was found in the COICOP group of meat (code 01.1.2) with an adjustment 
of 12,12 percentage points. This adjustment was found for March 2016 which 
corresponds to month number 50 in the time series graph in Figure 7 below. To 
facilitate comparison of the HICP-adjustments we used the same scales in the graphs. 

2.4.5 Example on 5 digits level (279 codes, 01.1.1.1 - 12.7.0.4) 
At the 5-digits COICOP level a large HICP-adjustment was found in the COICOP group 
of pork (code 01.1.2.2) with an adjustment of 12.99 percentage points. This 
adjustment was found for March 2016 which corresponds to month number 50 in the 
time series graph in Figure 8. To facilitate comparison of the HICP-adjustments we 
used the same scales in the graphs. 
 

           

Figure 8. Example on five digits level, COICOP-code 01.1.2.2 = Pork. 

2.4.6 Cumulative distribution of HICP adjustments in size 
In the previous subsections we illustrated the size of the adjustments in each COICOP 
level by showing one example. For the five different levels we showed five 
corresponding examples. They give us a rough idea of some adjustments, but do not 
give information about the scarcity of these examples.  
 
Therefore we also made statistics about the size of the adjustments related to all the 
COICOP groups. For each of the available 433 COICOP groups (on all levels) we 
computed the maximal adjustment size in the time period from February 2012 until 
March 2018. Then we derived the distribution of these maximal adjustment sizes as a 
percentage of all the COICOP groups. The result of these computations is shown in 
Figure 9. We deduce from the figure that 11% of all the COICOP groups have an 
adjustment size larger than 6 percentage points, and 28% of all the COICOP groups 
have an adjustment size larger than 3 percentage points. 
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Figure 9. Distribution of HICP adjustment in size. 

2.5 Types of HICP adjustments 

When we observe the various graphs of  HICP-adjustments we deduce also that they  
can be classified in the following two separate adjustment types outlier-type 
adjustments and step-delay type adjustments. We will describe both types hereafter. 
 
1. Outlier-type HICP  adjustment  

For an outlier adjustment the average value of the time series before the moment 
of the adjustment is approximately equal to the average value after the moment 
of the adjustment. A typical example of an outlier-type HICP adjustment can be 
found in the COICOP for pork, also shown in  Figure 10. 

 

           

Figure 10. A typical outlier-type HICP adjustment, COICOP-code 01.1.2.2 = Pork. 
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2. Step-delay type HICP adjustment  
For a step-delay type adjustment the average value of the time series before the 
moment of the adjustment is significantly different from the average value after 
the moment of the adjustment. A typical example of a step-delay type HICP 
adjustment can be found for the COICOP for other medical products, therapeutic 
appliances and equipment (code 06.1.2/3), as shown in Figure 11. In Figure 11 we 
can perceive two different steps in the time series graph.  The first step takes 
place from December 2012 to January 2013 (corresponding to month numbers 11 
and 12 in the graph) and the second step takes place from December 2015 to 
January 2016 (corresponding to month numbers 47 and 48 in the graph). You can 
see that the flash HICP and the official HICP do not report these steps in the same 
month. This phenomenon occurs regularly for other COICOPS. In those cases the 
flash HICP cannot anticipate the step in the official HICP in due time. As a 
consequence the flash HICP can only follow the "official" step one month later.  
This kind of time delay in the steps of the flash HICP result in typical step-delay 
type HICP adjustments. 

 

           

Figure 11. A typical step-delay type HICP adjustment, COICOP-code 06.1.2/3 = Other medical 
products, therapeutic appliances and equipment. 
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3. Time series models and the 
HICP 

3.1 Motivation 

In the previous chapter we gave an overview of the HICP adjustments in various 
COICOP groups. The HICP adjustments were defined as the difference between the 
flash HICP and the official HICP price indices. We deduced that these adjustments are 
sometimes relatively big: 28% of the COICOP groups have adjustments larger than 3 
percent points and 11% of the COICOP groups have adjustments larger than 6 
percent points. It is desirable to have more control over the frequency and size of 
these adjustments. This is necessary if Statistics Netherlands wants to publish the 
flash HICP in the near future. In this chapter we will describe a method that can be 
used to increase control. 
 
In Section 2.3.4 of the previous chapter we already noticed an omission in the 
traditional methodology to compute the price indices. We argued that the historical 
price information has been neglected for the computation of the latest price indices, 
as is illustrated in Figure 2. 
 
 

Figure 12. The one step ahead estimation for the historical HICP data. 

In this chapter we will describe a methodology that does the opposite of the classical 
method: it does not use any recent price observations and uses historical HICP data 
only to compute a one-step-ahead estimate. The fact that we do not use recent price 
observations for this method is illustrated in Figure 12. 
 
The methodology we use to compute the one step ahead estimate is based on 
elementary theory of time series. We describe the methodology and the results in 
the following sections. 
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3.2 AR models 

The autoregressive (AR) time series models are the simplest and most intuitive 
models for time series. The basic idea is simple: we take the data from the previous 𝑝 
steps of a time series and search for the best linear combination of these data to 
estimate the value for the next following step in time. When we put this intuitive 
model into a mathematical formula we obtain the following well-known equation: 
 

𝑋 = 𝜑 𝑋 +  𝜀  (3.1) 

 
In this formula the letter 𝑡 stands for the (discrete) time simply measured in integer 
numbers, X  represents the (real) value of the time series at time 𝑡, ε  represents the 
(real) value at time 𝑡 of a white noise signal, and φ  represents the (real) value that 
represents the parameter of the time series that corresponds with time lag 𝑖.  
We assume that only a limited part of the time series X  is known. We assume that 
we know X  only for 𝑡 = {1, 2, 3, … , 𝑁}. Parameter 𝑝 is a natural number that 
represents the maximal number of previous time steps in the time series that the 
model uses to estimate the next time step.  
 
As we assume that ε  is a (real valued) white noise signal. That means that ε  is a 
realization of a random variable for each 𝑡. Moreover, we assume it has the following 
properties: 
 

𝜀  and 𝜀  are independent and identically distributed for all 𝑡 ≠ 𝑠, 
𝐸(𝜀 ) = 0, for all 𝑡, 
𝐸(𝜀 ) = 𝜎 , for all 𝑡. 

(3.2) 

 
The parameter 𝜎 is new in the last expressions. It is a positive (real) valued parameter 
that represents the standard deviation that corresponds to the white noise signal 𝜀 .  

3.2.1 The problem of the best fit 
The idea is that each possible combination of the parameters 𝑝, φ , 
φ , φ ,…, φ , φ   and 𝜎  correspond to a separate autoregressive (AR) time series 
model. The problem for the modeler is to find the best combination of these 
parameters that fits a given time series X . If the modeler takes one of the 433 time 
series from the historical HICP indices, he or she has to find the best fitting 
parameters 𝑝, φ , φ , φ ,…, φ , φ  and 𝜎. 
 
The best fitting model comes with a certain criterion for the fit. The white noise 
signal represents a kind of error of the time series model. Therefore we want the 
white noise signal to be small. The bigger the white noise signal in the model, the 
bigger the misfit. At first thought it seems best to take the model with the smallest 
white noise signal. In order to measure the size of the white noise signal we need a 
mathematical norm. The simplest norm for the size of the white noise signal is the 
variance of the signal: 𝜎 . With this norm the best model would be the model that 
has the smallest estimate for 𝜎 . 



 
 

CBS | Discussion Paper | 27 January 2020 | 21 

 

 
At second thought the size of the white noise signal in the model is not such a good 
criterion after all. The reason is that there is a relationship between the number 𝑝 of 
the parameters φ , φ , φ ,…, φ , φ  and the size of the white noise signal ε . The 
size of the white noise signal can become smaller as the number 𝑝 of these 
parameters increases. Our first naive thought of the criterion would mean that the 
best model would be the model with the largest number of parameters. Moreover, 
when we increase the number 𝑝 of parameters we can always find a model for which 
the white noise signal is equal to zero, i.e. ε = 0 for all t. This is certainly possible if 
the number 𝑝 of parameters reaches the length of the time series that we are trying 
to model. However, a model with such a big number of parameters is not considered 
as a good model either. In that case the model is overfitting the time series at hand. 
 
We conclude that the best criterion is a criterion with a good balance between the 
size of the white noise signal on the one hand and the number of the parameters on 
the other hand. There are several such criteria known in the literature. One of the 
best known of these is the Akaike Information Criterion (AIC), defined as follows: 
 

AIC (𝑘, 𝐿) =  2 . 𝑘 − 2 . ln(𝐿).  (3.3) 
 
In this formula the letter 𝑘 represents the (natural) number of parameters in the 
model and the letter 𝐿 represents the maximum value of the likelihood function for 
the model. Formally the likelihood 𝐿 cannot be determined without the exact 
probability distributions. That means that for the AIC we are formally obliged to make 
further assumptions about the exact distribution of ε  , which we did not yet specify 
in detail.  
 
If we assume that ε  has a standard normal distribution with mean 0 and variance 𝜎  
then that means that we have the following likelihood function 𝐿: 
 

𝐿 =  
√ .

. 𝑒
∑ ( ) , or 

ln(𝐿) =  − 𝑀. ln(2π) − 𝑀. ln(𝜎) − . ∑ (𝜀 ) , 

 
where : 

𝜀 = 𝑋 − 𝜑 𝑋 . 

(3.4) 

 
The letter 𝑀 is new in formula (3.4). It represents the length of the white noise signal 
ε , which is obviously a natural number. For our purposes the length of the white 
noise signal is equal to the number of the autoregressive equations of the form as in 
expression (3.1). There is a simple relationship between the length of the time series, 
the number of parameters and the number of autoregressive equations like (3.1): 
 

𝑀 =  𝑁 − 𝑝.  (3.5) 
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If we maximize this likelihood function 𝐿 with respect to 𝜎 then we obtain the 
optimal estimate of the standard deviation: 
 

𝜎 =  
∑ (𝜀 )

𝑀
 (3.6) 

 
When we substitute the optimal solution for 𝜎 of formula (3.6) in formula (3.4) we 
obtain: 
 

𝐿 = (2𝜋. 𝑒. 𝜎 ) , or 
 

ln 𝐿 = −𝑀. ln(𝜎) −
𝑀

2
. ln(2𝜋. 𝑒). 

(3.7) 

 
Finally we substitute the maximal likelihood 𝐿 of formula (3.7) in the AIC as defined in 
(3.3): 
 

AIC(𝑘, 𝑀, 𝜎) =  2 . 𝑘 + 2. 𝑀. ln(𝜎) + 𝑀. ln(2𝜋. 𝑒) (3.8) 
  

If we elaborate this one step further with formula (3.5) we obtain: 
 

AIC(𝑘, 𝑝, 𝜎) =  2 . 𝑘 + 2. (𝑁 − 𝑝). ln 𝜎. √2𝜋. 𝑒  (3.9) 
  

Formula (3.9) expresses the AIC for the specific case in which our model has a 
normally distributed ("white noise") signal ε . We assume that the AIC in formula 
(3.9) is also a good measure for the fit of our AR time series model in case ε  is not 
normally distributed. 
 

3.2.2 The AR model with a smaller subset 𝑺 for the free parameters 
Observant readers may have noticed that we made a distinction between the 
variables 𝑘 and 𝑝 in the formulas (3.1) until (3.9) in the previous subsection. The 
variable 𝑘 represents the number of free parameters in the time series model, and 
the variable 𝑝 represents the maximal time lag that is used in that model. With the 
standard representation of the model shown in formula (3.1) the number of free 
parameters 𝑘 would be equal to the maximal time lag 𝑝.  
 
The distinction between 𝑘 and 𝑝 in the previous subsection is made on purpose 
because 𝑘 and 𝑝 will differ hereafter. In the model of formula (3.1) we had 𝑝 non-
zero parameters φ , φ , φ ,…, φ , φ . From now on, from these 𝑝 parameters we 
will select a certain subset 𝑆 of 𝑘 free parameters that is allowed to stay non-zero, 
and we will set the remaining 𝑝 − 𝑘 parameters equal to zero. The following holds: 
 

𝑆 ⊂ {1, 2, 3, … , 𝑝}, 
𝑝 ∈ 𝑆, 
|𝑆| = 𝑘, 
𝜑 = 0, for 𝑖 ∉ 𝑆, 

(3.10) 
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If we combine the formula in (3.10) with the formula of the original AR time series 
model in formula (3.1) we obtain a slightly different AR time series model: 
 

𝑋 = 𝜑 𝑋

 ∈ 

+  𝜀 . (3.11) 

 
The reason for this modification of the standard AR-model in formula (3.1) is that the 
modified AR-model in (3.11) is able to model the long term seasonal patterns and the 
short term dynamics in one simple model, while the number of free variables in the 
model can remain very low. The time series model shown in formula (3.11) will 
therefore be used in as the AR-model for the historical HICP data in rest of this 
document. 

3.2.3 The brute force determination of the best subset 𝑺 
The maximal time lag  𝑝  and the selected subset 𝑆 are important choices for the time 
series model. Until now we did not mention how we will determine these. We will 
elaborate on that in this subsection. 
 
For the models of the historical HICP data we will use a maximal time lag 𝑝 of 16 
months. This maximal time lag of 𝑝 = 16 will allow us to model the longer term 
seasonal patterns that have at least a periodicity of one year (12 months). The 
computations with time lags of more than 16 (𝑝 > 16) tend to take unacceptable 
runtimes on the desktop computer. We decide not to increase the maximal time lag 
𝑝 any further. 
 
Having set the maximal time lag 𝑝 to 16 we continue with the number of parameters 
𝑘 in the subset 𝑆. In order to optimize the subset 𝑆 we will start trying all possible 
subsets with cardinality 𝑘 = 1, then we continue trying all possible subsets of 
cardinality 𝑘 = 2, and so on. We will end trying all possible subsets 𝑆 with cardinality 
𝑘 = 6, because a cardinality of more than 6 (𝑘 > 6) tends to take unacceptable 
runtimes on the desktop computer4. We decide not to increase the cardinality 𝑘 any 
further. So, purely for the limitations of runtime we restricted ourselves to the 
following: 
 

𝑝 ≤ 16, 
|𝑆| = 𝑘 ≤ 6. 

(3.12) 

 
Because of these choices we will generate all possible subsets 𝑆 of {1,2,3, … ,16} with 
a cardinality less than or equal to 6. Therefore we will examine in total 14.892 
possible subsets 𝑆, of which: 
 

|𝑆| = 1 →
16
1

= 16 subsets, (3.13) 

 
 
4 Trying the larger subsets 𝑆 with the cardinalities 10 ≤ 𝑘 ≤ 15 would take a comparable runtime. We do 

not examine these larger subsets because we are only interested in the smaller ones,  
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|𝑆| = 2 →
16
2

= 120 subsets, 

|𝑆| = 3 →
16
3

= 560 subsets, 

|𝑆| = 4 →
16
4

= 1.820 subsets, 

|𝑆| = 5 →
16
5

= 4.368 subsets, 

|𝑆| = 6 →
16
6

= 8.008 subsets, 

_____________________________ 
|𝑆| ≤ 6 → Total of 14.892 subsets. 

 
For each of these 14.892 possible subsets 𝑆 we will evaluate the corresponding time 
series model expressed in formula (3.11) with AIC expressed in formula (3.9).  
 
The determination of the best subset between all the subsets will be done in two 
steps. The first step is to determine the best subset of all the subsets with an equal 
cardinality.  
 
That means that for each 𝑖 ∈ {1,2, … , 6} we will determine 𝑆̅  as the best evaluated 
subset 𝑆 of cardinality 𝑖. In this way we will finally construct a set 𝑆̅ with the best 
subsets 𝑆̅  as its elements5 as expressed in the following formula (3.14): 
 

𝑆̅  is the optimal subset for 𝑆 with cardinality 𝑖, 𝑖 ∈ {1,2, … , 6}, 
|𝑆̅ | = 𝑖, 𝑖 ∈ {1,2, … , 6}, 
𝑆̅ = {𝑆̅ , 𝑆̅ , … , 𝑆̅ }. 

(3.14) 

 
The second step to determine the very best subset 𝑆 was to evaluate each of the 6 
candidate subsets 𝑆̅  for 𝑖 ∈ {1,2, … , 6} and determine which of these is the best 
with AIC.  

3.3 Results 

For each of the approximately 433 COICOP groups we have executed the method as 
described in Section 3.2. Unfortunately we cannot show the results for each COICOP 
group. However, we can show some exemplary examples. Therefore we start to 
present the results corresponding to the HICP-examples already described in Section 
2.4. 

3.3.1 Top level COICOP (1 digit code 0, 1 code) 
For the top level of all consumptions of households we obtain the following result: 
 

𝑆̅ = {3}, {1,11}, {1,2,13}, {1,2,3,13},   {1,2,4,5,13},   {1,2,4,5,12,13} . (3.15) 
 
We can describe this result differently in words as follows. The first subset 𝑆̅ = {3} 
means that the HICP of the current month correlates more with the HICP of 3 months 

 
 
5 Note that one might think that 𝑆̅ ⊂ �̅� , but that is not necessarily true. 
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earlier than with the HICP of any other earlier month. The second subset 𝑆̅ = {1,11} 
means that the HICP of the current month correlates most with a linear combination 
of the HICP from the previous month and the HICP of 11 month earlier. The 
correlation with any other linear combination of the HICP of 2 earlier months will 
necessarily be weaker. The third subset 𝑆̅ = {1,2,13} means that the HICP of the 
current month correlates most with a linear combination of the HICP from the 
previous month, the HICP of 2 months earlier and the HICP of 13 months earlier. The 
correlation with any other linear combination of the HICP of 3 earlier months will 
necessarily be weaker. Similar descriptions can be made for the 3 following subsets 
𝑆̅ = {1,2, 3,13}, 𝑆̅ = {1,2, 4, 5,13} and 𝑆̅ = {1,2, 4, 5, 12,13}. 
 
Finally we must choose from the six remaining subsets 𝑆̅  for 𝑖 ∈ {1,2, … , 6}. In this 
case the subset 𝑆̅ = {1,2,13} gives the best results with our information criterion 
(AIC) in formula (3.9). That means that the following model turns out to be the best 
simple AR model for the HICP time series of all consumptions of households on the 
top level: 
 

𝑋 = 𝜑 𝑋 + 𝜑 𝑋 + 𝜑 𝑋 +  𝜀 . (3.16) 
 
We confronted the simple linear model of (3.16) with the HICP time series from 
January 1996 until December 2011 and found the following optimal parameters:  
 

𝜑 ≈ −0.8103, 
𝜑 ≈   0.8381,  

𝜑 ≈   0.9729.    
(3.17) 

 
Note that the time series model as described in (3.16) and (3.17) does not describe a 
stationary stochastic process. The characteristic polynomial 𝑝(𝑠) for this AR model is: 
 

𝑝(𝑠) = 1 − 𝜑 𝑠 − 𝜑 𝑠 − 𝜑 𝑠  (3.18) 
 
The stochastic process is not stationary if the characteristic polynomial has a root 
inside the complex unit circle. Our polynomial 𝑝(𝑠) in (3.18) has 13 roots. Three of 
these roots are real numbers inside the complex unit circle (approximately equal to 
−0.7176, −0.9557 and +0.9999). The remaining 10 roots are complex numbers 
outside the unit circle.  
 
The corresponding estimate of the standard deviation of each white noise term 𝜀  is: 
 

𝜎 =
∑ (𝜀 )

𝑀
≈  0.2878 (3.19) 

 
Now we derive confidence intervals for the one-step-ahead estimates of the model. 
For our purposes we derive 97.5%  and 95% confidence intervals only. In this case the 
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size of the confidence interval turns out to be equal to approximately 1.5147 (± 
0.7574) or 1.2597 (± 0.6298) percentage points respectively6.  
 
The upper and lower bounds of the confidence interval for the one-step-ahead 
estimate can be drawn in the same graph as the time series of the Flash HICP in the 
period from February 2012 until March 2018. In such a graph you can easily see 
where the Flash HICP falls outside de confidence interval.  
 
We show such a graph below on the right side in Figure 13. On the left side in Figure 
13 we repeat the graph with the official HICP and the Flash HICP. On the right side we 
show the graph with the Flash HICP and the corresponding 97.5% confidence interval. 
The points where the Flash HICP falls outside the confidence interval are shown with 
small circles. 
 
In the graph on the right side of Figure 13 we can discover 3 points where the Flash 
HICP falls just outside the 97.5% confidence interval for our model: 
 

Month nr 21 = October 2013, Flash HICP ≈ 99.62878, 
Month nr 62 = March 2017, Flash HICP ≈ 101.03219, 
Month nr 63 = April 2017, Flash HICP ≈ 102.10694.  

(3.20) 

 

  

          
Figure 13. Results on top level, COICOP-code 00 = All consumption of households.  

That means that for our model expressed in (3.16) and (3.17) the 3 data points 
expressed in (3.20) are suspicious data points in the flash HICP time series. 
Unfortunately, for these 3 suspicious data points the flash HICP and the official HICP 
are very close to each other, as one can conclude from (3.21) below: 
 

Month nr 21 = October 2013, Official HICP ≈ 99.60566, (Δ=-0,02312), 
Month nr 62 = March 2017, Official HICP ≈ 101.02561, (Δ=-0,00658), 
Month nr 63 = April 2017, Official HICP ≈ 101.93652, (Δ=-0,17042). 

(3.21) 

 
 
6 These are the bounds of the confidence interval estimated directly from the actual HICP time series data 

while we did not assume a normally distributed white noise 𝜀  term. In case of the assumption of a 
normally distributed white noise term 𝜀  with the standard deviation 𝜎 expressed in (3.19) the 
confidence intervals would be a 10% to 15% smaller. In that case the sizes of the intervals would be 2 x 
2.2414 x 𝜎 ≈ 1.2902 (± 0.6451) and 2 x 1.9600 x 𝜎 ≈ 1.1282 (± 0.5641) for the 97.5% and 95% 
confidence intervals respectively. 
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As we have shown in Figure 3 and Figure 4 the largest adjustment for the HICP of all 
households was 1.05 percentage points in month number 48, January 2016. 
However, the flash HICP in January 2016 is not suspicious if we apply our model.  The 
conclusion from this is that the model for the top level expressed in (3.16) and (3.17) 
is quite accurate, but not accurate enough to "foresee" the largest adjustment of 
1.05 percentage points in January 2016. 

3.3.2 Example on 2 digits COICOP level (12 codes, 01 - 12) 
We described the results for the top level COICOP group in Section 3.3.1. In the 
present subsection we follow the same reasoning with respect to the results, but 
then applied to a different time series example on the lower COICOP level with 2 
digits. We will use the example of the COICOP group with all the consumptions for 
communication, with code 08, as we did in earlier Section 2.4.2.  
 
For this example we obtain: 
 

𝑆̅ = {1}, {1,2}, {1,2,13}, {1,2,5,13},   {1,2,5,11,13},   {1,2,5,7,11,13} . (3.22) 
And in this case the subset 𝑆̅  for 𝑖 ∈ {1,2, … , 6} with the best AIC is 𝑆̅ = {1,2,5,13}. 
That implies that we obtain the following AR model: 
 

𝑋 = 𝜑 𝑋 + 𝜑 𝑋 + 𝜑 𝑋 + 𝜑 𝑋 +  𝜀 .       (3.23) 
 
When we apply this model we obtain the following optimal parameters: 
 

𝜑 ≈ −0.2763, 
𝜑 ≈   0.2211,  
𝜑 ≈   0.0742,  

𝜑 ≈   0.9796.   7 

(3.24) 

 
With the following standard deviation estimate for 𝜀 : 
 

𝜎 =
∑ (𝜀 )

𝑀
≈  1.0910 (3.25) 

 
For this example we obtain the following confidence intervals: 
 

Size 97.5% confidence interval: 6.6588 percent points (± 3.3294), 
Size 95% confidence interval: 4.7964 percent points, (± 2.3982). 

(3.26) 

 
We show the graphs for this specific example in Figure 14. On the left side we show 
the flash HICP and the official HICP in the same graph. On the right side we show the 
flash HICP together with the upper and lower bounds of the 97.5% confidence 

 
 
7 The stochastic process is not stationary. The characteristic polynomial is 𝑝(𝑠) = 1 − 𝜑 𝑠 − 𝜑 𝑠 −

𝜑 𝑠 − 𝜑 𝑠 , which has 4 roots inside the unit circle and 9 roots outside the unit circle. Only one of 
these roots is a real number. That root is outside the unit circle and approximately equal to +1.0001 
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interval for the one-step-ahead estimate. The data points where the flash HICP falls 
outside the confidence interval are depicted with small white circles. 
 
In the flash HICP we obtain the following suspicious data points outside the 97.5% 
confidence interval: 
 

Month nr 46 = November 2015, Flash HICP ≈ 95.9752, 
Month nr 48 = January 2016, Flash HICP ≈ 106.33078. 

(3.27) 

 
And the following are the corresponding data points in the official HICP: 
 

Month nr 46 = November 2015, Official HICP ≈ 99.2537, (Δ=+3.2785), 
Month nr 48 = January 2016, Official HICP ≈ 98.5708, (Δ=-7.75998). (3.28) 

 
We conclude that our model performs well for this example. It is able to select the 2 
suspicious data points in the flash HICP even before the official HICP has been 
calculated. It turns out that these 2 suspicious data points in the flash HICP are 
exactly the erroneous data points with the largest HICP adjustment after the 
publication of the official HICP. 
 

  

  
Figure 14. Example results on two digits level, COICOP-code 08 = Communication. 

3.3.3 Example on 3 digits COICOP level (45 codes, 01.1 - 12.7) 
We described the results for the top level COICOP group in Section 3.3.1. In the 
present subsection we will follow the same reasoning with respect to the results, but 
then applied to a different time series example on the lower COICOP level with 3 
digits. We will use the example of the COICOP group with the consumptions of all 
newspapers, books and stationery, with code 09.5, as we did in Section 2.4.3.  
 
For this example we obtain: 

𝑆̅ = {1}, {1,12}, {1,2,13}, {1,2,3,14},   {1,2,3,4,15},   {1,2,3,4,14,15} . (3.29) 
And in this case the subset 𝑆̅  for 𝑖 ∈ {1,2, … , 6} with the best AIC is 𝑆̅ = {1,2,13}. 
That implies that we obtain the following AR model: 
 

𝑋 = 𝜑 𝑋 + 𝜑 𝑋 + 𝜑 𝑋 +  𝜀 . (3.30) 
 
When we apply this model we obtain the following optimal parameters: 
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𝜑 ≈  −0.3934, 
𝜑 ≈   0.4982,  

𝜑 ≈   0.8983.   8 
(3.31) 

 
With the following standard deviation estimate for 𝜀 : 
 

𝜎 =
∑ (𝜀 )

𝑀
≈  0.9545 (3.32) 

 
For this example we obtain the following confidence intervals: 
 

Size 97.5% confidence interval: 5.2047 percent points (± 2.6024), 
Size 95% confidence interval: 3.9434 percent points, (± 1.9717). 

(3.33) 

 
We show the graphs for this specific example in Figure 15. On the left side we show 
the flash HICP and the official HICP in the same graph. On the right side we show the 
flash HICP together with the upper and lower bounds of the 97.5% confidence 
interval for the one-step-ahead estimate. The data points where the flash HICP falls 
outside the confidence interval are depicted with small white circles. 
In the flash HICP we obtain the following suspicious data points outside the 97.5% 
confidence interval: 
 

Month nr 24 = January 2014, Flash HICP ≈ 104.3303, 
Month nr 34 = November 2014, Flash HICP ≈ 101.4461. 
Month nr 46 = November 2015, Flash HICP ≈ 102.8136, 
Month nr 47 = December 2015, Flash HICP ≈ 105.4717, 
Month nr 48 = January 2016, Flash HICP ≈ 101.9573, 
Month nr 49 = February 2016, Flash HICP ≈ 107.2973. 

(3.34) 

 

  

  
Figure 15. Example results on three digits level, COICOP-code 09.5 = Newspapers, books and 
stationery. 

And the following are the corresponding data points in the official HICP: 
 

Month nr 24 = January 2014, Official HICP ≈ 100.7803, (Δ=-3.5500), (3.35) 

 
 
8 The stochastic process is not stationary. The characteristic polynomial is 𝑝(𝑠) = 1 − 𝜑 𝑠 −

𝜑 𝑠 −𝜑 𝑠 , which has 3 roots inside the unit circle and 10 roots outside the unit circle. Only one of 
these roots is a real number. That root is inside the unit circle and approximately equal to +0.9997. 
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Month nr 34 = November 2014, Official HICP ≈ 100.2449, (Δ=-1.2013), 
Month nr 46 = November 2015, Official HICP ≈ 102.0222, (Δ=-0.7915), 
Month nr 47 = December 2015, Official HICP ≈ 105.4717, (Δ= 0), 
Month nr 48 = January 2016, Official HICP ≈ 105.1327, (Δ=+3.1754), 
Month nr 49 = February 2016, Official HICP ≈ 107.29729, (Δ= 0). 

 
We conclude that our model performs well for this example. It is able to select the 6 
suspicious data points in the flash HICP even before the official HICP has been 
calculated. It turns out that 4 of these 6 suspicious data points in the flash HICP are 
the erroneous data points with the largest HICP adjustment after the publication of 
the official HICP. 

3.3.4 Example on 4 digits level (96 codes, 01.1.1 - 12.7.0) 
We described the results for the top level COICOP group in Section 3.3.1. In the 
present subsection we will follow the same reasoning with respect to the results, but 
then applied to a different time series example on the lower COICOP level with 4 
digits. We will use the example of the COICOP group with all meat consumptions, 
with code 01.1.2, as we did in Section 2.4.4.  
 
For this example we obtain: 
 

𝑆̅ = {1}, {1,3}, {1,2,3}, {1,4,5,6}, {1,3,4,5,6}, {1,2,5,8,9,10} . (3.36) 
 
And in this case the subset 𝑆̅  for 𝑖 ∈ {1,2, … , 6} with the best AIC is 𝑆̅ = {1,2,3}. 
That implies that we obtain the following AR model: 
 

𝑋 = 𝜑 𝑋 + 𝜑 𝑋 + 𝜑 𝑋 +  𝜀 . (3.37) 
 
When we apply this model we obtain the following optimal parameters: 
 

𝜑 ≈  −0.1581, 
𝜑 ≈   0.1610,  

𝜑  ≈   0.9981.   9 
(3.38) 

 
With the following standard deviation estimate for 𝜀 : 
 

𝜎 =
∑ (𝜀 )

𝑀
≈  0.5280 (3.39) 

 
For this example we obtain the following confidence intervals: 
 

Size 97.5% confidence interval: 1.3158 percent points (± 0.6579), 
Size 95% confidence interval: 1.0639 percent points, (± 0.5320). 

(3.40) 

 
 
9 The stochastic process is not stationary. The characteristic polynomial is 𝑝(𝑠) = 1 − 𝜑 𝑠 − 𝜑 𝑠 −𝜑 𝑠 , 

which has 1 root inside the unit circle and 2 roots outside the unit circle. Only one of these roots is a 
real number. That root is inside the unit circle and approximately equal to +0.9997. 
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We show the graphs for this specific example in Figure 16. On the left side we show 
the flash HICP and the official HICP in the same graph. On the right side we show the 
flash HICP together with the upper and lower bounds of the 97.5% confidence 
interval for the one-step-ahead estimate. The data points where the flash HICP falls 
outside the confidence interval are depicted with small white circles. 
In the flash HICP we obtain the following suspicious data points outside the 97.5% 
confidence interval: 
 
 

Month nr 50 = March 2016, Flash HICP ≈ 88.1341, 
Month nr 58 = November 2016, Flash HICP ≈ 99.1116, 
Month nr 72 = January 2018, Flash HICP ≈ 104.0740, 

(3.41) 

 
And the following are the corresponding data points in the official HICP: 
 

Month nr 50 = March 2016, Official HICP ≈ 100.2524, (Δ=+12.1184), 
Month nr 58 = November 2016, Official HICP ≈ 101.3230, (Δ=+2.2114), 
Month nr 72 = January 2018, Official HICP ≈ 104.8093, (Δ=+0.7353). 

(3.42) 

 
We conclude that our model performs well for this example. It is able to select the 3 
suspicious data points in the flash HICP even before the official HICP has been 
calculated. It turns out that these 3 suspicious data points in the flash HICP are 
exactly the erroneous data points with the largest HICP adjustment after the 
publication of the official HICP. 
 

  

Figure 16. Example results on four digits level, COICOP-code 01.1.2 = Meat. 

3.3.5 Example on 5 digits level (279 codes, 01.1.1.1 - 12.7.0.4) 
We described the results for the top level COICOP group in Section 3.3.1. In the 
present subsection we will follow the same reasoning with respect to the results, but 
then applied to a different time series example on the lower COICOP level with 5 
digits. We will use the example of the COICOP group with all pork consumptions, with 
code 01.1.2.2, as we did in Section 2.4.5.  
 
For this example we obtain: 
 

𝑆̅ = {4}, {3,4}, {2,3,4}, {1,2,3,4}, {1,2,3,4,5}, {1,2,3,4,5,6} .     (3.43) 
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And in this case the subset 𝑆̅  for 𝑖 ∈ {1,2, … , 6} with the best AIC is 𝑆̅ = {2,3,4}. 
That implies that we obtain the following AR model: 
 

𝑋 = 𝜑 𝑋 + 𝜑 𝑋 + 𝜑 𝑋 +  𝜀 . (3.44) 
 
When we apply this model we obtain the following optimal parameters: 
 

𝜑 ≈  0.0326, 
𝜑 ≈   0.2957,  

𝜑  ≈   0.6726.   10 
(3.45) 

 
With the following standard deviation estimate for 𝜀 : 
 

𝜎 =
∑ (𝜀 )

𝑀
≈  0.8941 (3.46) 

 
For this example we obtain the following confidence intervals: 
 

Size 97.5% confidence interval: 3.7878 percent points (±1.8939), 
Size 95% confidence interval: 3.7023 percent points, (±1.8512). 

(3.47) 

 
We show the graphs for this specific example in Figure 17. On the left side we show 
the flash HICP and the official HICP in the same graph. On the right side we show the 
flash HICP together with the upper and lower bounds of the 97.5% confidence 
interval for the one-step-ahead estimate. The data points where the flash HICP falls 
outside the confidence interval are depicted with small white circles. 
In the flash HICP we obtain the following suspicious data points outside the 97.5% 
confidence interval: 
 

Month nr 50 = March 2016, Flash HICP ≈ 86.6257, 
Month nr 72 = January 2018, Flash HICP ≈ 99.0382. 

(3.48) 

 
And the following are the corresponding data points in the official HICP: 
 

Month nr 50 = March 2016, Official HICP ≈ 99.6182, (Δ=+12.9925), 
Month nr 72 = January 2018, Official HICP ≈ 103.4860, (Δ=+4.4478). 

(3.49) 

 
 
 
 
 

 
 
10 The stochastic process is not stationary. The characteristic polynomial is 𝑝(𝑠) = 1 − 𝜑 𝑠 −

𝜑 𝑠 −𝜑 𝑠 , which has 1 root inside the unit circle and 3 roots outside the unit circle. Two of the roots 
are real numbers. The first is inside the unit circle and approximately equal to +0.9998. The second is 
outside the unit circle and approximately equal to −1.2196. 
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Figure 17. Example results on five digits level, COICOP-code 01.1.2.2 = Pork. 

We conclude that our model performs well for this example. It is able to select the 2 
suspicious data points in the flash HICP even before the official HICP has been 
calculated. It turns out that these 2 suspicious data points in the flash HICP are 
exactly the erroneous data points with the largest HICP adjustment after the 
publication of the official HICP. 

3.3.6 Overall performance of the AR models 
In the previous subsections we described the results of the AR models for 5 examples 
only. We have computed similar results for all the 433 possible COICOP groups, but 
we are not able to present the results for each of these groups separately. However, 
we are not only interested in the performance for each of these COICOP groups 
separately. We are also interested in the overall performance of the AR models for all 
the COICOP groups. Therefore we will derive some statistics about the performance 
of the AR models for all the groups together. 
 
For each of the 433 COICOP groups we first determined the maximal size of the HICP 
adjustment in the period from February 2012 until March 2018. Then for each of the 
433 COICOP groups we determined whether this maximal adjustment was inside or 
outside the 97.5% and 95% confidence interval of the corresponding one-step-ahead 
AR model. We considered the AR model successful if the maximal adjustment was 
outside the confidence interval. The AR model was unsuccessful if the maximal 
adjustment size was inside the confidence interval. With the sizes of the maximal 
adjustments and the results of the successful and unsuccessful AR models we derived 
the percentage of the successful models as a function of the size of the maximal 
adjustment. The results are shown in the graph of Figure 18. 
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Figure 18. Percentages of detected adjustments outside 97.5 % and 95% confidence interval. 

From the graph Figure 18 we conclude that our methodology with AR models works 
pretty well. We can clearly see that between 60% and 70% of the maximal 
adjustments of 3 percentage points or larger is successfully detected by our AR 
models. Obviously the performances are different for the 97.5% and the 95% 
confidence intervals. If we use the 95% confidence interval then about 70% of the 
maximal adjustments of 3 percentage points or larger is successfully "foreseen" by 
the AR model. If we use the 97.5% confidence interval then almost 60% of the 
maximal adjustments of 3 percentage points is successfully "foreseen" by the AR 
model. 

3.4 Bonus: a classification of dynamic behavior 

The HICP-time series of different COICOP groups have different dynamic behavior. 
There are for example large differences in the size and frequency of the fluctuations. 
Some HICP indices fluctuate slowly in time with small fluctuations, other HICP indices 
fluctuate rapidly in time with large fluctuations. That means that there are big 
differences in their volatility. With our previous analysis of the HICP indices of 433 
COICOP groups we can make a clear distinction between groups with high volatility 
and groups with low volatility. The volatility can be measured and computed with the 
AR model and the estimation of the variable 𝜎 that we introduced in expression (3.2). 
 
With our previous analysis we can do more than only derive the differences in the 
volatility 𝜎. In expression (3.14) we also introduced for each COICOP group a set with 
the 6 optimal subsets of cardinality 1, 2, 3, 4, 5 and 6:  𝑆̅ = {𝑆̅ , 𝑆̅ , … , 𝑆̅ }. We noticed 
that the sequence 𝑆̅ of these optimal subsets 𝑆̅  gives more information about the 
way in which the HICP index of the COICOP group changes.  

3.4.1 Seasonal dynamic behavior 
Seasonal behavior is repetitive behavior with a periodicity of 1 year, or 12 months. 
The COICOP groups with seasonal dynamic behavior can be found by the examination 
of the subset 𝑆̅ , which is the optimal subset with cardinality 2. For the COICOP 
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groups with seasonal dynamic behavior this subset has the pattern 𝑆̅ =

{1 + 𝑖, 12 + 𝑖} , with 𝑖 ∈  {0,1, 2, 3, 4}. About 18% of all the COICOP groups has this 
pattern for 𝑆̅ . 
 

       
Figure 19. Strongest seasonal dynamic behavior: garments for women. 

The strongest examples of HICP indices with seasonal dynamic behavior are shown in 
Table 3 below. In the table they are shown in descending order. (The strength of the 
seasonal behavior is ordered in the relative improvement of the one-step-ahead 
estimates with the AR model 𝑋 = 𝜑 𝑋 + 𝜑 𝑋 +  𝜀 .) 
 

Nr COICOP_group_code Description 𝑆̅  pattern 
1 3.1.2.2 Garments for women {1,12}  
2 3.1.2.1 Garments for men {1,12}  
3 3.1 Clothing {1,12}  
4 3 Clothing and footwear {1,12}  
5 3.1.2 Garments {1,12}  
6 3.2.1 Shoes and other footwear {4,15}  
7 3.2.1.3 Footwear for infants and children {4,15}  
8 3.2.1.2 Footwear for women {5,16}  
9 3.2 Footwear {1,12}  
10 9.6.0.2 Package international holidays {3,14}  
11 11.2.0.2 Holiday centers, camping sites {1,12}  
12 3.1.2.3 Garments for infants and children {1,12}  
13 3.2.1.1 Footwear for men {1,12}  
14 9.6 Package holidays {1,12}  
15 11.2 Accommodation services {1,12}  
16 8.1.0.1 Letter handling services {3,14}  
17 7.3.3.2 International flights {5,16}  
18 1.1.7.2 Frozen vegetables {5,16}  
19 7.3.3 Passenger transport by air {1,12}  
20 3.1.3.1 Other articles of clothing {1,12}  
21 3.2.2 Repair and hire of footwear {5,16}  
22 9.3.3.2 Plants and flowers {5,16}  
23 8.1 Postal services {2,13}  
24 3.1.1 Clothing materials {1,12}  
25 7.3 Transport services {1,12}  
26 7.3.5 Combined passenger transport {2,13}  
27 7.3.4.1 Passenger transport by sea {1,12}  
28 5.1.1.2 Garden furniture {1,12}  
29 12.1.1.3 Personal grooming treatments {1,12}  
30 11 Restaurants and hotels {1,12}  
31 3.1.3 Other clothing articles and. {4,15}  
32 1.1.7.3 Dried vegetables {3,14}  
33 4.1 Actual rentals for housing {1,12}  
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34 1.1.8.4 Confectionery products {1,12}  
35 5.6.1.1 Cleaning and maintenance products {1,12}  
36 12.5.3.2 Private health insurance {3,14}  

Table 3. COICOP groups with strong seasonal dynamic behavior, in descending order of 
seasonal strength. (Strongest seasonal behavior on top of the list.) 

      

  
 

Figure 20. Example staircase dynamic behavior: social protection. 

3.4.2 Staircase dynamic behavior 
A time series with staircase dynamic behavior has a constant value for a period of  
time (here: a couple of months) after which it jumps to a new value. At that new 
value it remains constant for a period of time (here: a couple of months) after which 
it jumps again to a new value, and so on. The HICP indices of some COICOP groups 
have this kind of staircase dynamic behavior. A typical example of such a dynamic 
behavior is shown in Figure 20. 
 
Clear examples of the COICOPS of which the HICP prices indices have staircase 
behavior are shown in Table 4 below. 
 

Nr COICOP_group_code Description Best_𝑆̅ pattern 
1 3.1.4.2 Repair and hire of clothing {14}  
2 4.5.2 Gas {1}  
3 4.5.2.1.1 Transport of gas {1}  
4 4.5.2.1.3 Specific taxes on gas {1}  
5 8.3.0.1 Wired telephone services {1}  
6 9.2.1.3 Boats, outboard motors and. {1}  
7 12.4.0.3 Services to maintain people in. {1}  
8 12.5.4 Insurance conn. with transport {1}  
9 4.5.1.0.3 Specific taxes on electricity {1, 2}  
10 9.4.2.3 Television and radio license fees {1, 2}  
11 12.7.0.1 Administrative fees {1, 2}  
12 2.2 Tobacco {1, 2, 3}  
13 4.1 Actual rentals for housing {1, 2, 13}  
14 4.1.1 Actual rentals paid by tenants {1, 2, 13}  
15 4.1.2 Other actual rentals {1, 2, 13}  
16 4.1.2.2 Garage rentals and other rentals {1, 2, 13}  
17 4.4 Services related to the dwelling {1, 2, 13}  
18 4.4.2 Refuse collection {1, 2, 13}  
19 4.4.3 Sewage collections {1, 2, 13}  
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20 4.4.4 Other dwelling related costs {1, 2, 13}  
21 4.4.4.1 Maintenance charges in multi-occupied buildings {1, 2, 13}  
22 4.5.1.0.1 Transport of electricity {2, 3, 14}  
23 6.2 Out-patient services {1, 2, 13}  
24 6.2.2 Dental services {1, 2, 13}  
25 7.3.1 Passenger transport by railway {1, 2, 13}  
26 7.3.1.1 Passenger transport by train {1, 2, 13}  
27 7.3.1.2 Passenger transport by tram {1, 2, 13}  
28 7.3.2.1 Passenger transport by bus {2, 3, 14}  
29 7.3.4.2 Passenger transport by inland waterway {2, 3, 14}  
30 7.3.5 Combined passenger transport {1, 2, 13}  
31 9.2.1.1 Camper vans, caravans and trailer {1, 2, 13}  
32 10.2 Secondary education {1, 2, 13}  
33 10.4 Tertiary education {1, 2, 13}  
34 12.4 Social protection {1, 2, 13}  
35 12.5.3 Insurance connected with health {1, 2, 13}  
36 12.5.3.2 Private health insurance {2, 3, 14}  
37 12.5.4.2 Travel insurance {2, 3, 5}  
38 12.6.2.1 Charges by banks and post offices {1, 2, 3}  
39 12.7.0.3 Funeral services {2, 3, 14}  
40 4.4.1 Water supply {1, 2, 7, 8, 13}  
41 5.3.3 Repair of household appliances {1, 2, 4, 5, 13}  
42 6.1.3.2 Hearing aids {1, 2, 4, 5, 7}  
43 6.2.1 Medical services {1, 2, 7, 8, 13}  
44 6.2.1.2 Specialist practice {1, 2, 7, 8, 13}  
45 7.1.2 Motor cycles {1, 2, 4, 6, 8}  
46 8.1.0.9 Other postal services {1, 2, 6, 7, 13}  
47 12.4.0.2 Retirement homes for elderly {1, 2, 3, 4, 15}  
48 12.5.5 Other insurance {1, 2, 7, 8, 13}  
49 12.6 Financial services not elsewhere classified {1, 2, 4, 5, 6, 7}  

Table 4. COICOP groups with staircase dynamic behavior, ordered by best 𝑺 pattern. 

The staircase dynamic behavior of an HICP price index can have two different causes: 
 
1. Caused by low HICP volatility 

The actual HICP price index changes infrequently, and the sampling frequency is 
high enough to follow all the changes. The HICP typically changes only once per 
year, once per half year or once per quarter. In this case the staircase behavior 
reflects the actual HICP prices accurately.  

2. Caused by (too) low sampling frequency 
The actual HICP price index changes frequently, but the sampling frequency for 
the prices is too low to follow these changes. This is the case for the HICP time 
series in this document if the sampling frequency is lower than once every month. 
If the sampling frequency is only once every 3, 6 or 12 months then the staircase 
behavior can reflect that this frequency is too low to follow the actual monthly 
changes in the HICP prices. 
 

A good example of the first cause is the HICP index of secondary education with the 
COICOP code 10.2. The prices of secondary education have low volatility. They 
change only once per year at the beginning of each scholastic year in September. 
These prices usually do not change during the rest of the scholastic year. The 
corresponding time series  for the HICP of secondary education is shown in Figure 21 
below. 
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Figure 21. Example staircase dynamic behavior: secondary education. 

The second cause of a staircase dynamic behavior can be illustrated by means of the 
5 examples of HICP indices listed in Table 5. These 5 examples have a staircase 
dynamic behavior for only a short period of time. At the end of that time period the 
staircase behavior switches over to a more volatile dynamic behavior.  
 

Nr Time period with 
staircase dynamic 

COICOP_group_code Description Best_𝑆̅ pattern 

1 Jan 1996 - Jul 1998 7.3.4 Passenger transport by water {1, 2, 3, 13} 
2 Jan 1996 - Jan 2001 8 Communication {1, 2, 5, 13} 
3 Apr 2001 - Jan 2008 9.5.1 Books {1, 2, 8, 13} 
4 Jan 1998 - Nov 2010 9.6 Package holidays {1, 2, 13} 
5 Jan 1996 - Jan 1997 9.6.0.2 Package international holidays {2, 3, 14} 

Table 5. COICOP groups of HICP indices with a partial staircase dynamic behavior only. 

An exemplary COICOP amongst the 5 examples is the COICOP of the package 
holidays. It is illustrated in Figure 22. In that figure we can see a staircase dynamic 
behavior only from month 25 (January 1998) until month 178 (November 2010). After 
month 178 (November 2010) the dynamic behavior is different and much more 
volatile. This sudden change in dynamic behavior is only caused by a change in the 
sampling strategy and a corresponding change in the methodology at Statistics 
Netherlands. It is not a change that can be observed in reality. The staircase dynamic 
behavior was in this case only caused by the low sampling frequency, which was 
approximately once every 6 months between January 1998 and November 2010. 
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Figure 22. Example of a partial staircase dynamic behavior: package holidays. 

3.4.3 The combination of staircase and seasonal dynamic behavior 
The staircase and the seasonal dynamic behavior are not mutually exclusive, because 
we can find a few COICOP groups of which the HICP indices have both. Three of these 
COICOP groups are listed in Table 6. 
 

Nr COICOP_group_code Description 𝑆̅  pattern 
13 4.1 Actual rentals for housing {1, 2, 13}  
30 7.3.5 Combined passenger transport {1, 2, 13}  
36 12.5.3.2 Private health insurance {2, 3, 14}  

Table 6. COICOP groups of HICP indices with both, staircase and seasonal dynamic behavior. 

The COICOP group of the actual rentals for housing, which has COICOP group code 
4.1, is one example of a group with staircase and seasonal dynamic behavior. The 
time series for this COICOP group is shown in the graph of Figure 23.  
 

      
Figure 23. Example of staircase and seasonal dynamic behavior: actual rentals for housing. 
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3.4.4 A classification with the AR parameters 
The HICP time series of each COICOP group has an optimal AR model that has a 
certain optimal subset 𝑆 ⊂ {1, 2, 3, … ,16}. That means that each COICOP group 
corresponds to a different subset 𝑆̅ ⊂ {1, 2, 3, … ,16}. Table 7 shows the distribution 
of the most frequent optimal subsets 𝑆̅.  
 

All subsets % Number 

{1,2,13} 26 103 

{1,12} 3 10 

{1,2,12,13} 4 15 

{1} 6 25 

{1,2,3} 4 16 

{1,3} 2 9 

{1,13} 0 1 

{1,2,3,13} 1 2 

{1,2} 6 22 

Other 48 188 

      
Total 100 391 

Table 7. Distribution of optimal subsets 𝑺 for all the AR models of all COICOP groups. 

In Table 7 we have shown only all the occurring subsets 𝑆̅ ⊂ {1, 2, 3,12,13} 
separately. All the other subsets are bundled in one single group with a label "other". 
This is because we discovered that the subsets of {1, 2, 3,12,13} occur most 
frequently. We can find 9 of these subsets occurring in all the optimal AR models: 
{1,2,13}, {1,12}, {1,2,12,13}, {1}, {1,2,3}, {1,3}, {1,13}, {1,2,3,13} and {1,2}. In Table 7 
we can see the relative frequencies of each of these 9 optimal subsets, and conclude 
that they cover about 52% of all the optimal subsets. 
 
The optimal AR models of the COICOP groups do not all perform equally well. Even if 
they are all optimal in some sense, a part of the models is still not performing so well. 
Therefore we want to examine what the distribution of Table 7 would look like if we 
restricted ourselves only to the AR models that perform well. 
 
We evaluate the performance of the AR models by means of the accuracy of the one-
step-ahead estimates. We compare the AR-model estimates with the simple 
estimates that take just the value of the last known month as the estimate for the 
following month. To evaluate the performance of the AR model we compare the 
standard deviations of the errors of both one-step-ahead estimates. 
 
If we do this comparison we conclude that about 32% of the AR models performs 
really well, which corresponds to approximately 139 of all the 433 COICOP groups. To 
be more precise, we say that an AR model performs really well if the standard 
deviation of the error of the AR model is less than 80% of the standard deviation of 
the error by taking the last value. Only for the group of the 32% well-performing AR 
models we make again a new distribution of  the optimal subsets. The distribution of 
the optimal subsets is shown in Table 8. 
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Opt. subsets % Number 

{1,2,13} 58 74 

{1,12} 8 10 

{1,2,12,13} 6 7 

{1} 5 6 

{1,2,3} 2 3 

{1,3} 2 3 

{1,13} 1 1 

{1,2,3,13} 1 1 

{1,2} 1 1 

Other 16 20 

      

Total 100 126 
Table 8. Distribution of optimal subsets 𝑺 for the well-performing AR models only 
(Corresponding to approximately 139 of the 433 COICOP groups). 

We can see that the relative frequency of the total of the 9 subsets {1,2,13}, {1,12}, 
{1,2,12,13}, {1}, {1,2,3}, {1,3}, {1,13}, {1,2,3,13} and {1,2} together has increased 
substantially from 52 percent in Table 10 to 84 percent in Table 8. That means that 
many subsets in the category "other" in Table 10 correspond to AR-models that do 
not perform so well. We deduced that this holds for about 89 percent of all the AR 
models in this category.  
 
We can also see that the relative frequency of the subset {1,2,13} has increased 
substantially from 26 percent in Table 7 to 59 percent in Table 8. That means that 
many of the optimal subsets {1,2,13} in Table 7 correspond to AR-models that 
perform well in general. We deduced that this holds for about 72 percent of all the 
AR models in this category. Similar percentages have been deduced for the rest of 
the subsets. These percentages are shown in Table 9. 
 

All subsets % 

{1,12} 100 

{1,13} 100 

{1,2,13} 72 

{1,2,3,13} 50 

{1,2,12,13} 47 

{1,3} 33 

{1} 24 

{1,2,3,13} 19 

{1,2} 5 

Other 11 
Table 9. The percentages of the well-performing AR models for each optimal subset 𝑺. 
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We concluded already that about 32 percent of all the AR models performed really 
well, which corresponds to the HICP time series of about 139 COICOP groups. About 
34 of the 139 COICOP groups correspond to special aggregates for Eurostat, which we 
will not include in our considerations below. The list of the remaining 105 COICOP 
groups with well-performing AR models is shown in Table 10. 
 

Nr Structure Coicop_code Description Optimal 𝑆  
1 {1,2,13} 3 Clothing and footwear {3,4,15} 
2 3.2.1 Shoes and other footwear {1,2,13} 
3 3.1 Clothing {3,4,15} 
4 3.1.2 Garments {3,4,15} 
5 3.2.1.2 Footwear for women {1,2,13} 
6 3.2 Footwear {3,4,15} 
7 3.1.2.3 Garments for infants and children {4,5,16} 
8 3.2.1.1 Footwear for men {1,2,13} 
9 4.1 Actual rentals for housing {1,2,13} 
10 8.1 Postal services {1,2,13} 
11 8.1.0.1 Letter handling services {2,3,14} 
12 12.5.3 Insurance connected with health {1,2,13} 
13 4.1.2 Other actual rentals {1,2,13} 
14 4.1.2.2 Garage rentals and other rentals {1,2,13} 
15 4.1.1 Actual rentals paid by tenants {1,2,13} 
16 9.6.0.2 Package international holidays {2,3,14} 
17 9.6 Package holidays {1,2,13} 
18 7.3.5 Combined passenger transport {1,2,13} 
19 12.5.3.2 Private health insurance {2,3,14} 
20 3.1.3.1 Other articles of clothing {1,2,13} 
21 9.3.5 Veterinary and services for pets {2,3,14} 
22 10.2 Secondary education {1,2,13} 
23 12.7.0.3 Funeral services {2,3,14} 
24 3.1.3 Other clothing articles and. {1,2,13} 
25 10.4 Tertiary education {1,2,13} 
26 3.2.2 Repair and hire of footwear {1,2,13} 
27 4.4.2 Refuse collection {1,2,13} 
28 4.4.3 Sewage collection {1,2,13} 
29 5.1.1.2 Garden furniture {1,2,13} 
30 3.1.1 Clothing materials {3,4,15} 
31 7.3.1.1 Passenger transport by train {1,2,13} 
32 9.2.3 Maintenance and rep. of major durables {1,2,13} 
33 0 All items {1,2,13} 
34 11 Restaurants and hotels {1,2,13} 
35 12.1.1.3 Personal grooming treatments {1,2,13} 
36 9.3.3.2 Plants and flowers {4,5,16} 
37 7.3.1 Passenger transport by railway {1,2,13} 
38 11.1 Catering services {1,2,13} 
39 7.3.4.1 Passenger transport by sea {1,2,13} 
40 9 Recreation and culture {1,2,13} 
41 9.4.2.2 Museums, libraries, zoos {1,2,13} 
42 11.1.1 Restaurants, cafés and the like {1,2,13} 
43 7.3.2 Passenger transport by road {1,2,13} 
44 4.4 Services related to the dwelling {1,2,13} 
45 12.1.1 Hairdressing salons and pers. {3,4,15} 
46 7.3.2.1 Passenger transport by bus {2,3,14} 
47 9.4.1.1 Attendance of recreation and sport. {1,2,13} 
48 7.2.4.2 Toll facilities and parking meter {2,3,14} 
49 9.4.1 Recreational and sporting service {1,2,13} 
50 11.1.2 Canteens {1,2,13} 
51 7.3.4.2 Pas. transport by inland waterway {2,3,14} 
52 9.5.1.1 Fiction books {1,2,13} 
53 5.6.2.9 Other domestic services {2,3,14} 
54 {1,12} 3.1.2.2 Garments for women {1,12} 
55 3.1.2.1 Garments for men {1,12} 
56 3.2.1.3 Footwear for infants and children {4,15} 
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57 11.2.0.2 Holiday centers, camping sites {1,12} 
58 11.2 Accommodation services {1,12} 
59 7.3.3.2 International flights {5,16} 
60 1.1.7.2 Frozen vegetables {5,16} 
61 7.3.3 Passenger transport by air {1,12} 
62 7.3 Transport services {1,12} 
63 9.3.3 Gardens, plants and flowers {1,12} 
64 {1,2,12,13} 1.1.9.4 Ready-made meals {1,2,12,13} 
65 11.8.4 Confectionery products {1,2,12,13} 
66 5.6.1.1 Cleaning and maintenance products {1,2,12,13} 
67 1.1.7.5 Crisps {4,5,15,16} 
68 1.2.1.2 Tea {4,5,15,16} 
69 1.1.5.2 Margarine and vegetable fats {2,3,13,14} 
70 1.1.9.9 Other food products n.e.c. {2,3,13,14} 
71 {1} 6.1.3.9 Other therapeutic appliances {2} 
72 3.1.4.2 Repair and hire of clothing {14} 
73 9.1.3 Information processing equipment {16} 
74 4.5.1.0.2 Supply of electricity {9} 
75 1.1.1.1.2 Fast food and take away food {16} 
76 7.1.3 Bicycles {14} 
77 {1,2,3} 1.1.1.5 Pizza and quiche {10,11,12} 
78 2.2.0.3 Other tobacco products {3,4,5} 
79 7.2.2.3 LPG {14,15,16} 
80 {1,3} 1.2.1.3 Cocoa and powdered chocolate {4,6} 
81 9.1.1 Audio-visual equipment. {1,3} 
82 {1,13} 6.3 Hospital services {2,14} 
83 {1,2,3,13} 7.3.4 Passenger transport by water {1,2,3,13} 
84 {1,2} 12.1.3.1 Non-electrical appliances {1,2} 
85 11.1.1.1 Restaurants, cafés and dancing {14,16} 
86 Other 1.1.3.2 Frozen fish {4,12} 
87 9.1.2 Photo, film, optical equipment {1,16} 
88 4.3.2.9 Other maintenance services for dwelling {2,3,5} 
89 9.1 Audio-visual, photographic equipment {12,14,16} 
90 1.1.2.3 Lamb and goat {6,12,16} 
91 1.1.7.1 Fresh or chilled vegetables {1,8,10} 
92 1.1.2.5 Other meats {7,15,16} 
93 1.1.7.3 Dried vegetables. {3,13,14} 
94 1.1.5.3 Olive oil {1,2,3,5} 
95 9.5.4.1 Paper products {1,2,10,11} 
96 1.1.2.4 Poultry {3,4,12,14} 
97 11.2.0.1 Hotels, motels, inns etc. {1,3,5,14} 
98 8.3.0.2 Wireless telephone services {3,4,6,13,15} 
99 1.1.6.4 Preserved fruit-(based) products {1,2,5,6,13} 
100 8.3 Telephone and telefax services {2,3,6,13,14} 
101 1.1.7.4 Potatoes {1,3,5,14,15} 
102 1.1.8.6 Artificial sugar substitutes {5,8,10,15,16} 
103 9.3.3.1 Garden products {1,3,9,10,11,16} 
104 9.1.4.2 Unrecorded recording media {6,9,11,12,14,16} 
105 9.1.2.2 Accessories for photo and film {6,10,13,14,15,16} 

Table 10. A classification of COICOP groups by means of the structure of AR parameters. 

The results in Table 10 can also be illustrated in the form of a lattice, as shown in 
Figure 24. The nodes correspond to combinations of parameters and the arcs 
represent set inclusion. 
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Figure 24. Simplified lattice derived from the best AR models shown in Table 10.  
The surface areas of the circles are proportional to the frequencies of occurrence. 
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4. Possible improvements 

4.1 ARMA and ARIMA models 

In expression (3.1) we already formulated the AR model for a time series 𝑋  as 
follows: 
 

𝑋 = 𝜑 𝑋 +  𝜀  (4.1) 

 
In the literature we find popular extensions of these simple AR models, known as 
ARMA or ARIMA models. These are all extensions of the following form:  
 

𝑋 =  𝜑 𝑋 + 𝜀 + 𝜃 𝜀  (4.2) 

 
We see that there are some extra error terms added to the original model, expressed 
in (4.2) as ∑ 𝜃 𝜀 . These new error terms come with a set of new parameters as 
well. In expression (4.2) have not only a number of p parameters φ , 
φ , φ ,…, φ , φ , but also a number of q extra parameters  𝜃 , 𝜃 , 𝜃 ,…, 𝜃 , 𝜃 . 
 
The ARIMA models of the form (4.2) are more complex than the AR models of the 
form (4.1) used in this document. Especially the estimation of the optimal parameters 
 φ , φ , φ ,…, φ , φ  and 𝜃 , 𝜃 , 𝜃 ,…, 𝜃 , 𝜃  is more complex. Fortunately 
there exists a large amount of software tools that can do that job for you. It would be 
interesting to use these well-known ARIMA models for the 433 different HICP time 
series and find the results. We are curious to compare these results with the results 
of the AR models in this document.  

4.2 Kalman filters 

The time series models considered in Section 3 are only simple autoregressive (AR) 
models as expressed in (3.11), which we repeat (3.11) in expression (4.3) below: 
 

𝑋 = 𝜑 𝑋

 ∈ 

+  𝜀 . (4.3) 

 
In this approach with AR models we assume that we measure the exact values 𝑋  of 
the HICP indices if we measure and compute these indices every month. That is a 
good assumption for a first and simple AR model, but is not in concordance with the 
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situation in reality. In reality the values 𝑋  are only estimates of price indices. With 
the classical methodology they are computed on the basis of samples of prices of 
specially selected articles in specially selected shops in specially selected 
municipalities. We described the classical sampling method for this in Section 2.3.3. 
With slightly different samples of prices of slightly different articles in slightly 
different shops in slightly different municipalities we would also have computed 
slightly different HICP price indices. That implies that the values 𝑋  are actually not 
the real HICP price indices but only estimates of the real price indices. If we introduce 
𝑌  as the (still) unknown "real" price indices we can introduce a new white noise 
signal 𝛿  as the measurement error of 𝑌  that results in a measured value 𝑋 . With 
these assumptions we can introduce the following alternative expressions for (4.3): 
 

𝑌 = 𝜑 𝑌

 ∈ 

+  𝜀 , 

𝑋 = 𝑌 +  𝛿 . 
(4.4) 

 
The equations in expression (4.4) are a bit more complex than the original equations 
in expression (4.3). In (4.4) we are dealing with 2 different and unknown white noise 
signals 𝛿  and 𝜀  instead of only one (𝜀 ). An expression of the form (4.4) can be 
rewritten in a state-space form: 
 

⎝

⎜
⎜
⎛
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𝑌 ⎠

⎟
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(4.5) 

If we take expression (4.5) and introduce the following notation: 
 

𝒀 =

⎝

⎜
⎜
⎛

𝑌
𝑌
𝑌

⋮
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(4.6) 

Then expression (4.5) can be presented in matrix form as: 
 

𝒀 = 𝑭.  𝒀 + 𝑮. 𝜀  
    𝑋 = 𝑯 . 𝒀 +  𝛿  

(4.7) 

 
An expression in the form of (4.7) is typical for a special class of systems. It describes 
a linear system with (vector-) state 𝒀 , (scalar) observations 𝑋 , and noise signals 𝜀  
and 𝛿 . This kind of observed linear systems is well known and extensively studied in 
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the literature. A difference with the standard theory of linear systems is the 
uncertainty of the system matrix 𝑭 in expression (4.7), since the system matrix 𝑭 
includes the unknown parameters φ , φ , φ ,…, φ , φ .  Standard systems theory 
applies when these parameters are known and fixed. If we assume this then the 
standard Kalman filtering techniques can be used to derive the optimal estimates for 
the (unobserved ) HICP indices 𝑌  that correspond to the (observed) HICP indices 𝑋 . 
 
In Section 3.4.4 we have deduced that most of the well-performing parameter 
subsets for the HICP price indices is 𝑆̅ ⊂ {1, 2, 3,12,13}. This corresponds to the state 
vector 𝒀  and the simple matrices 𝑭, 𝑮 and 𝑯 of the following form: 
 

𝒀 = (𝑌   𝑌   𝑌   𝑌   𝑌  …  𝑌   𝑌   𝑌  ) , 
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, 

 
𝑮 = 𝑯 =  (1  0  0  0  0  0  0  0  0  0  0  0  0 ) . 

(4.8) 

 

4.3 System identification with a Kalman filter 

There is a different approach that uses the Kalman filter, which does not assume that 
the unknown parameters φ , φ , φ ,…, φ , φ  are already known and fixed. In 
that approach we transform the unknown parameters φ , φ , φ ,…, φ , φ  as 
follows in an unknown state vector: 
 

𝝋 =

⎝

⎜⎜
⎛

𝜑 ,

𝜑 ,

𝜑 ,

⋮
𝜑 ,

𝜑 , ⎠

⎟⎟
⎞

. (4.9) 

 
Then we can assume that the parameters 𝝋  can change over time. The parameter 𝑡 
represents the time. In this case the time is discrete and counted by integer numbers 
representing the months, or 𝑡 ∈ ℤ. 
 
Now we can transform the AR equations of expression (3.1) as follows: 
 



 
 

CBS | Discussion Paper | 27 January 2020 | 48 

 

𝝋 = 𝝋 +

⎝
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, 

𝑋 = (𝑋 𝑋 𝑋 … 𝑋 𝑋 ) . 𝝋 +  𝜀  

(4.10) 

 
This can be described in a shorter form if we define: 
 

𝜹 =
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⋮
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⎟
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.  (4.11) 

 
Then we obtain the following alternative form of the AR equations of expression 
(4.1): 
 

𝝋 = 𝝋 + 𝜹 , 
     𝑋 = 𝑮  . 𝝋 +  𝜀  

(4.12) 

 
The equations in the form (4.12) are ready for the use of Kalman filters, but have 
some special properties: they are time varying because the matrix 𝑮  changes over 
time. Moreover, the matrices 𝑮 , 𝑡 ∈ ℤ, are not even known in advance. Each matrix 
𝑮  is only known "just in time", and not known until the observation 𝑋  has been 
completed. This implies that the properties of the corresponding Kalman filter, such 
as the expectation of the estimation errors for 𝝋 , cannot be computed before the 
measurements until 𝑋  have been collected. 
 
In Section 3.4.4 we have deduced that most of the well-performing parameter 
subsets for the HICP price indices is 𝑆̅ ⊂ {1, 2, 3,12,13}. This corresponds to the state 
vector 𝝋 , error term 𝜹  and the matrix 𝑮𝒕 of the following form: 
 

𝝋 = 𝜑 ,   𝜑 ,   𝜑 ,   0  0  0  0  0  0  0  0  𝜑 ,   𝜑 ,  , 
 

𝜹 = 𝛿 ,   𝛿 ,   𝛿 ,   0  0  0  0  0  0  0  0  𝛿 ,   𝛿 ,  , 
 
𝑮𝒕 = (𝑋 𝑋 𝑋 𝑋  …   𝑋 𝑋 𝑋 ). 

(4.13) 

 

4.4 AR models with additional interaction terms 

Another approach would be by introducing extra interaction terms as an extension of 
the AR model. That means that instead of expression (3.11) we would obtain the 
following model: 
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𝑋 = 𝜑 . 𝑋

 ∈ 

  +  𝜑 , . 𝑋 . 𝑋  
, ∈ ,

.

 +  𝜀  
(4.14) 

  
In Section 3.4.4 we have deduced that most of the well-performing parameter 
subsets for the HICP price indices is 𝑆̅ ⊂ {1, 2, 3,12,13}. Therefore it would be an 
interesting experiment to introduce the new model with the extra interaction terms 
as in expression (4.14) in combination with the subset 𝑆 = {1,2,3,12,13}. 

4.5 VAR models 

Until now we have made AR models for the time series of single COICOP groups only. 
However, the HICP time series of two or more different COICOP groups can have 
strong mutual relationships. We did not yet make models for these mutual 
relationships between two or more different COICOP groups.  
 
A simple example of two different COICOP groups with strong mutual relationships 
are the garments for men (code 3.1.2.1) and the garments for women (code 3.1.2.2).  
In Figure 25 we can see the time series of both HICP indices in the same graph. It is 
clear from the graph that the seasonal dynamic behavior of both COICOP groups is 
very similar. Moreover, if the HICP index of the garments for men is higher in one 
year, then the HICP index of garments for women tends to be higher in that year as 
well. That means that the HICP indices of garments for men and the garments for 
women are somehow strongly correlated.  
 

                   

Figure 25. The time series of the HICP indices of garments for men (3.1.2.1) and garments for 
women (3.1.2.2). 

The correlation between two HICP indices can be modeled as well. This can be done 
by introducing both HICP indices in the same model, a new kind of model that is able 
to describe the mutual relationships. One of the possible models for this is the vector 
auto-regression (VAR) model. The VAR model for the combination of only two 
different time series 𝑋 ,  and 𝑋 ,  is as in the following expression: 
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𝑋 ,

𝑋 ,
=

𝜑 , , 𝜑 , ,

𝜑 , , 𝜑 , ,
 ∈ 

𝑋 ,

𝑋 ,
+

𝜀 ,

𝜀 ,
. (4.15) 

 
Expression (4.13) is the VAR model for the two different time series 𝑋 ,  and 𝑋 , . It is 
the direct two-dimensional vector-extension of the AR model in expression (3.11).  
 
A problem of these VAR models is the large increase of the number of parameters. 
The number of parameters increases already with a factor 2 if we go from two simple 
AR models to one combined VAR model with two-dimensional vectors. The factor of 
increase of the number of parameters is even larger if we change to vectors with 
three or more dimensions in the VAR model. (The increase of the number of 
parameters from 𝑛 separate AR models to a VAR model with vectors of dimension 𝑛 
is approximately a factor 𝑛.) 
 
In Table 10 we can find that the optimal subsets 𝑆 for the AR models of garments for 
men as well as of garments for women is 𝑆 = {1,12}. This will probably also hold for 
the corresponding VAR model. For the two HICP time series of the garments for men 
and the garments for women in Figure 25 it would be interesting what results the 
model in expression (4.15) would give if we would take {1,12} for the subset 𝑆. 

4.6 Combining historical and recent data 

As we already have seen in Section 2.3.4 the flash HICP that has been applied so far 
uses the data of the last month exclusively. Historical data are not used at all. In the 
approach for the new flash HICP in Section 3, we adopted an opposite approach and 
took only the past months as a leading source of information. As we described in 
Section 3.1, and as we have shown in Figure 12 the recent price information of the 
current (last) month was not used in any of our AR models in Section 3.  
 
Of course, sufficient new data should be available and it should be used with the 
proper weight to reflect its importance. If the new data is based on a relatively small 
or unimportant fraction of respondents or items there is no reason to attach a high 
weight to the new information.  
 
To determine proper weights for the different estimates we can consider the 
following situation: 
– Suppose we have two different estimates 𝑋and 𝑌of the latest flash HICP of a 

certain COICOP group. 
– 𝑋 is the estimate exclusively made from time series models with historical data. 
– 𝑌 is the estimate exclusively based on the data collected during the last month. 
– The estimates 𝑋and 𝑌 are mutually independent. 
– The variances of 𝑋and 𝑌 are known and they are equal to Var(𝑋) and Var(𝑌). 
 
In this situation we can consider a certain convex combination 𝑍 of 𝑋 and 𝑌, which 
means that, for a certain unknown scalar 𝜆: 
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𝑍 = 𝜆 𝑋 + (1 − 𝜆) 𝑌. (4.16) 
 
𝑍 is an unbiased estimate if 𝑋 and 𝑌 are both unbiased estimates (If E[𝑋] = E[𝑌] = 𝜇 
then E[𝑍] = 𝜇.) Then the following can easily be deduced: 
 

Var(𝑍) = 𝜆  Var(𝑋) + (1 − 𝜆)  Var(𝑌). (4.17) 
 
In expression (4.17) we can now minimize Var(𝑍) with respect to 𝜆.  
This leads to the following simple expressions for the solution with the minimal 
variance: 
 

𝜆 =
Var(𝑌)

Var(𝑋) + Var(𝑌)
  , 

 

𝑍 =
Var(𝑌)

Var(𝑋) + Var(𝑌)
. 𝑋 +

Var(𝑋)

Var(𝑋) + Var(𝑌)
. 𝑌, 

 

Var(𝑍) =
Var(𝑋) Var(𝑌)

Var(𝑋) + Var(𝑌)
  . 

(4.18) 

 
The result of expression (4.18) gives us a simple procedure to derive good weights for 
the estimates 𝑋 and 𝑌 if we know the variances Var(𝑋) and Var(𝑌) of both 

estimates. A good weight for 𝑋 is 
( )

( ) ( )
 and a good weight for 𝑌 is 

( )

( ) ( )
. Moreover, it is easy to deduce that the variance of the convex 

combination 𝑍 with these weights is always smaller than the variances of the original 

estimates 𝑋 and 𝑌. Obviously 
( )

( )
≥ 0 and 

( )

( )
≥ 0. Therefore we can deduce 

that: 
 

Var(𝑍) =
Var(𝑋) Var(𝑌)

Var(𝑋) + Var(𝑌)
=

Var(𝑋)

1 +
Var(𝑋)
Var(𝑌)

≤ Var(𝑋), 

 

Var(𝑍) =
Var(𝑋). Var(𝑌)

Var(𝑋) + Var(𝑌)
=

Var(𝑌)

1 +
Var(𝑌)
Var(𝑋)

≤ Var(𝑌). 

(4.19) 

The main problem with this simple procedure is that we do not know the variances 
Var(𝑋) and Var(𝑌) of the estimates  𝑋 and 𝑌. These variances have to be estimated 
as well. The estimate 𝑋 is purely based on the time series models. Its variance can be 
estimated rather well by means of the results of the time series models.  
 
The estimate 𝑌 is based on the collected price information of the latest month. The 
variance of estimate 𝑌 is a function of the amount of the price information that has 
already been collected. That means that the variance of the estimate 𝑌 is varying 
over time. It depends heavily on the organization of the blocks in which the price 
information is collected, as was already shown in Figure 1.  
 
After block 2 there is probably more price information available than after block 1, 
after block 3 there is probably more price information available than after block 2, 
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and after block 4 there is probably more price information available than after block 
3. That means that the variance of estimate 𝑌 of the HICP index will decrease 
accordingly during these 4 blocks. However, for each COICOP group there is almost 
no knowledge available about the variances of the estimates 𝑌 after each block. This 
information has to be collected to be able to make the HICP estimates with the 
procedure in the present section. 
 
A simple hypothetical example would  be a situation in which the estimate 𝑌 of the 
price index would be calculated as the average of a sample of price indices without 
replacement. Suppose there would be a finite population of 𝑁 price indices of which 
we would have taken a sample of 𝑛 price indices. 𝑌 would be calculated as the 
average of the price indices in the sample. In that case the variance of 𝑌 would be 
calculated as follows: 
 

Var(𝑌) =
1 − 𝑓

𝑓

𝑆

𝑁
 (4.20) 

 
Where 𝑆  is the variance of the price indices in the total population of price indices 
and where 𝑓 =   is the fraction of the sample in the total population. The fraction 

size would then increase from 0 to 1 as the time increases. (The total population of 
the price indices corresponds to all the prices that we collect in each month.) From 
expression (4.20) we deduce that the variance Var(𝑌) would then decrease from +∞ 
to 0 as the time continues. Expression (4.20) can be substituted in expression (4.18), 
which would lead to the following results: 
 

𝑍 (𝑓) =
(1 − 𝑓). 𝑎. 𝑋 + 𝑓. 𝑌

(1 − 𝑓). 𝑎 + 𝑓
,

= 𝑋 +
𝑓

𝑓 + 𝑎(1 − 𝑓)
(𝑌 − 𝑋),

= 𝑌 +
𝑎(1 − 𝑓)

𝑓 + 𝑎(1 − 𝑓)
(𝑋 − 𝑌),

 (4.21) 

 
where: 
 

𝑎 =
𝑆

𝑁. Var(𝑋)
 . (4.22) 

 
 
It is clear from expression (4.21) that 𝑍 (𝑓) goes from 𝑋 to 𝑌 if fraction 𝑓 goes from 0 
to 1 in the following way: 
 

𝑍 (0) = 𝑋, 
 

𝑍
1

4
=

3𝑎𝑋 + 𝑌

3𝑎 + 1
, 

 

𝑍
1

2
=

𝑎𝑋 + 𝑌

𝑎 + 1
, 

 

(4.23) 
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𝑍
3

4
=

𝑎𝑋 + 3𝑌

𝑎 + 3
, 

 
𝑍 (1) = 𝑌. 

 
We presume that the number 𝑎 in expression (4.22) will be a rather small positive 
real number in most cases because Var(𝑋) will probably remain relatively large in 

comparison with . That would mean that 𝑍 (𝑓) would approach to 𝑌 rather quickly 

as 𝑓 increases from 0 to 1. Even if this is only a hypothetical situation and we do not 
know an estimate of Var(𝑌), it seems quite possible to combine the estimates 𝑋 and 
𝑌 in a similar way.  

4.7 Time series models derived from price indices 

The models used in Section 3 are general time series models, not particularly geared 
at price indices. But inspired by price index theory one can also attempt to formulate 
useful time series models. This is achieved by considering the definition of price 
indices and by deriving incremental formulas: given the results up to and including a 
given month, how do these relate to the next month. To illustrate our ideas we 
consider several well-known price indices: the time product dummy (or TPD) index 
and the Geary-Khamis (GK) index. For the TPD index we consider an extension that 
has a yearly trend component and a monthly (seasonal) component.11 It can serve as 
a step in the direction of state space models for price indices, with a yearly trend and 
a monthly seasonal component. 

4.7.1 Time series models from the TPD index 
In the present section we consider the TPD index. This is an index that is derived from 
the decomposition of (average) prices of products (COICOPs) into a time component 
and a product (COICOP) component.  
 
In the TPD model the month is a discrete parameter taking values 1, 2, 3, … , so to 
speak. Each month is a new one. There is no yearly cycle in this model.  
 
So if 𝑝  is the average price of product (COICOP) 𝑖 in month 𝑗 ∈ ℕ then 
 

𝑝 = 𝛾𝔭 𝑝 𝜀 , (4.24) 
 
where 𝛾 > 0 is a constant, 𝔭  is a price component that varies over time, 𝔭  is a 
parameter that varies over the product groups (COICOPs) and can be seen as a factor 
to adjust the time average 𝑝 , and 𝜀  is an error term. In fact by taking 𝑝 = 1 we can 
interpret 𝑝  as a price index with base month 1. 
 
By taking logarithms we can obtain linear expressions. The 𝑝 's are assumed to be 
known. By minimizing the target function 

 
 
11 See Willenborg (2020). It is unclear whether this extended TPD index has been proposed before. 
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∑ log 𝜀, = ∑ log 𝑝 − log 𝛾 − log 𝔭 − log 𝑝, , 
 

(4.25) 

the parameters 𝛾, 𝔭 , 𝑝  for 𝑖 ∈ 𝒞, 𝑗 ∈ 𝑀, where 𝒞 and 𝑀 are the sets of product 
groups (COICOPs) and the time window that we consider. So there are |𝒞| + |𝑀| + 1 
parameters in this model and |𝒞||𝑀| prices.12  
 
From (4.24) it follows: 
 

= ∏ ,

,
∈𝒞

|𝒞|
𝛿 ,  (4.26) 

 
where the 𝛿  are error terms that only depend on the parameter 𝑗. In case there are 
no missing prices in (4.26) we can average over all COICOPs in 𝒞. But if some are 
missing we skip those products and average only over the  product groups that sold 
items in both month 𝑗 and 𝑗 + 1, so that the averaging in (4.26) is defined and yields 
a finite result.  
 
Assuming that the error terms 𝛿  in (4.26) are randomly spread around 1, we then 
propose as an estimator for 𝑝 : 
 

�̂� = ∏ ,

,
∈

|𝒞|
�̂� = ∏ ,

,
�̂� . 

 
(4.27) 

assuming that 𝑝 , > 0 and 𝑝 , > 0 for all 𝛼 ∈ 𝒞 and |𝒞| = 𝑚. To complete the 
recursion (4.27), we take �̂� = 1 
 
An estimate for the current month, using data available at the moment the flash CPI 
is compiled, is another estimator for this month, a direct estimator. If we denote this 
estimator by �̌�  then a simple combined estimator, where the estimators have the 
same weight would be 
 

�̂� = �̌� �̂� , 
 

(4.28) 

or 
 

�̌� = / , 
 

(4.29) 

or another average of the two estimators for the current month. It would be better 
to consider the variance of both estimators and use this, giving the one with the 
smaller variance a higher weight. To estimate the variances requires an extra effort, 
however, so we opted for the simpler alternatives (4.28) and (4.29). 
 

 
 
12 In case each product-month combination has a price. This is often the case. Sometimes prices for a few 

product-month combinations are missing, as there was no item of that product sold in that month. 
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4.7.2 An extended TPD model = A structural time series model 
In model (4.24)  each month 𝑗 has a separate parameter 𝑝 . There is no assumption 
about a seasonal effects within a year. But often in economic data it is appropriate to 
assume that a phenomenon is described by a trend and a seasonal component. So if 
month 𝑗 is represented by a pair (𝑦, 𝑚) where 𝑦 denotes the year and 
 𝑚 the calendar month. If we decompose 𝑝  in a yearly price 𝓅  and a monthly price 
𝕡 , such that 𝑝 = 𝓅 𝕡 , then 𝓅  can be viewed as a yearly trend and 𝕡  as a 
monthly adjustment factor.13 We thus obtain an adjusted TPD model with a yearly 
trend and a monthly cycle: 14 
 

𝑝 = 𝛾𝔭 𝓅 𝕡 𝜀 , (4.30) 
 
containing a trend and a seasonal component as well as a product component. If the 
time window contains |𝑀| months, and |𝑀| = |𝑀| div 12 +  |𝑀|mod 12, then the 
number of parameters in model (4.30) is |𝒞| + |𝑀|div 12 + 12 + 1 = |𝒞| +

|𝑀|div 12 + 13, for |𝑀| ≥ 12. The parameters in model (4.30) are estimated by 
minimizing the target function  
 

∑ log 𝜀 =  
(4.31) 

∑ log 𝑝 − log 𝛾 − log 𝔭 − log 𝓅 − log 𝕡 .  
 
As boundary conditions we take 𝓅 = 1, and 𝕡 = 1. 
 
In Table 11 we have shown a situation with a time window of 50 months, so there are 
data of four full years of prices, and for two months in year 5. The data in month 50 is 
assumed to be incomplete.  
 
We have two options for the price index: we can take as the index sequence �̂� 𝕡 , 
which includes seasonal effects, or we can take �̂�  representing the yearly trend. 
The hats ('^′) indicate that we are dealing with estimates. 
 
 

 Jan  Feb Mar … Dec 
Y1 1 2 3 … 12 
Y2 13 14 15 … 24 
Y3 25 26 27 … 36 
Y4 37 38 39 … 48 
Y5 49 50 - … - 

Table 11. An example of a 50 month period in years and months, where months 1-49 are 
supposed to be complete and month 50 incomplete. Of interest to the extended TPD model. 

 
 
13 It would have been possible to use 4 seasons instead of months, or another useful subdivision of the 

year. But we chose an example to illustrate the ideas any other seasonal subdivision of the year is also 
possible. 

14 In state space models for economic data one often assumes that they consist of a trend component, a 
seasonal component and a noise component, combined in a linear model. 
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To estimate the parameters for model (4.31) one can proceed in a similar fashion as 
in case of the TPD model, as the adjusted model is a refinement of the TPD model.  
 
If we linearize (4.30) by taking logarithms, we have in fact obtained a structural time 
series model for the good 𝑖 and for the logarithms of the prices, with a yearly trend 
component, a monthly seasonal component and a noise component. Instead of a 
monthly seasonal model one could take a quarterly seasonal model.  

4.7.3 A time series model derived from the GK-index 
In the present section we want to present a more complicated time series model 
An example of a price index using price and quantity information is the Geary-Khamis 
(GK) index (cf. Balk, 2008). This price index resurfaced a few years ago at CBS as the 
QU-index (cf. Chessa (2016a, b, 2017), in a different context (temporal instead of 
spatial setting). It is currently used by the HICP-department to estimate price indices 
for an increasing number of COICOPs. 
 
To apply the GK-index one needs to have turnover (𝑣 ) and quantity information 
(𝑞 ), from which prices can be computed (𝑝 = 𝑣 /𝑞  if 𝑞 > 0). We focus on an 
incremental version of the index, where the period considered is extended by one 
month. The approach is taken from Willenborg (2020).15 
 
We consider the situation where there are 𝑚 subgroups of goods and a period on 
𝑛 months. Now the period is extended with one month but the number of subgroups 
of goods remains the same. 
 
Defining equations for the GK-index, for a period : 1, … , 𝑛  and 𝑚 subgroups of goods 
numbered 1, … , 𝑚. Superscripts the month of computation, or more specifically, the 
month the knowledge about the value of the corresponding parameter was used.16 
 

𝛼 =
∑

∑
, (𝑖 = 1, … , 𝑚) 

(4.32) 
𝜋 =

∑

∑
, (𝑗 = 1, … , 𝑛). 

 
The equations when the (𝑛 + 1)st month is added (and the set of subgroups remains 
the same) are: 
 

𝛼 =
∑

∑
, (𝑖 = 1, … , 𝑚) 

(4.33) 
𝜋 =

∑

∑
, (𝑗 = 1, … , 𝑛 + 1). 

 
It can be shown (cf. Willenborg, 2020) that: 
 

 
 
15 The notation used in that paper is different from the one used in the present document. 
16 This dual time indication allows to update previously made estimates. This may be of use if previously 

used data have been updated. For instance a value may be replaced by a more recent, or perhaps 
even final, one. 
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𝜋  =

∑ , ,

∑ ,

. (4.34) 

 
where �̂� , , 𝑞 ,  are estimates of the prices and quantities of goods in subgroup 𝑖 
in month 𝑛 + 1 in progress, respectively, and  
 

𝜙 =
∑

∑ ,

. (4.35) 

 
So the estimate (4.34) of 𝜋 is a mixture of historical and recent estimates. 

4.8 Time series models for turnover and quantity series 

So far price index series have been modeled, or if one wishes, price series. But 
sometimes series of turnover / volume (v) and sold quantities (q) are available, e.g. in 
case of scanner data. From this information one can compute prices (p) and price 
indices. In case v- and q-series are available, one can model these by time series and 
compute prices and price indices from the estimated volumes and quantities. 
 
So the extension suggested in the present subsection is not about another alternative 
time series model, but about different data to which time series models can be 
applied. As a reminder, the Geary-Khamis (GK) index in Section 4.8, requires v- and q-
series for its computation. The advantage of using these series instead of p-series is 
that they are additive, which is convenient when aggregating over time periods: 
turnovers and quantities can simply be added, whereas prices cannot. But they can 
be computed easily after the aggregation of the v- and q-series. 

5. Discussion 

The price index area is somewhat special in the sense that time series methods have 
not been part of its mainstream development. But there is no intrinsic reason why 
such methods would not be relevant in that area. In fact, rather to the contrary, we 
believe that it would benefit greatly from the application of such methods. Using 
time series models, it would be possible to use historical data,  in combination with 
recent (incomplete) data to estimate price indices or predict values for volume and 
quantity series from which price index predictions can be computed.  
 
The present paper is our (initial) attempt to use simple time series models to find an 
improved flash HICP method. There is currently a flash HICP method in use, but this 
uses recent data and discards historical data completely. Our main emphasis, 
however, is to use the historical data as a main source. This source can be augmented 
with estimates based on recent observations. 
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It should be stressed that our original goal was not to look for an improved flash 
HICP. Our interest was primarily in trying to achieve efficiency gains (smaller samples 
and hence lower collection and processing costs) by using time series models. But we 
changed our goal after the HICP-department communicated to us that their current 
interest was mainly in the flash HICP. The idea of the HICP-department was not to 
replace the current HICP methodology with new methodology by means of time 
series models. It was their idea to use the time series models indirectly as a 
benchmark to validate the new HICP-data. Currently this validating, which is a 
monthly recurring activity, does not use any benchmark data (except, of course, the 
most recent HICP figures). In fact, the first use as a benchmark is a nice way to 
introduce time series models in the HICP department: in the background and to 
support the validation step of the HICP. If the flash HICP does well, it could rise to a 
more prominent position, and could replace the currently used flash HICP. There 
would also be enough time to get used to the time series approach and cope with 
possible problems should they emerge. 
 
To a large degree such a refocus on the flash HICP did not destroy our original plan to 
consider time series models with the purpose to increase the efficiency of the data 
collection, for the same models can be used for both goals. Of course, the emphasis 
is different, but the essence of both applications is the same. With the present paper 
we basically laid the groundwork for both of them. 
 
Our efforts did not stretch so far that a new flash HICP could be completely 
elaborated, let alone that a software tool could be developed to perform the 
calculations required. For this there simply was not enough time available. It also was 
never the goal of this project. The current paper is  the result of a more modest 
exploration of the possibilities that, in our opinion, are available for a new flash HICP. 
Further efforts are needed to elaborate these ideas. 
 
The original idea was to also to use Kalman filters instead of AR models. But after 
some deliberation we decided that it would be more natural to start with the simpler 
models first, see what they deliver and only move to more complex models (such as 
Kalman filters) if they fall short. The simplest type of time series model that came to 
mind was an autoregressive(AR)  model. They form the core of the present paper. 
Virtually all computations carried out for the present paper were for this type of 
model.  
 
In many cases (125 out of 400) the AR model did quite well, although in the 
remaining cases there is room for improvement. In a separate section we have 
indicated what extensions or alternatives for the AR model could be explored, such 
as ARMA, ARIMA, Kalman filters, AR with interaction terms and VAR models (based 
on multiple time series).  
 
Another improvement could be to use models incorporating both historical 
(complete) and recent (incomplete) information. Some price indices (such as TPD and 
GK) can be used as the basis for such models. In fact by applying these models 
incrementally and using estimates for the most recent month yield an update 
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approach somewhat like a Kalman filter model (in case of the GK model) or they yield 
a structural time series model (in case of an extension of the TPD model) for the log 
price instead of the price. 
 
For some COICOPs, however, price development is discontinuous (staircase 
development). They require separate modelling, of the points of discontinuity and 
the steps (jumps) at these points. If volume and quantity series are available, they 
could also be modelled, using time series models. From these models a model for 
price development can be computed. 
 
Another remark is about integrating flash HICP and HICP. CBS now has separate 
estimators for each of them. But a more natural approach would be to integrate 
these estimators, so that at any time one could ask for (an estimate of) the HICP..  
 
In the present paper the basic model that is used is that of a single series. This may 
be a series for a single COICOP or an aggregated series for group of products or even 
the entire HICP. But an interesting extension of this approach is to use multiple index 
This should increase the predictive power of the method. 
 
If turnover / volume and quantity information is available every month, we have a 
very rich source of data available to compute price indices. In fact, such data allow us 
to compute such indices for a range of time periods and subgroups of items. We can 
aggregate time periods and subgroups, by aggregation from the information at the 
most detailed time periods available as well as items (say GTIN level). 
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Appendix 

In this appendix several examples of comparisons of the official HICP time series and 
the corresponding (current) flash HICP time series are shown at different COICOP 
levels, that is, from the highest (less detailed) level to the 5 digit (most detailed) level. 
 
The examples are chosen because they show an interesting phenomenon (such as a 
delay) or because there are clear difference between the HICP series and the 
corresponding flash HICP series. So this probably implies that the sample should not 
be considered as being randomly drawn from all possibilities. There is likely to be a 
bias towards the more extreme cases. 
 
The most interesting phenomenon shown is that of sudden jumps in the time series. 
In many cases that this phenomenon appears one sees that the corresponding HICP 
shows a delay, which means that it picks up the same jump but after a time delay. 
This is because the relevant information becomes available at a later moment. 
 
A general observation is that the flash HICP time series is a bit jumpier than the HICP 
time series. 
 
In all figures in this appendix the flash HICP is drawn with a dashed line and the 
official HICP is drawn with a solid line. 
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Highest level COICOP 
The time series graphs of the official HICP and the flash CPI at the highest COICOP 
level (code 00) is shown in Figure 26.  
 

          

 
 

Figure 26. Highest level, COICOP-code 0 = All consumption of households. 

Figure 26 gives a highly magnified view of the situation to show the differences 
between the two series clearly. But they are actually rather small. This is apparent if 
one looks at Figure 27 which has the same information as Figure 26, but with less 
detail. 

       
 

Figure 27. Highest level, COICOP-code 0 = All consumption of households. 
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COICOP level: 2 digits 
Several time series graphs of the HICP at the 2-digits COICOP level (code 01 - 12) are 
shown from Figure 28 to Figure 32.  
 

           
 

Figure 28. Two digits level, COICOP-code 08 = Communication. 

 
 
 
 
 

           
 

Figure 29. Two digits level, COICOP-code 06 = Health. 
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Figure 30. Two digits level, COICOP-code 01 = Food and non-alcoholic beverages. 

 
 
 
 
 
 
 

           
 

Figure 31. Two digits level, COICOP-code 02 = Alcoholic beverages, tobacco. 
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Figure 32. Two digits level, COICOP-code 12 = Miscellaneous goods and services. 
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COICOP level: 3 digits 
 
The following 10 figures, Figure 33 to Figure 43, show some examples of comparisons 
of the HICP with the flash HICP for three digit level COICOPs. At this level differences 
are more apparent than at higher levels of aggregation. 
 

           

Figure 33. Three digits level, COICOP-code 06.1 = Medical products, appliances and 
equipment. 

 
 
 

           

Figure 34. Three digits level, COICOP-code 12.6 = Financial services not elsewhere classified. 
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Figure 35. Three digits level, COICOP-code 10.5 = Education not classifiable by level. 

 
 
 
 

           

Figure 36. Three digits level, COICOP-code 09.5 = Newspapers, books and stationery. 
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Figure 37. Three digits level, COICOP-code 04.3 = Maintenance and repair of the dwelling. 

 
 
 
 
 

           

Figure 38. Three digits level, COICOP-code 01.2 = Non-alcoholic beverages. 
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Figure 39. Three digits level, COICOP-code 12.4 = Social protection. 

 
 
 
 

           

Figure 40. Three digits level, COICOP-code 09.1 = Audio-visual, photographic and information 
processing equipment. 
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Figure 41. Three digits level, COICOP-code 11.2 = Accommodation services. 

 
 

           

Figure 42. Three digits level,  COICOP-code 04.4 = Water supply and miscellaneous services 
relating to the dwelling. 
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Figure 43. Three digits level, COICOP-code 01.1 = Food. 

 
  



 
 

CBS | Discussion Paper | 27 January 2020 | 71 

 

COICOP level: 4 digits 
In this section of the appendix some examples of 4 digits COICOPS are shown, from 
Figure 44 to Figure 54. 
 

           

Figure 44. Four digits level, COICOP-code 06.1.2/3 = Other medical products, therapeutic 
appliances and equipment. 

 
 

           

Figure 45. Four digits level, COICOP-code 04.5.5 = Heat energy (flash HICP publication begins 
at month 49 = feb  2015). 
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Figure 46. Four digits level, COICOP-code 07.3.4 = Passenger transport by sea and inland 
waterway. 

 
 

           

Figure 47. Four digits level, COICOP-code 03.1.4 = Cleaning, repair and hire of clothing. 
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Figure 48. Four digits level, COICOP-code 04.4.1 = Water supply. 

 
 
 

           

Figure 49. Four digits level, COICOP-code 01.1.2 = Meat. 
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Figure 50. Four digits level, COICOP-code 09.1.1 = Equipment for the reception, recording and 
reproduction of sound and pictures. 

 
 
 

           

Figure 51. Four digits level, COICOP-code 09.5.1 = Books. 
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Figure 52. Four digits level, COICOP-code 09.5.2 = Newspapers and periodicals. 

 
 
 

           

Figure 53. Four digits level, COICOP-code 09.5.3 = Miscellaneous printed matter. 
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Figure 54. Four digits level, COICOP-code 07.3.3 = Passenger transport by air. 
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COICOP level: 5 digits 
In the present section of the appendix we have reached the most detailed level of the 
COICOPs: 5 digits. Again a selection of comparisons between HICP and flash HICP 
time series are shown. They are exhibited below from Figure 55 to Figure 65. 
 

           

Figure 55. Five digits level, COICOP-code 12.5.4.2 = Travel insurances. 

 
 
 

           

Figure 56. Five digits level, COICOP-code 07.3.4.2 =  Passenger transport by inland waterway. 
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Figure 57. Five digits level, COICOP-code 01.1.4.1 = Fresh whole milk. 

 
 
 

           

Figure 58. Five digits level, COICOP-code 09.1.3.2 = Accessories for information processing 
equipment. 
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Figure 59. Five digits level, COICOP-code 01.1.2.2 = Pork. 

 
 
 

           

Figure 60. Five digits level, COICOP-code 01.1.2.7 = Dried, salted or smoked meat. 

  



 
 

CBS | Discussion Paper | 27 January 2020 | 80 

 

 

           

Figure 61. Five digits level, COICOP-code 01.1.2.8 = Other meat preparations. 

 
 
 

           

Figure 62. Five digits level, COICOP-code 01.1.2.3 = Mutton and goat meat. 
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Figure 63. Five digits level, COICOP-code 01.1.2.1 = Beef and veal. 

 
 
 

           

Figure 64. Five digits level, COICOP-code 01.1.4.2 = fresh semi-skimmed and skimmed milk. 
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Figure 65. Five digits level, COICOP-code 01.1.2.4 = poultry meat. 
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