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The Dirichelet model: analysis of a market and comparison of
estimation procedures.

Francesca Bassi

Department of Statistical Sciences
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Italy

Abstract: This paper examines the Dirichelet model desagibionsumer behaviour. The model estimates brand
performance measures in the case of repeat pucla@ a set of brands. The Dirichelet model retiessome
assumptions such as stationarity and the fact that market is unsegmented. Its formulation derifresn a
combination of the Negative Binomial and the Dietdt distributions. Various estimation methods hdneen
proposed. The original one is an iterative procedmased on the method of moments and requirespassionly
aggregated quantities, such as brand penetratrmha\&rage purchase rates. There is also an estinméthod based
on likelihood maximization which requires raw inidival or household panel data. The method of mosndeserves
attention, since raw panel data are frequentlyamatlable to researchers and/or enterprises. $npdwper, the Dirichelet
model is used to analyze the Italian beer marke& dy-product of the main objective, which is tamare two
estimation procedures available on-line for thehmdtof moments: one based on an Excel Workbooktlamdther
written in R.

Keywords:. Dirichelet model, consumer behaviour, estimatroarket segmentation

. Introduction

The Dirichelet model describes how frequently-bdughanded consumer products are
purchased when the market is stationary and uns#gohelt was developed by Goodhardt,
Ehrenberg and Chatfield (1984) and in the followyears was shown to be applicable to many
product categories and to have substantial useticyarly with regard to analysis of brand
performance measures.

In this paper, the Dirichelet model is applied anly to describe the Italian beer market but,
more importantly, to compare results obtained estiimgy model parameters with two software
packages available on-line: an Excel-based ondtenrby Kearns (2002) and that developed by
Chen (2008) using programming language R.

. The Dirichelet model

The Dirichelet model describes patterns of repeatimses of brands within a product category. It
models simultaneously the counts of the numberuofhases of each brand over a period of time,
so that it describes purchase frequency and bréioice at the same time. It assumes that
consumers have an experience of the product categrthat they are not influenced by previous
purchase and marketing strategies; for this reasonsumer characteristics and marketing-mix
instruments are not included in the model. As tleeket is assumed to be stationary, these effects
are already incorporated in each brand market siaieh influences other brand performance
indexes calculated by the model. The market is atsomed to be unsegmented.

Let us consider a sample miconsumers making purchases in a market witinands. The
specification of the Dirichelet model derives froime following assumptions:
1) The number of purchases of each brpngith j=1,...,9, r4,..., rg, made by tha-th consumer
over a succession of purchases, can be modelledroyltinomial distribution with parameters

p]_,..., pg
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P(r,...ry) =r! ﬁ{f—’:J

wherer is the total number of purchases in the produteigmay.
2) The probabilitiesp; vary among individuals according to a Dirichelestdbution with
parameters.y, ... ag:

Mo, +..+a,)
 [(ay)..T(a,)

a1

Py

F(Pyses Py 15000 ) Py A= Py Py) ™

3) Successive purchases by ttieconsumer are independent. The number of purcimasesde by
the ith consumer in each of a succession of equal nonaprig periods of lengtf, follows a
Poisson distribution with meanT.

4) Mean purchasing rates vary between individualsoaling to a Gamma distribution with
parametersn andk.

5) Customers’ brand-choice probabilities and avefagrchase-frequencies are distributed
independently over the population.

From assumptions 1-5, it follows that: (i) the ren of purchases of the product category
made by all individuals in a certain time periotldars a Negative-Binomial distribution with mean
mT and exponenk; (i) the number of purchases an individual mag&kgach of they brands in a
period of timeT is given by the following expression, which GoodtiaEhrenberg and Chatfield
(1984) called the NDB-Dirichelet model:

fimara, (Mealg) = FOIMK) o (g [ +otrg =1) =

(k+r—1)![ k jk[l_ k j M(a,+..+a, )k @ T(a +r,)
ri(k-1)! {m+k m+k r(iaﬁrj L rir(a;)

The above authors proposed an iterative method fodeinestimation which requires
summary statistics as input values, such as brandtmationdy; and average purchase ratgsThe
Dirichelet model has been used for many years.iQaily, the calculations had to be done by hand,
and later with DOS-based software; at the presem various tools are freely available on-line, for
example, software developed as an Excel WorkbooKdarns (2000), with User’s Guide written
by Bound (2009). Another estimation procedure freelvailable is that composed with
programming language R by Chen (2008).

The iterative estimation method needs very simpetialata:

0] with reference to the category, the proportion @bgle buying product at least on¢® (
and the average number of purchase occasions eztéwdthose in the population who
purchase the product;

(i) with reference to the various brands, the proportb the population buying brand at
least oncelg) — or, alternatively, market shares - and the nrema$ purchases of each
brand by those who buy the brand at least once.

When the above data are supplied, the method pesdac series of brand performance
measures, both for the time period of the data Isgmnd for other time periods, such as
penetration, the percentage of customers buyindpithied once and five times, average number of
purchases of the brand and of the category perrlafythat brand, share of category requirements,
percentage of sole buyers, and percentage of cessaiepeat buying from period to period.



To activate the modely+2 quantities need to be estimated; k, as,...,a0g. With the g
observed per capita purchase ratgsthe iterative estimation procedure calculates dhegory

[¢]
purchase rate as = ij and equates the theoretical and observed mar&sgsh
j=1

Parametek is calculated by fitting an NDB model to the distriion of purchases of the
product category.

Both software types considered in this paper (oaged on the Excel Workbook and the
other in R), estimate the parameters following riiethod of Goodhardt, Ehrenberg and Chatfield
(1984).

Rungie (2003) describes the use of likelihood theto estimate the parameters of the
Dirichelet model, providing an alternative to tharglard procedure based on the method of zeros
and ones and on marginal moments. The likelihoodaaah to estimation is more efficient and is
well suited to the extensions of the Dirichelet mip@.g., its development into a generalized model,
with the inclusion of covariates such as marketmg variables and consumers’ characteristics
(Rungie and Goodhardt 2004). In order to write ltkelihood function, the data should be in the
form of joint frequencies, like those containedaigontingency table with rows, representing the
number of consumers, agaolumns, for the number of brands.

Alternatively, the iterative procedure proposed ®Ggodhardt, Ehrenberg and Chatfield
(1984) is computationally easy to use, quick, alires only aggregated data as input, as access
to original panel data is not necessary. Raw pdatl cannot always be used since panel operators
who measure sales and household consumption pronfmienation only in some aggregate format
such as market share, penetration, and averagbgsarcate with reference to the various brands
(Wright et al. 2000). In these situations, the omby to estimate the Dirichelet model is to use the
traditional method. Dirichelet modelling also remsia successful and influential approach, and is
increasingly being used to provide norms againsthvhrand performance can be interpreted (see,
among others, Uncles et al. 1995; Bhattacharya ;Z06&nberg et al. 2000).

For the above reasons, it becomes interestingobopare estimation results obtained by
applying the various available software to perfatenative estimations.

From the viewpoint of practical applications, tb&ichelet model is useful for various
objectives. Estimated values can be used to promimtens for stationary markets, to supply
baselines for interpreting change (i.e., non-statig situations) without having to match the result
against a control sample, to help strategic detisiaking, and to understand the nature of markets.

. The data and the Italian beer market

The data used here refer to monthly purchases afa@db of beer (Moretti, Heineken, Nastro
Azzurro, Dreher, Tuborg, Beck’s, Stella Artois, Bu§konembourg) by Italian families in the
period from August 2001 to July 2004. For each rmpmie also know the number of families
buying each brand, product category, brand mahaates, brand and product average purchase rate,
and average purchase frequency.

Figure 1 shows average purchases of beer in fitrethe 9 brands and the product category.
The market shows a clear seasonal pattern, withuocgpigon increasing in summer.
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Figure 1. Average purchases per household in It, August 2D@¥-2004

In the last 15 years, Italy’s beer market has showeresting changes in both supply and
demand. Total consumption has increased, althougitage per capita consumption is still
substantially lower than in many other European taes such as Greece, Spain and, of course,
Germany. Consumption is also linked to warm weathalike the situation in Northern Europe,
where consumption is distributed throughout theryBeoduction is concentrated, with a few large
groups producing over three-quarters of the totatlpct. Instead, the market is characterized by a
quite high number of competing brands. In this pattee 9 most popular brands are examined and
Table 1 lists their average market shares overttity period.

Brand | Moretti| Dreher| Heineken Beck’s | Tuborg| Nastro | Kronembourg Stella | Bud
Azzurro Artois
MS % | 12.76 9.09 7.82 3.51 3.27 3.24 1.53 1.17 0.90

Table 1. Average market shares (MS) per brand, August 20012004

n

p—4

A consumption/litres. A no. of families buying at least once
year

Year 1to Year 2 to Year 1 to Year1to | Year2to Year 1to

year 2 year 3 year 3 year 2 year 3 year 3
Moretti 4,885,310 7,795,561 12,680,871 274,000 @, | 1,084,000
Dreher 1,420,470 -406,283 1,014,187 -3,000 243,000 240,000
Heineken 1,609,209 4,105,277 5,714,486 133,000 06405, 88,000
Beck’s 2,633,307 2,124,514 4,757,821 217,000 389,00 606,000
Tuborg 1,514,408 -762,317 752,091 342,000 103,000 5,000
Nastro 759,365 -11,626,250-10,866,885 -151,000 260,000 109,000
Azzurro
Kronembourg| 291,167 -1,344,356 -1,053,189 145,000 -85,000 @®0,0(
Stella Artois -647,861 -1,111,65¢  -1,759,518 -180,0f -38,000 -170,000
Bud 439,028 -1,287,586 -848,558 -84,000 -69,000 3,4
Total 12,904,403 -2,513,09¢ 10,391,306 741,000 10068 | 2,249,000
Category 33,514,730 18,466,037 51,391,306 408,000 ,5761000 1,984,000

Table 2. Market evolution for 9 brands in the three-yeadgtperiod



Table 2 compares market evolution for the 9 brandbe three-year analysis. Due to the
nature of the available data, year 1 goes from Aug001 to July 2002, year 2 from August 2002
to July 2003, and year 3 from August 2003 to JW®P4L Consumption of the product category
increased in the period, whereas consumption ofgoomp of brands decreased. Nastro Azzurro,
Stella Artois, Bud and Kronembourg contributed Ids thegative result, whereas Moretti is the
brand which most increased its consumption. Reggrttie number of families buying the product
in the study period our set of brands performedebé¢than the category; Moretti, again, showed the
greatest increase.

. Results

With data on beer consumption in Italy, the Didldt model was estimated with two types
of softwares applying the method of moments. Batimeate parameters, k andS. One software
application, written in programming language R amadled the Dirichelet Package (DP) (Chen
2008), requires as input data categdmyand brandlg) penetration, category purchase rabg &nd
brand market shares. The other, based on an Excetbatk (EW) (Kearns 2002), requires as
input data categoryp) and brandlf) penetration, and average purchase frequencyafegory ()
and the various brandsyj; if brand penetrations are not available, madtedres can be used.
Table 3 lists estimated parametarsk andS for the three years with the two types of softwane
shows that estimated parameters for the NBD patti@imodel are the same, whereas differences
occur in estimatinds. This result may be due to outlier values for patmsq; because of the
presence in the market of atypical brands (see Thlee values for brand Nastro Azzurro in year
3). Bound (2009) suggested excluding such brandsestimating the overall value 8f

Year 1 Dirichelet Package Excel Workbook
M 18.48 18.50
k 0.36 0.36
S 0.69 0.90
Year 2

m 20.03 20.00
k 0.38 0.38
S 0.76 0.90
Year 3

m 20.87 20.90
k 0.50 0.50
S 0.70 1.60

Table 3. Dirichelet model estimates with the two types dtware

Parameterk and S are characteristics of the product class and mayntepreted as
reflecting consumers’ heterogeneity. In this market k values indicate that purchase frequencies
vary greatly among buyers, whereas h§lialues mean that purchase probabilities do noediff
greatly for the various brands.

Both software types make predictions of the matkehaviour estimating some brand
performance measures.

The DP estimates categody) (@nd brandlg) penetration, average purchase frequency per
brand (v,), average purchase frequency per category perdayehe brandwp;), average number
of purchases per brand and its distribution by baiyd the brand, brand penetration and average

! The EW calculates a value Sfeparately for each brand so that the predictigmeoktration for that brand is exact.

These estimates are then combined and an oveladl 8éSis applied to all data
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purchase frequency among category buyers with @ifgpdrequency range and duplication

measures.

Year 1 Year 2 Year 3
Moretti 0.77 0.79 0.73
Dreher 0.69 0.69 0.71
Heineken 0.60 0.69 0.41
Beck’s 0.57 0.62 0.69
Tuborg 1.02 1.34 1.44
Nastro Azzurro 1.84 1.56 28.75
Kronembourg 1.46 2.00 2.35
Stella Artois 1.77 1.68 2.30
Bud 1.31 0.88 1.05

Table 4. Estimatedy; for the 9 brands in three-year study period.

The EW estimates categorty) (and brandlg) penetration, average purchase frequency per
brand (), average purchase frequency per category per lofiyee brandwe;), percentage buying
the brand once and five times, percentage of apjers, rate of purchase of sole buyers, percentage
of repeat buying from period to period and duplmaimeasures.

Table 5 lists some estimation results with referdnosur market. The parameters estimated
with the two types of software are compared witlsevibed values, and the results confirm that
Nastro Azzurro is quite atypical in this marketpedally in the third year of observation.
Following Bound’s (2009) suggestion, the model weagstimated excluding this brand (Table 6).

by
Year 1 Year 2 Year 3

Observed] DP EW| observed DP EW obseryed DP E
Moretti 0.22 0.22| 0.24 0.24 0.24 0.25 0.27 027 60/3
Dreher 0.15 0.15 0.17 0.15 0.16 0.17 0.16 0.16 0.23
Heineken 0.13 0.13 0.15 0.14 0.14 0.15 0.14 Q.1723 Q.
Beck’s 0.06 0.07| 0.07 0.07 0.08 0.09 0.09 0/09 0,13
Tuborg 0.07 0.06] 0.07 0.09 0.7 0.07 0.09 0,07 0,09
Nastro Azzurro 0.11 0.07 0.0f 0.11 0.08 0.08 0.12 .030 0.04
Kronembourg 0.04 0.03 0.08 0.05 0.03 0.03 0.04 0.02.03
Stella Artois 0.04 0.02 0.04 0.03 0.02 0.02 0.03 020. 0.02
Bud 0.03 0.02| 0.02 0.03 0.02 0.03 0.02 0,02 0j03

W,

Moretti 10.94 11.2710.39, 11.31 10.74 10.74| 11.08 11.18 8.41
Dreher 10.90 10.76 9.85 11.34 10.1010.10| 10.45 10.4Q0 7.48
Heineken 11.47 10.659.74 11.20 9.97/ 9.97 13.08 10.437.52
Beck’s 11.11 10.13 9.21 11.25 9.50 9.5( 10.10 9.94 6.95
Tuborg 8.52 10.08 9.15 10.05 9.41 9.41 6.99 9.80 6.77
Nastro Azzurro 6.55 10.169.24 10.11 9.47, 9.47 2.05 9.58 6.52
Kronembourg 6.81 9.87 8.94 9.79 9.16 9.16 5.22 9.56.51
Stella Artois 6.30 9.84 8.91 9.74 9.11 9.11 5.20 529. 6.46
Bud 7.19 9.82| 8.90 9.75 9.183 9.13 7.72 9/57 651

Table 5. Penetration and frequency of purchase by brandereed, and estimated with DP and
with EW, for three-year study period, with brand ta#\zzurro



by
Year 1 Year 2 Year 3

observed DP EW| observed DP EW obseryed DP i
Moretti 0.22 0.22| 0.22 0.24 0.28 0.24 0.27 027 80)2
Dreher 0.15 0.15 0.16 0.15 0.16 0.17 0.16 0.16 0.17
Heineken 0.13 0.14 0.15 0.14 0.14 0.15 0.14 Q.1718 Q.
Beck's 0.06 0.07, 0.07 0.07 0.08 0.08 0.09 0/09 0,10
Tuborg 0.07 0.06] 0.06 0.09 0.7 0.07 0.09 0,07 0,07
Kronenbourg 0.04 0.03 0.08 0.05 0.03 0.03 0.04 0.02.02
Stella Artois 0.04 0.02 0.02 0.03 0.02 0.02 0.03 020. 0.02
Bud 0.03 0.02| 0.02 0.03 0.0 0.02 0.02 0/02 0J02

W,

Moretti 10.94 11.2710.85| 11.31 11.34 11.05| 11.08 11.18 10.81
Dreher 10.90 10.7610.32| 11.34 10.72 10.42| 10.45 10.40 10.02
Heineken 11.47 10.65610.22| 11.20 10.59 10.29| 13.08 10.43 10.05
Beck’s 11.11 10.13 9.70 11.25 10.12 9.83 10.10 9.94 9.56
Tuborg 8.52 10.08 9.64 10.05 10.0% 9.74 6.99 9.80, 9.41
Kronembourg 6.81 9.87 9.438 9.79 9.79 949 5.22 9.59.47
Stella Artois 6.30 9.84 941 9.74 9.74 9.44 520 529. 9.14
Bud 7.19 9.82| 9.40 9.75 9.75 9.46 7.72 9/53 947

Table 6. Penetration and frequency of purchase by brandereed, and estimated with DP and
with EW, for three-year study period, without braxastro Azzurro

A comparison of Tables 5 and 6 immediately showas titne EW procedure is less robust to
the presence of atypical brands in the market, evlestimates obtained with the DP are only
marginally affected when brand Nastro Azzurro igtted.

Table 7 contains some other brand performance mesaginat help deeper analysis of the
ltalian beer market.

)

4

)
3
3
)
)

Year 1 Year 2 Year 3
100% | Repeat| wp; 100% | Repeat wp; 100% | Repeat] wp;
loyal | buying loyal | buying loyal | buying
% % %
Moretti 5.73 84.04| 32.20 5.57 84.45| 34.11 6.69 85.49| 31.2(
Dreher 5.45 83.37] 32.80 5.24 83.68| 34.883 6.22 84.42| 31.9]
Heineken 5.39 83.22 32.93 5.18 83.52| 35.02 6.24 84.47| 31.95
Beck’s 511 82.51| 3359 4.94 82.91| 35.683 5.95 83.75| 32.4§
Tuborg 5.09 82.43] 33.65 4.90 82.79| 35.783 5.85 83.52| 32.63
Kronembourg 4.97 82.12 33.93 4.78 83.45| 36.08 5.72 83.16| 32.9(
Stella Artois 4.96 82.09 33.97 4.75 82.38| 36.14 5.69 83.10| 32.96
Bud 4.95 82.07| 33.990 4.76 82.41| 36.13 5.70 83.12| 32.94

l

Table 6. Percentage of consumers 100% loyal, percentagensumers who repeat purchase in the
period and average frequency of category purchgskulgers of the brand, for three-year study
period, without brand Nastro Azzurro

The first evidence emerging from Tables 5, 6 and That the Italian beer market is
segmented. Two segments can be identified: one cesdpaf brands Tuborg, Kronembourg, Stella
Artois and Beck’s, which show estimated penetratimnver than observed ones, estimated average
purchase frequencies of the brand higher than wbdeones, the lowest percentages of loyal
customers, and the lowest percentages of repe@idbut the highest average purchase frequency
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of the category. This segment may be defined as s& rma@nsumption, one with low loyalty and
many light buyers. The second segment is composdutasfds Moretti, Dreher, Heineken and
Beck's. They show estimated penetrations equal tdigher than observed ones, estimated
purchase frequencies for the brand lower than gbdebnes, the highest percentages of loyal
customers, the highest percentages of repeat bayidghe lowest averages purchase frequencies
for the category, and may be defined as a nich&ehaegment with many heavy buyers.

5. Some concluding remarks

Application of the Dirichelet model to the Italidreer market shows that it is segmented into at
least two parts, massive consumption on one haddaamche, in which consumers behave quite
differently. Many applications of the Dirichelet oh&l have shown that, even when the market is
not quite steady, or when some clustering occhesptodel mostly still holds and it provides useful
benchmarks (see, for example, Ehrenberg et al. 2004his paper, | show again how the model
can be used to assess how existing brands aramperép

The model is very parsimonious, at least when thethod of moments is used for
parameters estimation. In this case only a few migaeinputs are needed, typically penetrations
and average purchase frequencies of the categdriharvarious brands.

Results obtained with two available types of safevfor the methods of moments are
compared here. The software based on Excel Workhgok but to be less robust to the presence
of atypical brands on the market. Lack of robusdrskses not affect estimation of the parameters of
the NDB component of the model but, as it doescaftdl other parameters, it is advisable to
eliminate such brands when conducting analysisiefiable results. The software written with in R
is more robust because estimation of param@tef the Dirichelet distribution is made directly,
whereas the Excel procedure estim&@as a function of estimategks.

It would be interesting at this point to compaaagmeters estimated by maximizing the
loglikelihood function with those presented herewdver, this exercise, would require raw panel
data which are currently not available.
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