|

7/ “““\\\ A ECO" SEARCH

% // RESEARCH IN AGRICULTURAL & APPLIED ECONOMICS

The World’s Largest Open Access Agricultural & Applied Economics Digital Library

This document is discoverable and free to researchers across the
globe due to the work of AgEcon Search.

Help ensure our sustainability.

Give to AgEcon Search

AgEcon Search
http://ageconsearch.umn.edu
aesearch@umn.edu

Papers downloaded from AgEcon Search may be used for non-commercial purposes and personal study only.
No other use, including posting to another Internet site, is permitted without permission from the copyright
owner (not AgEcon Search), or as allowed under the provisions of Fair Use, U.S. Copyright Act, Title 17 U.S.C.


https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
https://makingagift.umn.edu/give/yourgift.html?&cart=2313
http://ageconsearch.umn.edu/
mailto:aesearch@umn.edu

f{@”/ s ; _ DAVIS

%
4‘”%{
| | - JUNIVERSITY OF CALIFORNIA

MAR 86 1974
OPTIMUM SAMPLING OF DELIVERIES FOR MEASURING| _Agricultural Economics Library

CHANGES IN FOOD PRODUCT MOVEMENT*

Thomas L. Sporleder, Robert E. Branson, and Charles E. Gates T

‘Measurement of food product movement is of interest to those engaged in
market research, advertising, and food manufacturing or distribution. A par-.
ticularly vexing situation exists when measurement of product movement is
desired in a metropolitan market for a short time period (say, a mbnth or less).
For example, this situation arises when a short-term metropolitan market pro-
motion for a particular product is COnducted.l/ Auditing a sample of retail
grocery stores in the market typically has been the method used for monitoring
product movement. waever, audits are not usually feasible when only short-
term changes are desired because of the expense in collecting such data.

An aTternative to the fetai] grocery store audit approach is to collect pro-
duct delivery data. Such fecords are re]ative]y_inexpensivevto collect since they
may be obtained at chain warehouse level without necessitating the expense of
individual store visits as is the case with audits. The geographic confines
of a metropolitan market, however, require individual store delivery records
rather than warehouse withdrawal data. For nearly any chain warehouse, the
latter data would include deliveries to stores in a larger area than a metro-
politan market.g/ Since individual store delivery data must_be obtained, a
sample size problem arises. The problem revolves around determination of the
optimum composition and number of stores to include in the sample. Obviously,
in any metropolitan market, a number of chains operate; each with a differing

number of stores per chain. Should all chains be included in the sampie or only

*Thomas L. Sporleder and Robert E. Branson are Associate Professor and
Professor,'lexas Agricultural Market Research and Development Center, Depart-

ment of Agrwfiﬁtura] Economics. Charles E. Gates is Professor, Institute.of

- Statistics. All are ofLngas A&M University. | -
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some‘bortion?' If any pérticu]ar chain is included, how many stores of that chain
should be included? | |

The objectivé of this mahuscripf is to pfovide a technique forfoptimum'Samplé
ing of individual'store delivery data. This essentially involves estimatiﬁg
sample size requireménts in terms of stores per chain_and'chains fof some ﬁpeéified
Tevel of accuracy in measurement, given an estimate of‘variability in deliveries.
The technique Qut]fned i§ applied to estimate sémp]e size*requirements.for cheese

and butter deliveries in specific metropolitan markets.

Methodology |
. The two basié aﬁproaches to any sample size prob]em_are to minimize variance
subject to a specified budget‘a1location for measurement or minimize sampling
cdst subject to some specified accuracy. The Tatter approach was chosen in the
preseht instance‘since,meagurement accuracy is prerequi§ite,t9 delivery data

as a feasible alternative to store audits.

The data

To estimate the ndrmaT variability of théese»and’buttéride]iﬁeries to
supermarketé”in metropo11tan markets during a short time period, deliveries
of both products were obtaiﬁed‘by weeks from a se]ected.group of cities
representing véried geographic'1ocatioﬁ and size. Thé citieS;chosen were',
‘Dallas, Texas; Omaha, Nebraské; Terfe Haute, fndiana;'and'To]édo, Ohio.>‘A11_
data,wére:boliectéd for af least an e{ght week period for selected stores of

. all major chains in these cities during the fall of 1970.



- First differénceév |
. The‘drigina1:dataain‘terms of pounds of,prddu¢t delivered per stbre’
per week ‘‘were trénsformed to first differentes,'reducing or removing |
any firsf—order autocorrelation which might exist; §-/',Eight:week1y,recof-d§
for each store were included in the analysis. Seven one-week first |
differences were ca]cu]afed for each store by:

m L E VRS F R S F FS

where Yijt tth first difference for store j of chain i

P.

ij pounds delivered in period h to store j of chain i

and t=1,2, ...,.7.
h=1,2, ..., 7.

In this case, h COrresponds to the number of one}Week'records.

Analysis of variance

- To estimate variance components, an ‘unba]anced one-way analysis of
variahce (ANOVA) was utilized. The appropriate ANOVA model for a given

first difference (with the t subscript omitted) is:

@) Yy mwteg teg
where: Yij = first difference of deliveries (cheese, butter) for store j of
- chain 1. |
'ﬁ = grand mean | .
c; = effect of the 1t chain

= residual

e
.
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and 1=1,2, ., c

J=1,2, ..., | ‘ |

A11 effects in this model are regarded as' random effects [8,-pp. 2 -9].
Also, dispropbrtiohate subclass frequencies‘exisf since the number of stores
per chain differ over chains. fThe'expécted mean squares for-the ANOVA
model incorporate a finite popu]ation’correction (fpc) factor into the‘
expécted mean square ‘calculations, Table 1 [3,5,9]; Thé fpc is necessary
in order to reflect the finiteness of chains and stores within chains for ‘
any given metropolitan area. |

Variance components for cha}ns'and_stores/chain were estimated for
each of the seven first differences calculated from one week data periods
- following Searle [8, pp. 34 - 67]. The seven variance components for

chains were then averaged to produce one variance component for chains

based. on one week data periods.

Constrained optimization .

Once variance component estimation is accomp1ished, an objective
function defining costs of obtaining records can be minimized subject to a
specified accuracy in terms of variability in the grand mean. ,Conceptualiza-‘

tion of the problem is as follows:

(3) SRR minimize c(Kc + sKS) )
subject to [1]:° ‘ A _;2' ' a2 v
. ' AN N B c : |
(4) _V(.V)_—. i1 -Nc- + —:((E—C-L 11 ',qu—-iv‘

where 0<c<N, O?s<M,fand where:




Table 1. ANOVA, random effects, unequal subclass numbers with finite v

population correction*

Source of Variation df w E(MS)
R A S T
Cha1ns - c-=1 | . ;A1 | % (c) 1- ﬁ;s f-kcc
| . - e S 2
- Stores/Chain z(si - 1) A2  9%(c)

*Notation in table:

A] = observed mean'square for chains
.AZ = observed mean square for sfores/chain |
k = coefficient for variance component for chains where [2,7]:
zsz | |
T {c-1)
'éndrwhere | ‘
si ¥ number of stores in the iEh-chaTn

Mi = universe number of storesvin-the-ish-chain.



¢ = sample number of chains

sample average number of stores/chain

(7]
W

N = universe number of chains -
S " . .4/
M = universe average number of stores/cha1nrj

‘/1 K = cost'bf»adding a thain'td the»sample--é/

Ki='cost of add1ng a store w1th1n a chaln to the samp]egy-

V(y) = variance of the grand mean of per1od d1fferences 1n
- deliveries per store per unit time »
A2 ' . ) '
o, = variance component for chalns,

a2 ’ ‘

s(c) = variance component for'StDreS/Chaih

V= spec1f1ed accuracy in terms of var1ance of mean -in de11ver1es :
per store per un1t t1me. _ : ,

\

Equat1on (3) ref]ects the tota] cost of generat1ng records from a
samp]e of cha1ns and stores w1th1n those chains. Given ¢ cha1ns'1nc1uded in
- a sample from some metropolitan market area, the cost of‘obtaiﬁihg chain

coopekation in the market would be cK Actual]y obtaining 1nd1v1dua1 store
 records from an average of s stores: per chain wou]d add another csK do]]ars
to samp11ng cost. _ |
| The‘constraint,'equation (4), is the expfession;for~the'Variabilityy :
of mean de11ver1es per store per per1od adJusted for a finite: popu1at1on

'The fact that a f1n1te number of cha1ns ex1st in any one metropo]1tan .



market is reflected by the correction factor (1 - %99 while the factor
(1 - %ﬁ is for stores within chains,  As ¢ approaches N the variability

M the variability attributable to that component also approaches zero.

-

Specifying aceuracy

The constraint V(J) S V of the above objective function requires
specfication of V, The derivation of the specified accurééy is from a
- 95 percent confidence interval on mean deliveries per store per'unit time.
Let X represent some mean level of delivery per store per unit time, then
2 95 percent confidence interval (C. 1,), two-tailed, is:

(6) X & (1,96) o_
X

Since specified aceuracy is in terms of variance, and a change in X of no

more than m percent is specified as the magnitude of change desired to be

detected, V may be derived from equation (5) as:-

(6) V=or = m)? X2
R [

The Hartley-Hocking algorithm

Selution to thé constvained optimization problem of equations (3) and
(4) in the pafaméters-c'and s may be accomplished by utilizing convex
programming whiéh embi@ys the Hartley-Hoeking algorithm of tangentia1
approximation [4,6]. Esséntia11y, the brob1em is a n0n1inear»programming

problem. Detail of the algorithm and the boundary constraints as formulated



for this particular problem is found in [10].

| Utilizing convex programming for a particular specification 6f
accuracy (V) yields soTutions_in terms of number of chains (c) dnd number

of stores per chain (s)-neceSSary to obtain the specified accuracy and :
"minimize cost. Obvibus]y, the-éample:size required (i.e., the maghitude

of ¢ and s) depend upon the variance COmpbneﬁts and.the.Speciffed accuracy,
V. Also, the magnitﬁde of V depeﬁds-upon mean deliveries per store per
period as noted above. This creates the oppoftunity for simulated
solutionS'to sample size requirement via perturbation of V.’ Due to space
limitations, data aggregation to Targer sampling units will not be examined -

here but is reported in [10].

Results v
The procedure is to present results for chéese andfbutter dé]iveries by
city with specified accuracy invariant. Theﬁ, sensiffvity analysis is |
conducted by perturbation of V through changes in ‘the m paraméter of
equation (6),‘aﬁd by utilizing various X's. The sensitivity analysis allows
for comparison of resﬁ]ts-from various combinations of assumptions concerning
parameferé. This pefmits conclusions to be drawn aBout the:helative3i

significance of key parameters in affecting results.

One week first differences

The variance:-components for chains and stores/chain for cheese and

butter for one week first differences vary markedly among cities, Table 2.



‘Table 2. Estimated variance components with fpc for one week first
differences, cheese and butter, by city

Variance Component For:

City Cheese - Butter
Chains Stores/Chain Chains  Stores/Chain
- number - ,
Dallas . 9,572 | 249,627 » 4,284 20,372
Omaha 45,880 1,019,570 10,827 192,890
Toledo | 33,283 | 109,984 24,328 66,311
‘Terre Haute 1,373,139 332,266 57,545 1?,510.

Source: Computed.
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There is no general pattern'exhibited by the variance components for
,either‘product over cities or for any city over pkoducts. These_e
variance components suggest that‘generaiiZation is imposSib]e concerning
variability of deliveries over products, cities, chains, or stores within
chains. |

Analyses utilizing the above variance components and constrained
optimization methodo]ogy for one specified 1eve1 ofaccuracy, constant
over cities and products, are reported first. The accuracy specified
~ for these is a 95”percent C.I. within 3 percent of mean de]iveries per
store per unit time (m of equation (6) is 3 percent).

_ Reeults of ‘prime‘interest from these analyses~are sample size in

( terms of number of chains (c) and average number of stores per chain»(s)
necessary to obtain the stipulated accuracy. To aid interpretation of
results, a total sample size in terms of number of stores_is.computed by
simp]y‘mu1tip]ying_c_times s. This total sample size requirement is then
compared with the universe number of stores (N.times M) by computing the
percent of the universe total that the samp1e total represents. Thus, if
ﬁ%— equals 50 percent, this suggests that one-half of all the chain stores
in that market must be sampled to obtain a 95 percent C.I. within 3 percent
of mean de]iveries per store per unit time. . Universe values--are presented
in Table 3. | |

For_cheeée, the sample size required varies from 91 percent of the .
'universe in.Toiedo to 100 percent of the universe in Terre Haute and Omaha,

Table 4. Toledo would kequire, on the average, 17.0 stores from each of the



- Table 3 . fUniverse»numberiof chains and stores per chaih,lby city

City ) Chains ‘Stores/Chain ~ Total

‘= number: -

Dallas - 60 38 221
Omaha: '. . 5.0 | ' 1.2 ' - ~56.‘
Toledo . 5.0 . 18.6 93

Terre Haute 7.0 2.0 - T

Source: Supermarket News, 1971 Distribution of Food Store Sales in
. 288 Cities, (Fairchild Publications, Inc., New York, 1971), pp. 43, 93, 117,
125. - ) S o




Table 4 . Sample size required for specified accuracy within 3 percent of actual mean deliverfes,
' cheesevand butter, by city » ‘

Dallas Omaha .Toledo Terre Haute

Statistic

: Cheese Butter Cheese Butter Cheese Butter Cheese Butter
Chains 5.9 6.0 5.0 5.0 5.0 5.0_ 7.0 - 7.0
Stores/Chain 36.3 36.2 11.2 -11.2 17.0 18.2 2.0 ,A 2.0
Sample Total 215 217 56 56 85 91 14 14
Percent of Universe , :
Required | 97.3 98.2 100.0 100.0 91.4 97.8 100.0 100,0

Source: Computed.

1N
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five chains, or a total of 85 stores for the sample. Since 85 of 93
.stores are réquired; this represents a sample size reduirement of 91.4
percent'of the universe. A similar 1nterpfetation may - be given‘to the.
results for other cities and for butter over cities. The pefcent of the
universe required for the same accuracy on butter is genera11y‘higher
than that for cheese. | |

These results indicéte that fhe variability in delivery data is great
enough so as to require almost the entire universe to be contained in the
sample, given the specified accuracy. This is true regardless of product

or city.

Sensitivity analysis

The purpose of sensitivity analysis is to investigate the sensitivity
of results to changes inbparameters épecified. As prévious]y'noted,
sinJlated results may be obtained by changing the parameters which are
tfunét%oha11y related to V. VOf,primevinterestfare'the m parameter of
equation (6) and the mean 1e9e1 of deliveries per store per unit time (X).

- One procedure is to relijeve the'stringentbaccuracy previously
stipulated by allowing the m parameter of equation (6) to have the arbitrary
va1de 7.

~Another area of concern is the sensitivity of results to changes in
mean deliveries per store per unit time (X of equation (6) );f.Of course,
‘as the Tevel of mean deliveries changes, the magnitude of V'Wij1 change-in,'
~ the 6pposite direction (51] elSevconsfant)-fof'the séme StipUTatédbdccuracy}'

‘There is no Togical preréquisite that the X utilized inyéetebmfningvv be an -
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actual mean; thus, the seﬁsitivity of mean level may be investigated by

utilizing a normative mean. 8/ | |
Sample 512e>requirement-is presented in a manner idéntica] to thé' 

previous presentation. Al1 results are based on the preyidus variance

components,,Tab1ef2.a

C.I. within 3 percent. Sensitivity of sample size requirements to

mean delivery level is investigated first. Stipulated accuracy remains
at a 95 percent C.I. within 3 percent of mean_de]iveries per store per
period while the mean level utilized is normative réther than-actual. For.
comparatfve purposes, actual mean level deliveries are given,“TabTe 5,
For cheese an arbitrary normative,meén level of 700 was used across

| cities.rather than the-actual»mean, TabTe-S. As. would be-expected; samp]ev
'size requirements are décreaséd for only Dallas and Toledo. ‘For Dallas, the
requirement reduces from about 97 percent of the~universe_to»about 94
percenf when the mean iS’incréased from the actual of 469‘pounds to 700
ppdnds. Thus, for.an increase of 49.3 percent in the mean, afredu¢tion in
sémp]e‘size requirement of only 3.7 percent was realized.

~ Much the same result is obtained for butter. Using a normative mean
level of 100 aéfoss cfties nd decrease‘in sample size‘requirement’would be
expécted‘except in Dallas, since 100.is below the actual mean-for the other
three cities. ~In this instance, an increase of 27;9 percent in the mean level
-,.was aSSOCiatéd,with}a decrease:of‘only‘one-ﬁalf ofﬁOne»percentain“the

sample size required.



- Table 5 . Actual mean deliveries in pounds per store per week, by
product and city

City Mean Deliveries For
I Cheese Butter
- pounds -
Dallas |  169.2 782
Omaha ' 807.3 ' 394.6
Toledo 697.7 22,1

Terre Haute 1,095.4 o _ 189.7

- Source: Primary data.



Table - 6. Sample size requ1red for specified accuracy within three percent of normat1ve mean
de11ver1es, cheese and butter, by city .

Dallas ~ Omaha | ~ Toledo Terre Haute

Statistic - ;_' ~ Cheese  Butter Cheese. Butter Cheese Butter = Cheese  Butter
Chains | 5.7 6.0 5.0 5.0 5.0 5.0 7.0 7.0
Stores/Chain 3.3 359 1.2 12 17.0 18.5 2.0 2.0
sample Total 207 216 56 56 85 03 14 e
Percent df'ﬁhivérse" o e = ‘
Required - | 93.7 97.7 100.0 - 100.0 91.4 100.0 i 100.0 100.0

Source: :Computed. |

© 91
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Briefly considering the elasticities of response for each product is
interesting. In the first instance, for Dallas cheese a 10 percent
~increase in mean Tevel yields about a 0.8 percent decrease in sample size
- requirement. .For Dallas bﬁtter a 10 percent increase in mean level yields
less than a 0.2 percént decrease in sample cize requirement.v 0f course,
theée elasticities between mean Tevel and'samp1e size requirement cannot
| be taken as a general relationship which retains validity over a range of
_mean level increases or decreases. However, response is inelastic which
suggeéts that for either product, changes in the size of deliveries
‘(changes in average store size) have a re1ative1y‘insignificant effect on
sample size required to obtain aHSpecified‘accuracy.

C.I. within 7 percent.,'Results reported here involve the same

ndrmative mean levels as used in the above analysis but the accuracy
required is relaxed from:a 95 percent C.I. within 3 percent of mean level
de]ivéky.per store per unit time to a 95 percent C.I. within 7'percent of
mean level. This, of course, should decrease sample size required.
Utilizing the 7 pércent accuracy yields a smaller sample size requirement
for cheese in_every city except Terre Haute, Table 7. Comparing the results
~ obtained from the relaxation from 3 to 7 percent reveals that the percent
cdecfeasevin sample size requirement ranges from zero in Terre Haute to
28.2cpercent in Toledo. The percent decrease for Dallas is 22.7 while it
is Oniy 5.4 for Omaha. Toledo results are most sensitive followed by

Dallas and Omaha with no sensitivity obtained for Terre Haute. This is



Table 7 . Sample size reduired for specified accuracy within seven percent of normative mean
deliveries, cheese and butter; by city

Dallas Omaha . Toledo : - Terre Haute
Statistic Cheese Butter Cheese Butter Cheese  Butter Cheese Butter
Chains 4.4 6.0 4.7 5.0 5.0 5.0 7.0 7.0
Stores/Chain - 36.3 32.3 11.2 11.2 12.2 18.3 2.0 2.0
Sample Total 160 194 53 56 61 92 14 18
Percent of Universe : :
Required - 72.4 87.8 94.6 100.0 65.6 98.9 100.0 100.0

Source: Computed.

8l
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-rough]y the relat1onsh1p of the cities w1th resoect to the abso]ute
magn1tude of the var1ance components |

Re]ax1ng st1pu1ated accuracy. reduced the number of chains requ1red

'_ in Da]]as and Omaha- wh11e the average number of stores per chain requ1red
’rema1ned stable. In'To1edo, however the reverse is true--the average

'number of stores per cha1n requ1red is reduced while the number of cha1ns

remains stab]e. This may be exp1a1ned by.the,re]at1ve magn1tude of the-two

~ variance cumponentS’in}each-city. For Dallas and 0maha,7the stores/chain
variance comuonent is 26 and 22 times greater than the chain variancek-
~component, respect1ve1y Theurelationship for Toledo, ‘houeVer, is'a‘

hvar1ance component of stores/cha1n only about three times greater than the

cha1n variance component |

~ For butter, decreased sample size requ1rement is obta1ned on]y in
Da]]asjand Toledo. ~ The Dallas decrease is 10.2‘percent.i The slight
Toledo decrease to 92 stores from the previousu93 represehts.onTy_a 1.t‘

percent change. No decrease is obtained for Omaha or Terre Haute by

're1axing accuracy from 3 to 7 percent. In genera1,-sehsitivtty‘of'butter

- sample size requirement‘ais>reTatively Tess than'sensitiv1ty of cheese

sample size requiremeht to changes in stipulated accuracy.

Conc]us1ons

The sens1t1v1ty ana1ys1s suggests that resu]ts are not as. sensitive toe

”changes in mean 1eve1 as to changes 1n the m parameter of equation (6) This

- means that resu]ts obta1ned are not as sen51t1ve to average store size
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Changes‘as they are to changes in accuracy via stipulations on the confidence
interval. |

O0f the two products, butter~samp1e_siie requirement is the least
sensitive to cﬁanges in mean level or C.I. wﬁi]e cheese sample size
requirement is more sensitive to such changes. By reiaxing accuracy from
a 95 percent C.I. within 3 percent to one within 7 percent, the émalTest

sample size required was still nearly 66 percent of the universe for either
~product or any city. This suggests the magnitude of variability in |
indfvidua] store deTivery‘data. In some instances, 1like Tgrre Haute,
small sampling error can be obtained only by a complete accounting of all
‘stores and chains. For this case, however, only 14 stores constitute
the universe which makes a market of this size manageable in terms of
including the entire universe in the sahp1e.

The re]ative'ine1asticity of sample size requirement to changes in
store size suggests that the large requirement on sample size in relation |
to universe size is rather stable for various market sizes. This implies
that whether a market is large or small in terms of either number of
~ stores in the universe or average size of store in the market, a large
proportion bf.the uniVerse would need to be sampled in order to obtain
~ the accuracy specified. |

In general, for either product or city, a sample of stores from each
chain in a metropolitan market must be inc]uded in the samp]e,-regard]éss
of product or~metropd]itan market; Beyond this, in most instances, over
three-foufths of the universe average number of stores bér chain are also

required to be sampled in order to‘attain a 95vpércent C.I. within 3 percent
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on'meah delivekies Apparant from the ana]ys1s 1s that de]1very data
collected for a metropo]1tan market are subJect to large samp11ng error.-

N The genera] s1gn1f1cance of-resu]ts from this study for actua]]y
measur1ng changes in food product de11ver1es for a market is that:
1) 1nd1v1dua] store deliveries are h1gh1y variable from week to week
’,2) autocorre]at1on W111 11ke1y exist in delivery data but may be dea]t
‘ W1th by appropr1ate stat1st1ca1 techn1ques and. 3) accuracy spec1f1ed
will impact on sample size required re]at1ve]y more than average size of
city or stofe; Beyond'thfe; the,methodologica] pfoceduressindicated,ebove
:may be used te determine 6ptimum samp]evsize'ahd composition‘for ahyvproduct
where individua] store delivery’data may be desired to ﬁonitOr changes in

product movement.'
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Footnotes

*Technical Article No. 10568, Texas‘Agricu1tha1 Experiment Station. -
This research was partially supported by a grant from the American Dairy
Assbciation. The authors acknowledge contributions to this research by
Charles Zeis, Institute of Statistics, and H. 0. Hartley, Director, Institute

of Statistics, Texas A&M University.

1. . One time short-term promotions for a particular food'product in a métro-
politan market are quite common. For example, the American Dairy Association
 of United Dairy Industries, Inc. funds one time promotions for a mbnth}in
metropolitan markets aimed at increasing the consumption of cheese. Food
processors frequently conduct short-term promotioh programé,in a metropolitan

market which involve bonuses to the retail trade.

2. Typically several metro creas are served by a chain distribution center
“or warehouse. For example, the Safeway Distribution Center in Dallas, according

to Chain Store Guide, serves 182 stores in 57 counties. Kroger's Dallas Distri-

bution Center, located in the suburb of Irving, serves 68 stores in 19 counties.
Withdrawal data from these two warehouses would obviously not pertain to the

same service area.

3.f;Autocorre1ation coefficients were estimated prior to transformation and
are reported in Sporleder, et. al. [10]. In general, these estimated éoeffi—
cients were significantly different from’zero'(é =0,05) but nearly all were

below 0.40.
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4, Sinée‘the actual universe number of stores/chain varies from chain to
chain, the comp]éxity of the problem was reducéd-by regarding M as the |

average number of stores/chain for the universe computed as

5. Kc was estimated at $500 and Kg at $34. AOf‘course, these could be

- changed to reflect different costs in different markets.

6. - The term "normative mean" is used here simply to distinguish a
’hypotheticai mean delivery from the actual mean de]iyery éa]ﬁﬁ]ated from the

particular sample drawn for this study.
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