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Sunmary

Most statistical offices select the sanples of commdities (itens)
of which prices are collected for their Consumer Price |ndexes
judgenental ly. In the Netherlands, judgnental sanpling resenbles
cut-off selection where the itens with the | owest expenditure are
del i berately left unobserved. Cut-off item selection yields biased
price index estimates. This paper addresses the question whether
probability sanpling | eads to better results in ternms of the nmean
square error. Mnte Carlo sinulations using scanner data indicate
that cut-off selection generally is a powerful strategy for item
sanpling in the CPl, mainly because of the skewness of the

di stribution of item expenditures.

I ntroduction
1. In nost countries, including the Netherlands, the Consuner Price |ndex

(CPlI) is essentially a Laspeyres-type index. This index weights the partia
price indexes of the various conmodities by expenditure shares that are fixed
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at base period | evels. Sanpling nethods are needed to estimate the popul ation
val ue. ldeally, the mean square error of the estimator would be ninimsed.
Even though the Laspeyres index forrmula is extrenely sinple, the estinmation
procedures applied to the CPl make it a rather conplex statistic. Described
in a stylised manner, the estimation procedure involves drawi ng three kinds
of sanples in consecutive steps. First, a sanple of households taking part in
a budget survey is drawn to estimate the commdity group wei ghts. Second,
fromeach commodity group a sanple of commodities (referred to as itens) is
selected. Third, the prices of these itens are collected in a sanple of
outlets.

2. Thi s paper focuses on the second step. Only a few statistical agencies,
e.g. the U S. Bureau of Labor Statistics, use probability sanpling to sel ect
items to be priced. Most others rely on expert judgenents to deternine which
items should represent the itemgroup. Probability selection nmethods do not
necessarily outperform non-probabilistic techniques nethods. It will in fact
be argued that cut-off itemsanpling in the CPl, which ninics judgnental
practices in the Netherlands, is a successful strategy, particularly in case
of a skewed distribution of item expenditures. Enpirical evidence using

scanner data on coffee, baby’ s napkins and toilet paper illustrates the
argument . !
3. Section 2 describes cut-off sanpling and three probability techniques:

simpl e random sanpling, stratified sanpling and sanpling proportional to
size. Section 3 gives an overview of the scanner data sets used for enpirica
estimation. Section 4 presents the results of Monte Carlo experinents that
were carried out to determine the nean square error (the standard neasure of
statistical accuracy) of the estinmated commodity group price indexes under
the various sanpling designs. Section 5 concl udes.

Estimati ng Laspeyres-type Price |Indexes

4, Suppose that item group A consists of N itens; gT A neans that itemg

bel ongs to group A. Goup Ais assuned to be fixed during time. Al though in
reality sone products may di sappear fromthe market and new products may
enter, the constant item group assunption enables us to concentrate on the
sanmpling aspect. Qur data set will be adjusted accordingly. The Laspeyres-
type (fixed-weight) price index of itemgroup Ain periodt is defined as

a ep;
Pt _dgA - é. WOPI (1)
- o - '
aeg g A 99
gl A

wher e Fﬁ denotes the price index of itemg (which is supposed to be given),

eO

g the expenditure on g during base period 0 and \Ng t he correspondi ng
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expenditure share of g within group A In the base period a sanple A with
fixed size nis taken fromA to estimate P'. Because A is supposed to be

fixed during tine, it seenms natural to keep A fixed as well.

Si mpl e Random Sanpl i ng

5. Probability sanpling refers to situations in which all possible sanples
have a known (and positive) probability of selection. Under sinple random
sampling (w thout replacenent) all possible sanples have equal selection

probabilities. Hence, the Horvitz-Thonpson esti mator ﬁﬁ=:(N/rnéigTAméFﬁ is

unbi ased for P', that is E(FA’Q)::Pt where the expectation E(.) denotes the
mean of all possible sanples under a given sanpling design, in this

particul ar case sinple random sanpling. Despite its unbi asedness, ﬁi will
never be used because of two undesirable properties. |f the price index
nunbers of all sanpled itenms happen to be equal, the estimted group price

i ndex differs fromthat val ue unless the popul ation nean and the sanple nean
of expenditures coincide. Price index statisticians probably dislike this

feature. More inportantly, Fﬁ is bound to exhibit extraordinary |arge

sampling variance. To overcome both difficulties, P' is estimated by taking
unbi ased estinmators of the nunerator and the denoni nator

[o]
(N/n)q eP,

St — g A _ 2 ~0pt
= =aA W,F,, 2
" (N/mae; g 0 °
gi A

wher e ﬁ@ is the expenditure share of itemg in the sanple. Using a first-

order Taylor linearisation (Sarndal et al. 1992, pp. 172-176), the variance

of FE can be estimated fromthe sanple data. However, Taylor |inearisation

tends to lead to underestimated variances for small sanples. The CPl item
sanmpl es are indeed typically snall. For sone item groups there nay even be
only one or two representative itens. Thus besides being unstable (that is,
having a large variance itself), the variance is probably al so underesti mted
when based on Taylor linearisation techniques.

6. Esti mat or ﬁg suffers fromsnmall sanple bias of approximately o(1/n).
Wth a snall itemsanple and a large variability of base period expenditures,

the bias of ﬁg may be non-negligible inrelation to its standard error. The
all-items CPI will probably not be biased to a large extent on this account,
since the bias is a (weighted) average of positive and negative biases of the
various item group indexes.
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Sampling Proportional to Size

7. Sampling proportional to size has the advantage that the npbst inportant
items have the biggest chance of being sanpled. In case of item sanpling
proportional to size a fixed size design wi thout replacenment in conbination
with the Horvitz-Thonpson estimator is nost likely to be chosen. Such a
design is sonetinmes called pps-sanpling. Base period expenditure acts as the

nmeasure of size, and the required first-order inclusion probability for item

. 078 0 _
gis neg/agA e, =

0 2 t . . . t
A€ =MWy Thus, g . ;P /n is an unbiased estimator of P°.

g A 9

8. As nost existing schenes for fixed-size sanpling proportional to size
are rather conplicated, a systematic version is used instead. For item groups
with a large variability in base period expenditures, it nmay not always be
possible to select a sanple strictly proportional to expenditure. The

conflict is solved as follows.? First, a subgroup A, of size N,(<n) with

t he hi ghest base period expenditures is selected fromA with certainty. Next,
a sanpl e ﬁ\ with size n(=n- N,) is drawn strictly proportional to
expenditure fromthe remaining | ow expenditure subgroup A . The resulting
unbi ased estimator is an expenditure wei ghted average of

o) o . . 2
Pt(H):agTAHengt/agTAHeg’ the true price index of A,, and agTALPgt/nL’ the

estimated price index of A .

Stratified Sanpling

9. The obvi ous advant age of sinple random sanpling as opposed to sanpling
proportional to expenditure is that, apart froma register of itens serving
as a sanpling frane, no other data are required. See also Balk (1994). Wth
very unequal ly distributed item expenditures there is a large probability
that the market |eaders fall outside the sanple, which seens intuitively
unappeal i ng. A variance reduction could be achieved if we were able to
stratify the itemgroup into honmbgeneous subgroups according to their price
changes. A priori know edge of itemprice changes is not avail able, however.
Al ternatively, the variance night be reduced by stratifying the item group

into two subgroups, one (A;) wth high base period expenditures which is
observed entirely and the other one ( A/) with |ow expenditures fromwhich a
random sanpl e ‘AL is taken. The new estimator of the itemgroup price index is
an expenditure wei ghted average of ﬁE(L), that is the Laspeyres-type price

i ndex of the | ow expenditure subgroup estimated in accordance with expression
(2), and P'(H). Its sanpling variance is (1-t|4)2V@H[ﬁ§(L)], where t, denotes

the expenditure share of subgroup A, within group A Wile this nmethod does

not necessarily lower the variance of the estimated price index, it is likely
to do so as the overall sanple size n increases
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10. The choice of t,, and thus of the size N, of the ‘take-all’ stratum

A, is abit of a problem Preferably we would have some optimality criterion

in order to mninise the variance. But since a priori know edge of itemprice
changes is |lacking and past trends do not forecast future price changes very

accurately, the optimal size of A, can hardly be conputed in practice. In
the enpirical analysis two different relative sanple sizes |, =N, /n of A,

will be tried, nanely |, =1/3 and | , =2/3. These val ues should suffice to
give a clear indication of the performance.

Cut - of f Sanpli ng

11. When the sanple size is very small it seens rather likely that
stratification with | , =2/3 leads to a larger standard error of the

estimated price index than with |, =1/3. But what happens if A is not

observed at all, so that |, =1 and thus Nn=N_,? W woul d then be using
(a special type of) cut-off sanpling. The itemgroup price index is estimted

sinply by ﬁg =P'(H). Al gl A, now have an inclusion probability of 1,
wher eas all gT A_ have zero inclusion probability (Sarndal et al., 1992,
pp. 531-533). Since we know exactly which itenms will be selected there is no

A

randommess i nvolved and the sanpling variance of Fﬁ is zero by definition
The bias equals the actual error, being the difference between the estimated
val ue and the popul ation value: P'- P'=(1-t,)[P'(H)- P‘(L)]. Wth a very
unequal distribution of item expenditures, even a snall sanple size would
cause a large value for t,. In that case cut-off estimation may outperform
stratification, in terns of the nean square error. One can either fix the
cut-off rate t,,, so that the sanple size nis determined by t,, or fix the

sanpl e size, in which case t, depends on the choice of n. | have chosen the

latter option since fixed size sanpling designs are common practice in
selecting CPl itens, and because this allows a suitable conparison with other
fixed size designs.

12. The use of cut-off procedures can be justified on the grounds that i)
the costs prohibit the construction of a reliable sanpling franme for the
whol e popul ation, and ii) the bias is deened negligible. Assunption ii)
cannot be verified in general, of course. The deliberate exclusion of part of
the target popul ation from sanple sel ection may neverthel ess give
satisfactory results when appropriate corrections are nade. However, the
cut-off procedure for CPl item selection does not correct for the excluded
itens. In addition to cost-considerations, this method is sonmetimes defended
by the belief that, at least in the |onger run, the price changes of the |ess
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inmportant items will not differ nmuch fromthose of the market |eaders within
the sane product group because of similar production cost structures.

Bar - code Scanni ng Data

13. I n Europe scannabl e products are defined by the European Article Nunber
(EAN). Manufacturers assign a different EAN to every variety, size, type of
packagi ng, etc. of a product. This has two inportant inplications. Firstly,
rapi dly changi ng EANs — whi ch occur very frequently — nake it difficult to
follow a specific itemthrough tine. Secondly, some EANs appear to have
negligible expenditures. It seens that the classification systemis too
detailed: what is really one itemhas been classified as a multitude of
itens, and some aggregation over EANs is required for practical purpose.?
Fortunately, several product characteristics such as brand name are included
in scanner data sets. EANs with the sane product characteristics will be
treated as identical items. O course, if the nunber of characteristics
available is insufficient, there can be a danger of over-aggregation, i.e. of
putting heterogeneous itens together.

14. The scanner data sets exploited here contain weekly supermarket sales
on coffee, disposable baby's napkins and toil et paper, and originally had
320, 569 and 294 different EANs, respectively. They include for each EAN t he
nunber of packages sold and the correspondi ng value. Prices are not included
explicitly. Average transaction prices (unit values) are calculated from

val ues and quantities. The coffee data relate to sales over a period of two
and a half years, beginning with week 1 of 1994 and ending in week 24 of
1996, in a sanple of 20 supernarkets. The data on the other two item groups
refer to a sanple of 149 supermarkets and cover a period of two years,
beginning with week 1 of 1995 and ending with week 52 of 1996

15. For reasons of convenience the minor brands were deleted. In the case
of coffee, the 15 brands with the hi ghest expenditure during the entire
period studied were chosen fromthe 55 brands actually sold. After
aggregating over EANs with identical product characteristics, we further
limted the population to those itens that were sold in the base year 1994
and every nmonth thereafter in order to have a conplete data set for each
month. We ended up with a total of 68 itens (excluding beans), anong which
40 itenms of ground coffee and 28 itenms of instant coffee. These account for
94.5% of total base year coffee expenditure in the initial data set. For
napki ns and toilet paper the brands with a turnover share of |less than 1%
were renoved. Next, only those itens were selected that had been sold in 1995
and at |east eight nonths thereafter. This resulted in 58 napkins itens and
70 toilet paper itens, accounting for 90% and 86% of total 1995 expenditure
inthe initial data sets.
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Figure 1: Distribution of base period item expenditures
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16. A striking feature of the itemexpenditures is the skewness of their

distribution. Figure 1 shows the unevenness of the base period expenditures
in the adjusted data sets by nmeans of Lorenz curves. The vertical axis
depicts the cunul ative expenditure total, the horizontal axis shows the
cumul ati ve nunber of items, both expressed as percentages. The itens have
been sorted in increasing order of expenditure. Wth evenly distributed
expenditures, the Lorenz curve would lie on the diagonal. The nore unequa
the distribution becones, the lower its position will be. Coffee expenditures
appear to be distributed extrenely unequal. The three | argest itens account
for over half of total base year (1994) coffee expenditure. For baby’'s
napki ns and toilet paper the largest six and eight itens, respectively,
account for nearly half of total base year (1995) expenditure.

Monte Carlo Results

17. Wth the exception of cut-off selection it is difficult to find
reliable measures of the sanpling distributions based on a single sanple.
Under sinple random sanpling the estimator (2) has an unknown bi as whereas
vari ance estimation based on Taylor linearisation techniques gives inaccurate
results because of the small CPlI item sanples. Systematic sanpling
proportional to size raises the question of how to estinmate the variance
since the second-order inclusion probabilities are unknown. Mnte Carlo
sinul ati ons have been carried out to describe the sanpling distribution. Half
a mllion sanples were drawn fromthe itemgroup in question according to the
gi ven design, and for each sanple the price index was estimated. The

di stribution of the 500,000 estimates will cl osely approxi mate the exact
sanpling distribution.?®
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18. Three different sanple sizes were used: n=3, n=6 and n=12. Note that
all itemprice indexes were calculated as unit val ue indexes over all outlets

in the sanple. Part A of Table 1 shows the Monte Carlo results for coffee in
January 1995 (1994=100), parts B and C those for napkins and toil et paper
respectively, in January 1996 (1995=100). Sinple random sanpling perforns
particularly bad. For exanple, with n=3 the true (Laspeyres) coffee price
increase of 17.2%is understated by 1.4%points. Together with a standard
error of 5.1% points, the square root of the nmean square error (rnse) anmounts
to 5.3%points, that is alnost one third of the true price increase. Even
with n=12, so that the sampling fraction is 0.18 (which would be unusually
large), the rnse still remains considerably high. Notice that, as expected,
the small sanple bias is halved when the sanple size is doubl ed.

19. Stratification works reasonably well with |larger sanple sizes but |eads
to disappointing results with n=3. In the latter case, stratification
i ncreases the rnse as conpared to sinple random sanmpling for baby’s napkins

and toilet paper when N, =2 (i.e. when |, =2/3). CQur favourite

probabilistic design would clearly be sanpling proportional to expenditure
because the estimtes are unbiased and their standard errors relatively | ow
But the nost interesting finding is the good performance of cut-off

sel ection. Except for n=3 and n=6 in case of baby’'s napkins, this nethod
produces the best results.

20. It woul d be hazardous to draw concl usi ons about the perfornmance of the
various sanpling designs based on results for a single nonth. Therefore,
Monte Carl o experinents were performed for each nonth of the period under
study. Figure 2 shows the rnse with n=3. The pattern that enmerges for coffee
and toilet paper is quite robust: cut-off selection always cones out as best.
Apparently, if sanmple sizes are snmall the exclusion of the smaller itens does
not seemto matter nmuch. Note that with larger sanple sizes the results under
cut-of f sel ection and sanpling proportional to size are nuch alike. For
baby’ s napkins the outcomes differ slightly. Due to the high volatility of
the napkins itemprice indexes, the rnse under cut-off selection varies
considerably; it neanders around the rnse under sanpling proportional to
expendi t ure.

Concl usi on

21. Al t hough scanner data may have sone deficiencies, they provide an
excel l ent opportunity to undertake empirical research into CPl sanpling

i ssues. Monte Carlo sinmulations show that, for coffee, disposable baby’'s
napki ns and toilet paper at |east, sinple random sanpling of items should be
advi sed against. | believe that this reconmendati on can be extended to al
itemgroups with a very skewed distribution of expenditures. Statistica
offices that wish to apply probability sanmpling should consider using
sampling proportional to size. However, the enpirical evidence given in this
paper supports the use of cut-off CPl itemselection as a good or even better
alternative.
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Table 1: Monte Carlo estimates of Laspeyres price index nunbers

A Coffee (N= 68), January 1995 (1994=100)

Sampling | n=3 n=6 n=12
Scheme exp. se bias rmse| exp. se Bias rmse| exp. se hias rmse
value value value

SR.*) 1157 51 -14 53| 1164 34 -07 35| 1167 23 -04 23
pps 1172 22 0 22| 1172 13 0 13| 1172 0.7 0 07
Stratified

|, =1/3| 1164 39 -0.7 40| 1166 23 -05 23| 1170 12 -01 12
|, =2/3] 1156 45 -15 47| 1164 25 -0.7 26| 1170 11 -02 11

Cut-off 1170 0 -02 02| 1172 0 00 00| 11275 0 03 03
*) Sinple random estimator (2)

B: Baby’s napkins (N= 58), January 1996 (1995=100)

Sampling [ n=3 n=6 n=12

Scheme exp. se bias rmse| exp. se hias rmse| exp. se bias rmse
value value value

SR. 994 50 23 55| 987 39 15 42| 979 29 08 30

pps 97.2 28 0 28| 972 16 0 16| 972 15 0 15

Stratified

l,=1/3| 989 50 18 53 981 33 10 34| 974 17 02 17
l,=2/3] 983 58 11 59 974 33 03 33| 970 16 -02 16

Cut-off 92.0 0 -51 51| 934 0 -38 38| 955 0 -16 16

C. Toilet paper (N= 70), January 1996 (1995=100)

Sampling [ n=3 =6 n=12

Scheme exp. se bias rmse| exp. se hias rmse| exp. se bias rmse
value value value

SR. 1039 45 01 45(1039 35 01 35| 1039 26 01 26

pps 1039 34 0 34|1039 18 0 18| 1039 12 0 12

Stratified

|, =1/3| 1035 43 -03 43(10387 32 -01 32| 1040 21 01 21
|,=2/3] 1037 46 -02 46(1042 34 04 34| 1039 16 00 16

Cut-off 105.0 0 11 11|1040 0 01 0.1] 1040 0 01 01
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Figure 2: Rrse of estimated Laspeyres price indexes (n=3)
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22. In this paper the itens were tightly described to attain a high degree
of ‘honogeneity’, followng Statistics Netherlands practice. Sone countries,
on the other hand, use | oose itemdescriptions instead. In addition, the item
price indexes were treated as if they were known with certainty whereas in
reality they are estimated fromprice observations in a sanple of outlets.
Opperdoes (1999) addresses the choice between tight and | oose item
descriptions, and takes into account both the sanpling of itens and the
(random sanpling of outlets. The results of this prelimnary study are stil
somewhat puzzling and inconclusive. More research into this inportant area
woul d be wel cone. 8
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END NOTES
! Scanner data are derived from el ectronic scanning by bar-code reader
Bradl ey et al. (1997) give an overview of potential uses of scanner data in
CPI construction
2 For the exact procedure followed, see De Haan et al. (1999).
% In a test study using scanner data on coffee, Reinsdorf (1995) also found
that “itenms that are, for all practical purposes, the sane may occasionally
have different UPC s” (the US Universal Product Code).
4 For a linmited nunber of (small) items inputation was needed in sonme nonths.
® For details, the reader is again referred to De Haan et al. (1999).
® The degree of ‘tightness’ of the itemdescriptions and the sanpling design
of outlets both have inplications for the fornula with which prices are

aggregated into price indexes at the | owest |evel of comodity aggregation.
See e.g. De Haan and Boon (1998).



