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Summary 

Because product populations are dynamic, it is not possible to follow the price de-

velopment of products at the GTIN level and compute price indices on this basis. In 

reality each GTIN has a finite lifespan (its time on the market). Products are also re-

newed by replacing them with others. Sometimes these replacements are simply 

relaunches of an earlier product, and they are basically as old wine in new bottles. 

And they come with a new price, typically higher than the product they replace. If all 

GTINs are treated as separate products price jumps due to relaunches will be missed. 

In order to avoid this one could try to link relaunches to their predecessors. But this is 

not so easy as it may seem. Another option is to classify the items on the basis of 

some common, key features, and consider subgroups of COICOP groups as strata and 

follow their price development. In order to do this, however, these features should 

be extracted from the product descriptions available in scanner data or internet data. 

The present paper discusses which properties stratifications of product populations 

should have.   

Keywords 

Product descriptions, attributes, characteristics, feature extraction, stratification, 

product population, dynamics of product populations, price index computation. 
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1. Introduction 

This report investigates the problem how to stratify populations of products in such a 

way that they are suited for computing price indices. The first question is: Which 

properties make a stratification suitable for index computations? It should be stated 

at the outset that we will not provide the definitive answer to this question here. Our 

aim in the present paper is more modest. It aims to make some explorations of the 

problem, and to point out some issues. To make further progress computations on 

real data are necessary. These are beyond the present paper, and are reserved for 

future work. 

 

The main problem that we are dealing with when trying to answer the stratification 

question is the dynamics of product populations. If such a population would be static, 

the answer is easy: choose the most detailed level, i.e. the GTIN1 level. But this an-

swer is not the obvious choice in case of a dynamic product population, which one 

typically encounters in practice.  

 

Why is the GTIN level in a dynamic population of products not a good choice? Items 

in such a population have a finite lifespan. Items are regularly removed from a mar-

ket or introduced to it. Comparing the prices of the same product can, of course, only 

be done during its lifespan, which is limited.  

 

But apart from this limitation, this method is also unable to pick up price changes 

that are due to relaunches, i.e. similar products that are introduced to the market in 

order to replace an older product, usually at a higher price. If the product would have 

the same price during its entire life cycle, producing price indices in the way just indi-

cated, would suggest that no price changes have occurred over some period of time. 

But the price increases due to the phenomenon of relaunches would have been en-

tirely missed in this approach. So this method is inadequate for producing reliable 

price indices in the case of a dynamic population. 

 

So the idea may arise to save the method by introducing matches of relaunches to 

previous products. This would yield chains of prices for what is considered essentially 

the same product, and the price jumps associated with relaunches would be ob-

served. This is true, but producing the matches is not so easy. Which item or items a 

relaunch replaces is not reported by a retailer or producer. The statistical office has 

to produce them on the basis of their knowledge of the situation, which is limited. 

Given certain characteristics of the items it would be possible to look for similar 

items. But there is never certainty that in this way the right items are matched. And 

also, the method is rather laborious. And it yields results that are probably 

 

 
1 GTIN = Global Trade Item Number. It can be used by a company to uniquely identify all of its trade items. 

In Dutch: EAN. 
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comparable to the next method that we discuss, which is based on stratifying a group 

of items (such as a COICOP2) into subgroups, also on the basis of product features. 

 

These subgroups should consist of similar products and they should show a kind of 

continuity that is lacking at the GTIN level for a dynamic population. The subgroups 

will change in composition in due course, but at the aggregate level they should exist 

all the time, that is, each month. As long as no major changes occur that change the 

character of a subgroup in a fundamental way3 this should be acceptable. So the sub-

groups are composite entities: they exist, although their constituent elements con-

stantly change. So comparing 'like with like' is lifted to a higher level of aggregation 

(subgroups within a COICOP group), as this makes no sense at the GTIN level, in case 

of a dynamic population. 

 

Composite entities are encountered frequently in life, and also in statistics. Think of 

municipalities, schools, factories, etc. Their composition constantly changes over 

time. At different points in time, different persons live or work there, and the ones 

that stayed have a different age, or possibly a different home or job title. Schools at 

different points in time may have different pupils, differently composed classes, dif-

ferent teachers, etc. For factories similar observations can be made. These kind of 

changes, slowly and with most of the environment remaining essentially intact, are 

the ones that one would accept as 'natural development' and make direct compar-

isons of these composites over time, possible and sensible.  

 

But there may also be big changes, that create new entities: municipalities can 

merge, or 'acquire' or 'loose' major parts of their territory and their inhabitants, etc. 

A school may merge with another school. Factories may split or may merge with 

other factories, or they may be bought by bigger companies. In such cases these 

changes are substantial, and the ‘higher level entities’ involved have been changed 

considerably. Direct comparison of such entities before and after the changes took 

place does not make sense, pretending that nothing dramatic has happened and it is 

'business as usual'. 

 

So at a detailed level changes are allowed but at the subgroup level there should be 

stability. But one should be on guard for major changes at the subgroup level. In the 

present paper we shall assume that at the aggregate level no dramatic changes oc-

cur.4 The question is then which subgroups (strata) to choose. This is the central 

question of the present paper. Its aim is not to settle it, but, more modestly, to de-

velop some thoughts that go some way in this direction. The present paper only gives 

some deliberations about how COICOP groups should be stratified in a way that 

 

 
2 COICOP = Classification of Individual Consumption by Purpose. A reference classification published by the 

United Nations Statistics Division. For more information see: 
https://en.wikipedia.org/wiki/Classification_of_Individual_Consumption_by_Purpose . 

3 For instance when a new and quite different product is introduced. Think of the first smartphones that 
would suddenly appear in a subgroup ‘telephones’ within ‘consumer electronics’. In such a case a new 
subgroup ‘smartphone’ should be created and the subgroup ‘telephones’ should exclude 
‘smartphones’ from then on. 

4 Nondramatic changes are those that do not cause subgroups to be redefined. This is in fact a change of 
the underlying classification used. 

https://en.wikipedia.org/wiki/Classification_of_Individual_Consumption_by_Purpose


 

 

CBS | Discussion Paper 2017 | 20  6 

 

would be suitable for price index computations. We assume that the strata will be 

defined by  combinations of certain features of the items involved.5  

 

So part of the stratification problem is the selection of suitable features (attributes 

and characteristics of products). For many product populations (e.g. as represented 

in scanner data) the available features are rather scarce. If there are no sources to 

enrich them, selection of suitable features from the few available is not a real prob-

lem. In some cases (like consumer electronics) there is an abundance of features 

available from the internet and the selection of a suitable subset is more of a chal-

lenge. The aim is to find a limited number of attributes which are powerful predictors 

of the average stratum prices (for instance). But selection of suitable auxiliary vari-

ables to stratify a COICOP group may not be enough. A second step may be required 

in which suitable categorizations of these variables have to be found. We can also 

view this as producing aggregates of groups of items within the product populations 

considered, or as the formation of strata. 

 

However, the present paper is not devoted to these questions, which are best 

answered by considering concrete COICOP groups, each with their own specific con-

ditions and problems. This is in fact the plan for the near future.  

 

The remainder of the paper is organized as follows. In Section 2 we consider product 

descriptions and the features (attributes and their characteristics) they may contain 

in more detail. We discuss the five groups of products from a Dutch retailer. To one 

of them – pastries – a separate discussion paper (in Dutch) is dedicated, namely 

Willenborg (2017c). In Section 3 we provide some examples of product descriptions, 

as they are used by Dutch retail chains. They are intended to illustrate the variety of 

descriptions encountered in practice, both in form and level of detail. In Section 4 we 

discuss GTINs in a COICOP group and how to stratify them in such a way that the 

strata (subgroups) can be used for price index computations. The GTINs are the most 

detailed level at which products are specified and observed in scanner data. It is ar-

gued why the GTIN level is too detailed to be a suitable level for index calculations. 

GTIN matching is laborious and cumbersome. It is therefore necessary to consider 

suitable strata / subgroups for the items in a COICOP group. Section 5  continues the 

discussion in Section 4 and pursues the question how suitable strata should be 

defined: what aspects should be taken into account? We discuss what distinguishes 

desirable strata. Section 6 contains a discussion of the main results and insights and 

has some suggestions for possible future work in the line of the present discussion 

paper. It also contains some suggestions for future activities, both theoretical and 

more practical. The text is concluded with a list of references. 6 

 

 
5 Another option is that each subgroup is characterized by a set of product descriptions. This would be the 

case if supervised learning would be used. The characterizing set of descriptions would form a training 
set. This should be build using a classification to link the descriptions (from real products) to. This is an 
interesting approach, but it is not considered in the present report. 

6 The author would like to thank Sander Scholtus for reviewing this document and for suggesting some im-
provements. 
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2. Descriptions and features 

2.1 Descriptions 

The descriptions of the GTINs that are the base input that we want to use are typic-

ally in a free format7, so that they cannot be used ‘as they are’. They have to be 

transformed into a form more suitable for statistical use, in particular to partition the 

items into groups or strata. More concretely we wish to transform the descriptions 

into a matrix, in which the rows correspond to the GTINs and the columns to the vari-

ables (implicitly) found to be in the data (attributes) through their values (character-

istics). So the matrix elements are the characteristics in the descriptions to which 

attributes have been assigned. The attributes are variables and the characteristics 

their values. An attribute-characteristic pair will be sometimes be referred to as a 

feature in the present paper. 

 

Typically no attributes are mentioned in the descriptions, only characteristics. A user 

has to identify the characteristics in descriptions that belong to the same attribute, 

which he should name. So a description like ‘Blue cotton HappyPeople jacket’, there 

is a colour attribute (with characteristic ‘blue’), a fabric attribute (with characteristic 

‘cotton’), a brand attribute (with characteristic ‘HappyPeople’) and a clothing type 

attribute (with characteristic ‘jacket’) involved. The attributes have to be identified by 

a consumption analyst. This process of ‘attribute identification’ is impossible8 to fully 

automate, as it requires quite some knowledge ‘of the real world’, in this case of 

clothing.9 The characteristics are part of the description, but the assignment of the 

characteristics to attributes to be specified is the task of such a consumption analyst. 

It is very well possible that such a person decides not to use all characteristics in a 

description, only those that are correlated to the prices of products. For instance 

‘size’ of clothing is independent of the price, at least in a certain range. Baby clothing, 

clothing for pregnant women or for big or tall people, tends to be more expensive.  

 

Of course, being data, descriptions are not without errors, flaws or irregularities:  

 

– Typos occur, more or less randomly (at first sight), 

– Spelling variations occur, 

– Words have been separated wrongfully,  

– Words have been concatenated wrongfully,  

– Words have been omitted, 

– Synonyms or abbreviations have been used,10 

 

 
7 But not always. See Section 3.5 on consumer electronics. 
8 At least at the current state of affairs at CBS. 
9 But such a user would be tremendously helped by an appropriate specialized tool for feature extraction 

from descriptions. We expect that this tool operates interactively, where a consumption analyst has to 
make decisions, but the tools collects the relevant information so the analyst can make these deci-
sions conveniently. The decisions themselves are not difficult to make, basically what characteristics to 
use and how to name the corresponding attributes. 

10 Their meaning may sometimes be obscure. 



 

 

CBS | Discussion Paper 2017 | 20  8 

 

– Order of the characteristics in descriptions (in the same file) may vary. 

 

All of these can be expected to turn up in descriptions (among others). In Section 3 

some examples are presented. Besides, different retailers are likely to use different 

descriptions of the items they sell. These descriptions also may differ in the kind and 

number of characteristics they contain.  This variation of descriptions over the vari-

ous retailers whose data are used for price index computations, may imply that at-

tribute extraction may be (slightly) different for different retailers. 

  

Descriptions are usually very short pieces of prose, in telegram style. They typically 

consists of lists of characteristics, with rudimentary sentences, free text (to some 

degree), with a certain freedom in which order these characteristics are listed. Also 

there may be variation in the terms or abbreviations that are used to indicate charac-

teristics: ‘jacket’, ‘jack.’, ‘jckt’ could be used to indicate ‘jacket’. There is no indication 

which attribute belongs to a characteristic. So a colour such as ‘white’, ‘blue’, ‘red’, 

‘yellow’, etc. may be mentioned (or ad hoc abbreviations, such as ‘wht’, ‘yllw’, etc.), 

but we have to infer that we are dealing instances of an attribute ‘colour’.11 Some-

times the meaning of certain abbreviations is ambiguous and has to be guessed (or 

inferred) from the context by a consumption analyst.  

2.2 Features 

Suppose that we have products in some product group (say office supplies) that are 

described by a limited set of attributes. These attributes could have been specified 

explicitly by the retailer selling the item, or they could have been derived from the 

descriptions used by a particular retailer. 

 

The descriptions typically contain characteristics (like ‘dark blue’, ‘cotton’, ‘stitched’, 

etc.) but lack the corresponding attributes (‘colour’, ‘material’ / ‘fabric’, ‘manner of 

making’, etc.). They have to be identified by a human being and also which charac-

teristics belong to which attributes, say an expert in the type of products sold in a 

particular retailer (‘clothing’, ‘groceries’, ‘drugstores’, etc.). The attributes act as 

variables that can be used to describe the products. As indicated before, we call an 

attribute-characteristic pair a feature, like ('colour' and 'blue'). 

 

Suppose that we have m items in a particular product group 𝐼1 , … , 𝐼𝑚, each identified 

by a unique GTIN. And furthermore that 𝑛 attributes 𝐴1, … , 𝐴𝑛 are used to charac-

terize these items. For item 𝐼𝑗  and attribute 𝐴𝑘 the characteristic is denoted by 𝜒𝑗𝑘 . 

We can arrange this information in the form of an 𝑚 × 𝑛 table as in Table 2.2.1. 

 

 

 
11 This is only true if we start collecting information about certain attributes and characteristics. But if such 

information has been collected in the past a computer program could be used to ‘guess’ to which 
attributes certain characteristics belong. 
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2.2.1 Items and their attributes (columns) and characteristics (cell 

values) 

 𝑨𝟏 … 𝑨𝒏 

𝑰𝟏 𝜒11 … 𝜒1𝑛 

… … … … 

𝑰𝒎 𝜒𝑚1 … 𝜒𝑚𝑛  

 

2.2.2 Indicators of characteristics of the attributes for the items. 

  𝑨𝟏  …  𝑨𝒏  

 𝑨𝟏𝟏 … 𝑨𝟏𝒌𝟏
 … 𝑨𝒏𝟏 … 𝑨𝒏𝒌𝒏

 

𝑰𝟏 Δ1,11 … Δ1,1𝑘𝑘
 … Δ1,𝑛1 … Δ1,𝑛𝑘𝑛

 

… … … … … … … … 

𝑰𝒎 Δ𝑚,11 … Δ𝑚,1𝑘1
 … Δ𝑚,𝑛1 … Δ𝑚,𝑛𝑘𝑛

 

 

In its simplest form, Table 2.2.1 is complete, in the sense that none of the χ’s is miss-

ing. But in practice, some of the χ’s may be missing. That a characteristic for an item 

is missing may be due to the fact that the information is simply lacking, or that the 

attribute is not applicable to a particular item or group of items.12 Think of an attrib-

ute as ‘Paper quality’ in the product group 'Office supplies'. This attribute does not 

apply to 'perforators' or 'scotch tape', to mention but a few items in this product 

group. For this particular product group, the item indicators ('scotch tape', 'ring 

binder', 'perforator', 'stapler', etc.) can also be viewed as characteristics of an attrib-

ute like ‘Office supply item’. 

 

In Table 2.2.2 the same information is presented as in Table 2.2.1, but the various 

characteristics have been made to correspond to columns in the matrix. Characteris-

tics corresponding to the same attribute have been put next to each other and the 

corresponding attributes are shown in a row above these. As in Table 2.2.1 the rows 

of Table 2.2.2 correspond to GTINs. The Δ’s are indicators taking the values 0 (= 'does 

not apply'), 1 (= 'does apply') or ‘missing’. Not that the Δ's in the various cells are 

characterized by three indices, in the following order:  item indicator (GTIN), attribute 

indicator, characteristics indicator.  

 

The advantage of representation in that in Table 2.2.2 over that in Table 2.2.1 is that 

it is convenient to use in computations. For instance, it is easy to aggregate charac-

teristics: this is simply a matter of adding columns using binary addition.13 

Remark  

The information in Tables 2.2.1 and 2.2.2 is semantic information, that is, it is lan-

guage independent, apart from the labels used to denote the items (GTIN-iden-

tifiers). But it could also be a description in some language, a picture or a set of pic-

tures per item, or a short film showing the product) and the labels to describe the 

attributes or characteristics. ■ 

 

 
12 In the latter case the meaning of NA is 'not applicable' rather than 'not available'. 
13 With the following rules: 0 + 0 = 0, 0 + 1 = 1 + 0 = 1, 1 + 1 = 1. 
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Remark  

Suppose that the labels of these attributes and characteristics are specified in a lan-

guage that one does not understand (say Japanese, as in the author's case). Then by 

comparing the items with the same characteristics one could perhaps infer what at-

tribute is in fact involved and which characteristic, simply by looking at what different 

items have in common.  

 

This also implies that once Tables 2.2.1 and 2.2.2 have been compiled using labels in 

some language, only the labels need to be translated in order to make them suitable 

for use for all NSI’s in the European Union, say. The relationship that the tables 

provide is the same, for all languages, or, put differently, is language independent. ■ 

2.3 Quantity indicators 

One should be aware that some characteristics may in fact be quantity indicators: the 

number of socks in a set, the volume of glue in a bottle, the size of a fitted sheet, etc. 

In the case of bed clothing (see Section 3.1) in many descriptions sizes can be found 

of bed linen, such as: ‘Molton waterdicht hoes 90x200’, ‘AA MOLTON.HS 140x200’, 

‘Hslk 160x200’, etc. (see Table 3.1.1). Such descriptions contain sizes: 90 cm x 200 

cm, 140 cm x 200 cm and 160 cm x 200 cm, respectively. We have added the units of 

measurement:  centimetres, that is lacking from the description but that is implied.  

 

These size indications can be used to define unit value prices, that is prices per 

square meter, per (single) item, per litre, etc.. So for the bedding examples given we 

would have to divide the prices by 1.8, 2.8 and 3.2 respectively to obtain the corres-

ponding prices per square meter. The description minus the size indications can then 

be used  to classify the items. In case of the examples we gave we would then have: 

‘Molton waterdicht hoes’, ‘AA MOLTON.HS’, ‘Hslk’. This approach would lead to less 

strata, and probably to more stable ones, and, generally, to strata with a better ‘fil-

ling’ as well. 

 

Furthermore, it should be remarked that there is no need to use all characteristics. T-

shirts of different sizes, but otherwise the same, have the same price. So in this case 

the attribute ‘size’ does not have to be extracted from the descriptions.14 

3. Examples of descriptions 

To illustrate the variety of descriptions that are used in practice we consider the fol-

lowing groups of items from  Dutch retailers: bed clothing, office supplies, pastries, 

men’s T-shirts and consumer electronics. The information on the first four groups of 

 

 
14 Although it is only true for a certain range of sizes. Very big or very small sizes (for babies or toddlers) 

can have deviating prices. 
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products is from scanner data. Those on consumer electronics can be found on the 

web. It can in principle be linked to scanner data about such items. But this has yet to 

be done.  

3.1 Bed clothing 

In Table 3.1.1 a sample of descriptions used for bed clothing items is presented.  

3.1.1 Some descriptions for bed clothing 

 
 

 

Closer inspection of Table 3.3.1 reveals a number of peculiarities: 

 

– In most descriptions it is explicitly indicated what the item involved is ( like ‘hoes-

laken’ = ‘fitted sheet’, ‘sloop’ (cf. ‘sl’)= ‘pillow case’, ‘hoes’ = ‘cover’), but not 

always:  ‘AA ST.MOLTON 2 PERS’, ‘Molton stretch 90x220’ are examples of des-

criptions where the item intended is not explicitly mentioned, but can be inferred 

(certainly by a consumer analyst).  

– The various abbreviations used for the same thing can be treated as synonyms. 

For instance, for 'hoeslaken'  the following abbreviations are used: ‘hs, ‘hslk’, 

‘hoes’, ‘HS’, ‘HSLKN’, ‘HSLN’, ‘HSKLN’ and possibly others as well. 

– As remarked in Section 2.3 in some descriptions size information is used, namely 

the sizes of fitted sheets. This information can either be used as a characteristic of 

the items. Or it can be used to calculate a unit value price, say a price per square 

meter. In the latter case, only the remaining characteristics would be used to clas-

sify the items, and hence results in an aggregation. 

– Characteristics on the type of item, size (exact, material (‘molton’, ‘Jersey’, and 

colour / design (e.g. ‘wit’ = ‘white’, ‘ecru’ = ‘light fawn’, ‘MAT’ = ‘matt’, ‘bright 

white’) can typically be found in the descriptions. But not always. Sometimes at 

least one of these indications is missing. In a few cases additional information is 

given (e.g. ‘waterdicht’ = ‘watertight’). The size information is sometimes exact 
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(‘90x200’ the units of measurement are not always given, but we may assume 

that 90 cm x 200 cm is meant) or sometimes less exact (‘1 PER’= ‘1 person’, 

‘2PERS’= ‘2 person’). 

– The order of the characteristics is not fixed but tends to follow the pattern: fabric, 

item, size, colour. When classifying items automatically, this information could 

also be used. 

– Spaces are sometimes absent.  For instance ST.MOLTON (which should be ‘ST. 

MOLTON’ = ‘stretch molton’), ‘Jers.hslk’ (which should be ‘Jers. hslk’ = ‘Jersey 

hoeslaken’). An automatic classification system should be able to cope with such 

errors. 

 

It is interesting to investigate if a stratification based on the item (without the adject-

ives and specializations) is good enough for index calculations. And also if the use of 

unit values is attractive for this purpose. 

3.2 Office supplies 

The product group ‘office supplies’ is the most diverse of the five product groups we 

consider here, as a glance at Table 3.2.1 already shows, although it only contains a 

small fraction of the items in this lot. 

3.2.1 Some descriptions for offices supplies 

 
 

‘Office supplies’ contains a variety of items that are used in, or are associated with, 

an office, but actually used in households, such as: 

 

– Glue 

– Containers (for letters, magazines or documents) 

– Rubber bands 

– … 
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Because there is quite a variety of items available, the characteristics used are very 

diverse. But the feeling is that the characteristic key word in each description (like 

'documap' = 'container for letters', 'elastiekjes' = 'rubber bands', etc.) should be used 

as the basis for a partitioning of ‘office supplies’. It is  less detailed than GTIN but still 

a refinement of 'office supplies' into more homogeneous strata.  

 

So if we look at Table 3.2.1, we talk about ‘brievenbak’ = ‘containers for letters’, ‘bu-

rolijm’ =‘office glue’, ‘tijdschriftencassette’ = ‘magazine holder’, ‘documap’ =‘docu-

ment holder’, ‘elastiekjes’ = ‘rubber bands’. In some cases the items in such a group 

differ in size (the number of pages in a package of printer paper, the contents of a 

glue bottle, etc.). This information should not be ignored. But attributes like 'colour' 

or 'design' probably can, as they are less likely to be important determinants for the 

prices of the products. 

 

On the basis of these key characteristics we should try to find suitable hyperonyms, 

like ‘filing systems’ (e.g. 'magazine holders', 'document holders'), ‘binding materials’ 

(e.g. glue, 'scotch tape',' sticky tape',' sellotape', 'staples', 'paper clips', 'rubber 

bands'), ‘office equipment’ (e.g. 'perforators', 'staplers', 'calculators').  

3.3 Pastries 

Table 3.3.1 contains a small sample of descriptions for pastries that are being used.  

3.3.1 Some descriptions for pastries 

 
 

The product group ‘pastries’ involves the most complicated descriptions of the four 

product groups considered in the first four subsections of Section 3. A lot of com-

pound words are used, with various characteristics involved. However, the descrip-

tions tend to be short in terms of the numbers of words used. Quite often a descrip-

tion consists of only one (compound) word. 
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The product group 'pastries' is studied in more depth in Willenborg (2017c).Because 

characteristics and attributes for pastries are described in Dutch, that document  is 

also in Dutch. Please refer to Willenborg (2017c)  if you are interested in the kind of 

information that can (or cannot) be extracted from the descriptions used for pastries 

(and are able to read Dutch).  

3.4 T-shirts 

Men’s T-shirts form a rather homogeneous group of items. Table 3.4.1 contains a 

small sample of available descriptions. This population can be subdivided on the basis 

of characteristics such as neck shape (‘O-shape’, ‘V-shape’), fabric (‘organic’/’basic’), 

sleeve length (‘KM’ = ‘korte mouw’ = ‘short sleeve’, ‘LM’ = ‘lange mouw’ = ‘long 

sleeve’), pack size /set size (2,3,… items in a pack / set), colour (‘wi’= ‘wit’ = white, 

‘zw’ = ‘zwart’ = ‘black’, ‘mgrm’ = <an unknown colour>), form (‘stretch’ / ‘normal’), 

size ('L' = 'large', 'M'= 'Middle', 'XL' = 'eXtra-Large', etc.). For sizes that are not 

extreme, the prize is usually the same. But extra-large sizes might cost more. But if 

these extreme sizes cannot be bought from the retailers considered it is unnecessary 

to select ‘size’ as a possible stratification variable. Otherwise ‘size’ should be included 

among the potential stratification variables. 

 

It is clear these descriptions are rather limited in content. But it should be noted that 

we are dealing with a specialized group of clothing items already. It is a priori not 

clear to which extent this subgroup of products should be further stratified. But as 

Table 3.4.1 shows there are some additional characteristics available in the descrip-

tions that could be used to refine this product group. 

3.4.1 Some descriptions for T-shirts 

 
 

Looking at the descriptions in Table 3.4.1, it is clear that alternative spelling is used to 

denote ‘neck’( like ‘ne’, ‘nec’) and sometime this indication is discarded altogether 



 

 

CBS | Discussion Paper 2017 | 20  15 

 

and simply ‘O’ is mentioned.  Sometimes a space is left out by accident and ‘KMV-

neck’ or ‘KMO-neck’ has been written instead of ‘KM V-neck’ and ‘KM O-neck’.15  

Looking at the order of the characteristics mentioned, it is clear that this is not fixed. 

Typical is an order like in the first record in Table 3.5.1: ‘Organic stretch t-shirt KM O-

neck, wi L’ (i.e. fabric, form, ‘t-shirt’, neck shape, colour, size). But also deviations like 

‘T-shirt O-neck 3-pack, wi, XL’ (i.e. ‘t-shirt’, neck shape, pack size, colour, size) occur 

or ‘AA T-shirt O 2-pack, wi, L’ ( i.e. ‘AA’, ‘t-shirt’, neck shape, pack size, colour, size) 

occur. Probably the number of such variations is rather limited, but this has not been 

investigated. 

3.5 Consumer electronics 

To contrast with the product descriptions of the previous subsections, we now con-

sider those used for items within the consumer electronics group. This information 

can be found on the web. The information of the four products considered above is 

found in scanner data. 

 

At CBS, consumer electronics is defined in terms of the ECOICOPS that belong to the 

set of products. Roughly, it contains devices such as white goods, cleaning devices, air 

conditioners, phones, mobile phones,  televisions, cameras, PCs. In Table 3.5.1 it is 

specified (in Dutch) which ECOICOPs are considered by CBS to be part of consumer 

electronics. 

3.5.1 ECOICOPs that define 'consumer electronics' at CBS 

 
 

As Table 3.5.1 shows, consumer electronics is a rather diverse lot. This implies that 

the product descriptions one can expect are also different, as different features are 

needed for different classes of consumer electronics items. To illustrate this, we have 

included information on two different items, namely a washing machine and a tablet. 

 

 
15 It is not clear to the author what the abbreviations ‘VA’ and 'AA' mean. But a consumer analyst is 

probably familiar with them. 
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3.5.2 Features of a washing machine 

 
 

Table 3.5.3 contains information on a tablet. This information was scraped by an in-

ternet bot from a web site with extensive information on consumer electronics items. 

The information shown in Table 3.5.3 is a 'prettified' version to increase readability. 16 

But the features are in the data as presented in the table. No extraction was needed 

to obtain this information. In fact, more information is available, such as GTIN num-

ber,  brand and type. These are important matching variables  that can be used to en-

rich scanner data records with features collected from the internet. 

 

 

 
16 This was easily achieved using some standard functions in Excel. 
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3.5.3 Features of a tablet 

 

3.6 Comments 

The examples in the previous subsections show that the product descriptions can 

vary significantly. In four cases – all concerning scanner data - the characteristics and 

attributes have to be extracted from the descriptions. And these descriptions tend to 

be short and contain only a few features. In one case - consumer electronics - the 
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features are explicitly given.17 And there are much more attributes (and characterist-

ics available). In this case the data are from the web, and they can potentially be used 

to enrich scanner data, provided both types of data can be linked. There seem to be 

sufficient keys available to make the matching possible. 

 

If the route is chosen to work with attributes and characteristics to define subgroups, 

an interactive18 software tool would be very handy in case we are dealing with pro-

duct descriptions where attributes and characteristics are implicitly available.19 The 

examples given above show that there is variety among the descriptions used. 

 

1. The product groups bed clothing, office supplies, pastries and T-shirts differ in 

heterogeneity. The most heterogeneous of these is ‘office supplies’ and the most 

homogeneous (in terms of the items concerned) is ‘men’s T-shirts’.  

2. The descriptions of ‘pastries’ often consist of compound words, with information 

on several attributes (main ingredients, size, plural / singular, intended occasion / 

festivity for the pastry, etc.).  

3. The descriptions, except for consumer electronics, are to be considered free text. 

This implies that there are errors (e.g. spaces that have been deleted between 

consecutive phrases), there are spelling variations (using different letters, in cap-

ital or in normal fonts). Sometimes information is missing (e.g. an indication of the 

item, dimensions used (length in cm’s, for instance). But probably a consumer 

analyst looking at these descriptions knows immediately what is intended and can 

readily supply the missing information. This is a strong argument in favour of an 

interactive extraction tool. 

4. The information on consumer electronics is (far) more detailed than that of the 

four remaining product qualities. The information seems also to be of higher 

quality. 

5. The characteristics are to be interpreted as categories of attributes that have to 

be named by an expert. For instance, the descriptions contain phrases like ‘wit’, 

‘bright white’, etc. (among many other phrases) and the expert has to understand 

that they are all categories of a variable ‘Colour’.  

6. If some characteristics occur only in a limited number of descriptions, this is no 

reason to dismiss them as uninteresting. It is possible that they are categories of a 

variable with many categories. Colour could be an example of this. Or it is possible 

that the product group splits into several different subgroups (as in case of office 

supplies) and some characteristics only apply to one or a few such subgroups. An-

other possibility is that characteristics have alternative spellings and should be 

treated as synonyms. So the relevance of characteristics should not be dismissed 

as irrelevant purely on the basis of simple frequency counts. 

 

 
17 Apart from one field which contains a string, with brand and type of the item. 
18 Such a tool is feasible. But maybe a more ambitious one using machine learning techniques would also 

be feasible. But we stick to the more modest tool. 
19 But it may well be that it turns out to be more attractive to use another approach not based on attrib-

utes and characteristics but on a machine learning technique applied to entire descriptions. In this 
case one would have to use training sets of descriptions that characterize certain product subgroups. 
However, for the moment we stick to the more traditional approach, using attributes and characterist-
ics. 
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7. In principle, the descriptions are sources of characteristics of the items. But in 

some cases also quantity information is available (sizes of fitted sheets, numbers 

of t-shirts in a set, the amount of glue in a bottle, etc.). This allows the calculation 

of unit value prices for these items (e.g. the price of a fitted one person sheet per 

square meter, the price of one T-shirt from a set of three, the price of glue per 

100ml, etc.). Items can then be stratified on the basis of the remaining attributes. 

 

From the fact that the focus is so strongly on all the attributes and characteristics 

available in the descriptions, it should not be concluded that they should necessarily 

all be used to stratify a product population. The problem of selecting the attributes 

for stratification, which would be the next step after attribute and characteristics 

selection is not considered here. In an extreme case, it may even be decided not to 

stratify a product group at all, for instance because its contribution to the CPI is only 

small, and stratifying it is next to meaningless. 

4. GTINs, subgroups and 
groups 

4.1 Introduction 

GTINs are the base ingredients for price index calculations. To use them directly, 

however, has some complications, as is explained below. The lowest level at which 

price index results are published are (E)COICOPs.20 But these groups are often too 

heterogeneous to use them as strata directly. In this case it may be preferable to use 

an intermediate level of aggregation, a subgroup level. There may in fact be many 

subgroups levels between the GTIN level and the group level, and the challenge is to 

find a good one. And also to know, which is actually a good subgroup level and which 

is not.  Without this knowledge it is impossible to judge a stratification into sub-

groups. 

 

If populations of products would be stable, the GTINs would be the natural level to 

base the price index computations on. One would simply compute price indices per 

item and aggregate them to a price index at the group level, and beyond. 

 

But static product populations do not exist in practice; they are theoretical abstrac-

tions. In practice product populations are dynamic. But for dynamic populations it is 

not straightforward how to compute these indices starting at this level. If one only 

considers items separately, one may miss price increases, due to the fact that some 

 

 
20 ECOICOP = European Classification of Individual Consumption to Purpose.  For more information see: 
http://ec.europa.eu/eurostat/ramon/nomenclatures/index.cfm?TargetUrl=LST_CLS_DLD&StrLanguageCod

e=EN&StrNom=COICOP_5&StrLayoutCode=HIERARCHIC . 

http://ec.europa.eu/eurostat/ramon/nomenclatures/index.cfm?TargetUrl=LST_CLS_DLD&StrLanguageCode=EN&StrNom=COICOP_5&StrLayoutCode=HIERARCHIC
http://ec.europa.eu/eurostat/ramon/nomenclatures/index.cfm?TargetUrl=LST_CLS_DLD&StrLanguageCode=EN&StrNom=COICOP_5&StrLayoutCode=HIERARCHIC
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item are relaunched, by packaging them differently, and changing some superficial 

characteristics such as lettering and images on the package.  

 

So if the GTIN level is chosen one has to cope with relaunches and hence one faces a 

matching problem. But matching relaunches to items that were previously on the 

market is not trivial. No such information is available from a producer or a retailer. So 

the statistical office has to find a method to produce these matches. This process is 

not error-free. And it also uses available attributes and characteristics in the data. 

These are the same as one would use in case of stratifying the product population. 

 

But it is questionable whether this is the right approach. It certainly is not the 

simplest one. A simpler approach is to consider stable subgroups of GTINs. Com-

paring ‘like with like’ at the subgroup level is easy. We will consider both approaches 

in more depth in the remainder of the present section. 

4.2 GTIN matching 

GTINs are identifiers for product items. They are used for logistic purposes. It is con-

venient use them for production, ordering and transportation. It may be tempting to 

view GTINs as keys in the sense of data bases. But in fact, they are not. They can be 

defined by companies and retailers for logistics and sales purposes. This tends to pro-

duce rather heterogeneous definitions.  

 

For the same product a retailer can use two GTINs, for instance one for the items in 

the sale and the other one for the same items in the regular collection. For similar 

products, however, a company may decide to use a new GTIN. The product in ques-

tion may have had a facelift (new packaging, new print, bigger bottle or package, 

etc.) but nothing essential has changed. That is, except for the price, that is likely to 

be increased.21 Such a product is a relaunch.  

 

So items and their relaunches should be viewed as essentially the same thing, and if 

item and relaunch are not matched, a vital price jump may be missed. But this raises 

the question: how does one recognize relaunches? Typically such information is not 

provided by retailers or producers. So a statistical office should solve this problem. 

And it should be solved in such a way that it can be done largely by computer. There 

are simply too many scanner data to assume that consumer analysts can do this, 

certainly not 'by hand' but also not with the help of interactive matching software.  

 

At first sight it may seem obvious , this matching process. But on closer inspection it 

is not. It raises a number of questions. The first question is: Which items should be 

matched? Obviously, the relaunches. But how does one recognize relaunches? To this 

one could answer: the GTINs that do not have predecessors. But how far should one 

 

 
21 Taking into account that the relaunched product may be packaged in a package with a different volume, 

weight or number of items inside. If a relaunch of a package of cigarettes has less cigarettes per 
package while the selling price is the same as that of its predecessor, the price per cigarette is thus 
increased by the relaunch. 



 

 

CBS | Discussion Paper 2017 | 20  21 

 

look back for this? One month?  Two months? Three months? Half a year? The prob-

lem is that an item may have been unavailable for several months. And, suppose 

these questions have been answered, the next question is: How should such (poten-

tial) relaunches be matched? Obviously GTIN code cannot be used. So perhaps one 

can match items using common characteristics? It should be borne in mind that these 

problems have to be solved by a computer program, at least for the bulk of the data. 

This is complicated enough, and it is likely to lead to quite arbitrary decisions as to 

what items are relaunches and which are not. 

 

But which item to choose if there are several items with the same characteristics (but 

different prices)? Can we randomly choose one such item? How far back in time do 

we have to look to find a predecessor of a relaunch? It is clear that this is a fairly 

complicated process and one that is likely to produce false matches. Due to the 

volume of data, this process has to be carried out automatically, by some dedicated 

software tool. 

 

So it is clear, this is a quite complicated matching process, when the matching should 

be based on characteristics. And also it tends to be error-prone, as one does not 

know when an item is a relaunch and how to match relaunches with predecessors. It 

is not sure that the right matches are found in this way, as well. So why stick to it if 

there is so much uncertainty associated with it, and it is so complicated to imple-

ment? 

 

In the next subsection we consider a simpler approach, which we also consider supe-

rior to the GTIN matching method described in the present subsection in several 

ways. 

4.3 Subgroup matching 

Would it not be easier to classify all items on the basis of (some of) their character-

istics? Then if an item and its relaunch have the same characteristics, they are clas-

sified (automatically) to the same group.  This is not only far more attractive, as one 

does not have to bother about relaunches and handling them in a specific way. It also 

seems the superior approach if one does not consider the individual items as leading 

but the groups into which they are classified. We should focus on them and their 

properties, and consider the items at GTIN level. 

 

The situation is comparable to, say municipalities. If we want to produce statistics 

about them, we do this not by linking individual citizens of a municipality at different 

points in time. We do this by taking the citizens that are present at a particular 

moment. Some may be present at both moments, others only at one of them. It is 

inherent for municipalities that they are entities that are constantly changing.  

 

If one thinks about it, such changes do not hold only for municipalities, but for essen-

tially all entities build from more fundamental parts, that is, composite entities. For 

human bodies, factories, schools they have in common that they all change 
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constantly at the micro level, but they remain unchanged at a more abstract level.22 

The same is true for the items that we see constantly being put on the market and 

taken out of it after some time. So, to be more concrete, specific types of jeans come 

and go, but ‘jeans’ as a group of products exists for a much longer time. The message 

is that we should look for the wood rather than for the trees. 

 

The purpose of the subgroups is to act as a layer between the GTIN and the group 

level.23 They should provide the continuity the GTINs cannot provide in a dynamic 

product population. On the other hand, the subgroups should be sufficiently homo-

geneous and stable. These are properties that tend to be conflicting. So the challenge 

in practice is to find the right balance.  

 

Once a product population has been stratified into strata/subgroups, the idea is to 

apply the principle to compare ‘like with like’ to subgroups rather than to GTINs. The 

composition of the subgroups in terms of GTIN may differ from month to month. This 

is not an issue anymore. The GTINs that compose a subgroup in a given month are 

only used to compute a total turnover and a total quantity for that subgroup for that 

particular month, simply by adding the respective values for the GTINs involved.24  

 

𝑣𝑖𝑗 = ∑ 𝑣𝑖𝑗,𝑘𝑘∈𝐴𝑖𝑗
, (4.1) 

 

𝑞𝑖𝑗 = ∑ 𝑞𝑖𝑗,𝑘𝑘∈𝐴𝑖𝑗
, (4.2) 

 

Here 𝐴𝑖𝑗  denote the items in subgroup i in month j. From (4.1) and (4.2) a price for 

the subgroup i in month j can be computed: 

 

𝑝𝑖𝑗
𝑎𝑣 =

𝑣𝑖𝑗

𝑞𝑖𝑗
. (4.3) 

 

The subgroup prices (4.3) are then in turn used for price index computation: per 

subgroup, these prices are compared across different months: 

 

Π𝑖
𝑗1𝑗2 =

𝑝𝑖𝑗2
𝑎𝑣

𝑝𝑖𝑗1
𝑎𝑣 =

𝑣𝑖𝑗2

𝑣𝑖𝑗1

𝑞𝑖𝑗1

𝑞𝑖𝑗2

. (4.4) 

 

Of course, this only makes sense if the subgroups do not change fundamentally. But 

this cannot be assumed automatically and should be monitored. This is considered in 

the next subsection. 

 

 
22 All of this reminds one of an observation by the pre-Socratic philosopher Heraclitus that no man ever 

steps in the same river twice. Although the contents of a river is constantly changing, what remains 
the same is the entity that is ‘the river’, which transcends its constituent parts at any given time. 
Despite its different contents, we have rivers like the Rhine and the Meuse. The fact that these rivers 
have been given names is indicative of a kind of persistence that is lacking at the micro level. At that 
level existence is a much more fleeting affair. 

23 In case the GTINs in some group are fairly stable, these subgroups could be made to agree with the 
GTINs, or most of them. 

24 This is possible because these variables are additive, in contrast to the price, being a ratio of turnover 
and quantity. 
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4.4 Monitoring subgroup composition 

It was stated before that changes of the composition of subgroups should not worry 

us per definition. As long as the nature of the subgroup remains the same there is no 

problem. But certain changes may lead to essentially new entities. It may be neces-

sary to reconsider the subdivision of a product group. Perhaps a subgroup should be 

split into two (or more) new ones. Or certain subgroups are not really different 

anymore and should be united. 

 

The goal is to carry out price index computations automatically as much as possible, 

due to the sheer volume of the data to be processed each month. This carries the 

danger that new data do not fit very well with the chosen stratification of COICOPs 

into subgroups. So it should be monitored that subgroups do not change drastically. 

But how should this be done? 

 

A first idea is to monitor the price per subgroup, which is an average price of all the 

items in this subgroup. If this price (or its variance) changes dramatically in a parti-

cular subgroup in a short period of time, this could be an indication of a structural 

change in this subgroup. It should cause an inspection of this subgroup. This ap-

proach is an example of macro-editing, where aggregates are being monitored, and 

only if they show a deviant behaviour there is a reason to drill down to the most basic 

level to see what is going on. 

 

But macro-editing only reacts to prices. It could also be that a subgroup is changing 

qualitatively, in the sense that new products creep in that do not necessarily have a 

very different price. But they simply do not fit the mould and should be placed in a 

separate subgroup. Such a change can only be noticed looking at the items inside the 

subgroups, in particular their characteristics that are not used to classify them into a 

subgroup. If this is to be done automatically, these extra characteristics should also 

have been extracted from the descriptions. Every month, the frequencies of their res-

pective occurrences should be monitored. Following these over time seems adequate 

to monitor the stability of the composition in terms of the multiplicities of the various 

extra characteristics. 

 

Of course, both control measures do not help to detect items that have new features 

in their descriptions but that are sold for prices within the range of the original items 

in the 'affected' subgroup. Such changes can only be detected by regular inspection 

of the composition of all subgroups, or a sizeable sample thereof. But as long as the 

prices of such items are within the range of the regular products in the subgroups, 

there is not much reason for concern for the index computations. 
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5. Desirable stratifications 

5.1 Approach 

We may assume that the groups of items that we are considering (COICOPS) are per-

sistent, in the sense that they will have sufficient 'filling' each month, so that price 

indices at that level are possible to compute for each pair of months. But as they may 

be rather heterogeneous, the idea is to improve them by splitting (some of) them up 

into subgroups. These subgroups can be expected to exist above the GTIN level, as 

GTINs are often too fleeting, as we have seen before. The question is now: which 

properties should these subgroups have in order to make them suitable for index 

computation? 

 

A first requirement is that they should be stable in time: it should be possible to 

allocate GTINs in our group of items (say ‘fruit’) to any of these subgroups. This 

means that the stratification should in fact be a partition of the population. There 

should be no need to create new subgroups all the time (as would be the case for 

GTINs).25 Also it should not be the case that subgroups regularly 'peter out', in the 

sense that they do not contain any items, which limits the possibility of making 

comparisons over time. This requirement is weaker than persistency, as it should be 

possible that in some months there are no sales to report in a subgroup. But this 

should not happen too frequently. We refer to this property of subgroups as 'stabil-

ity'.  

 

At the group level, it was assumed possible to compute a price index. In order to be 

able to produce price indices at the subgroup level for every pair s, t of months there 

should be at least one subgroup 𝜎 for which a price index 𝑃𝜎
𝑠,𝑡 can be computed. 

When the subgroups are stable this condition is not guaranteed to be met but is 

likely to exist. We settle for this property as it is easier to check than the property 

that the property that for each pair of months s, t there should be at least one 

subgroup 𝜎 for which 𝑃𝜎
𝑠,𝑡 can be computed. 

 

But stability of subgroups is not enough. We want to improve on the supposed 

heterogeneity of the product group, so we should consider homogeneity of sub-

groups as well (see Subsection 4.5 for a discussion of this subject). The general idea is 

to make all the subgroups within a group as homogeneous as possible, not losing 

sight of the stability requirement. If we succeed comparison of ‘like with like’ is 

achieved at the subgroup level. Trying to produce stable subgroups with maximum 

homogeneity is what we should look for.26 

 

 

 
25 This can always achieved by adding a category ‘other’. But this category should contain only exceptional 

cases. And if this is hard, it should be closely watched as it develops. It should not become too big. If 
so, perhaps another stratification is called for. 

26 In practice optimality is an ideal to pursue, but we should not take it too literal. In practice we should 
look for solutions that work and are 'good enough' rather than 'optimal'. 
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In Figure 5.1.1 an example is presented to illustrate persistence and stability. A group 

G of products consists of 5 stable subgroups that together form a partition of G. So 

every GTIN belonging to group G should fall into exactly one of the subgroups G.1,…, 

G.5. Persistence of G is suggested by the presence of a black square for each of the 

months in the 9 month period27. 

 

5.1.1 Presence (black) or absence (white) of items at group (G) and 

subgroup (G.i) level 

 
 

Figure 5.1.2 is to convey the idea that the groups and subgroups are stable, that the 

group is persistent, but that there are changes at the GTIN level. The red points and 

edges symbolize new GTINs and the subgroups they belong to, respectively. The blue 

points and edges symbolize GTINs that have been deleted and the subgroups where 

this was the case, respectively. Of course, homogeneity of the subgroups cannot be 

shown by this picture, but is tacitly assumed that they are homogenous. 

 

5.1.2 Mutations within subgroups in a group 

Month j Month j+1 

  
 

If after some time it appears that a product population is developing in a different 

direction than anticipated, it should be part of a maintenance procedure to revise the 

stratification of a group in stable homogeneous substrata, and even to redefine the 

partitioning into groups of products. But if done well such revisions should not occur 

too frequently. 

 

It should be noted that the approach suggested here to obtain a desirable stratifica-

tion is  independent of the choice of a specific index method. The properties that we 

 

 
27 This is only for the sake of presenting an example to illustrate some ideas. In reality the period should be 

much longer to judge persistence of a group and stability of its subgroups. 
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have mentioned above (persistence, stability and homogeneity) are purely defined 

for the product populations that we are interested in. This is attractive, as it is pos-

sible to adopt or change an index method without bothering to adapt the stratifica-

tion. Or the other way round: to change the stratification while keeping the same 

index method. 

5.2 Persistence of groups 

Persistence28 is a property of the group of items that we are considering for stratifica-

tion. Intuitively, it means that every month sufficient data should be available so that 

price indices can be produced every month. This is the case with scanner data if every 

month items (GTINs) of this group are sold or can expected to be sold (for the future).  

If groups coincide with COICOPS (or several COICOPs combined), this is the case. In 

fact, in the present paper we assume that the groups we consider consist of one or 

more COICOPs, 

 

In Figure 5.2.1 a situation is depicted in which GTINs in a certain product group  are 

sorted on the date of entry to the market. Each line segment symbolizes the lifetime 

of a GTIN, that is , the period that the GTIN is on the market. It may be unavailable 

temporarily, or have not been sold temporarily, but has not been withdrawn from 

the market.29 Figure 5.2.1 shows persistence (in the 7 months depicted), because in 

every month at least one GTIN was sold (or present in the supposed scanner data). 

But persistence is also about expected continuity in the future, say several years 

ahead. This can be judged by a consumer analyst specialized in the products involved. 

 

Notice that new GTINs appear and existing ones disappear. The set of GTINs in the 

group changes constantly, so comparisons of prices for the same items can only be 

made during their lifetime. But in that case price jumps due to the introduction of 

relaunches would be missed, and a wrong picture of the price development within 

this group would be created.  

5.2.1 GTINs sorted on date of introduction to the market 

 
 

 

 
28 Also to be referred to as 'continuity', or 'flow'. 
29 We are aware that in practice there may be a problem to decide whether a GTIN is temporarily not 

available or has been withdrawn from the market. But in retrospect, this problem may be easier to 
settle. 
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As we have argued before, describing the price development at the GTIN level of a 

dynamic population is doomed to fail. Trying to repair matters by identifying  re-

launches and matching them to predecessors is both complicated (especially to do 

this on a computer) and error-prone (one has to guess which predecessor(s) match to 

each relaunch), and not guaranteed to be successful in a (very) dynamic population. 

It is then easier and preferable to consider subgroups of items and follow their price 

development, as was also argued before. The problem then is only to classify each 

GTINs in the correct subgroup. One does not have to worry about matching GTINs 

otherwise. 

5.3 Stability of subgroups 

Continuing with the example of the previous subsection, we can say that what we 

want is a classification of the GTINs into subgroups that are stable in time. Any new 

GTIN appearing on the market should be assignable to one of these subgroups. This is 

shown in Figure 5.3.1. The same GTINs as in Figure 5.2.1 are shown, but this time 

each of them is assigned (each month) to one of three subgroups G.1, G.2 and G.3. 

These subgroups form a partitioning of the entire group. The GTINs are sorted on the 

date of entry to the market within each subgroup. 

 

5.3.1 The same GTINs as in Figure 5.2.1, grouped into three 

subgroups, sorted on date of introduction in each subgroup. 

 
 

The subgroups are - or the stratification they collectively represent is - supposed to 

be stable. This means that for an extended period items (GTINs) can be allocated to 

(exactly) one of these subgroups. Of course, one can always define a partition of a 

group of items by introducing a remainder category ‘Other’. But then this category 

should remain one that contains only a few, odd items, over an extended period of 

time.  

 

It is not required, though, that each subgroup is persistent. The persistence of the 

group of which the subgroups are part implies that at any month at least one sub-

group is nonempty. This implies that for the group prices can be computed, as well as 

price indices using average subgroup prices. 
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In practice there may be GTINs with a quite long lifespan. Such GTINs may be stable 

enough to form a subgroup by themselves. But to do this is a bit risky concerning 

persistence. If it disappears from the market the subgroup seizes to exist. 

5.4 Homogeneity of subgroups 

In order to reach stable subgroups there is a tendency to define them broadly. But 

this would jeopardize their homogeneity. So we have to look at stability of the sub-

groups but keeping homogeneity in mind. Homogeneity of subgroups acts as a 

counter-balance to subgroup stability.  

 

Homogeneity can refer to two things:  

 

a. Homogeneity of the items in terms of (the distribution of) their characteristics.  

b. Homogeneity in terms of the variance of the prices, or rather an estimate of 

this parameter (EV, or estimated variance), as the population mean is not 

known. So a stratification with a smaller EV would be preferable than one with 

a larger EV, given persistence in both cases, as it would mean a more 

homogeneous stratification. 

 

As to the first point, it can be remarked that the items in a group have common char-

acteristics, that is, as far as they were used to define the group. The items therefore 

can only differ on the basis of characteristics that we did not take into account. But 

are these additional characteristics known? If so, why have they not been used for 

stratification? Besides, if they were known, how should they be used? They could be 

used to define a further stratification and produce more homogeneous strata, but 

this time in the second sense of the word. And in (the most likely) case that they are 

not known we have to refer to this second interpretation of homogeneity. So ulti-

mately this second interpretation is the one we would use in practice. This is also a 

quantified property. 

 

Let 𝜇𝑖
𝑡 and 𝜎𝑖

𝑡 be the average and the standard deviation of subgroup i in month t. 

With these quantities we can estimate the variation coefficient (𝑣𝑐) per subgroup 

which is a measure for the precision: 

 

𝑣𝑐𝑡 = 1

𝑚𝑡
∑

𝜎𝑖
𝑡

𝜇𝑖
𝑡𝑖∈𝑁𝑡
, (5.1) 

 

where the sum is taken over the nonempty subgroups 𝑁𝑡 in month t, and 𝑚𝑡 = |𝑁𝑡| 

the number of non-empty subgroups in month t. For the entire period we have 

 

𝑣𝑐𝑇 =
∑ 𝑣𝑐𝑡𝑡∈𝑇

|𝑇|
. (5.2) 

 

We have tacitly assumed that the group is persistent. 
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5.5 Detail 

We quantify the detail of a stratification by the number of strata used. It seems 

preferable to use this measure rather than the number of variables used to stratify 

the group, as this is not well defined if the number of variables in the domain can 

vary.  

5.6 Overlap 

This property directly relates to the possibility of price index calculations at the sub-

group level. This means we have to look at pairs of months in a given time window. 

For each such pair we need to consider how many subgroups there are for which 

data are available in both months. To illustrate what is intended, consider the next 

example. 

Example 

Figure 5.6.1 indicates for a group with 11 subgroups, considered at two different 

months, s and t, when data (prices) are available (black square) or not (white square). 

5.6.1 Fillings of a group with 11 subgroups at month s and t.  

 
 

If we want to know for how many subgroups we can calculate price indices (or price 

ratios) for months s and t, we have to count the number of pairs in which price in-

formation is available in both months. In this case there are 3 such pairs (for SG2, SG7 

and SG8). For the remaining 8 combinations no price indices (price ratios) can be 

computed, as for either month s or month t a price is lacking. ■ 

 

In the example only two months are considered. If we are considering a time window 

T with  |𝑇| months there are (
|𝑇|
2

) pairs of months to consider to judge the overlap.  

Example 

In Figure 5.6.2  a group with 11 subgroups and a time window of 10 months. For each 

month in this window it is indicated for which subgroups price information is avail-

able: black (or 1) if there is, white (or 0)  if there is not. ■ 
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5.6.2 Fillings for a group with 11 subgroups in a period of 10 

consecutive months, presented in two ways. 

  
 

In order to compute the overlap we introduce an indicator function 𝛿𝑖
𝑡, for subgroup i 

and month t. Let 𝛿𝑖
𝑡 = 1 if there are data (prices) for subgroup i in month t, and 𝛿𝑖

𝑡 =

0 otherwise. Similarly for month s we have 𝛿𝑖
𝑠. Then ∑ 𝛿𝑖

𝑡𝛿𝑖
𝑠𝑚

𝑖=1  counts the number of 

subgroups that are nonempty in both month t and month s, and for which therefore 

price indices (price ratios) can be calculated. So the total number of indices that can 

be computed for different month pairs in period T is: ∑  ∑ 𝛿𝑖
𝑡𝛿𝑖

𝑠𝑚
𝑖=1𝑡<𝑠∈𝑇 . The 

maximum number of pairs for which an index can be computed is 

𝑚 (
|𝑇|
2

) = 1

2
𝑚|𝑇|(|𝑇|−1). So the number of pairs for which no price index can be 

calculated is  

 
1

2
𝑚|𝑇|(|𝑇|−1) − ∑  ∑ 𝛿𝑖

𝑡𝛿𝑖
𝑠𝑚

𝑖=1𝑡<𝑠∈𝑇 . (5.3) 

 

Relative to the maximum number of pairs this number equals: 

 

1 −
∑  ∑ 𝛿𝑖

𝑡𝛿𝑖
𝑠𝑚

𝑖=1𝑡<𝑠∈𝑇
1

2
𝑚|𝑇|(|𝑇|−1)

. (5.4) 

 

As a penalty term, we want to minimize this expression, which amounts to maximi-

zing the overlap. 

 

It should be noted that (5.4) gives equal weight to all pairs of months. The question is 

whether that is reasonable. Certain price comparisons involve months that are not 

far apart and others those that are widely separated. It seems reasonable to attach 

more weight to those pairs that are not far separated than to those that are (see Sub-

section 5.7).  

 

In view of this remark, we could replace (5.4) by one that only measures overlap on a 

MoM-basis, that is for adjacent months. They yield, in a sense,  the most important 

pairs, because they are the month pairs where one can expect the largest overlaps (in 

terms of GTINs) for the various subgroups. We then obtain a measure that is closely 

related to the flow concept (see Willenborg, 2017a): 

 

1 −
∑  ∑ 𝛿𝑖

𝑡𝛿𝑖
𝑡+1𝑚

𝑖=1
|𝑇|−1
𝑡=1

𝑚(|𝑇|−1)
. (5.5) 

 

In the next section we elaborate on this idea of overlap in a subgroup for different 

pairs of months, making overlap a matter of degree instead of a 'yes-no affair'. 
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5.7 Degree of overlap 

It is possible to refine the notion of overlap defined in the previous subsection. The 

idea is to actually look beyond the surface of the subgroups to see how they are com-

posed of GTINs. If we have two months, 𝑠 and 𝑡 , and a subgroup 𝑖, we can look at the 

number of GTINs in this subgroup present in both months. So if 𝒮𝑖
𝑡 , 𝒮𝑖

𝑠  are the sets of 

GTINs in subgroup 𝑖 in months 𝑠 and 𝑡, 𝒮𝑖
𝑡 ∩ 𝒮𝑖

𝑠 is the set of our interest. In particular 

we are interested in its size, i.e. |𝒮𝑖
𝑡 ∩ 𝒮𝑖

𝑠|. Or rather, we are interested in its relative 

size  

 

ℛ𝑖
𝑠,𝑡 =

|𝒮𝑖
𝑡∩𝒮𝑖

𝑠|

|𝒮𝑖
𝑡∪𝒮𝑖

𝑠|
. (5.6) 

 

Of course, to be able to apply (5.6) it is assumed that |𝒮𝑖
𝑡 ∪ 𝒮𝑖

𝑠| > 0., which means 

that subgroup i should be nonempty for months s or t. We use (5.6) to quantify the 

concept of degree of overlap in a subgroup. Obviously, it holds, for any subgroup 𝑖, 

that ℛ𝑖
𝑠,𝑡 is a nonnegative rational number, and 0 ≤ ℛ𝑖

𝑠,𝑡 ≤ 1, for all 𝑠 and 𝑡, ℛ𝑖
𝑠,𝑠 =

1, for all 𝑠, ℛ𝑖
𝑠,𝑡 ↓ 0 if |𝑠 − 𝑡| → ∞. In practice it will be the case that ℛ𝑖

𝑠,𝑡 = 0 if 𝑠 and 

𝑡 are far enough apart, because the lifetimes of the GTINs are finite. 

 

ℛ𝑖
𝑠,𝑡 is useful for determining for subgroup 𝑖 , for which months 𝑠 and 𝑡 direct price 

comparisons should be computed: if this number is close to one, there is enough 

overlap in terms of GTINs to warrant the computation of a price index 𝑃𝑖
𝑠,𝑡. This idea 

has been suggested and used before by the author in connection with the cycle 

method (see e.g. Willenborg, 2017b); see also Willenborg (2017d). In this context it 

was used to derive a weight matrix which controls the adjustment of a nontransitive 

price index to a transitive one. 

 

For applications in penalty functions (see Subsection 5.8), we should rather look at 

the complement of ℛ𝑖
𝑠,𝑡, that is 

 

1 − ℛ𝑖
𝑠,𝑡 = 1 −

|𝒮𝑖
𝑡∩𝒮𝑖

𝑠|

|𝒮𝑖
𝑡∪𝒮𝑖

𝑠|
. (5.7) 

Remark  

ℛ𝑖
𝑠,𝑡 is a simple measure to quantify overlap, within a subgroup at different periods in 

time. But it is feasible to apply, as such, although considerably more effort is required 

to compute this quantity than (5.4) or (5.5).  

 

A more sophisticated version of ℛ𝑖
𝑠,𝑡 would take relaunches into account as well. But 

this would complicate matters considerably (taking the discussion in Subsection 4.2 

into account), in fact beyond what is practically feasible and manageable. ■ 

5.8 Penalty functions  

We want to use penalty functions to quantify the various aspects that play a role by 

selecting a desirable stratification of a product group. In fact, the class of penalty 
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functions that we consider is based on homogeneity, detail  and overlap, as discussed 

in previous subsections of the present section. The idea is that more desirable strati-

fications have smaller scores for a penalty function. 

 

There is no need to include other aspects such as persistence at the group level and 

stability at the subgroup level. These aspects can be judged before, by inspection (for 

known data) and introspection (for future developments). If any of these aspects 

would be absent, there is no sense in continuing with such a group or such a stratific-

ation. First, there should be some adjustments at the group or stratum level. So we 

tacitly assume that persistence at the group level and stability at the subgroup level is 

secured.30 

 

To find a suitable class of penalty functions we add all the terms for each of the three 

aspects together, using tuning weights for two of the three terms, that allow us to 

find the right balance between them.31  

 

Proceeding in this manner we find the following class of penalty functions for a 

period 𝑇 of |𝑇| consecutive months for a group of products with 𝑚 subgroups: 

 

𝒫𝑇 =
∑ 𝑣𝑐𝑡𝑡∈𝑇

|𝑇|
+ 𝛼𝑚 + 𝛽 (1 −

∑  ∑ 𝛿𝑖
𝑡𝛿𝑖

𝑠𝑚
𝑖=1𝑡<𝑠∈𝑇

1

2
𝑚|𝑇|(|𝑇|−1)

), (5.8) 

 

where 𝑚 is the number of subgroups in the group, and 𝛼, 𝛽 > 0 are tuning 

parameters, to balance the various terms relative to each other; they have to be 

found empirically and depend on judgment. 

 

If we take (5.5) instead of (5.4) as the overlap component, we would obtain the 

following class of penalty functions: 

 

𝒫𝑇,𝑀𝑜𝑀 =
∑ 𝑣𝑐𝑡𝑡∈𝑇

|𝑇|
+ 𝛼𝑚 + 𝛽 (1 −

∑  ∑ 𝛿𝑖
𝑡𝛿𝑖

𝑡+1𝑚
𝑖=1

|𝑇|−1
𝑡=1

𝑚(|𝑇|−1)
). (5.9) 

 

Another class of penalty functions would be obtained if we would replace the overlap 

terms in (5.4) or (5.5) by (5.7), expressing a degree of overlap: 

 

𝒫𝑇,𝑑𝑜𝑣 =
∑ 𝑣𝑐𝑡𝑡∈𝑇

|𝑇|
+ 𝛼𝑚 + 𝛽 (1 −

∑ ∑
|𝒮𝑖

𝑡∩𝒮𝑖
𝑠|

|𝒮𝑖
𝑡∪𝒮𝑖

𝑠|

𝑚
𝑖=1𝑡<𝑠∈𝑇

1

2
𝑚|𝑇|(|𝑇|−1)

). (5.10) 

 

Another approach32  is possible, namely one in which one of the terms in (5.8), (5.9) 

of (5.10) are minimized, under the condition that the two remaining ones are 

bounded from above by certain thresholds. For example, choose a boundary value 

 

 
30 The first is easy to ascertain. The second is not in the way discussed before. But we assume that non-

stable stratifications will also score badly on the penalty functions that we discuss below (that is, high 
values). 

31 This is the reason why we talk of a class of penalty functions. There are many such functions, parameter-
ized by the parameters 𝛼, 𝛽 ≥ 0 

32 Suggested by Sander Scholtus. 
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for the sum of  detail and overlap, and then minimize the average variation 

coefficients (first in term in (5.10)) for stratifications that satisfy this restriction. This 

yields a problem that can be solved by OR-techniques, as is the case for the other 

optimization problems mentioned in the present section. 

 

Whatever class of penalty functions is chosen, experiments have to be carried out on 

real data to see if reasonable results can be obtained when using them. And also to 

find out the computational burden when they are applied. Then it also becomes clear  

how to tune the weights 𝛼 and 𝛽, and how easy / difficult it actually is to find 'op-

timal' / useful values. 

6. Discussion 

In the present report we discussed the problem how to stratify groups of products 

(typically COICOPs or unions of COICOPs) in such a way that they are suitable for 

index computations. It was argued that groups of items should be used instead of 

GTINs, in case the populations are dynamic, which in practice they always are, al-

though there are differences in dynamics between the various product groups.  

 

At the GTIN level one is limited in making price comparisons, as the lifespan of each 

(or most) is limited. Considering only separate GTINs is incorrect as it misses price 

development due to the mechanism of relaunches. Trying to repair this deficiency by 

matching perceived relaunches to their perceived predecessors is complicated, error-

prone and, generally, not very attractive.  

 

A better option is to stratify a product population into stable strata (or subgroups). 

Instead of looking at the development of prices at the GTIN level, the alternative is to 

consider the price development at the subgroup level. The subgroups are now con-

sidered as composite products that may change in composition, while retaining their 

character. Such changes should make them comparable over time as similar 

products. 

 

The question to be solved remains: what properties should the stratification have to 

be acceptable for price index computations? In the present paper this question is 

answered by considering relevant aspects that should be taken into account. It is 

argued that the group (say a COICOP) should be persistent (or continuous) , whereas 

the subgroups should be stable and sufficiently homogeneous, to start with. These 

aspects should be judged by inspection and introspection. Furthermore the following 

aspects should be taken into account: the homogeneity of the subgroups, the level of 

detail achieved by the stratification, and overlap which measures how many price 

comparisons can be made. The method proposed is independent of a particular price 

index method. The advantage of this is that we can change the index method but 

maintain the stratification. This allows us also to compare different index methods 

using the same stratification. 
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Also classes of suitable penalty functions are derived, based on homogeneity, detail 

and overlap, as are relevant for a stratification. Such penalty functions can be used as 

objective measures to judge their suitability of stratifications for price index compu-

tation. They have a similar function as the AIC (= Akaike Information Criterion)33 or 

the BIC (Bayesian Information Criterion)34 for the selection of suitable statistical 

models. They could also be used in a dedicated software tool to find good stratificat-

ions. The assumption is that features found in product descriptions are used to define 

strata. If there are many such features the question is which ones to pick. Various 

examples of descriptions used in practice (in scanner data or web data, which are a 

rich source of supplementary information) are presented to give the user an idea of 

the variety of what is available. 

 

The present paper is one of ideas, but not one that puts these ideas to the test using 

real data. That should be the next step: apply the ideas presented to real data, and 

modify them, where necessary.  
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Explanation of symbols 
 

 Empty cellFigure not applicable 

 .Figure is unknown, insufficiently reliable or confidential 

 *Provisional figure 

 **Revised provisional figure 

 2014–20152014 to 2015 inclusive 

 2014/2015Average for 2014 to 2015 inclusive 

 2014/’15Crop year, financial year, school year, etc., beginning in 2014 and ending in 2015 

 2012/’13–2014/’15Crop year, financial year, etc., 2012/’13 to 2014/’15 inclusive 

 

Due to rounding, some totals may not correspond to the sum of the separate figures. 
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