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Multilateral methods are increasingly being used in the computation of official price indexes such as 
the consumer price index (CPI). This reflects the growing use of scanner data by statistical agencies and 
the fact that fixed-based or chained price comparisons perform poorly in this context. A range of mul-
tilateral approaches have been pursued by different statistical agencies. Yet, it can be shown that some 
of these methods, at least theoretically, could suffer from substitution bias. We investigate this as well 
as the drivers of chain drift. We adopt a simulation-based approach using actual scanner data prices 
with the corresponding quantities being generated assuming constant elasticity of substitution (CES) 
preferences. We find that most methods systematically deviate from the exact CES benchmark index. 
This is even the case for the superlative index methods, which should not exhibit substitution bias. 
Interestingly, we also find significant chain drift even in the exact CES indexes. We argue this reflects 
life cycle pricing and particularly run-out sales at the end of a product’s life.
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1. I ntroduction

In recent years, electronic point of sale data, or scanner data for short, has 
increasingly become available. This provides data on actual transactions—sale 
prices and quantities for individual products—collected by retailers at the point 
of sale. These data, of course, offer great potential to statistical agencies interested 
in measuring price changes for goods. The conventional approach has statistical 
agencies sending staff  into stores to write down prices on clipboards for specific 
items at certain times of the sampling cycle. Scanner data offer the entire panoply 
of data and therefore presents an opportunity to greatly increase the quality and 
accuracy of official statistics. Moreover, it potentially provides this at lower cost 
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in terms of reducing the requirement to have field-staff  visit retailers. This also 
reduces the burden on stores of having price collectors visit.

Although the apparent benefits are significant, the use of scanner data in offi-
cial statistics, such as the consumer price index (CPI), has evolved relatively slowly. 
This has reflected the fact that new methods have needed to be developed to deal 
with this type of data. In particular, the fact that both price and quantity data are 
now available at a highly disaggregated level has posed challenges. First, the turn-
over or churn in products appearing and disappearing from the market is signifi-
cant. This means that many prices are not matched from period-to-period. Second, 
very significant volatility in sales quantities is observed as a result of sporadic price 
discounting by retailers.1

To address these issues, Ivancic et al. (2011) proposed a novel multilateral 
method for constructing price indexes. They called this the Rolling Year GEKS 
(RYGEKS) method.2 This approach calculated a transitive set of price indexes 
over a span of time—they suggested 13 months. This partly ameliorates the issue 
of changing product ranges, as the proportion of new and disappearing goods is 
likely to be smaller over a 13-month period than over, say, a handful of years. They 
argued that the key benefit of using multilateral methods was that the index would 
not suffer from “drift.” This is a property that they contended primarily arose from 
stockpiling behavior by households during sales. The stockpiling argument goes as 
follows. When a product is discounted, purchases spike. In the following period, 
when prices return to their pre-discounted level, purchases are abnormally low. 
This is because some of the previously purchased items have not yet been con-
sumed. This stockpiling behavior has the effect of giving greater weight to the price 
fall than the price rise. It has been shown that this can lead to significant downward 
drift in chained price indexes—where one period is compared with the next   
(de Haan and van der Grient, 2011).

Since the seminal contribution of Ivancic et al. (2011), many other approaches, 
some old and some new, have been proposed for the calculation of price indexes 
in this context. We consider two main alternative approaches to those proposed 
by Ivancic et al. (2011). The first approach we consider is what we call the tem-
poral Geary–Khamis (GK) method (Geary, 1958; Khamis, 1972; Chessa, 2016). 
This constructs a set of reference prices for each product and then calculates the 
price level by comparing the prices in each period to these reference prices. The 
second approach we consider is the time-product dummy (TPD) method. This 
approach is based on the specification of a regression model for prices—dummy 
effects are included for each time and product. The price index is calculated from 
the estimated coefficients on the time-dummy variables (Rao and Baneerjee, 1986; 
Aizcorbe et al., 2003; Krsinich, 2016). Rao (2005) showed that this is also a refer-
ence price method. The main difference from the GK method is the use of geomet-
ric, as opposed to arithmetic, averages in constructing the references prices and in 
the index number formula.

1An additional issue is that the sales quantities reflect purchases by consumers as well as nonresi-
dents, government, and business. As noted by a referee, from a CPI perspective the nonconsumer pur-
chases should be removed.

2This built on earlier work looking at the use of the GEKS approach in the context of temporal 
indexes such as Balk (1981) and Kokoski et al. (1999).
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The present state of the literature reflects a degree of uncertainty about which 
of these methods is to be preferred. On one hand, the approaches appear to yield 
quite similar results empirically and are fairly robust to the various choices required 
to implement them (ABS, 2016; Melser, 2018). Yet, on the other hand, these vari-
ous approaches are conceptually quite different and therefore appear to have the 
potential to yield quite different results. One area where the contrast between   
the methods is perhaps the strongest is in the underlying economic basis of the 
approaches (Diewert and Fox, 2018). The approach of Ivancic et al. (2011) uses 
superlative index numbers, such as the Fisher and Törnqvist indexes, and aggre-
gates these flexibly using the GEKS method in the spirit of Caves et al. (1982).3 
This approach is unlikely to suffer from substitution bias. However, whether the 
other approaches will suffer from substitution bias is less clear.

This paper has two main objectives. First, to try and shed some light on the 
extent of substitution bias in various multilateral price index methods. In this 
regard, we take Diewert and Fox (2018) as our starting point and make use of 
their framework. They provide some theoretical results that show that some of the 
proposed methods may be susceptible to substitution bias. They also present some 
results from a small simulation model. This is based on using certain assumptions 
about consumer behavior to generate the quantities demanded, based on the prices 
they hypothesize. They use this simulated data to calculate a range of multilateral 
and bilateral indexes. They illustrate that certain multilateral methods can yield 
results that diverge from the true index in some circumstances. Our primary focus 
is to build on the simulation framework developed by Diewert and Fox (2018) 
and develop a more comprehensive simulation architecture to derive more precise 
results about substitution bias.

Second, we use our simulation framework to explore the drivers of chain 
drift. As we noted previously, the main explanation for chain drift has been stock-
piling by consumers. However, we identify chain drift even in our simulation   
framework—this is based on a classical demand model and therefore does not 
allow for stockpiling by construction. We find that life cycle pricing, in particular 
run-out sales, is an important driver of chain drift.

One of the challenges in constructing such a simulation is to balance realism 
against our ability to interpret the results. We follow Diewert and Fox (2018) in 
supposing that consumers have constant elasticity of substitution (CES) prefer-
ences over products. This is a functional form that is particularly attractive in this 
context as it provides a clear means of manipulating the degree of substitution. It 
is also attractive because the exact index number formulae in the case of CES pref-
erences are well known. This means we know what true price change is for our 
simulated data. This can be used as a yardstick to compare the performance of 
other methods.4

3See Diewert (1976) for the precise definition of superlative index numbers. In short, superlative 
indexes are derived from a functional form that provides a second-order approximation to consumer 
preferences. Therefore, such indexes account very well for patterns of substitution between products.

4We also note that there are more flexible representations of preferences than those embodying the 
CES property (see Diewert, 1976). For example, de Haan (2019) argued that results from assuming the 
CES functional form should be treated with caution.
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One innovation we adopt is to use actual price data from the IRI data set 
(Bronnenberg et al., 2008). This is an important point of difference with Diewert 
and Fox (2018), who construct their own price data. An alternative would be to 
construct a stochastic model of prices. Our approach of using actual data is desir-
able for several reasons. First, it is clear that the price data are realistic—it is actual 
data after all. Second, constructing a stochastic model of prices is likely to be quite 
challenging. Products go on sale often; prices drop significantly when they go on 
sale; a given product’s price interacts in complex ways with other prices; and prod-
ucts also disappear from the market after a time. Accounting for these factors in a 
stochastic model would be challenging.

The use of actual price data means our approach is not a pure simulation—in 
the sense that the data are wholly synthetic—but it is also not truly empirical, as we 
assume a demand generation process. Our approach sits somewhere between these 
two extremes. We use actual price data to create two types of data sets. The first is a 
panel of prices. This uses actual prices and splices on prices as products disappear 
from the market. This creates a data set of prices without any missingness. In the 
second data set, we take a random sample of products from the primary data. We 
create these two data sets for each combination of the cities: Dallas, Los Angeles, 
and New York; and the products: beer, carbonated beverages, coffee, margarine 
and butter, peanut butter, soup, toilet tissue, and toothpaste.

Our simulation results provide several insights. First, we find a surprising 
level of  divergence between the exact CES index and the Fisher and Törnqvist 
indexes. This is surprising because a priori we would expect the Fisher and 
Törnqvist indexes to approximate the exact CES indexes fairly closely. However, 
on average we find that the Fisher and Törnqvist GEKS indexes underestimate 
price change. Second, our results show a degree of  upward bias in the TPD and 
GK methods in both the panel and sample data sets. This is expected based on 
the theory (Diewert and Fox, 2018). The bias is nontrivial. In the panel data set, 
it peaks at around 2 percentage points per annum when the elasticity of  substi-
tution in the CES functional form is 5 and decreases at higher elasticities. 
However, in the sample data set the bias gets larger as the elasticity rises. We 
calculate the bias up to an elasticity of  15. Here the bias reaches an alarming 5 
percentage points per year. Third, we find in the sample-of-prices data set, which 
includes missingness, that there is significant chain drift even in the exact CES 
index. This is surprising given the prevailing view that it is stockpiling which 
generates chain drift. It is obviously not stockpiling that is generating these 
results as we construct demand using the CES framework that assumes simulta-
neous purchase and consumption. Given this, we argue that an important driver 
of  chain drift is life cycle pricing and especially run-out sales of  products at the 
end of  their life. We show algebraically how this can lead to downwards drift. 
We illustrate empirically how, when we drop the last price observation for each 
product and therefore eliminate these run-out sales to an extent, that chain drift 
diminishes. Interestingly, this also significantly reduces the bias observed in the 
TPD and GK methods. This indicates that these methods may be somewhat 
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susceptible to bias in the presence of  life cycle pricing. These results are useful 
because the influence of  life cycle pricing on chain drift and multilateral meth-
ods has not been well appreciated in the literature.5

In the next section, we outline our methodology and detail the various multi-
lateral index number methods that we examine. In Section 3, we outline our data. 
Section 4 discusses our results in detail. In Section 5, we further explore the effects 
of life cycle pricing on index bias. Finally, in Section  6, we provide some brief  
conclusions.

2.  Methodology

2.1.  Simulation Framework

Our dual objectives are to understand the extent to which different methods 
may exhibit substitution bias and examine how they perform in the presence of 
new and disappearing goods. Our methodology to investigate this issue is simple, 
but we believe compelling. We use actual price data and assumptions about pref-
erences, in particular the degree of  substitution between products, to construct 
the quantities purchased, and expenditure shares. These data on prices and quan-
tities/expenditures are then used to calculate a range of  multilateral indexes that 
are compared with the known exact CES index. Let us first turn to consumer 
preferences.

We suppose that consumers have CES preferences.6 That is, their preferences 
can be described by the following cost function:

Here prices for product i∈ It available in period t are denoted pit, It is the index 
set of available products, ai is the measure of product quality (which we will set 
to 1 in our simulations), and U is the level of utility. The parameter σ is particu-
larly important. It governs the degree of substitution between products. As shown 
below, it reflects the degree to which relative purchases move between goods as 
their relative prices change. Clearly σ must be nonnegative.

5Although we note that the influence of life cycle pricing on index numbers has been better under-
stood and appreciated by practitioners working at statistical agencies. In many cases they have taken 
steps to limit bias resulting from life cycle pricing trends in official indexes. See, for example, paragraph 
2.19 of ABS (2017).

6CES preferences were introduced into the economics literature by Arrow et al. (1961).
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Equation (2) is derived by making use of Shepard’s Lemma, xit=
�C

�pit
, where xit 

is the quantity of good i consumed in period t. In the case of CES preferences, 
Shepard’s Lemma has the form

This is the equation that we use to generate demand in our simulations. Given prices, 
σ and also quality parameters (ai) for each product, we can construct demand. 
Moreover, by manipulating σ we can generate demand functions that embody more 
or less aggressive substitution across products. Higher values of σ lead to greater 
substitution between products as relative prices change and vice versa.

The CES functional form is particularly useful because there is such a clear 
link between the degree of substitution and its underlying parameters. It is also 
useful because there are several well-known exact price indexes for CES prefer-
ences. These indexes are of course all equal if  the consumer has CES preferences. 
We will note two exact CES indexes. The first is the Sato–Vartia index (Sato, 1976; 
Vartia, 1976). This takes the form

The other index is a version of the quadratic-mean-of-order-r index discussed in 
Diewert (1976) and is shown below:

Here Ivt= It∩Iv is the set of matched products across time periods v and t. Note 
that while (5) depends on σ interestingly, the Sato–Vartia index, equation (4), does 
not. When the demands are generated from CES preferences, these two indexes will 
provide the same answer.

As noted in the introduction, in some of our simulations we use actual price 
data where there are changes in the assortment of products available over time, 
that is, It≠ Iv. With new and disappearing goods, it is not quite correct to regard (4) 
or (5) as exact cost of living indexes. As Feenstra (1994) noted, when the product 
range changes over time, the cost of living will be influenced by these develop-
ments. That is, the cost-of-living index can be decomposed as
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The term in square brackets on the right-hand side of (6) is an effect related to 
changes in variety. In this work our focus is on measuring matched price change, 
and we do not attempt to account for the effects of new and disappearing goods.7 
The final term on the right-hand side is a matched price index based on products 
sold in both periods. The indexes in (4) and (5) are exact for this matched products 
price index and it is this index that is our focus.

In the case of new and disappearing goods, the CES exact bilateral matched 
model indexes (4) and (5) will not be transitive, for example, PSV

vt
≠PSV

rt
×PSV

vr
. We 

resolve this by using the weighted GEKS (WGEKS) approach to aggregate each 
of the bilateral indexes into a transitive multilateral index (see, for example, Rao 
and Timmer, 2003). The GEKS approach estimates a transitive set of indexes by 
minimizing the least-squares distance between the bilateral indexes and a set of 
transitive indexes (Gini, 1931; Eltetö and Köves, 1964; Szulc, 1964). For our par-
ticular application of this method, we will extend this approach and use, what we 
dub, a “double-GEKS” (DGEKS) approach to aggregation.

In the seminal work of Ivancic et al. (2011), a key feature of the method they 
proposed was the use of a rolling window over which parities—that is, the relative 
price levels between time periods—were calculated. The parities for each new win-
dow were then linked to the existing indexes calculated from previous windows. 
The use of a rolling window ensured that there was a reasonable degree of product 
matching in the periods compared and that the weights represented contemporary 
consumption patterns. In our simulations, we try to preserve as much of the spirit 
of this as possible. However, some care must be taken here. The linking methods 
are aimed at forcing the parities calculated over the new window to align with the 
old parities so the index does not need to be revised. Our focus on the simulations 
is a little different. We are trying to detect substitution bias, and imposing the non-  
revisability constraint might make this more difficult. Instead, our approach is the 
following.

First, in the spirit of Ivancic et al. (2011), we calculate parities over each of the 
13-month windows using a given bilateral index and the WGEKS approach. With 
regard to equation (7), we estimate the β′s over some set of ρ time periods T�

u
—here 

subscript u denotes the first period of the rolling window and ρ the length of the 
window. In our simulations we set ρ = 13 months. This is done for all rolling win-
dows; T�

1
,T

�

2
,…,T

�

T+1−�
. This yields a set of parities �u for each of the windows.

In our simulations below, Pvt is the Sato–Vartia index and wvt are the weights 
applied in the WGEKS aggregation. The weights we will use are the average 
matched expenditure share (AMES) weights from Melser (2018). These weights 
reflect the average proportion of expenditure that is made up from products that 
are available in both periods. In the case where there are no missing products, then 

7A literature has developed since Feenstra (1994) that estimates the size of the variety effect using 
the decomposition in equation (6). See, for example, Melser (2006), Broda and Weinstein (2010), and 
Melser (2019). A requirement of this approach is that the elasticity of substitution is greater than one.
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the weights are all one and WGEKS will be equivalent to GEKS. More generally 
the AMES weights are

To calculate an overall index, we need to aggregate these window parities into 
a single series. We do this by running GEKS again. First, we reconstruct each of 
the bilateral comparisons from the window parities. For example, for window T�

u
 we 

calculate lnPu
tv
=�u

t
−�u

v
 for each t and v in T�

u
. Second, these indexes are then used 

in a second round of GEKS aggregation.

This DGEKS approach yields a transitive set of parities, �. We also note that the 
second step of DGEKS, shown in equation (9), can be used with any particular 
inputs for lnPu

tv
. That is, they need not come from a first-stage WGEKS approach 

but could come from another multilateral method. Indeed, we will also use this 
approach to aggregate the parities for each window for the TPD and GK methods.

2.2.  The Multilateral Methods Considered

We will compare the following three main alternative approaches against the 
indexes outlined in the previous section: (1) WGEKS using alternative bilateral 
index number formulae, (2) the TPD method, and (3) the temporal GK approach.

The GEKS approach to aggregating bilateral price indexes, reflected in (7), 
can be applied with any particular bilateral index number formula. In particular, 
we will consider two well-known bilateral index number formulae: the Fisher and 
Törnqvist indexes.8 These are shown respectively below:

This approach is conceptually quite similar to our exact approach. The prevail-
ing wisdom is that this approach should approximate the exact CES approach 
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8The use of the Törnqvist index and the GEKS approach is known as the CCD method and origi-
nates from Caves et al. (1982).

(10) PF
vt
=

(∑
i∈Ivt

s̃iv

(
pit

piv

)) 1

2

,

(∑
i∈Ivt

s̃it

(
pit

piv

)−1
)−

1

2

(11) PT
vt
=
∏
i∈Ivt

(
pit

piv

) s̃it+ s̃vt

2

.



Review of Income and Wealth, Series 67, Number 3, September 2021

767

© 2020 International Association for Research in Income and Wealth

quite closely. This is because both the Fisher and Törnqvist indexes are superlative 
indexes in the sense that they can be derived from a flexible (second-order) repre-
sentation of consumer preferences (Diewert, 1976).

We can also use these bilateral formulae to calculate direct indexes between 
the first period and all other periods. This provides a transitive set of price indexes. 
However, this approach is only sensible in the case of the panel-of-prices data set. 
Here there are no missing prices. In the other case we consider, the sample-of-prices 
data set, direct indexes are likely to be negatively affected by lower product match-
ing rates as time progresses.

The second approach, the TPD method, is more substantively different. It 
dates back to Summers (1973) who suggested using a regression model to fill 
“holes” (i.e., missing prices) in cross-country price data. This model included 
fixed effects for country and for product and therefore was dubbed the country-  
product-dummy method or CPD. TPD represents the time series adaptation of 
this approach (Aizcorbe et al., 2003; Krsinich, 2016). The TPD method is a regres-
sion model with fixed effects for each product and time.

In this approach, we estimate �t by least squares. If  each equation is weighted, 
using weights wit, then this gives the weighted TPD (WTPD) method. The 
unweighted TPD method is not widely used in practice because it is intuitively 
clear that some weighting should be used to account for the differential impor-
tance of  products. Therefore, we focus on WTPD. The most common weight-
ing strategy is to use expenditure shares, sit (Diewert, 2005). This will be the 
approach that we follow. The index between any two periods is then defined as 
PWTPD
vt

= exp
(
�t−�v

)
.

In implementing the WTPD approach, we use a 13-month rolling window and 
the second stage of the DGEKS procedure outlined earlier to derive the overall 
parities. That is, in the first stage we estimate equation (12) over 13-month rolling 
windows to obtain many WTPD parities. In the second stage, we apply the GEKS 
method as in (9) to derive the final parities.

The final approach we consider is the temporal version of  the well-known 
GK method (Geary, 1958; Khamis, 1972). The GK method has historically been 
widely used in constructing international comparisons of  prices and income 
such as in the Penn World Tables (Feenstra et al., 2015). It has been adapted 
to the temporal context recently by Chessa (2016). It calculates the price index 
relative to a reference set of  prices for each product. Denote the reference prices, 
pi. Two periods, t and v, are compared via the reference prices using the quanti-
ties sold in each period. This amounts to the ratio of  two Paasche-like indexes.

(12) ln pit=�i+�t+�it.
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This approach actually defines a family of indexes called Generalized Unit 
Value indexes (de Haan, 2007; von Auer, 2014). These differ based on how the 
various pi are chosen. However, we will just consider the GK approach. In this 
case we have

Here T�

ui
 is the index set of periods in which product i is sold in the rolling window 

of periods T�

u
. It can be observed that the reference price is the quantity-weighted 

“real” price—that is, the price adjusted for the price level in period t relative to 
some period such as the first period of the window, u.

In implementing the GK approach, we use a 13-month rolling window and 
the second stage of the DGEKS to derive the overall parities. This is the same as 
for the WTPD method. First, we estimate parities for each of the 13-month rolling 
windows. Second, we apply GEKS in the second stage as in (9) to derive the final 
parities.

2.3.  Expectations from Theory

In this section, we consider the theoretical expectations regarding substitution 
bias for the methods outlined earlier. This draws upon Diewert and Fox (2018) as 
well as others.

2.3.1.  Fisher and Törnqvist WGEKS

The Fisher and Törnqvist WGEKS approaches are expected to provide esti-
mates of price change, which are free of substitution bias. This reflects the fact that 
the Fisher and Törnqvist bilateral indexes can be justified on the basis of flexible 
functional forms that allow for complex patterns of substitution between goods. 
In fact, these indexes are based on more flexible representations of consumer pref-
erences than the CES functional form. Diewert (1976) showed that the underlying 
preferences can provide a second-order approximation to the consumer’s cost func-
tion at a given point. The CES functional form is not this flexible.

However, this does not necessarily mean that the multilateral indexes produced 
by the Fisher and Törnqvist WGEKS and direct approaches will be similar to those 
using CES preferences. It is worth noting some of the similarities and differences 
between the CES, Fisher, and Törnqvist bilateral indexes. The CES index shown in 
(5) is actually part of a wider family of indexes called quadratic-mean-of-order-r 
indexes. These can be obtained by substituting �=1−

r

2
 into (5). This gives

It can be seen that when r = 2 (σ = 0) we obtain the Fisher index, and when   
r = 0 (σ = 1) it can be shown that we obtain the Törnqvist index, that is, the Fisher 

(14) p
�

ui
=
�
t∈T

�

ui

�
xit∑
t∈T

�

ui
xit

�
pit

PGK
ut

.

(15) Pr
vt
=

(∑
i∈Ivt

s̃iv

(
pit

piv

) r

2

) 1

r
(∑
i∈Ivt

s̃it

(
pit

piv

)−
r

2

)−
1

r

.
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index will equal the CES index in the case of σ = 0 and Törnqvist will equal the 
CES index when σ = 1. However, for other values of σ (or r), it is not as clear what 
the relativities of the indexes will be.

2.3.2.  The Geary–Khamis Method

Diewert and Fox (2018) discussed the GK method and its economic justifi-
cation at length. They note that the GK index will be exact in two cases. Indeed, 
Diewert (1999) showed that these were the only cases in which GK was exact.

First, when consumers have a linear utility function, Ut=
∑
i∈It

xit

bi
. In the linear 

utility function, each of the products is a perfect substitute for each other after 
adjusting by bi>0 ∀i. The cost function dual to this utility function takes the form 
C(pt,Ut)=min

{
bipit, i∈ It

}
. This cost function will equal the CES cost function 

when ai=bi and σ is infinite.
Second, when consumers exhibit no substitution between products. That is 

when Ut=min
{
xit

ci
, i∈ It

}
 with ci>0∀i. In this case consumers purchase products in 

fixed proportions. That is, there is no substitution between products. The cost func-
tion dual to this utility function has the form C(pt,Ut)=

∑
i∈It

cipit. This will equal the 
CES cost function when ai= ci and σ = 0.

Thus the GK method will be exact in two extreme cases—when σ = 0 and 
when σ is infinite. In the intervening range of σ values, it appears likely that the GK 
method will be upwardly biased, as it does not allow for moderate levels of substi-
tution. However, this leaves open the extent of this bias and the point at which the 
bias is largest.

2.3.3.  Weighted TPD

To consider the issue of substitution bias in the TPD method, note that if  we 
take logs of Shepard’s Lemma, equation (3), and rearrange, we get the following:

This can be easily converted into an estimable model of the form below:

where �∗
i
=

1

(1−�)
ln ai is the product-dummy effect and �∗

t
 is the time-dummy effect 

reflecting the log of the unit cost function ln

�
∑
i∈It

aip
1−�
it

� 1

(1−�)

. Clearly this model is 

intimately related to the TPD model in equation (12). The difference being that the 
term, 1

(1−�)
lnsit, appears in (17) but is excluded from the TPD model.

(16) ln pit=
1

(1−�)
ln sit−

1

(1−�)
ln ai+ ln

(∑
i∈It

aip
1−�
it

) 1

(1−�)

.

(17) ln pit=
1

(1−�)
ln sit+�∗

i
+�∗

t
,
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In the specific case that σ = 1—when the cost function has the Cobb–Douglas 
form—then the TPD approach produces an exact index. This is because the expen-
diture shares are fixed across time, sit= si, and the share in equation (17) gets 
absorbed into the product-specific intercept, �∗

i
.

Diewert and Fox (2018) also noted that the TPD method is exact for a linear 
cost function. To see this suppose that �→∞, then the CES cost function takes the 
form

That is, there is perfect substitutability between the products, and therefore the 
consumer will choose the lowest-priced product (on a quality-adjusted basis) and 
expenditure on all other products is zero. This pattern of expenditure shares will 
arise out of (3) when σ becomes very large. In this case, the cost of living index can 
be represented simply by the weighted movement in prices such as in equation (12).

This means that the bias in the WTPD method will be zero when σ = 1 and 
also when σ is very large. Bias will likely tend to be positive in the more general 
case. This leaves open the size of the bias and the particular value of σ at which it 
peaks.

3.  Data

As previously noted, we use actual price data in our simulation. This comes 
from the widely used IRI scanner data set introduced by Bronnenberg et al. (2008).9 
This is a large US scanner data set put together by IRI from the stores that pro-
vided it with data. The data set stretches from 2001 to 2012—a span of 12 years. 
The data set includes information on several cities and products. We focus on data 
for three large cities: Dallas, Los Angeles, and New York. In terms of products, we 
use data for eight categories: beer, carbonated beverages, coffee, margarine and 
butter, peanut butter, soup, toilet tissue, and toothpaste. These products have vary-
ing levels of stockpilability and purchase frequency and have differing importance 
in the household budget according to Bronnenberg et al. (2008; Table 2). In total, 
this gives 24 different city-product combinations for which we will compare simu-
lation results. The data we use will be aggregated to a monthly frequency (from 
weekly) as this is the most common publication frequency for statistical agencies 
globally.

Table 1 summarizes the data from which our simulation data sets are derived. 
The data for each of the product-city combinations are significantly-sized and 
when taken together represent a massive volume of transactions. The total value 
of sales observed in the data is around $4.3 billion over the 12 years. Across all 
products and cities, more than 39 million observations are included (monthly unit 
value price and quantity by barcode in a given store). This reflects data from 50,949 
different products and 1,441,629 different store-product combinations. In our 

(18) C(pt,U)=min
{
aipit, i∈ It

}
.

9A full listing of the papers that have used these data as of December 2017 is provided by Kruger 
(2017).
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computations, the i represents the price of a product for a particular store-product 
combination. This is to ensure that measured price change reflects actual changes 
in prices paid rather than changes in consumption patterns across stores who may 
offer different shopping experiences (see Ivancic and Fox (2013) for a comprehen-
sive discussion of aggregation methods for scanner data).

We use these data in two main ways. First, we construct a panel data set of 
prices for 1,000 products for each of the cities and product categories. Second, we 
take a random sample of 5,000 products for each category and city.

The second data set is relatively self-explanatory. However, we note that, 
because we take a sample of actual prices, there will be a degree of missingness in 
the data. This is because products appear and disappear in the actual data.

In the panel data set, we use the scanner data to construct an artificial set of 
prices that are observed every period. We do this by first randomly selecting the 
prices of 1,000 products in certain stores. Each of these products is followed until 
they disappear. As each product disappears, we randomly select another prod-
uct-store price and link this onto the price for the disappearing product.

Let us consider an example of how the panel data set is constructed. Suppose 
we are constructing price i′ in the panel data set. We start by randomly selecting the 
price for product k from the full data set. Suppose product k is observed for seven 
periods; pkt, pkt+1,…, pkt+6. We actually exclude the first and last prices from use in 
creating the balanced panel—the reasons for doing so will become clearer when we 
outline our results in the following sections. In this case we define 
pi�1=pkt+1, pi�2=pkt+2,…, pi�5=pkt+5. Price k disappears in period 7 and we do not 
use pkt+6, so we need to find another price to link on to construct pi′6. We randomly 
select a new product, say j, then we link this price as follows: pi�6=pi�5×

(
pjv+2

pjv+1

)
. 

Here v is the first period that product j is observed in the market. Subsequent prices 
are calculated as pi�7=pi�6×

(
pjv+3

pjv+2

)
 and so forth.10 This process is continued until 

we have a data set that has 1,000 products observed over 144 time periods 
(12 years × 12 months).11

4. R esults

We undertake a number of simulations using each of the product categories, 
cities, and the two data sets—sample and panel—discussed earlier. We do this for 
what we regard as a “plausible range” of values of σ for this type of data from   
σ = 0 to σ = 15. Our choice of this range reflected previous, and particularly the 
more recent, research in this area such as Broda and Weinstein (2010). They esti-
mate various CES functions on barcode-level scanner data and find that the median   
σ is around 7–10.

10This approach is called the overlap pricing method. It is a standard approach for linking new 
products into an index such that any quality differences between the products do influence price change 
(ILO, 2004).

11Summary statistics on these data sets are given in the Online Appendix. In general, the average 
price and the standard deviation of prices in both data sets are similar to that in the complete data.
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Our results are too voluminous to present in their entirety. Instead, we present 
average results for each type of data and index approach. The average results are 
constructed by equally weighing the results for each of the 24 product–city combi-
nations. Table 2 presents the results for σ = 0, 2, 5, 10, 15 for each multilateral index 
number method that we implemented; (1) various WGEKS-based approaches 
using different bilateral index number formulae and weighting mechanisms, (2) 
chained indexes, (3) WTPD, and (4) the temporal GK approach. In addition, in the 
case of the panel data set, we present the results from constructing direct Fisher 
and Törnqvist indexes.

In each case, the table presents the percentage point difference in the index 
methods from using the WGEKS approach with the exact CES (Sato–Vartia) index 
as the bilateral comparator. The differences are presented in annual average terms, 
and we take the mean and median across cities and product categories. The final 
part of the table denotes the percentage of the 24 product–city combinations that 
exhibit a positive bias in each case. Figure 1 plots the bias for certain indexes for 
different σ.

4.1.  WGEKS and Direct Methods

Let us begin by focusing on differences among the various WGEKS approaches 
that we consider. The CES (Sato–Vartia) WGEKS approach is our reference point, 
and therefore the bias for this method is always zero.

Turning first to the panel of prices data—as noted earlier this has no missing 
prices. The Fisher and Törnqvist WGEKS indexes reveal very little bias for low 
values of σ, from 0 to 2. This reflects the fact that the Törnqvist index is exact 
when σ = 1 and the Fisher index is exact when σ = 0. However, as σ rises the differ-
ences between the Fisher and Törnqvist WGEKS indexes, and the reference index 
becomes nontrivial. For σ = 6, the Fisher-WGEKS approach exhibits its largest 
level of bias of −2.73 percentage points per annum on average. For the Törnqvist-
WGEKS approach, bias is largest at σ = 9 and equals −1.91 percentage points. 

Figure 1.  Index Bias
Note: The figures plot the annual average difference in percentage points from CES-WGEKS. This 

is averaged across products and cities. [Colour figure can be viewed at wileyonlinelibrary.com]
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For σ = 10, the downward bias is large but decreasing. It equals −2.43 and −1.89 
percentage points, respectively. At σ = 15, the bias is smaller still.

In the sample of prices data set, a downward bias in Fisher-WGEKS and 
Törnqvist-WGEKS indexes is also readily apparent. However, it is somewhat atten-
uated when compared with that observed in the panel data sets. In the sample data 
set, the bias in the Fisher-WGEKS approach is largest when σ = 8 and is equal to 
−1.75 percentage points per annum. For the Törnqvist-WGEKS, the bias is largest 
at σ = 9 and equals −1.40 percentage points per annum.12

The differences between the exact CES index, on one hand, and the Fisher and 
Törnqvist WGEKS, on the other hand, are certainly nontrivial. This has not been 
widely documented before, and it is not straightforward to find an explanation for 
this phenomenon. However, we note that Hill (2006) observed quite significant dif-
ferences in bilateral index numbers for the quadratic-mean-of-order-r index, equa-
tion (15), for different values of r. He noted that for his data the spread between the 
maximum and minimum quadratic-mean-of-order-r indexes for different r often 
exceeded the Paasche–Laspeyres spread. This documents the fact that significant 
differences can arise, as we have found, between index methods, which provide 
similarly flexible approximations to consumer preferences.

In the case of the panel-of-prices data, we can calculate direct indexes. This is 
not a sensible approach in the sample-of-prices data because products appear and 
disappear. This means that the set of products matched with those sold in the first 
period will degrade significantly as the gap between the periods lengthens.

The direct Fisher and Törnqvist indexes also deviate from the exact CES index. 
The bias is somewhat smaller than that for the WGEKS approaches for values of 
σ below 5. However, for larger values of the elasticity of substitution, the bias is 
positive and significant. This contrasts the bias for the WGEKS indexes, which was 
negative. In the case of the Fisher index the bias peaks at 2.58 percentage points, 
whereas for Törnqvist it is 2.28 percentage points, for σ = 5.

Our results for the WGEKS and direct methods are somewhat unexpected. 
Our expectation was that these methods should closely approximate the exact CES 
results. It is surprising then that the differences are quite large. These results pose 
interesting questions about the source of these differences, these issues require fur-
ther investigation.13

4.2.  Weighted TPD

For the WTPD method, there are also significant differences from our refer-
ence point—the CES-WGEKS method. In the case of the panel of prices data set, 
this bias is fairly mild up to around σ = 2. For higher levels of σ, the bias rises and 
peaks around σ = 6 at 1.44 percentage points per annum. After this point, the bias 
falls, although remains positive and nontrivially large. These results appear fairly 

12In the Online Appendix, we provide figures that outline the level of bias for each product and city 
combination. These figures show that each method does tend to have a consistent bias across the vari-
ous products and cities.

13The differences between the CES and superlative indexes are not easy to identify based on alge-
braic manipulations. Instead, they appear to relate to numerical issues and how the different formulae 
behave given asymmetries in the distribution of prices and price relatives. This is an interesting line of 
inquiry that warrants further investigation.
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consistent with our theoretical expectations. We noted that the WTPD method can 
be justified based on σ = 1 or an extremely large value of σ. Our results confirm 
this but also point to the prevalence of positive bias through the intermediate range 
and a turning point around σ = 6.

Interestingly, the results are quite different for the sample data set. Here the 
WTPD method exhibits minor levels of bias up to around σ = 5. However, after 
this time the level of bias is positive and increases rapidly. At σ = 10, the bias is a 
whopping 3.01 percentage points per annum, and it rises to 4.86 percentage points 
at σ = 15. The differences in the results for WTPD from the panel and sample data 
sets imply that this method is strongly influenced by new and disappearing goods.

4.3.  The Geary–Khamis Method

Now, turning to the temporal GK method. The results are broadly similar 
to those for WTPD. In the panel of prices the bias, relative to the CES WGEKS 
approach, is mild for small values of σ. It rises and peaks at 1.90 percentage points 
per annum for σ = 5 and then decreases for larger values of σ.

However, in the case of the sample data set, the bias is positive and much 
more significant. As we saw for the WTPD method, the bias starts rising rapidly 
after around σ = 5 and reaches 3.01 percentage points at σ = 10 and 4.86 percent-
age points at σ = 15. This also points to a significant interaction between the GK 
method and new and disappearing goods.

4.4.  Chained Indexes

Perhaps the most surprising results are the chain drift that is evident for the 
CES index in the sample of prices data set. In the panel data set, with no missing-
ness, the chained CES indexes are transitive and therefore have no bias. However, 
in the sample of prices data set, a significant divergence can be observed between 
the chained CES indexes and the CES-WGEKS indexes. The size of this drift 
increases as σ becomes larger. Significant chain drift is also evident for the Fisher 
and Törnqvist chained indexes.

This result is startling. As noted in the introduction, the standard explanation 
for chain drift is that it relates to stockpiling (Ivancic et al., 2011; de Haan and van 
der Grient, 2011). However, we have simulated product expenditure shares using a 
classical demand framework. This excludes the possibility of stockpiling by con-
struction. What then is the explanation for such significant chain drift? We turn to 
the impact that life cycle pricing has on chained price indexes, and related issues, 
in the next section.

5. L ife Cycle Pricing and Index Bias

One puzzle posed by our simulation results is the high degree of chain drift in 
the sample of prices indexes. This leads to a large difference between the chained 
and WGEKS indexes even though the expenditure shares have been constructed 
based on the CES demand system, where stockpiling plays no role. We argue that 
this is related to life cycle pricing phenomena. More specifically, in many product 
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categories run-out sales—associated with big falls in price—are observed at the 
end of a product’s life. These price falls are not balanced by commensurate price 
rises elsewhere. It is straightforward to show that this can lead to a significant 
downward bias in the resulting chained indexes. Let us explore this algebraically as 
well as using our data.

To see algebraically how run-out sales can lead to downward chain drift, con-
sider an example where we have T periods, t = 1, 2, …, T. Let us suppose that the 
Törnqvist bilateral index is used in constructing both the chained and multilateral 
GEKS indexes. The Törnqvist index and GEKS approach are used for clarity. 
However, the principle applies more generally were a different index to be used, 
such as the Sato–Vartia or Fisher indexes, and even for other multilateral methods 
such as GK and TPD.14 The chained and GEKS multilateral indexes, between the 
first and last periods, can be written, respectively, as follows:

To illustrate the differences between these two methods, let us consider a 
highly stylized situation where all prices are unchanged except for those of a single 
good, say good j. Suppose this product is sold in period 1, goes on sale in period 
2, and then disappears from the market in all subsequent periods. In this case the 
chained index is equal to

In comparison, for the Törnqvist-GEKS index, we have

The difference is stark. In the chained case, the price fall gets a significantly 
higher weight than in the multilateral case. In fact, the multilateral case gives the 
price change, 

pj2

pj1
, just 1/T th the weight given to the same price relative in the chained 

index. The lower weight for the good j in our simple example reflects the fact that 
this good was only sold in periods 1 and 2 and so it can only be used in bilateral 
comparisons between these two periods. In the case of the multilateral indexes, it 

14These effects can also occur at the elementary index level when a sample of prices is used, prod-
ucts disappear over time, and there are life cycle trends in prices (Melser and Syed, 2016, 2017).
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does not appear in any other bilateral comparisons; therefore, if  T is large it will be 
missing in the vast majority of cases. This reduces its ability to influence measured 
price change in the multilateral case. This emphasizes an important property of 
multilateral indexes relative to chained indexes; multilateral indexes tend to reduce 
the influence of new and disappearing goods because these products appear in 
fewer bilateral comparisons.

Another interesting finding from our results was the rising upward bias in 
WTPD and GK in the sample of prices data set as σ rose. In the case of the panel 
of prices, the bias tended to fall—after a certain point—as σ rose. It seems likely 
that the behavior of WTPD and GK in the sample data set is also related to the 
effects of new and disappearing goods.

Given the apparent importance of life cycle pricing, we undertake some fur-
ther empirical investigations to gauge its influence.

5.1.  Quantifying the Effects of Life Cycle Pricing

For life cycle pricing effects to be responsible for the chain drift we observe 
in our simulated indexes, life cycle pricing effects must exist. We investigate this by 
running a WTPD-type regression on the full data set. We estimate a model such as 
(12). However, we augment this model with a dummy variable for whether it was 
the last period that a product was observed to sell at a particular store. In a second 
regression, we include a dummy variable for whether it was the first sale of a prod-
uct in a store. The results for the “disappearing” and “new” dummy variables, for 
each product category and city, are presented in Table 3.

Our results indicate a clear tendency for products to be subject to run-out 
sales. However, there are limited life cycle effects on prices in the introductory 
period. In the first panel of Table 3, we see a strong negative effect on price in the 
last period in which they are observed. In fact, there are only 2 cases of a signifi-
cant positive effect, 4 insignificant coefficients, and the remaining 18 coefficients 
are significantly negative. On average, across all products and markets, prices are 
around 3 percent lower in their last period. Turning to price levels in the first period 
that an item is sold, we see much less significant differences. Fewer coefficients are 
statistically significant, and there is a mix of positively and negatively signed coef-
ficients. The overall average indicates very little difference in price levels for new 
products in the first period in which they are sold in a given store. Thus most of 
the life cycle pricing dynamics appear to be run-out sales rather than introductory 
specials.

To explore the effect of product life cycle dynamics on chain drift, we under-
take some further simulations. First, we estimate the various indexes on the sample 
of prices data set, but we drop the price data for a product in the last period it was 
sold. For completeness, we run a further simulation but this time dropping the 
price for the first period a product was sold. The results are presented in the bot-
tom half  of Table 2 and are plotted in Figures 2 and 3.

The results of this exercise are interesting. They show that the level of chain-
ing bias is significantly attenuated when last prices are dropped but little changed—
even worsened—when first prices are dropped. For the CES index, the chaining 
bias for σ = 5 falls (in absolute value) from −4.04 to −1.08 percentage points when 
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we drop last prices. There are commensurate falls in the chained Fisher and 
Törnqvist indexes with the latter plotted in Figure 2. The results, illustrated in 
Figure 3, also show a significantly reduced bias in the WTPD and GK methods 
when the last price is dropped.15

The results of our simulation are quite clear in pinpointing the importance 
of run-out sales in generating chain drift. However, it is useful to take this a step 
further and try to more accurately identify the amount of the chain drift that is due 
to life cycle pricing behavior. We do this by calculating the indexes above using the 
full data. That is, instead of generating expenditure shares and quantities using the 

15As pointed out by a referee, another way of dealing with the run-out sales problem would be to 
use the assortment adjustment approach of Feenstra (1994). If  products receive a disproportionate 
share of expenditure in their last period, as is likely if  they are subject to run-out sales and the elasticity 
of substitution is greater than one, then applying the Feenstra adjustment would tend to raise the cost 
of living in the subsequent period. The Feenstra adjustment is based on a comparison of the expendi-
ture shares of new and disappearing goods—if the share on disappearing goods is higher than that on 
new goods, this will tend to raise the cost of living. This adjustment would counterbalance the decreases 
in price recorded during run-out sales. An important area of future research is how the various multi-
lateral approaches perform in terms of approximating both the matched price change and the welfare 
effects of changing assortments reflected in the approach of Feenstra (1994).

TABLE 3   
Price Change for New and Disappearing Goods (Full Data Set)

Coefficient on Last Price Average

Dallas Los Angeles New York

Beer −0.0008 −0.0090*** 0.0062*** −0.0012
Carbonated 

beverages
0.0218*** 0.0008 −0.0022 0.0068

Coffee −0.0542*** −0.0388*** −0.0244*** −0.0391
Margarine and 

butter
−0.0209*** −0.0027 −0.0096*** −0.0111

Peanut butter −0.0242*** −0.0238*** −0.0238*** −0.0239
Soup −0.0731*** −0.0791*** −0.0308*** −0.0610
Toilet tissue −0.0167*** −0.0111*** 0.0034 −0.0082
Toothpaste −0.1140*** −0.1207*** −0.0356*** −0.0901
Average −0.0353 −0.0356 −0.0146 −0.0285

Coefficient on First Price

AverageDallas Los Angeles New York

Beer 0.0014 −0.0002 0.0013 0.0008
Carbonated 

beverages
−0.0063*** −0.0018 0.0004 −0.0026

Coffee −0.0033* 0.0031* −0.0014 −0.0005
Margarine and 

butter
−0.0051* 0.0096*** −0.0012 0.0011

Peanut butter 0.0079*** 0.0035 −0.0073*** 0.0014
Soup 0.0049*** 0.0046*** 0.0126*** 0.0074
Toilet tissue −0.0015 −0.0034** 0.0026 −0.0008
Toothpaste −0.0006 −0.0097*** 0.0021 −0.0028
Average −0.0003 0.0007 0.0011 0.0005

***p-value < 0.01, **p-value < 0.05, *p-value < 0.1.
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CES cost function, we use the actual quantities and shares. This also addresses a 
possible issue from using simulated expenditure shares in the presence of run-out 
sales. Although it may be the case that products are sold at very low prices in their 
last period, it may also be that limited quantities are available at these prices. The 
use of generated expenditure shares may then exaggerate the quantities that are 
bought at these prices. Using the actual prices and quantities addresses this issue. 
It also allows us to get some idea of the relative importance of life cycle pricing 
compared with stockpiling in generating chain drift, although we note that these 
two effects are likely to interact and reinforce each other. For example, consumers 
may use run-out sales as an opportunity to stockpile a product.

In Table 4, we undertake estimation for three different cases using the full data 
set: (1) using all observations, (2) dropping last prices, and (3) dropping first prices. 
The results broadly confirm those of the simulation. Let us focus on the chained 
Törnqvist index. Using all observations, the chain drift is estimated at −0.75 per-
centage points on average per annum. If  we drop the last observed price, then 

Figure 2.  Index Bias—Chain Drift (Sample of Prices)
Note: The figures plot the annual average difference in percentage points from CES-WGEKS. This 

is averaged across products and cities. [Colour figure can be viewed at wileyonlinelibrary.com]

Figure 3.  Index Bias—Dropping First and Last Observed Prices (Sample of Prices)
Note: The figures plot the annual average difference in percentage points from CES-WGEKS. This 

is averaged across products and cities. [Colour figure can be viewed at wileyonlinelibrary.com]
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the mean chain drift falls (in absolute value) to −0.38 percentage points. This is 
a sizable reduction in chain drift of around half. The relative size of the decrease 
is slightly smaller, but still sizable at around one-third for the chained Fisher. For 
the chained CES (Sato–Vartia) index, run-out sales appear to eliminate around 
three-quarters of the bias. The WTPD and GK also exhibit reduced bias when the 
last price is dropped. These results, coupled with those of the simulation, provide 
clear evidence of the strong influence that life cycle pricing plays in inducing chain 
drift and in introducing a degree of bias in the WTPD and GK methods.

6. C onclusion

The purpose of this paper has been to examine the properties of some of the 
“new” methods used to calculate temporal price indexes on scanner data. These meth-
ods are now becoming more widely used, but there is a deficit in our understanding 
of their properties. Two issues are particularly important in this regard: first, the 
extent to which the various methods may embody substitution bias and second, how 
the methods perform in the presence of new and disappearing goods. To examine 
these questions, we built on the approach of Diewert and Fox (2018) in developing 
our simulation framework. Our simulations used actual price data, sourced from the 
IRI scanner data set (Bronnenberg et al., 2008), but created expenditures/quantities 
based on CES preferences. The results yielded several interesting findings.

First, for the panel data set with no missing prices, there was a surprising 
difference between the exact CES index and the Fisher and Törnqvist WGEKS 
and direct indexes. On average, the Fisher and Törnqvist WGEKS indexes tend to 
understate price change, whereas the direct indexes overstated price change. These 
findings are interesting and warrant further research.

Second, we found that the WTPD and GK methods tend to overstate price 
change. This was the case in the panel data set but to a much greater extent in the 
sample of prices where products appeared and disappeared. These results imply 
that a degree of caution should be exercised in using these approaches.

Third, our results indicate that a significant portion of the chain drift that is 
observed in indexes using scanner data is likely to be the result of life cycle pricing 
phenomena. This contrasts with conventional wisdom, which is that chain drift is 
primarily because of stockpiling by consumers. In particular, much of the down-
ward drift in our chained indexes arises because of the commonly observed prac-
tice of run-out sales as products exit the market. We show that these run-out sales 
get much higher weight in chained indexes than in multilateral indexes, and that 
this can lead to downwards drift. In our simulations, and estimation on the full 
data set, we find that removing the last price of a product—often a sale price—  
significantly attenuates chain drift. It also ameliorates some of the bias evident in 
the WTPD and GK methods.
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