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The Dirichlet Model: Analysis of a Market and
Comparison of Estimation Procedures.

Francesca Bassi

This paper examines the Dirichlet model descrilwogsumer behaviour. The model estimates brand
performance measures in the case of repeat puscbasea set of brands. The Dirichlet model relies
on some assumptions such as stationarity and ¢théhfat the market is unsegmented. Its formulation
derives from a combination of the Negative Binomzadd the Dirichlet distributions. Various
estimation methods have been proposed. The originalis an iterative procedure based on the
method of moments and requires as inputs only gg¢ge quantities, such as brand penetrations and
average purchase rates. There is also an estimagtmod based on likelihood maximization which
requires raw individual or household panel datee Tiethod of moments deserves attention, since
raw panel data are frequently not available to aedeers and/or enterprises. In this paper, the
Dirichlet model is used to analyze the Italian beerket as a by-product of the main objective,
which is to compare two estimation procedures abéel on-line for the method of moments: one
based on an Excel Workbook and the other writteR.ilNeither procedures are very robust in the
presence of atypical brands in the market.
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Introduction

The Dirichlet model describes how frequently-bouditanded consumer products are
purchased when the market is stationary and unsgguohelt was developed by Goodhardt,
Ehrenberg and Chatfield (1984) and in the followyagars was shown to be applicable to
many product categories and to have substantial, ypseticularly with regard to analysis of
brand performance measures.

In this paper, the Dirichlet model is applied natyoto describe the Italian beer market but,
more importantly, to compare results obtained esdimy model parameters with two
software packages available on-line: an Excel-baseq] written by Kearns (2002) and that
developed by Chen (2008) using programming lang&age

The Dirichlet model

The Dirichlet model describes patterns of repeatchmses of brands within a product
category. It models simultaneously the counts efrthmber of purchases of each brand over
a period of time, so that it describes purchasgugacy and brand choice at the same time. It
assumes that consumers have an experience of ddegbrcategory, so that they are not
influenced by previous purchase and marketing esfres; for this reason, consumer
characteristics and marketing-mix instruments atancluded in the model. As the market is
assumed to be stationary, these effects are alieadyporated in each brand market share
which influences other brand performance indexdsutated by the model. The market is
also assumed to be unsegmented. The theory antbgment of the model is fully described
in Ehrenberg (1972).
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Let us consider a sample nfconsumers making purchases in a market gitltands. The
specification of the Dirichlet model derives frohetfollowing assumptions:

1) The number of purchases of each bragnaith j=1,...,9, ry,..., rg, made by thei-th
consumer over a succession of purchases, can bellstbtdy a multinomial distribution
with parameters, p,..., Py

P(r,...r;) =r! ﬁ{‘:—’:J

wherer is the total number of purchases in the produtetgeay.

2) The probabilitiesy; vary among individuals according to a Dirichlestdbution with
parametersy,...,oq:

Ma, +..ta,)
f(Pyses Py 100 y) = 1 g

P T (= Py Py) ™

a;—

May).Ma,)

3) Successive purchases by ttte consumer are independent. The number of purchases
made by thath consumer in each of a succession of equal nonaparig periods of
lengthT, follows a Poisson distribution with megas.

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

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

From assumptions 1-5, it follows that: (i) the nwenlof purchases of the product category
made by all individuals in a certain time periotddas a Negative-Binomial distribution with
meanmT and exponenk; (i) the number of purchases an individual mag&ksach of they
brands in a period of tim& is given by the following expression, which Goodtiar
Ehrenberg and Chatfield (1984) called the NBD-Dietimodel:

fk,m,al,..,ag (ry,.ely) = £(r [ mKk) fal,...ﬂg (rpyelg |1+t rg = ry=

(k+r-1)! k “ 1- k ) r(al+"'+ag)k! g r(aj +rj)
ri(k —1)! (m+kj ( m+kj [9 ] E! rif(a;)
r Zaj +r

The above authors proposed an iterative method fodeiestimation which requires
summary statistics as input values, such as brandtmtiondy and average purchase rates
m. The Dirichlet model has been used for many ygarginally, the calculations had to be
done by hand, and later with DOS-based softwarel@dn1989); at the present time various
tools are freely available on-line, for examplesadtware developed as an Excel Workbook
by Kearns (2002), with a User's Guide written byuBd (2009a). Another estimation
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procedure freely available is that composed usheg grogramming language R by Chen

(2008).

The iterative estimation method proposed by theastbf the model needs very simple input
data: penetration and average purchase ratesdarafegory and the various brands. When
the above data are supplied, the method produsesies of brand performance measures,
both for the time period of the data supplied amdother time periods, such as penetration,
the percentage of customers buying the brand omceare times, average number of

purchases of the brand and of the category perrlafythat brand, measures of loyalty, and

measures of duplication, i.e., the proportion adtomers of a brand who also buy a specific
other brand in the period.

To activate the modelg+2 quantities need to be estimated; k, as,...,ag. With the g
observed per capita purchase ramgs the iterative estimation procedure calculates the

g
category purchase rate as= ij and equates the theoretical and observed maréetsh
=1

as the brand market shares must add to 1, thege laeguations to be solved.

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

Both software types considered in this paper (@se=d on the Excel Workbook and the other
in R), estimate the parameters starting with thdhowe of Goodhardt, Ehrenberg and

Chatfield (1984) but offering some different opsotihat will be described in detail later in

the paper.

Rungie (2003a) describes the use of likelihood mheo estimate the parameters of the
Dirichlet model, providing an alternative to tharsiard procedure based on the method of
zeros and ones and on marginal moments (Rungieb200®e likelihood approach to
estimation is more efficient and is well suitedtihe extensions of the Dirichlet model, e.qg.,
its development into a generalized model, withititedusion of covariates such as marketing
mix variables and consumers’ characteristics (Ru&giGoodhardt 2004). In order to write
the likelihood function, the data should be in tioem of joint frequencies, like those
contained in a contingency table withrows, representing the number of consumers,gand
columns, for the number of brands.

Alternatively, the iterative procedures based oe Hpproach proposed by Goodhardt,
Ehrenberg and Chatfield (1984) are computationadlgyeto use, quick, and require only
aggregated data as input, as access to original plata is not necessary. Raw panel data
cannot always be used since panel operators wheureeaales and household consumption
provide information only in some aggregate formathsas market share, penetration, and
average purchase rate with reference to the vatoasds (Wright et al. 2002). In these
situations, the only way to estimate the Dirichhebdel is to use the traditional method.
Dirichlet modelling continues to be a successfu arfluential approach, and is increasingly

Page 3 of 11 http://marketing-bulletin.massey.ac.nz




Marketing Bulletin, 2011, 22, Technical Note 1

being used to provide norms against which brantbpaance can be interpreted (see, among
others, Uncles et al. 1995; Bhattacharya 1997; Hemgnet al. 2000).

From the viewpoint of practical applications, theri€hlet model is useful for various
objectives. Estimated values can be used to prawidms for stationary markets, to supply
baselines for interpreting change (i.e., non-staiy situations) without having to match the
results against a control sample, to help stratdg@sion-making, and to understand the
nature of markets.

For the above reasons, it would be interestingampare estimation results obtained by
applying the various available software to perfoenative estimation.

The Data and the Italian Beer Market

The data used here refer to monthly purchases ddrddb of beer (Moretti, Heineken, Nastro
Azzurro, Dreher, Tuborg, Beck’s, Stella Artois, Bia@pnembourg) by Italian families in the
period from August 2001 to July 2004. For each rpdata is available for the number of
families buying each brand, product category, braadket shares, 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, withuogpison increasing in summer.

Figure 1. Average purchases per household in It, Ayust 2001-July 2004
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In the last 15 years, ltaly’'s beer market has showeresting changes in both supply and
demand. Total consumption has increased, althoughrag® per capita consumption is still
substantially lower than in many other European tes such as Greece, Spain and, of
course, Germany. Consumption is also linked to waveather, unlike the situation in

Northern Europe, where consumption is distributecbuhout the year. Production is

concentrated, with a few large groups producingr direce-quarters of the total product.
Instead, the market is characterized by a quité imgmber of competing brands. In this
paper, the 9 most popular brands are examined aplé Tdists their market shares over the
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study period. Due to the nature of the availabl@,dgear 1 goes from August 2001 to July
2002, year 2 from August 2002 to July 2003, anda $gaom August 2003 to July 2004.

Table 1. Market shares, in percentages, per brandAugust 2001-July 2004

Year 1 Year 2 Year 3
Moretti 13.21 13.31 14.48
Dreher 8.95 8.59 8.15
Heineken 8.09 7.64 8.43
Beck’s 3.72 4.04 4.34
Tuborg 3.26 3.36 3.05
Nastro Azzurro 4.00 3.87 1.16
Kronembourg 1.45 1.41 1.05
Stella Artois 1.24 1.00 0.72
Bud 1.13 1.14 0.81

Table 2 compares market evolution for the 9 brandbe three-year analysis. Consumption
of the product category increased in the perioceredis consumption of our group of brands
decreased. Nastro Azzurro, Stella Artois, Bud anonkmbourg contributed to this negative
result, whereas Moretti is the brand which mostaased its consumption. Regarding the
number of families buying the product in the styeyiod our set of brands performed better
than the category; Moretti, again, showed the gstancrease.

Table 2. Market evolution for 9 brands in the threeyear study period — in thousands

A consumption in litres in A no. of families buying at least
thousands once in year in thousands
Yearlto Year2to Yearlto Yearlto Year2to Yearlto
year 2 year 3 year 3 year 2 year 3 year 3

Moretti 4,885 7,796 12,681 274 810 1,084
Dreher 1,420 -406 1,014 -3 243 240
Heineken 1,609 4,105 5,714 133 -45 88
Beck’s 2,633 2,124 4,758 217 389 606
Tuborg 1,514 -762 752,091 342 103 445
Nastro Azzurro 759 -11,626 -11 -151 260 109
Kronembourg 291 -1,344 -1,053 145 -85 60
Stella Artois -648 -1,112 -1,760 -132 -38 -170
Bud 439 -1,288 -849 -84 -69 -153
Total 12,904 -2,513 10,391 741 1,568 2,249
Category 33,515 18,466 51,391 408 1,576 1,984

Results and Discussion

With data on beer consumption in Italy, the Direthinodel was estimated with two types of
software applying the method of moments. Both es@mparametersn, k and S. One
software application, written in programming langeaR and called the Dirichlet Package
(DP) (Chen 2008), requires as input data catedoraiftd brand k§) penetration, category
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purchase frequencywf and brand market shares. Specifically, the proguses observed
category penetration and purchase frequency tonatgim and k and observed brand
penetrations and market shares to estiifBate

The other procedure, based on an Excel Workbook (EK@grois 2002 and 2009), requires as
input data categoryb] and brand If) penetration, and average purchase frequency for
category () and the various brandsv); if brand penetrations are not available, market
shares can be used. In this application brand pitets have been used as input for
estimation.

Table 3 lists estimated parametens k and S for the three years with the two types of
software and shows that estimated parameters éoNBD part of the model are the same,
whereas differences occur in estimatiBgThis result may be due to outlier values for
parameters; because of the presence in the market of atypreaids and to the differences
in estimating the paramet8iin the two procedures.

Clear evidence that Nastro Azzurro is an atypicahl in that its market share decreases
from 4% in year 1 to 1% in year 3; its market itg stationary (see Table 1). Bound (2009a)
suggested excluding such brands when estimatinguéll value ofS The EW calculates a
value of S separately for each brand so that the predictiopewfetration for that brand is
exact. These estimates are then combined and aallovaue ofSis applied to all data. DP
estimatesSdirectly from observed brand penetrations and niaghares.

Table 3. Dirichlet model estimates with the two typs of software

Dirichlet Package Excel Workbook

Year 1

m 18.48 18.50
k .36 .36
S .69 .90
Year 2

m 20.03 20.00
k .38 .38
S .76 .90
Year 3

m 20.87 20.90
k .50 .50
S .70 1.60

Parameterk andSare characteristics of the product class and magtbgreted as reflecting
consumers’ heterogeneity. In this market, lowalues indicate that purchase frequencies vary
greatly among buyers, whereas higkalues mean that purchase probabilities do noediff
greatly among consumers of that brand

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

! Smeasures the diversity of the brand purchase psifyescross consumers: high values imply less ditser
(Bound, 2009).
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The DP estimates category) (and brand l§)) penetration, average purchase frequency per
brand (), average purchase frequency per category perduwfethe brandwp;), average
number of purchases per brand and its distribuippbuyers of the brand, brand penetration
and average purchase frequency among categorysbuyir a specific frequency range and
duplication measures.

The EW estimates categorly) (and brandlf) penetration, average purchase frequency per
brand {v,), average purchase frequency per category per lmiiyee brandwsp;), percentage
buying the brand once and five or more times, peeage of sole buyers, rate of purchase of
sole buyers, percentage of repeat buying from geageriod and duplication measures.

Table 4. Penetration and frequency of purchase byrbnd: observed, and estimated with
DP and with EW, for three-year study period, with lrand Nastro Azzurro

by
Year 1 Year 2 Year 3

Observed DP EW observed DP EW observed DP EW
Moretti 22 22 24 24 .24 .25 27 27 .36
Dreher 15 15 A7 15 .16 A7 .16 .16 .23
Heineken 13 A3 15 14 14 15 14 A7 .23
Beck’s .06 .07 .07 .07 .08 .09 .09 .09 13
Tuborg .07 .06 .07 .09 .07 .07 .09 .07 .09
Nastro Azzurro A1 .07 .07 A1 .08 .08 A2 .03 .04
Kronembourg .04 .03 .03 .05 .03 .03 .04 .02 .03
Stella Artois .04 .02 .04 .03 .02 .02 .03 .02 .02
Bud .03 .02 .02 .03 .02 .03 .02 .02 .03

W,

Moretti 10.94 11.27 10.39 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 10.40 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 9.50 10.10 9.94 6.95
Tuborg 8.52 10.08 9.15 10.05 9.41 941 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 9.84 891 9.74 9.11 9.11 5.20 529. 6.46
Bud 7.19 9.82 8.90 9.75 9.13 9.13 7.72 957 6.51

Table 4 lists some estimation results with referencéhe market. The parameters estimated
with the two types of software are compared witBeslded values. The results confirm that
Nastro Azzurro is quite atypical in this marketpesally in the third year of observation.
Following Bound’s (2009a) suggestion, the model wa®stimated excluding this brand
(Table 5).
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Table 5. Penetration and frequency of purchase byrbnd: observed, and estimated with
DP and with EW, for three-year study period, withou brand Nastro Azzurro

by
Year 1 Year 2 Year 3
observed DP EW observed DP EW observed DP EW
Moretti 22 22 22 24 .23 24 27 27 .28
Dreher 15 15 .16 15 .16 A7 .16 .16 A7
Heineken 13 14 15 14 14 15 14 A7 .18
Beck's .06 .07 .07 .07 .08 .08 .09 .09 .10
Tuborg .07 .06 .06 .09 .07 .07 .09 .07 .07
Kronenbourg .04 .03 .03 .05 .03 .03 .04 .02 .02
Stella Artois .04 .02 .02 .03 .02 .02 .03 .02 .02
Bud .03 .02 .02 .03 .02 .02 .02 .02 .02
W
Moretti 1094 11.27 10.85 11.31 11.34 11.05 11.08 11.18 10.81
Dreher 10.90 10.76 10.32 11.34 10.72 10.42 10.45 10.40 10.02
Heineken 11.47 10.6510.22 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 10.05 9.74 6.99 9.80 9.41
Kronembourg 6.81 9.87 9.43 9.79 9.79 9.49 5.22 79.5 9.47
Stella Artois 6.30 9.84 941 9.74 9.74 49.4 5.20 9.52 9.14
Bud 7.19 9.82 9.40 9.75 9.75 9.46 7.72 9.53 9.47

In order to compare the two estimation procedutles, Mean Average Percentage Error
(MAPE) was calculated on results reported in Tablesxd 5. Figures in Table 6 show that
both procedures are not robust in the presencetypical brands in the market, since
excluding Nastro Azzurro increases model fit. Emexfuction is greater in the estimation of
average purchase frequency but it is noticeabteialthe estimation of brand penetration. As
already pointed out by Bound (2009), the EW procedas a worse fit in the estimation of
the bj parameter, but, in this application, it shows atdsetit in the estimation of brand
purchase frequencies.

Table 6. Mean Average Percentage Error (MAPE) fob and w with and without brand
Nastro Azzuro, DP and EW software

b w
DP EW DP EW
with Nastro Azzurro 21.20 26.75 33.86 26.22
without Nastro Azzurro 15.85 22.71 17.03 15.13
A -5.35 -4.04 -16.83 -11.09

Table 7 contains some other brand performance mesashat help deeper analysis of the
Italian beer market obtained with the EW softwaresTeeper analysis is provided both for
the insights it may offer in the current projeandaalso to facilitate any future secondary
research that uses the data presented in this.paper
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Table 7. Percentage of consumers 100% loyal, perdage of consumers who repeat
purchase in the period and category average purchasfrequency by buyers of the
brand, for three-year study period, without brand Nastro Azzurro, EW

Year 1 Year 2 Year 3
100% Repeat Wwp; 100% Repeat Wwp 100% Repeat Wwp
loyal  buying loyal  buying loyal  buying
% % %
Moretti 13.32 84.04 13.40 11.86 84.45 13.48 12.05 85.49 14.29
Dreher 12.16 83.37 13.51 10.65 83.68 13.60 10.41 84.42 14.44
Heineken 11.93 83.22 13.5410.43 83.52 13.53 10.58 84.47 14.44
Beck’s 10.86 8251 13.65 9.60 8291 13.72 9.54 83.75 1454
Tuborg 10.73 82.43 13.66 9.45 82.79 13.73 9.25 83.52 14.57
Kronembourg  10.37 82.12 13.71 9.04 83.45 13.78 8.83 83.16 14.62
Stella Artois 10.30 82.09 13.71 8.96 82.38 13.79 8.77 83.10 14.63
Bud 10.27 82.07 13.71 8.99 82.41 13.79 8.79 83.12 14.63

The first observation emerging from Tables 5 and #hmet the Italian beer market is
segmented. It is possible to identify two groupdnds with similar behaviour within the
group and different behaviour between the groups. firest segment is composed of brands
Tuborg, Kronembourg, Stella Artois and Bud, the $enabrands. These show estimated
penetrations lower than observed ones and estinmaterhge purchase frequencies of the
brand higher than observed ones and the lowestep@ges of loyal customers. It is
noticeable that in this market the common doubdpgedy effect is not present. The second
segment is composed of brands Moretti, Dreher, é¢kain and Beck’s. They show estimated
penetrations equal to or higher than observed agstsnated purchase frequencies for the
brand lower than observed ones and the highesemges of loyal customers. As it appears
from the figures listed in Table 7, differences erqentages of repeat buying and purchase
frequency of the category are not particularly imignagnitude, nevertheless they exhibit a
clear trend. How often customers buy the wholegmteincreases slightly with decreasing
penetration (this is the natural monopoly effe@niified by McPhee, 1963). Percentages of
repeat buying slightly decrease with brand share.

The first group of brands shows low market shares four brands cover together less than
7% of the market), low loyalty but heaviest buyBrsthe category, it may be defined as a
niche segment. The second group shows higher maheaks, the highest percentages of
loyal customers, the highest percentages of rdp@ahg, it can be defined a mass market
segment with many light buyers.

Conclusions

Application of the Dirichlet model to the Italiamér market shows that it is segmented into at
least two parts, massive consumption one hand amcha, in which consumers behave quite
differently. Moreover, an atypical brand is presenth a market that seems not to be
stationary in the period considered. Many appla®i of the Dirichlet model have shown

that, even when the market is not quite steadyyloen some clustering occurs, the model
mostly still holds and it provides useful benchnsafkee, for example, Ehrenberg et al.
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2004). This paper shows again how the model carseé to assess how existing brands are
performing.

The model is very parsimonious, at least when thiéhnogeof moments is used for parameters
estimation. In this case only a few numerical ispate needed, typically penetrations and
average purchase frequencies of the category amdvdhous brands. In this paper the
Dirichlet model is estimated with two software pagks, an Excel based one and another
written with programming language R. Both procedurely on the iterative estimation
method proposed by Goodhardt, Ehrenberg and Clthifi€d82), but they differ in some
aspects relating input, output and estimation algois.

Results obtained with two available types of sofevéor the methods of moments are
compared here. The software based on Excel Workbarols out to be less precise in the
estimation of brand penetration while more preaisthe estimation of purchase frequencies.
Neither procedure was very robust in the preseh@ypical brands in the market. Lack of
robustness does not affect estimation of the pammef the NBD component of the model
but, as it does affect all other parameters, iadsisable to eliminate such brands when
conducting analysis, for reliable results. The ewcde presented above suggests that it is
possible to use either software package to estithat®irichlet model in order to analyze and
possibly forecast consumers’ behaviour in a cortipetmarket.

It would be interesting at this point to compareapaeters 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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