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Abstract: A number of approaches to constructing price indexes using scanner data are 

currently available. This paper provides an overview of the various approaches, shows 

how they relate to each other and summarizes empirical applications by both statistical 

agencies and academic researchers. We focus on “big data” index number methods that 

use all the price and quantity information in scanner data sets, in particular multilateral 

methods, rather than traditional small-sample methods. The paper also identifies topics 

for future research. 
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1. Introduction 

Since its very beginning, it has been customary in the Consumer Price Index (CPI) to 

base price index calculations for consumer goods on a fixed basket of goods. Prices of 

each good are traditionally collected through surveys, for instance, by recording shelf 

prices in shops or by telephone surveys. Statistical agencies plan such surveys in one, 

two or three weeks of each month before publication of CPI figures. Baskets of goods, 

and the corresponding expenditure weights, are often updated by the end of each year in 

order to capture shifts in consumption patterns over time. 

The 70s of the last century marked an important change in processing payments 

of goods in shops, with the introduction of the barcode scanner at counters (the first one 

was introduced in the US in 1974). Transaction data by barcode (“scanner data”) were 

recorded electronically, which could be used by retailers for their own administration. 

This new source of data also opened up new possibilities for academic research and for 

statistical agencies. Scanner data contains the transactions of all goods that have been 

sold, the prices actually paid by consumers, and the quantities sold for each item. In 

contrast, prices collected in traditional surveys are prices offered, quantities sold are not 

available, and the traditional basket is a relatively small sample of the complete universe 

of goods. Electronic data also reduces administrative burden for the outlets where prices 

are collected and may help increase the efficiency of CPI production. 

In spite of their potential, scanner data is still used by only a small number of 

statistical agencies in compiling their CPI. The number of European countries that are 

using scanner data has increased to six in 2016 (Belgium, Denmark, the Netherlands, 

Norway, Sweden and Switzerland). Such a small number may be explained by different 

factors. Some countries have a statistical law, which facilitates statistical agencies in 

obtaining data from retailers. Another factor is the rather long process from establishing 

first contacts with a retailer until data delivery, data analysis and its eventual processing. 

Recent developments suggest, however, that the number of countries that will be using 

scanner data is likely to increase during the coming years.1 

A shift from survey data to scanner data brings about important changes with 

regard to data processing in the CPI. Scanner data sets contain large numbers of items, 

which may even amount to more than 100,000 items per retailer. This means that items 

and associated item information need to be assigned in an efficient way to the relevant 

product categories. Switching from survey data to scanner data also implies a transition 

                                                      
1 The scanner data workshops in Vienna (2014) and Rome (2015) evidenced that several countries are 

expecting their first data, while other countries made concrete steps towards acquiring their first scanner 

data. 
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from a fixed basket of goods to a dynamic universe that contains all goods that have 

been sold. While classical bilateral index formulas may be adequate for a fixed basket, a 

transition to a dynamic universe raises the question as to whether traditional methods 

are still valid. Not only offers scanner data weighting information (in terms of turnover) 

at the individual item level, the universe of goods includes all goods that disappear and 

goods that are introduced into an assortment in the course of a year. 

GTINs provide the tightest definition of a product, i.e. the most homogeneous 

one, which is the level of the individual item. The availability of barcodes in scanner 

data sets might therefore suggest that the problem of setting up product descriptions as 

in traditional surveys does no longer exist. However, barcodes of existing items may 

change, even when unimportant exterior aspects of the packaging of items are modified. 

Old and new GTINs have to be linked in order to capture possible price changes after a 

change in barcode. It is therefore important that scanner data sets contain information 

about item characteristics and/or other information for linking GTINs. More details are 

given in Section 2. 

The remainder of this paper gives an overview of index methods, discusses some 

issues and gives a summary of methods used in different countries based on scanner 

data. Section 3 starts with a review of classical bilateral indexes. These methods may 

become restrictive as the dynamics of product assortments tend to grow. Multilateral 

index number methods are potentially better suited to deal with such situations. Hedonic 

methods will be described but also other types of multilateral methods, including the 

time product dummy method, the GEKS-method and the Geary-Khamis method, which 

were originally developed for international price comparisons. 

Multilateral methods yield simultaneous estimates of price indexes for different 

time periods. The computational procedure is repeated for every new publication period. 

Prices and quantities sold of the new period are added, which may alter product weights 

and price indexes of past periods. However, once published, the CPI cannot be revised, 

apart from exceptional situations. Different approaches have been proposed to deal with 

this “no-revisions constraint” for calculating price indexes in a new period, which are 

discussed in Section 4. 

A summary of price index methods currently used by statistical agencies and 

related applications by academic researchers is presented in Section 5. 

Section 6 concludes and suggests topics for further research. 
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2. Properties of the population, data, and methods 

2.1 Properties of the population 

This paper focuses on index methods that can be applied to scanner data. By scanner 

data we mean data on turnover or expenditures and quantities sold of products specified 

by Global Trade Item Number (GTIN), displayed as a barcode. A GTIN is an identifier 

for trade items. The system comprises, among others, the Universal Product Code and 

the European Article Number (EAN) and is developed and managed by GS1, a private 

company. Since a GTIN refers to trade items, it may apply to both physical goods and 

services upon which there is a need to retrieve pre-defined information and that may be 

priced, ordered or invoiced at any point in a supply chain.2 

Scanner data and barcodes are almost naturally linked to consumer goods. This 

paper focuses on consumer goods and the Consumer Price Index as the primary field of 

application. However, the index number methods described in this paper can be applied 

in a broader context. Examples are producer prices for goods and services, such as 

health care and education, provided of course that detailed information is available on 

prices and quantities sold. 

The main classification system of goods and services used for CPI purposes is 

COICOP (Classification Of Individual Consumption by Purpose). COICOP is published 

by the UN Statistics Division and distinguishes between expenditures of households, 

non-profit institutions serving households and general government. The CPI typically 

relates to expenditures of households (see ILO et al., 2004). The COICOP classification 

system consists of 14 so-called Divisions, which are subdivided into Groups and then 

Classes. For the European Harmonized Index of Consumer Prices (HICP), these Classes 

are further subdivided into “Subclasses”, which are the lowest publication levels of the 

HICP. 

While COICOP, or COICOP/HICP, provides a useful reference classification, it 

needs to be detailed further for CPI construction as the Classes or Subclasses are still 

too heterogeneous in the sense that they will typically contain many different products 

and product varieties in terms of brand, package content, etc., which have to be treated 

as separate items for making price comparisons. A next step could be to subdivide the 

(sub)classes even further into more homogeneous strata, depending on how the scanner 

data is obtained. Often the data provider – either a retail chain or a market research 

company – uses its own detailed product classification system, which might be helpful 
                                                      
2 More details can be found at: http://www.gs1.org/gtin. 
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in this respect, as long as this system can be linked to COICOP. But even these strata 

will generally contain different product varieties. 

An essential question that needs to be answered when compiling price indexes is 

how to define items that will be “homogeneous enough” for making price comparisons. 

At a particular point in time and at a particular outlet, GTINs represent homogeneous 

items. However, this does not necessarily mean that GTIN constitutes the suitable level 

of product differentiation; this level can sometimes be too detailed for CPI purposes. 

GTINs are assigned according to allocation rules which may hamper comparisons over 

time. Existing items may receive a new GTIN, for instance, in order to fit them into a 

new product line. Changes to packaging and product formulation may give rise to a new 

GTIN, even if the item in question remains the same from the consumer’s perspective in 

terms of content and other relevant attributes. When fully comparable items (but with 

different GTINs) return to the store shelves at different prices, their price changes will 

obviously not be captured if GTIN would be used as item identifier. 

The extent of the problem of such “disguised” price changes for “relaunches” of 

fully comparable items may differ across different types of consumer goods. Disguised 

price increases of relaunches occur frequently in the Dutch drugstore market (Chessa, 

2013). Yearly assortment renewals are not uncommon in the clothing market, especially 

in trendy segments, and price indexes constructed at the GTIN level may drop to almost 

zero within a few years (Chessa, 2015). These examples illustrate that the dynamics or 

item churn of product categories is a key property when describing the population of 

consumer goods, and should be a point of attention when analyzing and using scanner 

data for price measurement. 

The above examples also illustrate the need for having additional information, in 

particular on the price-determining characteristics, in order to be able to compare “like 

with like”, which is fundamental to the construction of (quality-adjusted) price indexes. 

Without characteristics information it will be difficult if not impossible to determine 

whether or not two items with different GTINs are fully comparable, i.e. to notice and 

properly deal with relaunches, or adjust for quality change if the items have different 

characteristics. 

Product definition is an essential part of price index construction, but we do not 

go into this topic in detail as this paper focuses on methods for the treatment of scanner 

data in the CPI rather than conceptual issues. Yet, the considerations mentioned above 

are relevant for defining requirements for scanner data sets, which will be discussed in 

the next section. 
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2.2 Properties of the data 

Scanner data is a form of transactions data. The core data is values (in terms of turnover 

or expenditures) and quantities sold, usually at the GTIN level. The appropriate concept 

of price for an item sold in some time period is the unit value, which is defined as the 

ratio of total value and total quantities sold in that period, in other words, the average 

price actually paid by consumers.3 Scanner data allows statistical agencies to calculate 

unit values and unit value indexes at the item level and to aggregate these up using any 

index number formula. 

Most scanner data sets also contain short item descriptions. As we argued in 

section 2.1, additional information – also referred to as meta-data – may be required for 

the construction of quality-adjusted price indexes. Ideally, the statistical agency would 

have the following information at its disposal for each GTIN. 

 The time period to which the transactions data pertain. 

Values and quantities sold are usually aggregated across some time period by the 

data supplier. The aggregated data should be available at least by week so that 

the statistical agency can do a further aggregation over time according to its own 

rules. 

 An outlet indicator. 

Transaction data is preferably specified at the individual store level, allowing the 

agency to choose the appropriate aggregation across stores. If the data cannot be 

supplied for individual stores, a distinction by retail chain (type of outlet) should 

at least be available, including a distinction between purchases in physical stores 

and online purchases. 

 Descriptive information.4 

As mentioned earlier, short textual descriptions (at the GTIN level) are usually 

part of the scanner data sets. Although these descriptions contain information on 

the characteristics of the items, it may prove difficult to extract this information 

in an automated fashion and, more importantly perhaps, the information may not 

cover all details needed, including brand, content, unit of measurement, color, 

etc. Thus, information on the most important characteristics, preferably given in 

a format that enables automated processing, would be worthwhile. 
                                                      
3 See Balk (1998) and Consumer Price Index Manual: Theory and Practice (ILO et al., 2004). Bradley 

(2005) and Triplett (2003) discussed a number of potential problems when dealing with unit values from 

scanner data. 

4 Most countries in Europe also compile an HICP excluding changes in tax rates (VAT and excise duties). 

It would therefore be helpful if the required information would be available as well. 
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 Other relational information. 

It was also mentioned earlier that having a classification of items into groups as 

used by the retailer (or market research company) for its own purposes might be 

useful to increase homogeneity of product categories. Internal product codes, or 

“Stock Keeping Units” (SKUs), can also be beneficial. 

Some of the above points need further elucidation. Consumers may return items 

to a store. Turnover and quantities sold should therefore include returns. An important 

point of attention is that retailers may process item returns in the week in which they are 

returned, which may differ from the week in which items were purchased. Prices in the 

two weeks may be different. In order to compute correct transaction prices, turnover and 

quantities sold that apply to returned items should be included separately in the data. 

In most countries, the CPI is published as a monthly statistic.5 Strict publication 

deadlines apply, which have consequences for the timeliness of data deliveries. Weekly 

data deliveries offer clear advantages in this respect over data that is aggregated by the 

supplier across several weeks and supplied by the end of a month. Statistical agencies 

themselves can convert weekly prices into monthly prices by time aggregation. Due to 

timeliness constraints, less than four weeks of data are generally used for this purpose.6 

The number of weeks differs across countries, e.g., midweek in Norway, the first 14 

days in Switzerland and the first three full weeks in The Netherlands. 

A distinction of transaction data by store, or type of store, is relevant because the 

service offered may differ across stores in terms of opening hours, terms and conditions 

for returns and reimbursements, etc. Service therefore has to be taken into account when 

defining homogeneous products. 

As was suggested in section 2.1, one way to deal with the “relaunch problem” 

would be to define items by the most important price-determining characteristics rather 

than by GTIN. Put differently, different GTINs that share the same set of characteristics 

are deemed to represent the same (fully comparable) item, and turnover and quantities 

sold of the various GTINs can be simply aggregated. Statistical agencies may want to 

ask the data suppliers to provide the information about item characteristics in separate 

fields; if the information is provided as text strings, some form of “text mining” must be 

applied, which can be time consuming. The question arises, of course, as to whether the 

characteristics information in a scanner data set is sufficient to guarantee homogeneity 

                                                      
5 Australia and New Zealand are the only two OECD countries where the CPI is published at a quarterly 

frequency. 

6 However, this can lead to bias in the index; see Fox, Diewert and De Haan (2016). 
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within groups of GTINs. If the data set contains only a limited amount of information 

on characteristics, statistical agencies should consider complementing the information 

one way or another. 

An alternative and perhaps more efficient approach to reducing the “relaunch 

problem” and defining homogeneous items might be the use of the retailer’s SKUs, its 

internal product codes. It is important to carefully study, for each scanner data set, the 

relationship between SKUs and GTINs. Is it a one-to-one relationship, is there at least 

one GTIN for each SKU, or do we encounter different SKUs for a single GTIN? 

2.3 Properties of methods 

It is customary to evaluate the accuracy of a sample statistic by the mean squared error, 

the sum of its variance and squared bias. This may not be very helpful for assessing the 

accuracy of a time series of price (and quantity) indexes, in particular when the indexes 

are based on scanner data. A scanner data set for a product category typically covers the 

whole population or universe of items so that there is no sampling of items needed. It 

should be mentioned though that some statistical agencies have implemented scanner 

data based on small samples. 

This is not to say that price indexes from scanner data are without error. A time 

series of indexes can be deemed biased if its trend differs systematically from the “true” 

underlying trend. An obvious difficulty is that the “true” trend is unknown. Fortunately, 

index number theory provides some guidance as to the appropriate measurement target. 

Nevertheless, as will be explained in section 4, many choices still have to be made, and 

it is therefore not always immediately clear what the appropriate target or benchmark 

price index is. 

Volatility can also be seen as an aspect of quality of a time series. Price indexes 

from scanner-data can be quite volatile because of temporary price reductions in case of 

promotional sales. But the volatility due to sales prices reflects a genuine phenomenon 

and should not be smoothed out. More generally, volatility of a price index series at the 

product level is much less important than bias since we expect volatility to be reduced 

considerably when aggregating across products. So it is different types of bias we will 

mainly focus on to characterize the various methods. 

Three potential sources of index bias are: a lack of weighting, high-frequency 

chaining, and poor adjustment for quality changes. Index number theory suggests that 

items should be weighted according to economic importance. As weighting information 

(quantities or expenditures) is always available in scanner data, it ought to be used. The 
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two best-known weighted index number formulas are those of Laspeyres and Paasche. 

Their geometric average defines the Fisher index, which is superlative (Diewert, 1976). 

Superlative indexes have satisfactory properties (ILO et al., 2004). Another example of 

a superlative index is the Törnqvist index. In spite of the available detailed weighting 

information, several statistical agencies have actually implemented scanner data without 

weighting at the item level. 

Standard index number theory is concerned with bilateral comparisons in a static 

universe of items, where the prices of a fixed (static) set of items in one or more periods 

are directly compared with the prices in some earlier (fixed) base period. In the static-

universe case, the use of a bilateral superlative price index formula is probably the best 

way to measure aggregate price change. However, scanner data, or other highly detailed 

transactions data in general, usually shows a big churn in terms of new and disappearing 

items. Put differently, we are typically faced with a dynamic universe, and this requires 

special attention. 

There are two issues involved. First, it is important to maximize the number of 

matches in the data set: the matched-model principle ensures that we compare like with 

like and is the basic idea behind price measurement. So in a dynamic-universe context, 

some form a chaining is called for to construct the time series. Given the big churn rate 

often observed in scanner data, high-frequency chaining, in particular period-on-period 

chaining, seems reasonable. However, period-on-period chaining of weighted indexes, 

including superlative indexes, can lead to significant drift as a result of non-symmetric 

effects on quantities sold and expenditure shares before and after storable goods are on 

sale; see e.g. Ivancic (2007), Ivancic, Diewert and Fox (2011), and De Haan and Van 

der Grient (2011). There are methods available that are transitive, hence free from chain 

drift, including weighted multilateral indexes. In section 3.2. a number of these methods 

will be discussed. 

The second issue is that adhering to a matched-model approach may not suffice, 

even in a multilateral framework. This approach assumes that the unmatched new and 

disappearing items do not contribute to aggregate price change or, in other words, that 

the implicit price change of new and disappearing items does not differ from that of the 

matched items. For products that exhibit significant quality changes, for example high-

technology goods such as consumer electronics, this is a very restrictive assumption. A 

proper price index is explicitly adjusted for quality change, which requires information 

on the price-determining characteristics of the items. Typically, hedonic regressions are 

used, which make these methods model-based and prone to model error. This is also 

true for non-hedonic multilateral regression methods. When only a subset of all relevant 
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characteristics is available, hedonic indexes can still be estimated, but omitted variables 

bias will occur. It remains to be seen whether the results are acceptable. 

It was mentioned earlier that the issue of what constitutes an item is an important 

one. Readily available item identifiers (or keys) such as GTIN may be too detailed for 

CPI purposes since different GTINs can represent items which are perfect substitutes 

from a consumer’s perspective (Reinsdorf 1999; De Haan, 2002). Item churn will then 

be overestimated and matched-model price indexes will be based on fewer matches than 

desirable. Most importantly, price changes of fully comparable items, i.e. items whose 

GTIN has changed but which have stayed the same in terms of their characteristics, will 

not be captured by a method based on exact matching of GTINs (but they will be picked 

up by hedonic regression methods). There is some evidence that such “disguised” price 

changes have become more common in recent years. 

Another issue concerns the sample period, particularly for multilateral methods 

where the sample or estimation period is (initially) fixed. Of course in reality the sample 

period is extended every month or quarter. When estimating multilateral indexes on the 

extended data set, the results for the earlier periods will differ from those previously 

estimated (albeit often slightly). Statistical agencies do not accept revisions of their CPI. 

A rolling window approach has been proposed to deal with the problem, but there may 

be other ways to circumvent revisions. Details will be given in section 4. 

3. An overview of methods 

3.1 Matched-model indexes and period-on-period chaining 

3.1.1 Index number formulas for a static universe 

We assume that the transactions at the item level have been aggregated across time (and 

individual consumers) into monthly or quarterly expenditures, quantities purchased and 

unit values. The unit values can relate to a single retail store, a chain of stores, such as a 

supermarket chain, or even more than one chain, although the latter should probably be 

advised against; see Ivancic and Fox (2013). Because scanner data is often characterized 

by a big churn in terms of new and disappearing items, at least when items are identified 

at the most detailed level, i.e. by GTIN, we focus on methods for a dynamic universe. 

Yet, to set the stage, we briefly describe two standard index number formulas and a less 

conventional one for the static-universe case. 
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We denote the fixed set of items belonging to some product category by S and its 

size (the number of items) by N. The aim is to construct price indexes which compare 

the base period 0 – the starting period of our index series – to, say, T periods t. The 

prices (unit values) of each item Si  in periods 0 and t are denoted by 0
ip  and t

ip . If 

quantity or expenditure information is not available, the international CPI Manual (ILO 

et al., 2004) recommends the “direct” or bilateral ratio of unweighted geometric means 

or Jevons price index 
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Note that if the product category is perfectly homogeneous, then 1/ bi  for all i and (3) 

simplifies to the ordinary unit value index. For later use, the last expression of (3) writes 

the generalized unit value index as the ratio of harmonic averages of ‘quality-adjusted 

prices’ defined as biii pp /
00 /~   and bi

t
i

t
i pp //~  . 

While the standardization factors are preferably estimated using information on 

both prices and item characteristics, they can be estimated using prices only. We could 

assume that relative prices for broadly comparable items reflect quality differences. For 

example, setting 00
/ / bibi pp  turns the generalized unit value index into the Paasche 

price index; the corresponding quantity measure then is the Laspeyres quantity index. A 

disadvantage of the generalized unit value approach is that, except for 00
/ / bibi pp , the 

index violates the identity test (but the quantity index does satisfy this test). This test, or 

axiom, requires a price index to equal 1 if the prices of all items in period t are equal to 

those in period 0. It can be argued, however, that this axiom is not relevant here because 

standardization makes the ‘composite item’ fully homogeneous. 

The generalized unit value index and the Jevons index are transitive: the results 

of price comparisons between any time periods are independent of the choice of base 

period, which in our case is the starting period 0. Transitivity implies that an index can 

be expressed as a period-on-period chained index. Like other superlative indexes, the 

Törnqvist index is not transitive. In the static-universe case, a violation of transitivity is 

not overly important since bilateral indexes can be used and chaining is not required. 

Transitivity is important for (weighted) indexes in a dynamic-universe context, to which 

we now turn. 

3.1.2 Period-on-period chaining 

We denote the sets of items in period t ),...,0( Tt   by tS , with size tN . Index number 

methods for a dynamic universe can be classified as to whether or not they explicitly 

take into account new and disappearing items using information on item characteristics. 

Methods that do are referred to as quality-adjusted methods and will be discussed in 

section 3.3. Methods that do not explicitly account for unmatched new and disappearing 

items are referred to as matched-model methods. 

Given the high rate of item churn often encountered in scanner data, at least at 

the GTIN level, maximizing the number of matches is useful. The CPI Manual (ILO et 

al., 2004) recommends chaining matched-model superlative price indexes, e.g. chaining 

period-on-period Törnqvist price indexes 
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as we know now, high-frequency chaining of weighted price indexes should be avoided 

as that often leads to a drifting time series. 

Because it is systematic patterns in the weights that cause the problem, a simple 

way to avoid chain drift would be not to weight and construct a time series by chaining 

period-on-period matched-model Jevons indexes 
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where tt
MN ,1  is the corresponding number of matched items. From a theoretical point of 

view, the lack of weighting is problematic. A solution to the chain-drift issue might be 

the construction of weighted transitive multilateral price indexes, which are free from 

chain drift by definition. 

3.2 Multilateral indexes: transitivizing bilateral indexes 

Multilateral price index methods are typically applied to compare price levels across 

countries or regions to make the comparisons transitive. Transitivity is a very desirable 

property for spatial comparisons because the results will be independent of the choice of 

base country. Well-known methods are the GEKS (Gini, 1931; Eltetö and Köves; 1964; 

Szulc, 1964) method, the Geary-Khamis method (Geary, 1958; Khamis, 1972), and the 

Country-Product Dummy (CPD) method proposed by Summers’ (1973). For details on 

the various methods, see Balk (1996, 2001), chapter 7 in Balk (2008), Diewert (1999) 

and Deaton and Heston (2010). 

Multilateral spatial price comparisons can be easily adapted to comparisons over 

time. We distinguish between two types of multilateral methods. The first type, which is 

discussed in the present section, starts from a set of matched-model bilateral indexes, 

i.e. price comparisons between pairs of time periods, and then “transitivize” the bilateral 

price comparisons. The second type of multilateral methods, described in section 3.3, 

attain transitivity in some other way. 
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3.2.1 GEKS and weighted GEKS 

The intertemporal GEKS method relies on all the matches in the data across the entire 

sample period T,...,0  (instead of only adjacent-period matches). The GEKS price index 

between period 0 and period t is calculated as the geometric average of the ratios of the 

matched-model bilateral price indexes ljP ,  and lkP , , constructed with the same index 

number formula, where each period l is taken as the base. In case the bilateral indexes 

satisfy the time reversal test, the GEKS index can be written as (see Ivancic, Diewert 

and Fox, 2011 or De Haan and Van der Grient, 2011)7 
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The time reversal test requires that when the base period and the comparison period are 

reversed, the index should be the reciprocal of the original index. In its standard form, 

the GEKS method uses bilateral Fisher indexes as inputs, but other choices are possible 

as well, including bilateral Törnqvist indexes. The window length is a point of concern 

as different choices will give different answers. Ivancic, Diewert and Fox (2011) argue 

that a 13-month window may be optimal because it is the shortest window that can deal 

with strongly seasonal goods. Enlarging the window would increasingly lead to a loss of 

characteristicity, i.e. short-term price movements will be increasingly affected by price 

changes in the distant past. 

It is possible to formulate weighted GEKS indexes, which may take into account 

the reliability of the bilateral price indexes; see e.g. Rao (1999) (2001). Melser (2015), 

proposed a weighted GEKS approach where the weights are dependent on the degree of 

matching of the items, for example in terms of their expenditure shares. In this case, the 

choice of window length may not be a big issue after all because less reliable bilateral 

indexes – those with a lower degree of matching – will be suitably down-weighted. This 

potentially enables the use of a longer window. 

3.2.2 Methods based on spanning trees 

Hill (1999a,b) developed methods for spatial price comparisons using spanning trees.8 A 

spanning tree is a concept from graph theory. For background material on some basic 
                                                      
7 According to Lamboray and Krsinich (2015), the GEKS method suffers from a form of asymmetry and 

they proposed a modified version, referred to as the intersection GEKS index. A potential problem with 

their approach is that the intersection GEKS index is not transitive while transitivity is the main reason for 

using a multilateral index number method for a dynamic universe. 

8 Balk (2008, section 7) provides a useful outline of Hill’s spanning tree approaches. 
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concepts and notions from graph theory, see for example Balakrishnan (1997) or Van 

Steen (2010). The key-idea of Hill’s approach is that a spanning tree is a supplier of 

paths which is used to calculate price indexes between two states (two countries, or in 

our context two time periods). Which spanning tree actually to use is, to a large degree, 

a matter of taste. Hill proposes two methods to find optimal spanning trees, but there are 

other ways to do so. 

The essence of the methods is that they use chaining of certain bilateral indexes, 

which are associated with the spanning tree chosen,9 to calculate a price index between 

any pair of states. If there are � different states, � − 1 bilateral indexes are required. If 

two states, say � and �, are compared, the spanning tree provides the (unique) path 

connecting � and �, say � = ��, ��, … , �� = �. Hence, a chain index ∏ ���,�������
���  can 

be calculated, where ���,���� is the bilateral index between the ordered pair of states 

(��, ����). This bilateral index is an arc on the (oriented) spanning tree. 

The results depend on the choice of spanning tree; two different spanning trees 

generally produce different results. In section 3.2.3 below, we discuss a method which 

avoids this kind of dependency. 

3.2.3 Cycle method 

Willenborg (2010) developed the “cycle method” in reaction to the methods discussed 

in the previous section.10 The cycle method provides an adjustment method which does 

not depend on the choice of spanning tree. That is, while the method uses a spanning 

tree to calculate the adjustments, the actual choice of spanning tree does not matter; any 

spanning tree would yield the same result.11 

Assume we have � states and assume they are assembled in a set �. Suppose that 

for certain ordered pairs of states (�, �) price indexes have been calculated; � denotes 

the reference state and w the reporting state. We refer to such an ordered pair of states as 

an arc. Assume there are � such arcs. The set of arcs � together with the set � define a 

directed graph, or digraph, � = (�, �). In this context we call it a price index digraph 
                                                      
9 A spanning tree for a graph � = (�, �) where V is the set of points and E the set of edges, which are 

sets consisting of two points from V, is a subgraph � = (��, ��) such that �� = � and �′ ⊆ � and it is 

without any cycles. A cycle in a graph is a closed path in this graph. 

10 The method is based on Willenborg (1993), an unpublished paper which was inspired by problems in a 

totally different area, namely land surveying. 

11 For an application to price indexes based on data from web shops, see Willenborg (2015a,b). 

Willenborg and Van der Loo (2016) is another application of the cycle method to clothing data collected 

from a web shop. 
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(PIDG).12 For arc � = (�, �), let �� = ��,� denote the corresponding price index. It is 

understood that if �� = ��,� is the price index associated with arc �, then ����
��

=

(��,�)�� = ��,� is associated with the reversed arc. Let �� = ln���� = ln(��,�)  be the 

log price index of �� = ��,�, where � = (�, �) is an ordered pair of states. Let � denote 

the vector with the log price indexes as components. We assume that the initial PIDG G 

is not transitive, and that the cycle method is used to produce a transitive adjustment. 

We also assume that an � × � weight matrix  �, to be specified by the practitioner, is 

available which is nonsingular, diagonal, and nonnegative. The �-th diagonal element of 

�, i.e. ���, denotes the weight associated with arc � of �. � regulates how much the 

price indexes associated with the respective arcs in � can be perturbed. 

The PIDG � is supposed to have at least one cycle (otherwise there would be no 

problem with transitivity). To calculate a cycle matrix for �, some spanning tree for � 

should be chosen. Willenborg (2010) explains how this can be done efficiently. Let � 

denote the resulting cycle matrix. It is a matrix of order (� − � + 1) × �, where � is 

the number of edges in � and � the number of its points. � is actually a (-1, 0, 1) matrix. 

If � = �����, � indexes the elementary cycles and � the arcs. Suppose that � = (�, �), 

then ��� = 0 if arc j is not an arc on cycle i, ��� = 1if � is part of cycle i, and ��� = −1 if 

the reverse of arc j, i.e. (�, �), is part of cycle i. 

Let �� denote an adjustment of � that satisfies the cycle condition ��� = 0. We 

assume that �� is obtained by minimising the expression (� − �)′���(� − �) under the 

condition �� = 0. The result can be calculated using the Lagrangian multiplier 

method.13 In our case we have: 

�� = � − ���(����)���� = (�� − ��′(����)���)� = ��,          (7) 

where �� is the � × � identity matrix and with � = �� − ��′(���′)���, which is 

an � × � matrix. Note that �� = 0, which implies that ��� = 0, as required. It can be 

proved that the adjustment �� in (7) does not depend on the choice of spanning tree that 

is used to calculate the cycle matrix. 

The above analysis is in terms of log indexes. By exponentiating the components 

of �� one finds the adjusted price indexes. They have the property that the product of all 

the adjusted indexes belonging to an arc on any cycle in the PIDG equals 1. From this it 
                                                      
12 In fact it is more adequate to call the triple (�, �, �), where � is a vector of price indexes, or of their 

logarithms, a PIDG (see below). 

13 In a statistical context we would be dealing with a Restricted Generalized Least Squares (RGLS) 

estimator. Our setting is deterministic rather than stochastic because there are no observations with errors, 

yielding random variables, but the results are the same as in a stochastic setting. 
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follows that if one wants to calculate the price index between a base point in the PIDG 

and a reference point, one can take any path in the PIDG and multiply the price indexes 

corresponding to the arcs on the path. The result is independent of the path chosen, and 

this is exactly the purpose of the cycle method. 

Just like with weighted GEKS, the cycle method can give different weights, via 

the weight matrix �, to the indexes for the different pairs of states. The cycle method is 

more general than (weighted) GEKS, however. In particular, it does not require indexes 

to be available for all ordered pairs of states, i.e. the PIDG does not necessarily have to 

be complete.14 Moreover, the initial price indexes need not satisfy the time reversal test. 

The choice of window length is not a problem either when applying the cycle method; it 

is up to the statistician to decide what arcs to take into account. If she wants to consider 

only pairs of months of not more than, say, 12 months apart, this would be fine. The 

PIDG will then simply have less arcs than the maximum possible number of months in 

the time window. 

3.3 Other multilateral approaches 

3.3.1 Geary-Khamis method 

The Geary-Khamis (GK) method, when applied to comparisons over time, gives rise to 

the following price index: 
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The numerator of (8) is a price index with “reference prices” ip


 (usually referred to as 

international prices in the spatial context). We require the value to be 1 in the starting 

period 0, so it will be necessary to normalize the index by dividing by its period 0 value, 

the numerator of (8). The reference prices in (8) are calculated as follows: 
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14 If there are � states, the PIDG has a maximum of �� ordered pairs, or arcs in the corresponding 

maximum PIDG. 
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where iS  is the set of time periods in which item i is actually sold and for which prices 

are available. Equation (9) shows that ip


 is equal to a weighted arithmetic average of 

the deflated observed prices, with each period’s share in the total number of sales of the 

item (across the entire sample period) serving as weights. Since the GK index itself acts 

as the deflator, equations (8) and (9) must be solved simultaneously. This can be done 

iteratively or as the solution to an eigenvalue problem (Diewert, 1999). 

The GK index can alternatively be written as 
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i.e., as the value index 0

0 0/t
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latter should be viewed as a quantity index if we require the product of the (GK) price 

index and the quantity index to be equal to the value index. Expression (10) makes clear 

why the GK price index is transitive: both the value index and the quantity index are 

transitive. Transitivity of the quantity index holds because the index can be expressed as 

a period-on-period chained Lowe-type index 
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with reference prices 0
ip


 that are fixed across the sample period 0,...,t T . 

The GK method has been criticized in spatial comparisons for giving too much 

weight to very large countries (in terms of quantities sold). This so-called Gerschenkron 

effect resembles substitution bias in the intertemporal context. Alternative weighting 

schemes have therefore been proposed, using the items’ turnover (expenditure) shares in 

the periods they are sold, which likely mitigates the impact of large countries, or in our 

case time periods, with many sales. Also, instead of an arithmetic average, a harmonic 

average of the deflated prices could be chosen. Iklé (1972) proposed the expenditure-

share weighted harmonic average as an alternative to (9): 
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where ,0
IKLP  is defined as the second expression on the right-hand side of (8) and thus has 

the same form as the GK index. 
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3.3.2 Time-product dummy method 

The Country Product Dummy (CPD) method known from spatial price comparisons is a 

regression-based approach. The version for temporal comparisons was referred to by De 

Haan and Krsinich (2014) as the Time Product Dummy (TPD) method. Assuming there 

are N different items observed during the sample period, most of which will typically 

not be purchased in every time period, the regression model for the pooled data of all 

periods T,...,0  can be written as 

t
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ln ,       (13) 

where iD  is a dummy variable that has the value of 1 if the observation relates to item i 

and 0 otherwise (a dummy for item N is excluded to identify the model), and t
iD  is a 

time dummy that has the value 1 if the observation pertains to period t and 0 otherwise. 

The parameters i  are item fixed effects. Exponentiating the estimated time dummy 

parameter t̂  yields the TPD index going from period 0 to period t, i.e. )ˆexp(,0 tt
TPDP  . 

The TPD index is transitive because the regression results are independent of the choice 

of base period (which in this case is the starting period 0). 

Following Diewert’s (2004) proposal, we assume that model (13) is estimated by 

Weighted Least Squares (WLS) regression with expenditure shares as weights. It turns 

out that the TPD method can then be written as a system of equations which is similar to 

the Iklé system, the main difference being that geometric averages rather than harmonic 

averages are taken; see also Rao (1990) (2005). A useful way of writing the TPD index 

is (De Haan and Hendriks, 2013) 
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and it can be shown that the exponentiated fixed effects estimates are equal to 
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That is, we can interpret the )ˆexp( i  as reference prices, which in this case are equal to 

expenditure-share weighted geometric averages of the deflated prices, where the time-
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product dummy index now serves as deflator.15 Given the similarity of the TPD system 

and the Iklé system, we would expect them to yield quite similar results. 

GK, Iklé and TPD are essentially matched-model methods; to affect the price 

index, an item should be observed at least twice during the sample period. This is easy 

to understand: an item can only contribute to aggregate price change if a price relative is 

available for that item. Put otherwise, items with a single observation during the sample 

period are zeroed out. One implication is that items which are new in the most recent 

period T are ignored. 

3.3.3 Discussion 

It should be noted that the usefulness of matched-model multilateral methods, including 

GEKS, may depend on how items are identified, as pointed out in section 2.2. Using 

GTINs to identify items, “disguised” price changes of homogenous products with 

changing GTINs – or “relaunches” as we called them – will not be noticed. This was the 

main reason why Greenlees and McClelland (2010) and De Haan and Hendriks (2013) 

found severe downward biases in, respectively, GEKS and (unweighted) TPD indexes 

for apparel. Downward bias would probably also result for strongly seasonal products if 

“the same” items had different GTINs in different years. After adjusting for relaunches, 

multilateral index number methods are perfectly suitable for treating strongly seasonal 

products; for early applications, see Balk (1980) (1981). 

One property of all weighted multilateral methods should be mentioned here: 

they violate the identity test. That is, in the static-universe case, where there are no new 

or disappearing items across the sample period, the price index going from period 0 to 

period t will in general not be equal to 1 when the prices of all items stay the same. We 

do not worry too much about this failure. Transitivity, or more generally, a properly 

measured trend, is of greater importance in a time series context. 

                                                      
15 We can interpret the reference prices in both the TPD, Iklé and GK methods as estimates of the period 

0 prices because the period t prices are deflated and expressed “in period 0 values”. Hence, the numerator 

of equation (8) for the GK and Iklé indexes can be viewed as a Paasche-type index where the base period 

prices for all items sold in period t are imputed according to (9) or (12). Similarly, the TPD index can be 

viewed as a geometric Paasche-type index with imputed period 0 prices based on (15); the exponentiated 

fixed effects are equal to the predicted period 0 prices, and the denominator of (14) is equal to 1 since the 

regression residuals sum to zero in each period. Note that when all items match across the sample period, 

these multilateral indexes will differ from the true (non-transitive) Paasche or geometric Paasche indexes. 
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3.4 Quality-adjusted methods 

Hedonic regression has become the default approach to adjusting for quality change. It 

is probably also the only explicit quality-adjustment approach that can be automated to 

a considerable degree, which is a prerequisite for feasible treatment of big data. So if a 

method explicitly controls for quality change, we assume that hedonic adjustments have 

been performed. In this section, we will discuss weighted methods only. 

3.4.1 Hedonic imputation indexes 

The set of items sold in the base period, 0S , can be split into a set of matched items 

which are still sold in period t, t
MS 0 , and a set of unmatched disappearing items t

DS 0  

which are no longer available. Likewise, the period set of items, tS , can be split into 
t

MS 0  and a set of unmatched new items, t
NS 0 , which were not sold in the base period. 

From an index number perspective, the period t prices for all t
DSi 0  and the period 0 

prices for all t
NSi 0  are ‘missing’ and have to be imputed by t

ip̂  and 0ˆ
ip . As mentioned 

above, we assume that the imputations are based on hedonic regressions. The (single) 

hedonic imputation Törnqvist price index reads16 
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The natural approach would be to run hedonic regressions for each time period 

separately to estimate the imputed values, for instance using a log-linear model: 
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where ikz  denotes (the quantity of) characteristic k for item i and t
k  the corresponding 

parameter; the errors t
i  are independently distributed with zero mean. To save degrees 

of freedom, a pooled regression might be considered. In the present bilateral case, the 

following model could be estimated on the pooled data of the item sets 0S  and tS  in 

the two periods 0 and t: 
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16 A double imputation approach, where observed prices for unmatched items are replaced by estimated 

prices as well, might reduce bias due to omitted hedonic variables (Syed, 2010). Feenstra (1995) proposed 

“exact” hedonic superlative indexes where all prices, including those for the matched items, are estimated 

using hedonic regression; for an empirical application, see Ioannides and Silver (2003). 
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where the time dummy variable t
iD  has the value 1 if the observation pertains to period 

t and 0 otherwise; the parameters for the characteristics are now constrained to be fixed 

across time. The quality-adjusted bilateral time dummy hedonic index between period 0 

and period t is found by exponentiating the estimated time dummy parameter, i.e. by 

)ˆexp( t . De Haan (2004) proposed the use of weights 2/)( 0 t
ii ss   for t

MSi 0 , 2/0
is  for 

t
DSi 0  and 2/t

is  for t
NSi 0  in a WLS regression to estimate model (18). This yields an 

imputation Törnqvist price index (16) where the imputed prices are based on the pooled 

regression. Notice that the regression weights are equal to the item weights in (16). 

A disadvantage of a bilateral hedonic imputation price index such as (16) is that 

i) unlike multilateral indexes, it does not make use of all the matches in the data across 

the sample period, and ii) due to item churn, the index will increasingly rely on model-

based imputations as the percentage of matched items decreases over time. Thus, some 

form of low-frequency chaining, e.g. annual linking in December of each year, cannot 

be avoided. Again, period-on-period chaining should be avoided due to potential chain 

drift in weighted indexes. 

3.4.2 Multilateral hedonic indexes 

One approach to incorporating new and disappearing items in a multilateral context is 

the use of bilateral hedonic imputation rather than matched-model indexes as inputs in 

the GEKS index. De Haan’s (2004b) proposal for estimating weighted bilateral time 

dummy hedonic indexes could be used. The resulting Imputation Törnqvist GEKS price 

index is quality-adjusted, transitive and preserves all the matches in the data across the 

sample period T,...,0 . 

An alternative, and easier to implement, method for estimating quality-adjusted 

multilateral price indexes is the multi-period weighted time dummy hedonic approach. 

Instead of using data for just two periods, the log-linear hedonic model 
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is estimated on the pooled data of all periods; the time dummy t
iD  has the value 1 if the 

observation pertains to period t ),..,0( Tt   and 0 otherwise. The resulting time dummy 

hedonic (TDH) index, )ˆexp(,0 tt
TDHP  , is transitive because the regression results do not 

depend on the choice of base period, similar to the pooled time-product dummy model 

given by (13).17 

                                                      
17 Due to the non-linear transformation, the time dummy indexes are not unbiased. Kennedy (1981) and 

Van Garderen and Shah (2002) discussed bias-correction terms. Usually, the bias will be small and can be 
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If a WLS regression is run with expenditure shares as weights, the TDH index 

can be written as (De Haan and Krsinich, 2014a) 
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The exponentiated factor in (20) adjusts the ratio of weighted geometric average prices 

for changes in the weighted average characteristics. The second expression on the right-

hand side of (20) writes the index as the ratio of expenditure-share weighted geometric 

averages of estimated quality-adjusted prices, defined as ]ˆexp[/~̂
1

00  


K

k ikkii zpp   and 

]ˆexp[/~̂
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K

k ikk
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i zpp  . By comparing the items i with an arbitrary base item b, the 

quality-adjusted prices are written as ])(ˆexp[/)ˆ/ˆ/(~̂
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3.4.3 Quality-adjusted unit value indexes 

It is straightforward to adapt the generalized unit value index (3) to a dynamic universe. 

Assuming we may add up standardized quantities, the quantity index defined on 0S  and 
tS  becomes  
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where biii pp /
00 /~   and bi

t
i

t
i pp //~   are quality-adjusted prices, as before, and where 

b is again an arbitrary base item. De Haan (2004b) referred to (21) as a quality-adjusted 

(rather than generalized) unit value index because the effects of new and disappearing 

items are now explicitly taken into account. 

Provided that information on item characteristics is available, the standardization 

or quality-adjustment factors bi /  in (21) can be estimated using hedonic regression. De 

Haan (2015a) proposed the use of the weighted pooled time dummy hedonic regression, 

which is equivalent to using the quality-adjusted prices 0~̂
ip  and t

ip̂~  defined below (20) 

as estimates of 0~
ip  and t

ip~  in (21). This may seem a bit strange as we would now have 

two different measures of quality-adjusted price change: the time dummy hedonic index 

                                                                                                                                                            

ignored. For a comparison of time dummy hedonic and hedonic imputation indexes, see Diewert, Heravi 

and Silver (2009) and De Haan (2010). 
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(20) and an quality-adjusted unit value index, based on the same quality-adjusted prices. 

How should we choose between the two measures? 

The quality-adjusted unit value index simplifies to the ordinary unit value index 

if the product category is perfectly homogeneous, i.e. if all the items have the same set 

of characteristics, or 1/ bi  for all I. This property of the quality-adjusted unit value is 

certainly useful. The practical relevance may be limited though, for two reasons. First, 

product categories (in scanner data) are seldom perfectly homogeneous. Second, the two 

methods are surprisingly similar: the time dummy hedonic index is equal to the ratio of 

weighted geometric means of quality-adjusted prices and the quality-adjusted unit value 

index is equal to the ratio of weighted harmonic means of (the same) quality-adjusted 

prices. So we would expect them to produce similar results. 

The last point can be illustrated by the following relation: 
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Equation (22) says that the quality-adjusted unit value index (based on quality-adjusted 

prices derived from the pooled hedonic regression) is equal to the time dummy hedonic 

index multiplied by a factor (in square brackets), which is the ratio of expenditure-share 

weighted means of the exponentiated residuals )/ˆln( 000
iii ppu   and )/ˆln( t

i
t
i

t
i ppu   in 

periods 0 and t. In other words, the bracketed factor changes the time dummy hedonic 

index into a quality-adjusted unit value index. The second expression of equation (22) is 

an approximation that depends upon the expenditure-share weighted variances, 20 )(  

and 2)( t , of the regression residuals in periods 0 and t. De Haan and Krsinich (2014a) 

argued (and showed empirically) that this weighted residual variance will be stable over 

time so that the two methods produce similar results. 

3.4.4 Implicit quality adjustment 

Aizcorbe, Corrado and Doms (2003) as well as Krsinich (2014) pointed to the fact that 

the TPD model (13) arises from the time dummy hedonic model (19) by replacing the 

hedonic effects  

K

k ikk z
1
  by item-specific fixed effects i . They argue that the TPD 

method should therefore control for quality changes. A similar argument could be made 

for the quality-adjusted unit value index based on the “quality-adjusted” prices from the 

TPD model and, although not regression-based, also for the Iklé and GK indexes. 
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Since no information on characteristics of items is used, the quality adjustment is 

implicit. To obtain truly quality-adjusted price indexes, the relative “reference prices” 

(the exponentiated fixed effects in case of the TPD index) should act as proper quality-

adjustment factors. Further research is needed to explore how the implicit adjustment 

works and to describe the necessary conditions under which it will produce satisfactory 

results. The quality adjustment is also partial because items sold in one period only are 

ignored, including newly introduced items in the last period T. Depending on how the 

time series is updated, this may not be such an important issue (see section 4 below). 

4. Dealing with revisions in multilateral indexes 

A problem with the multilateral price indexes discussed in section 3 is that they suffer 

from revisions. When the sample period is extended, data for period 1T  is added and 

price indexes for the new sample period 1,...,0 T  are estimated, previously estimated 

indexes will change. Statistical agencies do typically not accept such revisions. In this 

section, we will outline four methods for dealing with the revisions problem. Two of 

them are based on a rolling window approach, and we discuss these first. 

4.1 Rolling window approaches 

With a rolling window approach, the estimation window is shifted forward one period 

(keeping the length fixed at 1T  periods), and the indexes are re-estimated on the data 

of periods 1,...,1 T . We will discuss two ways of extending the time series for periods 

T,...,1  to period 1T : standard splicing method, which we also refer to as movement 

splicing, and window splicing proposed by Krsinich (2014). We borrow heavily from 

De Haan (2015b) to illustrate the two methods. 

Suppose the length of the estimation window is 13 months. The movement splice 

works as follows: after moving forward the window one month and re-estimating the 

indexes, the most recent estimated month-on-month movement of the index is spliced 

on to the existing time series. The window splice splices the entire newly estimated 13-

month series on to the index level of 12 months ago. To explain this, we introduce some 

additional notation. In particular, we will use (x) for results coming from the estimation 

window starting in period x. For example, )0(,0 tP  denotes the multilateral price index 

(constructed according to one of the methods discussed earlier) going from period 0 to 

period t, estimated on the data of the sample period T,...,0 . After moving forward the 
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estimation window by one period, the price index between periods 1 and t is denoted by 

)1(,1 tP . 

The standard movement splice extends the existing time series )0()....0( ,01,0 TPP  

by multiplying )0(,0 TP  by the movement )1(/)1( ,11,1 TT PP  . Thus, the price index with a 

movement splice (MS) pertaining to the ‘new’ period 1T  and index reference period 

0 is calculated as 

)1()0()0()1()0(
)1(

)1(
)0( 1,,11,01,,0

,1

1,1
,01,0 


  TTTTTT

T

T
TT

MS PPPPP
P

P
PP ,       (23) 

using the transitivity property of multilateral indexes. Indexes with a movement splice 

are also known as rolling year indexes. This name is a bit ambiguous because window 

splicing is based on a rolling window approach as well. 

The window splice method extends the time series by multiplying the level of the 

index for period 1, )0(1,0P , by the index going from period 1 to period 1T , )1(1,1 TP , 

based on the new estimation window. Hence, the index with a window splice (WS) for 

period 1T  with index reference period 0 is calculated as 

)1()1()0()1()0( 1,,11,01,11,01,0   TTTTT
WS PPPPPP .       (24) 

The difference between 1,0 T
MSP , given by (21), and 1,0 T

WSP , given by (24), is the use of 

)0(,1 TP  rather than )1(,1 TP  in the decomposition. That is, the standard splice measures 

the price change across the overlapping period Tt ,...,1  of the two estimation windows 

based on the initially estimated model instead of the re-estimated model.  

The two ways of splicing can be applied to any multilateral index. It should be 

mentioned, however, that any splicing method impairs transitivity; chain drift in spliced 

multilateral indexes cannot be completely ruled out. As long as the estimation window 

is not too short, say at least 13 months, this is unlikely to be a big problem. 

4.2 Three other approaches 

Revisions of published index numbers could of course be circumvented by continuously 

extending the estimation window without publishing the revised figures. The problem is 

the loss of characteristicity mentioned earlier. The rolling window approaches discussed 

above deal with this issue, but European statistical agencies in particular are reluctant to 

use these approaches; they prefer annual chain linking in a fixed calendar month rather 

than monthly chain linking with a movement or window splice. Annual chain linking 

(in combination with resampling) in December is also recommended by Eurostat for the 

HICP. 
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To comply with HICP recommendations, and following traditional choices made 

in the Dutch CPI, Chessa (2015) proposed to construct short-term index series, starting 

in December and ending in December of the next year, i.e. with a length of 13 months, 

and chain link them in December of each year. The short-term indexes are based on the 

multilateral GK method where the length of the estimation window is extended each 

month and the revised index numbers are not published. So the index for January in the 

short-term series is estimated on two months of data (a bilateral rather than multilateral, 

comparison), the index for February is estimated on three months of data (a trilateral 

comparison), and so forth, until in December thirteen months of data is used. Similar to 

rolling year approaches, the sample is updated every month with new items affecting the 

index from the second month after their introduction. 

Chessa’s (2015) proposal has two potential drawbacks. The indexes for the first 

months of each year are estimated on sparse data, and so we expect them to be relatively 

volatile. The second potential problem is that December, being the link month, is given 

special importance. This seems to be at odds with the idea behind multilateral methods 

of making the results independent of the choice of base or link period. It would thus be 

useful to perform empirical research into the effect of the choice of link month within 

Chessa’s framework for dealing with revisions. 

Melser (2015) recently advocated the use of weighted GEKS and a constrained 

least squares criterion for updating the existing time series, the constraint being that all 

previously estimated multilateral indexes are left unchanged. The weighted GEKS index 

for the new period 1T  turns out to be a weighted geometric average of the inflated 

bilateral indexes 1, TtP  going from period t to period 1T , i.e. 
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The weights 1, Ttw  in (25) are those used to calculate the weighted GEKS index, which 

become smaller as the estimation window grows, because they depend on the degree of 

matching. The choice of window length may thus be less unimportant here. Melser’s 

(2015) approach to updating weighted GEKS indexes can also be applied to the more 

usual unweighted GEKS indexes by simply setting the weights in (25) equal to 1. 

The cycle method described in section 3.2.3 is suited to deal with the constraint 

that previously published price indexes cannot be revised. When data for period 1T  

is added, a set of new indexes emerges – the set corresponding to arcs ending in 1T , 

i.e. indexes with respect to the pairs of time periods (1, � + 1), (2, � + 1), … , (�, � + 1) 

– that can be adjusted. The original cycle method can be modified by adding constraints 
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to fix previously adjusted price indexes. The modified method then produces adjusted 

values of the newly added price indices that extend the PIDG for T periods to one for 

1T  periods. Details about updating the cycle index and a few numerical examples 

can be found in Willenborg (2015b). 

5. Applications 

5.1 Small-sample methods 

Before describing scanner-data applications of the methods outlined in sections 3 and 4 

we want to pay some attention to sample-based methods a number of statistical agencies 

have implemented. While these are not “big-data” methods and thus not the main topic 

of our paper, it will be useful to discuss them briefly and mention the reasons why the 

agencies are using them. 

In Australia, Belgium, Denmark and Switzerland, and perhaps in other countries 

as well, scanner data for supermarkets was implemented in the CPI using sample-based 

methods. Typically, prices observed by price collectors visiting the stores were replaced 

by prices (unit values) from scanner data without affecting the sampling design and the 

index number formula used, at least during the initial stages. The statistical agencies of 

those countries, like most countries with traditional price observation, are still using the 

Jevons index number formula. Their methods differ in several other respects though, for 

example in the identification of items, which is either by GTIN or SKU, the number of 

weeks of data used to calculate the unit values (see also section 2.2), and whether or not 

manual replacements and quality adjustments are carried out. Why have these agencies 

chosen to stick to an unweighted (Jevons) index number formula, notwithstanding the 

availability of weighting information at the individual item level and use only a small 

proportion of the available prices information? To shed some light on this issue, we will 

take the case of the Australian Bureau of Statistics (ABS) as an example. 

The ABS adopted a phased approach, “given the lack of international consensus 

on the best approach to fully integrate transactions data” (Howard et al., 2015).18 Phase 

1, referred to as price replacement, is similar to what was mentioned earlier: in essence, 

the method of price collection was changed without changing any of the compilation 

                                                      
18 It is true that international consensus has not emerged, in spite of more than twenty years of empirical 

research on the use of scanner data for price measurement, which (as far as we know) originated in 1994 

with the work of Saglio (1994). Over the last five to ten years substantial progress has been made though, 

in particular regarding multilateral methods. 
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practices. In phase 2, the number of price observations was increased and expenditure 

information from scanner data was used for weighting purposes (above the elementary 

aggregation level). In phase 3, new methods will be utilized. “Contemporary research 

suggests that the application of multilateral methods represent the most promising way 

in which this can be achieved.” 

The third phase is interesting because the ABS agrees that multilateral methods 

are most promising, but the second phase is interesting as well. “This phase needs to be 

carefully considered and managed due to resource implications. For example, mapping 

products from transactions datasets to CPI classifications can be very resource intensive 

and may result in not all products being able to be mapped to the Elementary Aggregate 

level of the index”. “Another barrier to implementing the larger samples for phase 2 is 

the workload implications, with current manual processes taking some time for analysts 

to complete each quarter. To address this, processes for selecting new items [....] have 

been automated.”  

The above suggests three reasons why statistical agencies may not want to use a 

“big data solution” when they receive scanner data but stick to a small-sample approach, 

at least for some time: a lack of international consensus on the best approach, a potential 

increase in workload, and resource implications. There may actually be a fourth reason: 

a lack of data on characteristics of all the items in scanner data sets required for making 

explicit quality adjustments or for defining items by their characteristics (rather than by 

readily available identifiers such as GTIN or SKU). 

Our paper focuses on methodology and can only touch upon these issues. They 

do remind us, however, of the fact that big data methods and processes must be efficient 

and largely automated to be acceptable for implementation. Nevertheless, we do believe 

that many of the issues can be resolved, certainly when metadata, including information 

on item characteristics, becomes increasingly available in the future. 

5.2 Matched-model methods 

5.2.1 Period-on-period chained indexes 

Matched-model price index methods can be easily automated when GTINs or SKUs are 

used for exact matching of items. In January 2010, Statistics Netherlands implemented 

monthly chained matched-model Jevons indexes at the (chain-specific) product category 

level, given by expression (5), for scanner data from supermarkets. All major chains are 
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presently included, and price collection by visiting the stores is no longer taking place.19 

An unweighted index number formula was chosen because evidence became available 

that high-frequency chaining of superlative indexes could lead to significant chain drift. 

To maximize the number of matches, month-on-month chaining was preferred. The use 

of a multilateral method (Rolling Year GEKS; see section 5.2.2) was considered but not 

implemented given the lack of consensus. 

Expenditures within a product category are usually highly skewed. Computing a 

Jevons index for all the items would mean that the many low-expenditure items receive 

the same weight as high-expenditure items. It was therefore decided to introduce a cut-

off rate, or threshold, based on average expenditure shares across two adjacent months. 

Items below the threshold are excluded from the computation, and so a crude form of 

weighting is applied. Nevertheless, the absence of explicit weighting is obviously a 

weakness of the current Dutch method. 

A potential weakness is that items which are “dumped” at unusually low prices, 

e.g. due to clearance sales, may lead to downward bias in the index. To counteract this 

bias, thresholds on monthly price and expenditure decreases were put in place. Details 

about the Dutch method, including the exact threshold definitions and settings, can be 

found in Van der Grient and De Haan (2010) (2011). 

There are many studies on scanner data confirming that high-frequency chaining 

of matched-model superlative indexes can lead to significant drift and we will mention 

only a few. Feenstra and Shapiro (2003) used ACNielsen scanner data for the US on 

canned tuna and found upward bias in weekly chained Törnqvist price indexes. They 

attributed the bias to consumers’ inventory behavior, although advertising and special 

displays also seemed to have an impact. The upward direction of the bias, or chain drift, 

is surprising as most other studies find downward bias when storable goods are on sale. 

Ivancic (2007), using ACNielsen scanner data on different products sold in Australian 

supermarkets, found downward drift in chained Fisher price indexes; see also Ivancic, 

Diewert and Fox (2009) (2011). 

Drift in chained matched-model superlative price indexes has been documented 

for durable goods as well. Here, the drift is likely due to seasonal fluctuations in prices 

and quantities, such as Christmas sales. De Haan and Krsinich (2014b) found downward 
                                                      
19 Scanner for some supermarket chains were already introduced in 2001 using a fixed-basket approach, 

i.e. using a Lowe index; see Schut et al. (2002). The idea was to mimic traditional processes on a sample 

of about 10,000 items (GTINs) for each chain. Not surprisingly, this method turned out to be extremely 

demanding, in particular due to the manual selection of items as replacements of disappearing items and 

quality adjustments made when deemed necessary. 
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drift in chained Törnqvist indexes for several consumer electronics goods New Zealand 

using scanner data from GfK. Silver and Heravi (2005), who used GfK scanner data on 

televisions for the UK, presented evidence of downward bias in chained Fisher indexes, 

though this could also be due to quality-change bias. 

5.2.2 Multilateral indexes 

The issue of how to resolve the chain drift problem while at the same time maximizing 

the number of matches in the data was addressed by Ivancic, Diewert and Fox (2011). 

They proposed the Rolling Year GEKS (RYGEKS) method, in which the GEKS index 

described in section 3.2.1 is updated using a standard movement splice (see section 4.1) 

to ensure that previously published index numbers will not be revised. A limitation of 

their data set was that it covered only 15 months, which is a bit short to assess rolling 

year indexes. However, the GEKS procedure as such worked as expected. 

De Haan and Van der Grient (2011) estimated RYGEKS indexes for a number 

of goods sold by a Dutch supermarket chain. Instead of bilateral Fisher indexes, they 

used bilateral Törnqvist indexes as inputs in the (RY)GEKS index. Their scanner data 

set covered 44 months; in general, the difference between RYGEKS indexes and GEKS 

indexes estimated on the 44 months of data was small. Except for detergents, significant 

downward drift in chained matched-model Törnqvist indexes was found, up to 30% for 

toilet paper. They also estimated Jevons-RYGEKS indexes, which differed substantially 

from the Törnqvist-RYGEKS indexes. This result once more underlines the importance 

of weighting at the individual item level. 

Melser (2015) used U.S supermarket scanner data to compare different ways to 

circumvent revisions in GEKS indexes, including his constrained least squares criterion 

for updating the existing time series (see section 4.2). His method seemed to perform 

quite well. He also found that window splicing produced slightly more volatile indexes 

than standard movement splicing, albeit without affecting the trend. A similar result was 

found by Chessa (2015) who used scanner data for a Dutch department store. De Haan 

(2015b), on the other hand, using the same New Zealand scanner data set for consumer 

electronics as in De Haan and Krsinich (2014b), did not find any difference in volatility 

between TPD indexes with a window splice or a movement splice. Our conclusion is 

that that the issue of how best to update a time series of multilateral indexes when using 

a rolling window approach is not yet settled. 

Lamboray and Krsinich (2015) compared GEKS indexes with the “Intersection 

GEKS” (IntGEKS) indexes they proposed; their data set on consumer electronics goods 

was the same as the one used by De Haan and Krsinich (2014b). The empirical results 
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showed that the IntGEKS was less volatile than the GEKS. Also, the IntGEKS tended to 

more closely match the multilateral time dummy hedonic index (see section 5.3.2). The 

reasons for the last result are somewhat unclear. There is likely to be significant quality 

improvement in electronic products, and so a priori we would expect to find differences 

in trends between the explicitly quality-adjusted hedonic index and the matched-model 

IntGEKS index. 

A potential problem with all matched-model approaches, including multilateral 

methods, is that if exact matching at the GTIN level is used, “disguised” price changes 

during relaunches will not be captured. The use of SKU rather than GTIN for matching 

items, which is done by e.g. the ABS, could be a solution, but unfortunately SKUs are 

not always available in scanner data sets. Another option is to define items by a limited 

set of characteristics extracted from product descriptions. This approach has been taken 

by Statistics Netherlands for the introduction of transactions data on mobile phones in 

January 2016 and which will also be followed for the introduction of scanner data of a 

Dutch department store by mid-2016. 

Not only is there a difference with the current GTIN-based treatment of scanner 

data for supermarkets in the identification of items, another method was also developed. 

This “QU method” is an instance of the multilateral Geary-Khamis method (see section 

3.3.2) where the time series is updated according to Chessa’s (2015) approach described 

in section 4.2. Using scanner data from the department store mentioned above, Chessa, 

Boumans and Walschots (2015) checked for differences between the proposed monthly 

GK indexes and monthly GK benchmark indexes estimated on a full 13 month window. 

Of course the indexes for the 13-th month (December) according to the two methods 

coincide by construction. The proposed index numbers appeared to agree well with the 

benchmark index numbers, which is reassuring. 

5.3 Quality-adjusted methods 

De Haan and Krsinich (2014b) compared a number of rolling year multilateral methods, 

including the Rolling Year Time Dummy Hedonic (RYTDH) method and the (hedonic) 

Imputation Törnqvist RYGEKS (ITRYGEKS) method, both with a standard movement 

splice (see section 3.4.2). Since the two multilateral methods are weighted and explicitly 

quality adjusted, we would expect them to produce similar results. This was confirmed 

for desktop and laptop computers, televisions and camcorders, but for other products the 

evidence was a bit mixed. Across all the products though, the RYTDH index was closer 

to the ITRYGEKS than the matched-model RYGEKS. The ITRYGEKS method (with a 
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movement splice) was introduced for consumer electronics products in the New Zealand 

CPI in the September 2014 quarter; see Statistics New Zealand (2014). 

De Haan and Krsinich (2014a) used quality-adjustment factors estimated from 

multilateral time dummy hedonic regressions in order to calculate quality-adjusted unit 

value indexes (see section 3.4.3), again on the same consumer electronics data set as in 

De Haan and Krsinich (2014b). The resulting quality-adjusted unit values were similar 

to the original time dummy hedonic indexes, as expected. In fact, the differences were 

hardly noticeable. 

6. Conclusions and future work 

The overview of index methods in this paper serves as a starting point for an empirical 

study at Statistics Netherlands where the focus is on a comparison of different methods. 

Price indexes will be calculated on a number of scanner data sets, which will allow us to 

gain more insight into the impact of different choices on aggregate price change, e.g. 

weighted versus unweighted methods, monthly chained versus direct price indexes, and 

bilateral versus multilateral methods. 

The present paper also motivates further fundamental research. Below, we list 

topics that could be addressed in subsequent papers. 

 It would be interesting to explore how the GEKS method and other multilateral 

methods relate to each other. 

 In particular, since the cycle method generalizes the GEKS method, how do the 

weighted GEKS and cycle methods compare? 

 The comparisons between hedonic and TPD (fixed effect) methods described in 

this paper call for further research into implicit quality adjustment in multilateral 

indexes. 

 Price indexes according to the QU-method are calculated with December of each 

calendar year as link (or base) month. This choice is in agreement with current 

practice in the CPI/HICP. Chessa (2015) reported results of a preliminary study 

about the impact of the choice of link month. This study could be extended in 

future research. 

 The monthly updating of the weights in the quantity index of the QU-method 

leads to estimates in the first months of a year that are based on relatively little 

information. Techniques could be developed to improve these weight estimates 

and the corresponding price indexes. 
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 Chessa (2015) investigated alternatives to the functional form of (8) and found 

hardly any differences between the corresponding price indexes. A follow-up 

study (Chessa, 2016) that considered a number of alternative weighting schemes 

suggested that substitution bias is not a big issue in intertemporal comparisons. 

More fundamental research on this phenomenon could be done in future studies. 

 Scanner data sets may suffer from missing information on item characteristics. 

This could lead to problems, for instance, when applying hedonic methods. The 

problem of missing values for auxiliary variables applies to regression models in 

general (Haitovsky, 1968; Little, 1992). It may be worthwhile to find ways for 

dealing with missing item information using some scanner data sets. 

There are other topics besides theoretical issues that deserve attention. As was 

mentioned in the first part of the present paper, the availability of information on item 

characteristics and product identifiers is of crucial importance. Items need to be defined 

before price indexes can be computed in a meaningful way. We identify the following 

additional topics for further research. 

 In cases where relaunches occur, the question arises what information could be 

used to define items such that “disguised” price increases will be captured. One 

interesting option would be the use of the retailer’s own product codes (SKUs). 

The availability and applicability of SKUs is worth investigating. 

 If SKUs are not available, or cannot be applied for some reason, information on 

item characteristics becomes even more important. There may be different ways 

to define (homogeneous) products when relaunches occur, based on aggregating 

across GTINs with the same characteristics. For example, this approach could be 

applied to an entire product category, but it could also be applied solely to items 

within the product category which undergo relaunches (while sticking to GTIN 

as item identifier for other items). The question is whether the two approaches 

yield similar results. 

 If relevant item characteristics are found missing in a scanner data set, and if a 

retailer does not have, or is not willing to supply, additional information, then it 

is important to develop techniques for complementing missing information, for 

instance, by using web scrapers. Techniques from text mining, machine learning 

and computational linguistics could be considered for this purpose. Photo feature 

extraction could be an interesting alternative, possibly also in combination with 

the aforementioned techniques. 
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