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Asymmetric models of market share response allow for 
specific cross-competitive effects between competitors. Various 
approaches have been suggested for building asymmetric 
market share models preserving the properties of logical con- 
sistency (i.e., respecting the sum and range constraints on 
market share) of the popular attraction formulation, including 
the recent “fully extended” attraction specification by 
Carpenter et al. (1988). It is argued that these approaches 
suffer from a number of theoretical or practical difficulties. 
Using the Nested Logit model as a source of inspiration, this 
paper introduces a simple and tractable ciuster-asymmetric 
attraction specification for market share response and dis- 
cusses its properties. The model is also shown to be related to 
the Cooper et al. approach. The specification is applied and 
evaluated in the context of a consumer appliance example. 

uction 

Because of their many attractive properties, 
attraction models of market share response 
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are well established in the marketing models 
literature and practice. Among these models, 
the class of symmetric attraction models (in 

efined by Bell, Keeney and Little, 
1975) has most often been applied. A major 
drawback of this class of models lies in the 
implicit IIA (Independence of Irrelevant Al- 
ternatives) assumption, which rules out the 
possibility of differential cross-impacts be- 
tween competitors. From a managerial view- 
point, the explicit recognition of asymmetric 
competition appears quite relevant. Indeed, 
companies often perceive themselves as con- 
tending more directly with some competitors 
than with others within the confines of the 
market. 

In their seminal paper, Bell, Keeney and 
Little (1975) already suggested building asym- 
metry into attraction models by allowing the 
attraction function for a given seller also to 
depend on the values of characteristics (most 
notably marketing instruments) pertaining to 
his competitors. Since then, many develop- 
ments outside and inside marketing science 
have resulted in the proposal or application 
of asymmetric market share models. Yet, only 
few managerially useful models or applica- 
tions of this kind can be cited to date. These 
models or approaches suffer from a number 
of general or specific (i.e., considering the 
requirements of the application) drawbacks 
which have made them less attractive for 
managerial implementation: lack of logical 
consistency, unrealistic data requirements, 
difficulties in parameterization, and lack of 
opportunity to incorporate multiple sources 
of asymmetry. 

Our paper proposes an asymmetric attrac- 
tion specification which holds the promise of 

O167-8116/91~$03SQ (l;r 1991 - Eisevier Science Publishers .V. (North-Holland) 
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overcoming some of these difficulties. Our 
purpose, then, is first to present and justif; 
our asymmetric model against the back- 
ground of alternative specificatiorls. Next, the 
proposed model is applied to the market of a 
consumer appliance, where it is deemed par- 
ticularly appropriate. Finally, our specifica- 
tion is evaluated on the basis of its perfor- 
mance in this empirical application. 

2. Asymmetric market share response 
specifications 

This section first discusses the symmetric 
attraction specification. Next, variol;s ap- 
proaches to building asymmetric models are 
discussed and evaluated. Finally, our own 
asymmetric specification is discussed. 

2. I. The symmetric attraction specification 

As a starting point for our discussion, we 
take the attraction specification for market 
share response 

mi= ilp/Cai, (1) 
k 

where m, represents the share of choice alter- 
native i and a: its attractiveness, which can 
be further modeled as a function of a number 
of variables within or outside of the control 
of the competitors in the market. 

The attraction model is said to be “simple” 
if the parameters of the attraction function 
are homogeneous across competitors; if 
parameter heterogeneity is allowed, the model 
is called “extended”. When the ratio of two 
choice shares is independent of the wider 
choice context, the model is called IIA or 

“symmetric” (because a shift in one competi- 
tor’s attraction affects all other competitors 
proportionally). ’ 

1 n . 1 ay~mrnet~ry Is to m understuuu ,, . --A :r. In- ,,.m; of !!:_p definition by 
Bell et al. (1975). In particular. symmetry should not be 
confused with the assumption that the “pull” of competitor 
I on j is the same as that of j on i. 

If the pairwise share ratios are context 
dependent (i.e., contingent on what other 
choice alternatives are present) the mo...& is 
called ‘I asymmetric”; then, market share shifts 
are not necessarily proportional and may re- 
flect privileged suDstitution relationships be- 
tween particular choice alternatives. 2 

The simple symmetric attraction model 
(where the attraction a: is a function only oi 
the characteristics of alternative i itself) has 
been widely discussed in the marketing field. 
It is often favored for its logical consistency 
(i.e., for yielding market shares constrained to 
the Q-1 irlterval and summing to one), for it; 
descriptive and predictive validity (Naert and 
Weverbergh, 1981) and for the relative ease 
with which it can be estimated (Bultez and 
Naert, 1975; Nakanishi and Cooper, 1974). 

The less appealing IIA property of the model 
implies that all competitors are equally (in a 
proportional sense) substitutable (a detailed 
discussion of the definition of asymmetry in 
terms of cross-elasticities is found in 
Carpenter, Cooper, Hanssens and Midgley 
(1988) - henceforth CCHM). 

Both theoretical and empirical contribu- 
tions on the violation of the IIA assumption 
(Batsell and Polking, 1985; Currim, 1982; 
McFadden et al., 1976; McFadden, 1981) and 
managerial practice suggest that the simple 
attraction model is inappropriate in many 
situations. Marketing managers often feel that 
they are competing more directly against some 
competitors than against others. In particular, 
competition within product line (“cannibali- 
zation”) or within product form are a concern 
in making competitive decisions. Asymmetric 
effects become an important consideration 
for model validity when managers want to use 
the model (or even only test its behavior) for 
extreme decisions. 

y cros2ng these two dimensions, four broad t.ypes of 
-..--T.*L_ attraction models are obtained. Siiiipk S~BIIIII~;LI,~. simp!e 

asymmetric, extended symmetric and extended asymmetric. 
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If modeling competitive asymmetries is a 
valid concern, we are led to the problem of 
developing model specifications which are 
theoretically sound and practically tractable. 
As the following discussion of available 
asymmetric specifications illustrates, theoreti- 
cal soundness and tractability are often con- 
flicting objectives. 

2.2. Asymmetric attraction specifications 

The literature offers a number of sugges- 
tions for dealing with non-IIA conditions in 
attraction models of market share response. 

i ‘utended symmetric, rather than simple 
sym_zu:%ic specifications (while still yielding 
IIA models) may help relieve asymmetry prob- 
lems in a pragmatic way. Extended attraction 
models allow for a higher measure of hetero- 
geneity in competitive cross-elasticities than 
simple attraction models (Naert and I.,eef- 
lang, 1978). The added number of parameters 
may succeed in capturing a.part of the asym- 
metries, for example, if the parameter esti- 
mates of the extended model reflect some of 
the rivalry behavior that results from or causes 
market asymmetry. 

A first genuine non-IrA approach is to im- 
pose a hierarchical (tree) structure on the 
choice alternatives. Competition between and 
within branches is then modeled and esti- 
mated separately, allowing for distinct com- 
petitive effects within and across branches 
(McFadden, 1981; Maddala, 1983). The dis- 
advantages of such hierarchical models are 
multiple: 

(i) Market structuring criteria must be 
identified and placed in a hierarchical order a 
priori. The hypothetical market structure must 
be derived from prior knowledge or inferred 

ala. In the first case, t vpothe- 
sized structure may not correctly describe the 
actual structure of the market. In the second 

ifficult to discriminate 
othesized structures. 

(ii) These models generally do not allow 
for customer heterogeneity in perceived 
market structure, nor for the simultaneous 
operation of multiple market structuring 
criteria. The EBA model (Tversky, 1972) al- 
lows for multiple simultaneous market struc- 
tures to be active, but has serious drawbacks 
in terms of the required data and of the 
number of parameters to be estimated (Batsell 
and Polking, 1985). 

(iii) The number and potential heterogene- 
ity of models to be specified and estimated 
increases with the number of levels and/or 
nodes in the tree. The relationship between 
the models (e.g., their specification, the varia- 
bles they contain) at different levels in the 
tree is not clear. The Nested Logit model 
(Maddala, 1983) may be an exception, as it 
lets attraction (utility) values determined at a 
lower level in the tree influence choice at 
higher levels. Unfortunately, Nested Logit 
does not allow multiple hierarchies to struc- 
ture the market simultaneously. 

A second approach to model non-IrA ef- 
fects is through the contemporaneous covari- 
ante structure of the attraction or market 
share disturbances. This approach is concep- 
tually related to that offered by discrete choice 
models with correlated random utility compo- 
nents - e.g., Generalized Probit, Currim 
(1982), Mausman and Wise (1978). Each 
potential cross-competitive effect is captured 
by a single parameter (an economy compared 
to mod&, vhich allow a specific cross-effect 
for each ril+ rment for each competitor pair). 
Correlated random utility models and corre- 
lated disturbance models aiso present disad- 
vantages; 

(i) The matrix of covariances to be esti- 
mated is large unless the market is limited to 
a few competitors. 

(ii) Relying on the error term to model 
systematic asymmetric effects is not a com- 
mendable modeling strategy; at best, this may 
solve an estimation problem, but not a fore- 
casting problem (e.g., when the i 
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entry of a new competitor on the market is to 
be studied). 

(iii) The estimation software available for 
correlated random utility models presents 
many problems, especially if the error covari- 
ante matrix exceeds a modest size (Maddaia, 
1983). 

A final non-II,4 approach is to include 
characteristics of competitors in the attrac- 
tion function of each choice alternative. The 
resulting pairwise choice shares are then seen 
to depend on third alternatives in the choice 
set. 

Batsell and Polking (1985) present an 
asymmetric formulation where the only com- 
petitor characteristic considered is his pres- 
ence or absence in the choice set. The impact 
of the choice context on pairwise choice shares 
is modeled by means of a number of interac- 
tion effects of increasing order; the iower- 
order interactions are shown to suffice in 
order to provide a good approximation to 
market shares. Ths suggests that asymmetry 
can be modeled in a parsimonious way. The 
Batsell and Polking model, however, requires 
a large number of unusual choice data and 
limits asymmetric impacts to the sole (“all or 
none”) effect of choice alternatives being pre- 
sent or absent in the c 

Competitor characteristics other than their 
mere presence (e.g., their marketing mix ef- 
fort) can be entered into the attraction func- 
tion of each choice alternative. This was L:- 
ready suggested by Bell et al. (1975) and has 
been implemented, for example, by ccHM. 
While theoretically sound, this approach has 
practical disadvantages: 

(1) All variables in the data set become 
determinants ;)f each attraction fuac,tion. Un- 
less one can c0r~trG-i (the parameters of) 

tlOn.5, prOt?iemS Of dPgr655s iJ[ 

collinearity may eoon a-‘se. 
simplification is to de so rue competitors, 
or some of their ractenstics, from de- 
--“--*-:-D attraclion of s 

of the structure of the market. One can also 
let the inclusion of competitive variables in 
the attraction functions depend on the data 
(see, e.g., CCHM). But this exposes the re- 
searcher to the drawbacks of selective data 
exploration, except if the total model (includ- 
ing all potential regressors) is estimated ade- 
quately (e.g., in the log-centered form) ini- 
tially. One is then again faced with the prob- 
lems of collinearity and of degrees of freedom 
which one :vants to avoid in the first place. 3 
Other approaches to constraining the parame- 
ters may necessitate the use of complex esti- 
mation procedures. 

(2) The structure of the market becomes 
less transparent, since cross-competitive im- 
pacts now differ not only by competitor pair, 
but also by the instrument considered. 

(3) If estimation problems can be resolved, 
there still is a difficulty with forecasting the 
response of the market to a new entrant, since 
these models do not derive generalizeable 
knowledge about asymmetries which can be 
applied outside of the extant choice context. 

Based on our discussion of advantages and 
drawbacks of available non-IIA modeling ap- 
prosches, we propose that asymmetric market 
share models should preferably incorporate 
the 

(a) 
(b) 

(c) 

(d) 

following character&tics: 
be logically acceptable, 
preserve the advantages of the attraction 
formulation (i.e., respect the sum and 
range constraints on market shares), 
allow multiple market structuring criteria 
to operate simultaneously on the market, 
be parsimonious in the number of param- 
eters to be estimated, especially if the 
number of competitors and/or of instru- 
ments is large, and 

(e) be easily (preferably linearly) estimable. 

M suggc~t the use of the Zctc-square transform in ihe 
case of collinearity problem See also Cooper md Nakanishi 
(1988). 
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Since we conclude that presently. available 
non-HA market share models fail to meet one 
or several of these criteria, we propose a 
specification which holds the promise of bet- 
ter satisfying them. 

2.3. A parsimonious asymmetric attraction 
specification 

The model which we propose will be justi- 
fied as an extension of the Nested Logit model 
on the one hand and as a specific instance of 
CCI-IM on the other. Even though introduced 
as a specialized, hence less general, instance 
of Nested Logit or CCHM, we feel that our 
modeling approach has some distinct ad- 
vantages over the previous models, and, as 
explained in this section, opens its own per- 
spectives for generalization. 

Adopting the concept of “competitive 
grou$’ prevalent in the Industrial Organiza- 
tion and Strategic Management literature 
(Cool and Schendel, 1987; Martens, 1988), we 
assume that the market can be structured a 
priori according to one or more criteria (e.g., 
by brand, product form, package size), such 
that each criterion leads to the identification 
of a finite number of competitive clusters. 
The substitutability, and hence competition, 
within clusters is assumed to be stronger than 
between clusters. These clusters only structure 
the market hypothetically and the implied 
structure is to be tested on the data. Since 
multiple clustering principles may be acti.ve 
simultaneously, a particular competitor may 
belong to multiple, and even overlapping 
competitive groups. 

A common distinction in the marketing 
literature is to cluster by brand (B) on the one 
hand, and by prod- uct form (FF) on the other 

ao and Sabavala, I98I). e shall illustrate 
our model proposal by using only these two 
clustering principles, without loss of gener- 
ality as to the nature and number of clusters 
or clustering criteria. Each product (i, j) in 

the market is henceforth indexed by its brand 
i and its product form j. 4 

We further assume that each choice alter- 
native has an “intrinsic” or “context-free” 
attractiveness aij, determined only by its own 
characteristics and not by those pertaining to 
competitors. This context-free attraction is 
the counterpart of the utility of an alternative 
in a Lute-type model. aij is functionally re- 
lated to the characteristics Xhii (h = 1,. . . , H) 

of alternative (i, j) by one of the well-estab- 
lished attraction-function formulations, for 
example, by the extended MCI specification: 

(2) 
The final assumption is that, within the 

choice context, market shares are determined 

bY 

LkI .I 
= [ aij * ABC * APl$pF] 

where ABij corrects the context free attrac- 
tion aij for the competitive impact emanating 
from the choice context represented by the 
brand cluster to which alternative (i, j) be- 
longs. AP~j, likewise, is the correction factor 
corresponding to the choice context of the 
product-form cluster of alte_mative (i, j). In- 
tuitively, these correction factors adjust the 
context-free attraction aij into the context- 
dependent attraction ayj by accounting for 
the increase or decrease in attractiveness 
which results from the choice context. 

Expression (3) can clearly be expanded to 
incorporate asymmetric effects emanating 
from competitive clusters defined according 
to additional competitive grouping criteria. It 
. 
iS Gbk+GtLS~ 33 _. ___ _____ 7ttrsirtinn spgdficat.iQr. (2s 

long as the A-factors assuze a nonnegative 
value). 

4 Though all (i, j) combinations maly not be available on :fle 
market in practice, we shall assume this is the case for 
notation convenience and without loss of generality. 
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While equation (3) has intuitive appeal, we 
need to relate it to existing modeling ap- 
proaches and to further specify the asymme- 
try variables AB and APF such that the 
precise nature of the implied asymmetry be- 
comes evident. 

A first approach to justifying the proposed 
specification is by reference to Nested Logit 
(Maddala, 1983). In Nested Logit, only one 
market structuring criterion is in operation, 
for example, the market is structured by 
brand. Choice is first by brand and next by 
product form; higher-level (brand) choice is a 
function only of the “inclusive value” defined 
at the lower (product) level of choice. 

In Nested Logit, the market share of a 
product i within brand i is 5 

and the share of brand i is 

where ak represents the characteristics shared 
by all product forms of brand k and p 
(equivalent to 1 .- cr in Maddala (1983), 0 c p 
G 1) is the nesting parameter reflecting the 
degree of asymmetry. p = 1 corresponds to 
perfect symmetry (no market partitioning). 
B - 0 would correspond to complete market 
partitioning by brands. 

The share of product j of brand i in the 
market is 6 

We express the choice shares as ratios of utilities or attrac- 
tions rather than of the ratio of their exponentiated values, 
without loss of generality. 
We assume, without 10s: of genrrality that higher-level 
(brmd) choice is a function only of the “inclusive value” 
defined of the lower (product form) level of choice, i.e. 
ok =I, dk. Tbs is equiva! nt to the assumption &at there 
are no shared attributes b ::ween forms within each brand. 
This assumption is used fo&, notation convenience and can 
easily be relaxed. 

or 

F?Zij=Uij* zUj, ( , ;“-‘/[F( FaJ]- (7) 

Since 

equation (7) can be shown to be equal to 

mij = aij * AB?/ 

where 

AB,B,B = 
’ I I 

In the case of a single marbet structuring 
criterion, the Nested Logit model is thus 
equivalent to (3) and compatible with the 
interpretation of (3) given above. 

We note that the asymmetry correction fac- 
tor A Bjj is specified as the sum of the attrac- 
tion of the items within the competitive clus- 
ter, including the item (i, j) under considera- 
tion. This has the practical advantage that the 
competitive cluster (amd the variab!e describ- 
ing it) is always defined, even if the brand 
under consideration is its only member. 

The nested logit formulation does not lend 
itself directly to the incorporation of more 
than one market structuring criterion simulta- 
neously. The extension of (8) to include mul- 
tiple structuring criteria as in (3) is appealing 
aon intuitive grounds, however. 

Considering (3) as an extension of the 
Nested Logit formulation leads to t 
the sum of the attractions of the co.mpetitive 
cluster members as the asymmetric correction 
factors 

i i , 

This version of (3) will be referred to as the 
metric total cluster asym 
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While the ATCA specification is derived 
rather directly from the Logit approach, alter- 
native specifications for the asymmetric cor- 
rection factor could be proposed. The ATCA 

specification has the potential drawback that 
its asymmetric correction factor does not dis- 
tinguish the effect of the number of members 
in the competitive cluster from the effect of 
their average attractiveness. If only the aver- 
age attractiveness of the cluster members 
matters, a case cm be made for the use of thn 
average (arithmetic) attraction rather than the 
sum as the asymmetric correction factor, 
yielding the AA~A (arithmetic average cluster 
asymmetry) model: 

"Bij = 
j+ Caijy 
PFj i 

Ape;= & Ca,j, 

j 

where nBi is the number of members in the 
brand cluster, and n,Fj in the product form 
cluster, of (i, j). Alternatively, the AACA 

specification can be positioned as a Nested 
Logit model where cluster size is entered as a 
regressor for higher-level choice, with its 
parameter constrained to the negative value 
of that of the (ACTA) inclusive value. 

A second way to position the proposed 
ecification is by reference to the CCHM 

model (excluding its use of zeta-square trans- 
formed variables). In the fully extended 
asymmetric version, the CCHM attractions are 
specified as 

ayj = aij * n J&w, 
(s, 1~) h 

(9) 

where & su ij is the cross-eompetitive impact 
parameter of instrument h of product (s, u) 
on product (i, j). 

The number of parameters to be estimated 
in (9) is potentially prohibitive, so that one 

ose useful and meaningful 
on the phsvij. A powerful con- 

straint is to assume that the impact of a 
competitor’s move is mediated 

ective of its source) in that competitor’s 

context-free attraction, as specified by (2) such 
that 

(10) 

Specification (10) implies that Phsoij = 
Phsu * &ij9 i.e., the impact of competitor 
(s, u)‘s instrument h on competitor (i, j) is 
the product of the impact of the instrument 
on (s, 11)‘s context-free attraction, multiplied 
by the asynnnetric impact of (s, 0)‘s context- 
free attraction on (i, j). This assumption 
borrows from Nested Logit, where higher-level 
choice is modeled as a function of attraction 
or utility as defined at a lower level of choice 
and not, any more, as a function of the de- 
terminants of that attraction. Modeling asym- 
metry at the level of competitors’ context-free 
attractions instead of at the level of their 
characteristics opens perspectives for a wide 
range of asymmetric specifications. 

Next, following CCHM, we assume that only 
so-me competitors (s, u) will (a priori or a 
posteriori) determine the context-dependent 
attractions aG. For our discussion, we let 
asymmetric competitive effects be felt only 
from competitors who belong to the same 
competitive group as (i, j). Further, as ex- 
plained above, we limit a competitor’s poten- 
tial asymmetric impacts to brand- and/or 
product-form competition. 

(10 

The resulting specification (11) allows for a 
competitive--cluster parameter specific to each 
pair of choice alternatives for each of the 
proposed clustering criteria. 

Unless the number of competitors is mod- 
est, one may want to further restrict these 
model parameters. The strongest restriction 
would constrain the competitive-cluster 
parameters to the same value for all pairs of 
choice alternatives, i.e., one parameter & for 
brand-competition (pi”ij = PB for all brands) 

roduct-form competition (pojij 
= &F for all product forms). This restriction 
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allows the asymmetric correction factors to be 
defined on the basis of all competitive cluster 
members, including the product (P’, j) under 
consideration. As noted above, this has the 
advantage of keeping the competitive cluster 
variable defined, even where the cluster con- 
tains only a single member. 

In the line of the previous terminology, this 
model 

Al?,, = j+ij, AP~j = naij 
i i 

will be called GTCA (geometric total cluster 
asymmetry). The GTCA specification may, 
again, be considered less appealing, since tt 
implies that the asymmetric impact of a com- 
petitive cluster increases geometrically with 
the number of its members and no distinction 
is made between the effect of the size of the 
cluster and the effect of the average attracti- 
veness of its members. The “geometric aver- 
age cluster asymmetry” (GACA) specification, 
which uses the geometric average of the com- 
petitive cluster members’ attraction as a cor- 
rection factor 

ABjj = ( nu,,jl”“, AP4, = 
i 

could then be proposed. This would redefine 
the constrained GTCA parameters ps and PPF 
introduced above as &/nBi and flpF/rrrFj, 
i.e., inversely proportional with nBj and with 
n PFj, where nai is the number of members in 
the brand cluster, and n,rj in the product 
form cluster, of product (i, j). 

In view of the pronounced correlation be- 
tween the arithmetic and the geometric aver- 
age of a series, the use of the ck4cA vs. the 
AACA Specification Or of ATGA VS. GTCA is 

likely to make little difference for descriptive 
purposes. A weaLkness of the geometric com- 

petitive attraction specifications, however, is 
that they lack robustness. Indeed, w 
of the competing 
free attraction ten 
ing asymmetric co 

to zero. Since this problem is a-goided with 
the arithmetic formulations. the latter are 
favored for their robustness, For these rea- 
sons, only the arithmetic-total and average 
specifications will be parameterized and 
evaluated for their descriptive and predictive 
performance below. 

2.4. Estimation of the cluster-asymmetry model 

A disadvantage of the proposed asymmet- 
ric specifications is that the estimation of the 
parameters becomes a matte: of nonlinear or 
of constrained linear estimation, since the 
asymmetric correction factors are a function 
of the parameters of the context-free attrac- 
tion functions (2). If the context-free attrac- 
tion values aij were known, the asymmetry 
parameters cocld easily be estimated by means 
of Enear estimation procedures (e.g., the log- 
centering transformation by Nakanishi and 
Cooper, 1974). TPris suggests an estimation 
procedure inspired by the Nested Logit ap- 
proach, where attractions are determined at a 
lower choice level and are used in. modeling 

choice at higher levels in the hierarchy. How- 

ever, sequential modJing of choice at multi- 

ple levels is not feasible if several market 

structuring criteria are operating simulta- 

neously. Therefore, we suggest an iterative 

estimation procedure, as shown in Fig. 1. 

step 1. Estimate the response parameters A,, for the at- 

traction func:ion (2) in the symmetric attraction 

modal. 

Using the most recent phri. estimates, compute the 

context-free attraction values aij according to (2). 

Using the most recent a0 values, compute the 

asymmeiry variablss according to brand ( AQj) and 

product form (APFj). * 

Using the most recent AEjj and ABFj values as 

regressors, estimate model (2)-(S) to obtain 

estimates for &, j3s and pPF. 

Check for convergence on the parameter esti- 

mates. Ef necessary, go to Step 2. 

Fig. 1. Flowchart of the iterative estimation praedure. ( * For 

example, for the ACTA model, AB,, = C,a,,, APC, = I,a,,.) 
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Step 1 in the procedure shown in Fig. 1 
consists of fitting a symmetric attraction 
model (i.e., disregarding the asymmetric cor- 
rection factors) in order to obtain initial 
(thou&, normally biased) parametric estimates 
for the context-free attraction functions (2). 
These estimates allow us to compute initial 
values for the attraction of each choice alter- 
native (Step 2), and hence for the asymmetric 
correction variables (Step 3). In Step 4, the 
full model can be linearized in the parameters 
and easily estimated. The context-free attrac- 
tion function parameters are updated at every 
round and are used to compute the updated 
value of the asymmetric correction variables 
for the next round. This procedure is carried 
out until convergence occurs. 7 

The adequacy of the proposed estimation 
procedure depends on two questions: (i) does 
it converge to stable parameter estimates? 
and, if so, (ii) is convergence obtained to 
unbiased parameter values? 

These issues have been addressed in a 
simulation study by Gijsbrechts and Vanden 
Abeele (1988) where we found that the pro- 
posed heuristic converges (albeit sometimes 
slowly) to unbiased parameter estimates. 

Further, the issue is not always relevant, 
since nonlinear estimation is possible in many 
cases where the number of competitors is 
rather limited. 

2.5. Properties of the cluster-asymmetry model 

A critical evaluation of our asymmetric 
specification requires that it be judged against 
the criteria put forward in Section 2.2. In this 
respect, we find that: 

(1) our specification can be justified by 
relatmg it to well-accepted asymmetric choice 

7 We are indebted to A. Bultez for suggesting a way to speed ’ A derivation of the cross-elasticities is given in Bultez, 

up convergence by iteratively estimating the full asymmetric Naert, Vandzn Abeele and Gijsbrechts (1989). This paper 

model rather than iteratively estimating the parameters of alsr contains an extensive discussion or’ the interpretation 

the symmetric and asymmetric component separately. of the cross-elasticity expressions for the ATCA model. 

models, namely the fu!ly extended CCHM 

specification and the Nested Logit model; 
(2) the specification clearly adopts an at- 

traction formulation, guaranteeing the ap- 

pealing properties (logical consistency) of the 
attraction model; 

(3) our specification is not limited to one 
market structuring principle, but allows to 
model the simultaneous operation of multiple 
market partitioning criteria; 

(4) the model is parsimonious. In its most 
general formulation, it would require the 
estimation of one cross-competition parame- 
ter for each competitor onto each other com- 
petitor. If market structuring criteria can be 
imposed, the number of parameters to be 
estimated can be strongly reduced by adopt- 
ing one of the ATCA, AACA, GTCA, or GACA 
specifications; 

(5) the model is linearly estimable using an 
iterative parameterization procedure. In fact, 
this procedure allows to estimate a wide range 
of asymmetric models in which asymmetries 
are mediated by the context free attractions 
rather than determined directly by, for exam- 
ple, individual competitive instruments. 

The “theoretical” appeal of the proposed 
asymmetric model (3) can be further clarified 
by considering the (cross-) elasticity expres- 
sions. * 

The elasticity of product (i, j)‘s market 
share with respect to product (s, v)‘s attrac- 
tion is given by the following general for- 
mula: 
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where 

mS.= CmSv, 

m.,. = imsL,, 

w = { 1 if i=s and j=v, 

0 otherwise, 

S(2) = (; fth;;se, 

S(3) = 
i 

1 if j=v, 

0 otherwise, 

and PB and PPF represent the brand- and 
product form asymmetry parameters, respec- 
tively, and W,( M) and W,( M) are model 
specific (i.e. AACA, ATCA, GACA, and GTCA) 

weights. Weight factors Wi( M) and WZ( M) 
for the GACA, GTCA, ATCA, and AACA models 
are given in Table 1. The elasticities with 
respect to specific marketing instruments in- 
stead of attractions immediately follow from 
equation (12). 

The asymmetric elasticity expression can 
be seen as a linear extension of the symmetric 
elasticity. In fact, two correction terms are 
added to the symmetric expression, corre- 
sponding to the two sources of asymmetry. 
These correction factors are the product of: 

(i) the asymmetric parameter (& or ppF), 
(ii) the share of the market not captured 

by the cluster (brand, product form) with 
respect to which elasticity is computed, 

(iii) a weight factor that varies with the 
model version used. 

For the ATCA and AACA models, intuitive 
bounds on the asymmetry parameters can be 
derived from expression (12). Suppose that 
only one source of asymmetry prevails, for 
example pPF = 0, so that ouly asymmetric 
brand effects are present. It immediately fol- 
lows that cross-elasticities between brands be- 
come zero as soon as & approaches - 1. In 
this extreme case, 
seen as competito 

Table 1 
Weights W,(M) and W,(M) in tht: elasticity expression for the 
various models ’ 

W,(M) W,(M) 

A-i-CA aso~‘&~asJ asJIL:,a,,.l 
AACA a,,./[La,,l aJIC,=,,J 
GACA l/n*. l/n., 

GTCA 1 1 

a ns. is the number of products in brand S, and n., is the 
number of products of product form U. 

different markets. A similar argument holds 
for the product form parameter. 

Intuitively, our asymmetric parameters in 
the ATCA and AACA specifications are thus 
confined to the (1,O) region, where zero levels 
for & and &,r of course reduce our model to 
the symmetric specification. 

For the GACA and GTCA Imodels, the assess- 
ment of a fixed (not product-dependent) lower 
bound on the level of the asymmetry parame- 
ter is not straightforward. It is clear, though, 
that if /I B and &r become too large in ab- 
solute value, “perverse” effects will appear 
for some, and eventually all, competitive clus- 
ters, in the form of positive cross-elasticities. 

Though expression (12) appears to be sim- 
ple, one should bz cautious in deriving the 
impact of changes in /3s or &r (within their 
acceptable range) on the level of elasticities 
and cross-elasticities, since m,,, m,. and m., 
depend on these asymmetry parameters. 

The normative validity of our asy_m.metric 
model lies in the incorporation of cannibali- 
zation (by brand and product form simulta- 
neously). Cannibalization is obviously of con- 
cern to product line managers in a differenti- 
ated product market, especially when radical 
and/or strategic decisions are considered. 
This property of the model, i.e., giving 
meaningful answers especially when extreme 
decisions are concerned, im roves the rele- 
vance of the model for managerial purposes. 

The predictive validity of the asymmetric 
el is taken up in the empirical application 
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3. Asymmetric market share effects: A 
hsldl appliance study 

In order to investigate the performance of 
the proposed asymmetric model, an empirical 
application in the market of a household ap- 
pliance was carried out. Section 3.1 describes 
the market and data. In Section 3.2, attrac- 
tion functions (2) are specified. Section 3.3 
discusses the estimation of the simple sym- 
metric market share model and Section 3.4 of 
the asymmetric model. In Sections 3.5 and 
3.6, we perform a predictive (time-series as 
well as cross-sectional) validation of the 
asymmetric market share model. 

3.1. Description of the problem situation 

The market is that of a branded household 
appliance offered by a large number of com- 
panies. Over the last years, sales in this market 
have clearly stabilized: in 1985, as a result of 
slightly improved economic conditions, a 
modest sales increase was observed (3.5% an- 
nually), but since then, the number of units 
sold has remained stable (0% growth in 1989). 

Given the maturity of the market, competi- 
tors are largely engaged in a struggle for 
market share. They manipulate short term 
marketing instruments, such as temporary 
promotional actions directed at ,middlemen 
(dealers) in the form of price discounts, quan- 
tity discounts, bonus trips, etc. Long term 
decisions have to do with distribution policy, 
advertising (to build company image), price 
and product line. 

The competitors differ markedly in the 
marketing mix practised, cross-sectionally as 
well as over time. In particular, their product 
lines are quite heterogeneous, both in terms 
of vertical differentiation - various quality 
levels can be found in the market - and of 
horizontal differentiation - products are 
offered with a varying set of options (fea- 
tures) within the same price class. 

Market shares vary from 0.1 to 7% for 
individuJ products. Our data set consists 
mainly of Nielsen records of market share, g 
retail price and distribution coverage. Because 
Nielsen has jusi stated observing ;his market, 
only four successive bimonthly observations 
are available. The data are thus mainly cross- 
sectional in nature; for any product, at most 
four successive market share observations are 
available over time. Some products occur in 
only one observation period, since Nielsen 
does not report products if their share is less 
than 0.1%. The estimates should thus be con- 
sidered mainly as a reflection of static equi- 
librium conditions. 

The products represented in our data set 
are offered by about 40 different manufac- 
turers (brands), and in each period account 
for about 83% of total market sales - the 
remaining 17% being accounted for by prod- 
ucts with a market share of less than 0.1%. 

For most products, information is also 
available on product characteristics (technical 
specifications and specific features). Informa- 
tion on advertising budgets in the product 
class is provided by an advertising audit firm 
for the 40 past bimonthly periods. The adver- 
tising budgets are manufacturer-specific, and 
do not refer to individual products of a brand. 

Dropping those products for which incom- 
piete information is available (mostly prod- 
ucts with very low share), we end up with 
data on 125, 119, 121, and 113 products in 
the four periods, respectively. 

3.2. Specification of the attraction function 

To make equation (2) operational, we must 
identify and measure the major marketing 
instruments affecting attraction. These varia- 
bles will now be discussed in detail. The 
problem is of some interest in our applica- 
tion, since the specification needs for a con- 

9 Market share is defined as “share of units sold to final 

customers”. 
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sumer durable are somewhat different from 
what is usual for modeling response functions 
in convenience goods markets. 

Distribution 
As in most consumer markets, distribution 

is expected to strongly affect market share. 
We measure distribution coverage by means 
of “market reach” dij, for each product. 
Market reach is defined as the number of 
distribution outlets in which the product is 
sold, weighted by the relative importance 
(turnover in the product class) of the stores. 
Because it accounts for the importance of the 
store, market reach is favored over the raw 
count of the number of distribution outlets. 

Price 
In the context of a differentiated consumer 

durable, the notion of price is related to that 
of product specification. Whether a consumer 
considers a particular product “cheap” or 
“expensive”, depends on its retail price rela- 
tive to its quality. This reduces the relevance 
of absolute price as a market share determi- 
nant, and leads us to consider a hedonic-price 
concept. ‘O 

The notion of hedonic prices fits in a 
Lancasterian (1971) framework of microeco- 
nomics; it relates price to product attributes 
(characteristics) (see, e.g., Rosen, 1974). The 
establishment of such a relationship is largely 
an empirical matter. Most often, a semi- or 
double-logarithmic relationship between price 
and product attributes is used, the parameters 
of which are estimated using information on 

lo Although product differentiation also exists in convenience 
goods markets, the problem of price comparison is some- 

what less st;ingent there because 
- product differences are smaller (less complex) 
- products are usually cheaper, implying less involvement 
on the part of the consumer: product characteristics are 
either not studied thoroughly, or no extensive price-char- 
acteristics trade-off take:. piace. 

representative market offerings. These param- 
eters reveal attribute “shadow” prices, that is, 
the additional amount of money the market is 
willing to pay for the inclusion or increase of 
particular characteristics in a product. 

Some empirical applications on hedonic 
pricing can be found in the literature (see, 
e.g., Rristensen, 1984; Agarwal and Ratch- 
ford, 1980; Griliches, 1971). To our knowl- 
edge, the concept has not been used exten- 
sively for estimating market or individual re- 
sponse functions including price as well as 
other explanatory variables. 

In this application, we build on the notion 
of hedonic n ,ricing in the following manner. 
First - , a hedonic price relation is specified: 

m 

log Pijr = UO + c u k * cik jr + eijt 7 03) 

where 

k=l 

eijl = error term, 

uO, ilk = parameters. 

Equation (13) is exponential in 
allows for interaction between 
characteristics. 

ci, jr, which 
the product 

The estimated uk parameters are used to 
compute the hedonic price ph of any product 

Pijr = retail price for product j of brand i in 
period t, 

Cjkjt = level of characteristic k in product j 
of brand i in period t, 

m = number of characteristics considered, 

corresponding to its characteristics, 
m 

log phii = ii, + iik * cik jr. (14) 
k-Q 

ph is interpreted as a “normal” (acceptable, 
average) or hedonic price for that type of 
product in the market. Product “expensive- 
ness” is then measured as Pij, -phi:,, i.e., the 
difference between actual and hedonic price. 
The variable pl;: j, = pi jr - phij,, which will be 
introduced in the attraction function, has the 

g for rnea~i~gf~~ 
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Product chmcteristics 
Product characteristics have an indirect im- 

pact on market share (through the expensive- 
ness inferred from the difference between 
price and hedonic price); they also have a 
direct market share impact. Indeed, ceteris 
paribus, the market share for a particular 
type of product (i.e., a combination of specifi- 
cations and features) will be influenced by the 
number of consumers favoring that product 
type over others and by the number of similar 
competitive offerings. 

To operationalize the direct impact of 
product specification on market share, we 
group the wide range of products into clusters 
of “product types”. Each product type is then 
assigned a dummy variable in the attraction 
function. The parameter associated with this 
dummy reflects the intrinsic average market 
share level for that product type. The defini- 
tion of the “product types” or clusters is 
based on the available product characteristics. 
Instead of applying a clustering algorithm to 
these characteristics, we prefer to rely on a 
judgmental approach using three basic char- 
acteristics. 

Dimension 1 is a basic (discrete) design 
variable (if the product were a car, this could 
be the distinction between gasoline and diesel 
engines) and leads us to isolate a first cluster 
comprising the products with a rather un- 
usual basic design. Dimensions 2 and 3 are 
used to subdivide the remaining products 
which have the regular design. 

Dimension 2 is a continuous product at- 
tribute widely used as an indicator of product 
quality (comparable in nature and impor- 
tance to engine power rn the case of cars); it 
is used to categorize the remaining products 
into three quality levels. Dimensions B and 2 
are “obvious” criteria for partitioning the 
market, and are commonly used by both 
manufacturers and consumers. 

3 is used to fwrther subdivide 
iffe~e~tiated clusters according 

tions or features 

offered by the product (in the case of cars, for 
exampie, sunroof, electric windows). It is ;le- 
fined as the sum ol’ a number of dummy 
variables indicating whether a product offers 
a particular feature (1) or not (0). 

Guttman scalogram analysis (Green and 
Tull, W75j of these dummy variables results 
in a coefficient of reproducibility of 0.94, and 
a coefficient of scalability of 0.53. This con- 
firms that “number of options” can be mea- 
sured reasonably well on a unidimensional 
ordinal scale. Some of the quality-differenti- 
ated clusters were subdivided on the basis of 
the number of features. The cutting point on 
the Guttman scale was chosen so as to obtain 
clusters ~,f reasonable size, while respecting 
natural cirtting points revealed by the data 
where possible. 

Finally, the products are grouped into six 
clusters: 

Cluster 1: Top quality products (usually 
many options), regular design (22% 
of observations). 

Cluster 2: Middle quality products with many 
options, regular design (35%). 

Cluster 3: Middle quality products with few 
options, regular design (9%). 

Cluster 4: Low quality products with many 
options, regular design (10%). 

Cluster 5: Low quality products with few op- 
tions, regular design (10%). 

Clmter 6: products with special design (5%). 
Since the number of products be- 
longing to this cluster is limited, 
no further attempt is made to sub- 
divide it by quality level or num- 
ber of options offered. 

Advertising 
Advertising media budgets are available per 

brand rather than per product, even though 
some campaigns may be specific to a product. 
Nevertheless, advertising expenditures in t 

t mainly aim at building or sustaimng 
image/awareness rather than at pro- 

moting particular products. Advertising thus 
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pursues a brn ,,,a=! and long-run goal necessitat- 
ing a dynamic approach to advertising effects. 

Estimating lagged advertising effects is 
problematic in our application, since the time 
series information on the dependent variable 
is limited to four periods. Anticipating on 
parameterization issues, advertising dynamics 
will be modeled following a suggestion by 
Bultez and Naert (1979) and by Carpenter et 
al. (1984). Given some a priori knowledge of 
lag structure, the advertising dynamics will be 
captured by fo,ming a dynamically weighted 
goodwill variable. 

Given the general purpose of advertising 
expenditures (image building), and the peri- 
odicity of the data (bimonthly), we opt for 
geometrically decaying advertising effects, 
modeled as 

gif = E trJs * ai(t-s)y (19 
s=o 

where 

gir = advertising 
period r, 

ait = advertising 
period t, 

“goodwill” for brand i in 

expenditures for brand i in 

I- = “retention rate” of advertising effect, 0 < 
r< 1. 

Since we have 40 time points on advertising 
expenditures for each brand, ample informa- 
tion is available to compute the level of 
goodwill if r is ;inown. The level of r will be 
assessed through a systematic search proce- 
dure at the estimation stage.. 

Sales promotion 
The information on short term promo- 

tional actions is rough and incomplete. For 
the major products, we only know whether or 
not some dealer-oriented promotional action 
took place in each period. Little is known 
about the exact nature of these actions. 
attraction specification, promotion is 
captured by du 
an immediate 

- . 
impact is expected since sealers may need 
more than one period to pass the promotion 
on to consumers, especially if t 
promotional offer to stock up on a particular 
product. 

Brand leaders 
Experts in the product class confirm the 

existence of a “brand leader” phenomenon in 
the market: major brands in the market have 
a “leading” product in their line, which is 
clearly superior to other products in terms of 
market share. They argue that the high market 
share captured by the brand leaders - which 
is not fully attributable to the price, distribu- 
tion, advertising, specification and promotion 
effects mentioned earlier - can be explained 
by dealer confidence in, and experience with, 
the product over time. Dealers recognize these 
products as “winners”, hold more than aver- 
age stocks of them, and favor the products in 
their sales talks. To include the brand leader 
effect in the attraction model, yet avoid cir- 
cular reasoning, we make us of a dummy 
variable BL, which takes on a value of zero 
for “ordinary” products, and a value of one 
for products that are classified as brand 
leaders if they satisfy both the following (ob- 
jective) conditions: 
- belong to the top ten products in all of the 

last three periods (i.e., six months), 
- have a market share that is at least twice 

that of the next product of their brand, in 
at least three of the four periods. 

Attraction function specification 
The attraction function (16) below is 

specified according to the multi 
mulation of the above variables. 
(e.g., a zero value of a variable does not imply; 
zero attraction) or computational considera- 

negative values of 
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heterogeneous parameter) version is discussed 
later: 

aij, = ( dij*)6d 

*eW(bpr * Prijf + bg * gir + bBL * %jt) 

6 

* exp c 6, * clqijr 
k=2 

* exP( bpro * Proij, + bprol* Proij( t - 1) ) 9 

06) 

where bd, bpr, bg, bBL, b,, . . . , b6, bpro, bprol 
are parameters; cius, = 1 if product j of 
brand i belongs to cluster k (in period t), 
and = 0 otherwise; proij, = 1 if some promo- 
tional action occurred for product j of brand 
i in period t, and = 0 otherwise, prij, = pijl- 
Phijl, and the other variables have been de- 
fined previously. 

3.3. Parameterization of the simple attraction 
model 

The estimation of the model proposed in 
the previous section covers two steps. First, to 
construct the pr variable, a hedonic price 
relationship (equation (13)) has to be esti- 
mated. Next, the parameters 6, to b6, bp, bd, 
b pro’ and Loi can be estimated, in conlunc- 
tion with ;he advertising retention rate r 
(equation (15)). 

3.3.1. Estimation of the hedonic price 
relationship 

The development of an hedonic price rela- 
tionship requires the identification of relevant 
product characteristics to be included as ex- 
planatory variables. Since many, often over- 
lapping product characteristics and features 
are available, some selectivity is mandatory. 
For :his purpose, a principal components 
analysis is performed on the product attri- 
butes, which leads to the conclusion that seven 
components should be retained. An oblique 
rotation of these components allows a 

nal product characteristics are selected be- 
cause they best represent the components. *l 
These are used as regressors in the hedonic 
price relation. 

Pooled data on all products and periods 
are used to assess the parameters of the 
hedonic price model. The estimation results 
are quite satisfactory since each coefficient uk 
is significant at the 1% level, and exhibits face 
validity in order of magnitude and sign. The 
hedonic price relationship accounts for 75% 
of the variation in (the logarithm of) actual 
market prices. From the estimated equation, 
“residual prices” prij, are computed for each 
product. 

3.3.2. Estimation of the simple market share 
model: Procedure 

Given the definition of git, the market share 
model is intrinsically nonlinear in the adver- 
tising retention rate. If, however, r were as- 
sessed on a separate basis, the model can be 
linearized in the remaining parameters. Keep- 
ing this in mind, r is determined using a 
search procedure. The value of r is succes- 
sively set at the levels 0.1, 0.2, 0.3,. . . ,0.9, and 
the corresponding values of the model param- 
eters are estimated. The value of r and the 
associated parameters yielding the best fit are 
then retained. This optimum occurred for r = 
0.7. Since the results are rather insensitive to 
changes in r, we do not engage in a more 
refined search. 

Given r = 0.7, the market share model is 
linearized in the remaining parameters, using 
the procedure suggested by Nakanishi and 
Cooper (1982). The dummy variable associ- 
ated with cluster 1 (CluSlijl) is removed (b, = 
0), so that products belonging to this cluster 
are considered as “reference” products hav- 
ing reference “share”; 

The simple attraction specification is 
arameterized by OLS on all observations (for 

” original variables were used rather that the faCtOr ScOr2 

c~dficims, because of the higher (intuitive) relevawe of 
the former to the marketing manager. 
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Table 2 
Estimation results for the simple model a 

Parameter Symmetric Asymmetric 

AACA ATCA 

-- 
b Pl 

r = 0.7 

- O.X!N3681 ( - 4.33) 

,p = 0.7 

- O.OfKM35 ( - 4.21) 

r = 0.7 

- 0.0000387 ( - 4.55) 

bd 

b2 

4 

b4 

bs 

bs 

bs 

b Pro 

b PKll 

ba, 

bn 

0.593 (12.96) 0.666 (13.06) Ct.628 (12.94) 

0.372 (3.53) 0.404 (3.86) 0.4128 (3.87) 

0.227 (1.47) 0.213 (1.53) 0.2448 (1.59) 

0.465 (3.86) 0.511 (4.26) 0.527 (4.26) 

0.350 (2.22) 0.371 (2.39) 0.375 (1.265) 

0.198 (1.09) 0.149 (0.83) 0.2296 (2.39) 

0.0009343 (0.787) 0.000182 (3.10) 0.0000793 (1.64) 

0.520 (1.96) 0.806 (2.83) 0.525 (1.99) 

0.596 (2.48) 0.695 (2.74) 0.599 (2.51) 

1.305 (6.32) 1.156 (5.55) 1.286 (6.25) 

-0.28 (-3.3) - 0.0941 ( - 2.08) 

0.9853 0.9856 0.9856 
0.9847 0.9849 0.9849 

a The t-values are given between parentheses. 

a thorough discussion on estimation of the 
simple attraction model, see, e.g., Naert and 
Weverbergh, 1985). OLS is preferred to GLS in 
this particular application, because: 

(i) our data set makes it very difficult to 
estimate a general variance-covariance matrix 
for the residuals of the linearized model. Since 
the number of products is large, the matrix is 
of high dimension. Also, the limited number 
of time periods (4) provides little information 
to estimate the matrix, l2 

3.3.3. Estimating the simple attraction model: 
Results 

In order to allow estimation as well as 
validation, the data set is split up into 

(ii) the gain in efficiency expected from 
using GLS is rather small, in view of the 
comfortable size of our sample. 

- an estimation sample, which covers the first 
three time periods (a total of 365 observa- 
tions), and 

- a validation sample, comprising informa- 
tion on period 4 (113 products). The vali- 
dation sample will be used to assess the 
model’s predictive power over time. r3 

The results obtained for the estimation sam- 
ple are reported in tne left column of Table 2. 

Since r is estimated on the basis of a 

12 

search procedure, no standar error is availa- 
ble for this estimate. In general, the results 

we could. in principle, partly resolve this issue by imposi,rg 
are encouraging. The coefficient of de- 

an a priori structure on the variance-covariance matrix. 
However, since it was not clear to us what such a structure 
should look like, we chose not to do so. 

l3 A further test, on the model’s “cross-sectior al” predictive 
validity, is described in Section 3.6. 
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termination for the structural model amounts 
to 0.7516, which is quite high, given the pre- 
dominantly cross-sectional nature of the data. 

Except for advertising goodwill and for one 
cluster dummy, the parameters differ signifi- 
cantly from zero. The specific structure of the 
model and definition of the explanatory vari- 
ables makes it somewhat hard to assess the 
face validity of the model. The parameters of 
price, distribution and advertising have the 
right sign. Their size is evaluated by confront- 
ing experts in the market with the marginal 
effects of some simulated actions. These 
coincide with managerial expectations. There 
are no theoretical expectations concerning the 
sign and order of magnitude of the different 
cluster b’s. In general, a cluster with high 
(positive) b represents a type of product that 
appeals to many customers and/or is offered 
by few companies. These cluster coefficients 
provide companies with information on the 
market share potential of alternative product 
types. 

The parameters b,,, and bprol point to a 
substantial impact of promotional actions. 
Since the actions considered here are address- 
ed to dealers, the promotional effect is visible 
within the first period, but also in the period 
following the promotion. Indeed, in this 
period, dealers (continue to) pass on the pro- 
motion to consumers, or push their customers 
in some other way in order to sell out their 
stock. Unlike for frequently purchased prod- 
ucts, we do not expect promotional actions to 
have a large impact on overall product class 
sales. End-custo-mers will not stock the prod- 
uct, and acceleration in purchase tends to be 
negligible (in every period some promotional 
deal is bound to occur). The change in market 
share thus seems to capture the full promo- 
tional impact for each particular product. 

3.4. Estimation of the simple asymmetric 
modei 

The asymmetric model (3) is parameterized 
ing to the iterative procedure descri 

above. We have estimated only the “a&h- 
metic” (AACA and ATCA) specifications. AS 
mentioned above, they are expected to be 
rather similar to the geometric (GACA or GTCAJ 

models for descriptive purposes, but are pre- 
ferred for their robustness. 

The choice between the AACA and ATCA 

specifications will be based mainly on em- 
pirical considerations. Nevertheless, we tend 
to favor the AACA specification over the ATCA 
model on the ground that the arithmetic aver- 
age correction factor may capture not only 
the (negative) impact of the competitive clus- 
ter brand total attractiveness, but also the 
possible (positive) impact of the size of the 
brand’s product line. 

The iterative procedure converges to stable 
parameter values in three steps. The parame- 
ter estimates at convergence appear in the 
second and third columns of Table 2. In both 
cases, the product form asymmetry parameter 
was not significantly different form zero (and 
is therefore left out of the models), while the 
brand asymmetry coefficient is significant and 
negative as expected. This evidence implies 
that the market is structured predominantly 
by brand. Comparing the parameter values in 
the asymmetric model with the corresponding 
values in the symmetric model, we find that 
their absolute value has increased. In terms of 
goodness-of-fit, the asymmetric model pro- 
duces a statistically significant, bttt quite 
modest improvement over the basis model: 
adjusted R* for the structural (. q&near- 
ized) l4 model is found to increase from 0.7424 
to 0,785O for the AACA specification, and to 
0.7572 for the ATCA model. 

3.5. Estimation of symmetric and asymmetric 
extended models 

Since the use of extended models has been 
suggested as a pragmatic way to capture 

l4 we use the term “structural” to refer to the market shares 
as dc:ertined by (1). (3). (16) and &ii: ;crin “trarisforme~’ 
for the Nakanishi-Cooper log-centered transformation of 

the shares. 
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Table 3 
Estimation results for the extended model a 

Parameter 

b 
Prl 

b 
Pr2 

b 
PI3 

9 
b> 

4 

bs 

b6 

b&t 
b 

Pro 

Symmetric 

r = 0.7 

- o.O!30053 ( - 3.79) 
- 0.000025 ( - 1.78) 
- o.OooO144 ( - 0.88) 

0.360 

0.325 

0.471 

0.455 

0.171 

o.OOOo35 

0.477 

0.541 

1.369 

0.602 
0.625 
0.386 

(3.39) 

Asymmet, ;; 

AACA 

r = 0.7 

- 0.0000503 ( - 3.54) 
-0.0000177 ( - 1.18) 
- 0.0000136 ( - 0.824) 

0.383 (3.65) 

ATCA 

r = 0.7 

- o.oooo57 ( - 4.14) 
- 0.000021 ( - 1.47) 
-0.000019 (- 1.18) 

0.405 (3.81) 

bm 

bd, 
4u 
bd3 

hi 

R2 0.9857 

Rfdjustd 0.9850 

(2.07) 0.293 (1.89) 0.353 (2.30) 

(3.93) 0.521 (4.38) 0.556 (4.55) 

(2.82) 0.461 (2.91) 0.492 (3.07) 

(0.942) O.lOG (0.557) 0.197 (1.10) 

(0.60) 0.000187 (2.38) 0.000123 (1.86) 

(1.80) 0.734 (2.58) 0.476 (1.81) 

(2.26) 0.606 (2.39) 0.510 (2.15) 

(6.58) 1.232 (5.85) 1.365 (6.63) 

(10.91) 0.714 (11.53) O.639 (11.38) 
(11.61) 0.139 (11.24) 0.702 (11.77) 
(4.24) 0.4302 (4.50) 0.392 (4.35) 

- 0.288 ( - 3.36) -0.13 (- 2.86) 

0.9861 0.9860 
0.9852 0.9853 

a The f-values are given between parentheses. 

asymmetric effects, extended (symmetric and 
asymmetric) models were estimated. These re- 
sults will be used for comparison in the vali- 
dation sections. 

In specifying an extended attraction model, 
the large number of brands in our market 
(about 40) does not allow for parameter het- 
erogeneity at the individual product or brand 
level. To keep the number of model parame- 
ters tractable, brands are grouped into three 
separate classes, and different marketing elas- 
ticities are the? allowed across these classes 
The grouping of brands is based on expert 
(managerial) information, and relates to the 
judged “amount of go 
market by various bran 

roblems, we furt 

heterogeneity to the price and distribution 
variables. 

The symmetric extended model version still 
implies the IZA assumption, it only “frees” 
some parameters in [16]. Asymmetry can be 
introduced in the extended structure by- using 
the extended form for aij, of equation (3) 
(yielding the ‘“extended asymmetrS model). 

Estimation results for the extended sym- 
metric and for the extended asymmetric AACA 

and ATCA modeis are reported in Table 3. 
It is found that the ce impact (in ab- 

solute value) decreases itk brand goodwill 
(class 1 = most established, class 3 = least 
established brands). This is conaistent with 
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tribution impact is lower for low-goodwill 
brands. The asymmetric models again yield 
highly significant brand asymmetry parame- 
ters. When parameter heterogeneity is al- 
lowed, the asymmetric impact is even more 
pronounced than in the simple models. 

3.4. Predictive validation of the asymmetric 
model 

The predictive validity of a modei can be 
assessed in an a0solute sense, by judging the 
fit of the model predictions in the validation 
sample. In addition, it is useful to provide a 
comparative assessment, i.e., to compare the 
predictive performance of the model with that 
of alternative specifications (especially if the 
latter are nested or simpler versions of the 
proposed model). We have opted for an ex- 
tensive assessment of both the absolute and 
the comparative performance of the asym- 
metric model: 

(a) absolute predictive performance mea- 
sures are given; 

(b) in view of the predomini;ntly cross-sec- 
tional n%ure of the data, a cross-sectional 
validation is performed in addition to the 
usual time series assessment; 

(c) a comparative assessment is given of the 
asymmetric model against its symmetric 
counterpart, for both simple and extended 
modei versions; 

(d) the asymmetric model is assessed 
against a naive model. 

3.61. Predictive validation over time 
The descriptive performance of the vtious 

models can be judged frsm Table 4, which 
provides information on R2 (adjusted R2) for 
the transformed and structural model formu- 

models yield a (slight) improvement over the 
symmetric model l,ersions, both in the simple 

extended case. Surprisingly, t 
liditv of the exte 

pears if 

Table 4 
Descriptive validity of the various models ab 

Model Simple Extended 

Symmetric 0.7516 (0.7424) 0.734 (0.7226) 
0.9853 (0.9847) 0.9857 (0.9850) 

AACA 0.7933 (0.7850) 0.7849 (0.7757) 
0.9856 (0.9849) 0.9861 (0.9853) 

ATCA 0.7645 (0.7572) 0.7380 (0.7267) 
0.9854 (0.9848) 0.9860 (0.9852) 

a For each mod:!, the upper figures stand for R’ (RLjjustcd) 
for the structural model. and the lower figures for R2 

(R&mstd) for the transformed model. 
b Since the model is estimated without constant term, R’ is 

redefined as 1 -(sum of squared residuals/sum of squared 
market share observations). 

recalculated for the structural formulation. 
Apparently, the extended models imply 
smaller relative, but larger absolute market 
share residuals than their simple counterparts. 
The asymmetric models are better than the 
symmetric ones in both transformed and 
structural model versions, though the gain in 
descriptive validity remains quite modest. 

t’wo measures of the various models’ pre- 
dictive performance are computed: 

(1) A variant of the Theil coefficient (th) 
for the structural market share model: 

th = 

where &; Gt is the predicted market share. This 
version of the Theil coefficient is chosen since 
it allows for comparison across models (Naert 
and Leeflang, 1978). 

(2) The mean absolute percentage error 
@APE): 

c I mijt - Aijt I 1 

mijt 
-7 N t i j 

where N is the total number of observations 
i 
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Table 5 
Predictive validity of the various models (time series valida- 
tion) ’ 

Model Simp!e 

Symmetric 0.248 
0.836 

AACA 0.206 
0.200 

ATCA 0.236 
0.827 

a For each model: 

0.152 
0.876 

0.127 
0.878 

0.134 
0.882 

Extended 

0.266 0.166 
0.804 0.854 

0.215 0.150 
0.767 0.856 

0.262 0.150 
0.785 0.858 

upper left: Theil for estimation sample, 
upper right: Theil for prediction sam; * , 
lower left: UPE for estimation sample, 
lower right: MAPE for prediction sample. 

For purpose of comparison, these figures 
are reported for both the estimation and the 
validation sample in Table 5. From this table, 
it is clear that the extended model is not 
consistently superior to the simple model, 
which may indicate some overfitting in the 
estimation phase. On the other hand, the in- 
troduction of asymmetry using the AACA 

specification leads to improved Theil coeffi- 
cients for simple as well as extended models, 
MAPE’S remaining about the same. As ex- 
pected, the AACA model is more appealing 
than the ATCA specification. 

It should be recognized that the predictive 
improvements realized by introducing asym- 
metry remain quite modest. Our conjecture is 
that the asymmetric model would prove more 
clearly superior in cases where input changes 
are quite large, or even lie out of the range 
covered in the estimation sample. I5 Accord- 
ingly, we compute the Theil coefficient in- 
cluding only those observations in the holdout 
sample for which a minimum change in 
market share is registered compared to the 
previous period. In particular, we require a 
market share shift of at least 0.005 to have 
occurred (this minimum level is specified 

I5 Large shifts in marketing actions are the exception rather 
than the rule LI the observation periad, although fOF the 

future some cowiderable strategy changes are expected. 

rather arbitrarily, such that a sufficient num- 
ber of observations can still be included). A 
total of 19 observations satisfy this criterion, 
and lead to a Theil coefficients of 0.0824 for 
the simple AACA model (ATCA : 0.0868) versus 
0.1038 for the simple symmetric model. For 
the extended specification, we obtain 0.1102 
for the AACA model (ATCA : 0.1095), compared 
to 0.1229 for the symmetric model. 

Though the absolute differences are still 
relatively small, we observe that the impi-ove- 
ment of percentage in the Theil coefficient 
resulting from the inclusion of asymmetric 
effects has increased. Again, the extended 
model versions do not offer any improvement 
over the simple model. As a final test on the 
asymmetric models’ predictive properties over 
time, we compare the results to those of a 
naive model, where market share in period 
four is predicted as the average share ob- 
served in previous periods. This naive model 
leads to a Theil coefficient of 0.6843, and 
implies a hiAPE of 2.07. Compared to the 
results in Table 5, it is clear that the (asym- 
metric and symmetric) models analyzed so far 
strongly outperform the naive specification. 

3.6.2. Cross-sectional model validation 
The validation in the previous section as- 

sesses the predictive power of the asymmetric 
model over time. It does not assess its ability 
to predict the share of (new) products not 
included in the estimation sample. 

To study the cross-sectional validity, we 
proceed as follows. First, a random sample of 
20 products is drawn from each data period, 
leading to a cross-sectional holdout sample of 
80 observations, and an estimation sample of 
398 data points. The various models dis- 
cussed above are paramcterized on this new 
estimation sample, and their cross-sectional 
predictive validity is corn ared on eke bldout 

sample. 
We should point out that the vaiidation 
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Fig. 2. Effect of distribution coverage change of brand A, product 1 on own market share. 

in each time period. The predicted share of 
the market for all products in the estimation 
sample thus constrains the total predicted 
share of products not included in this sample 

Table 6 
Predictive validity of the various models (cross-sectional vali- 
dation) a 

Model Simple Extended 

Symmetric 0.2329 0.1781 0.2497 0.1914 
0.8711 1.035 0.8361 1.036 

* 10. 1 Y 5 ._ c 0.1962 0.1587 0.2169 0.1797 
0.7845 0.938 0.748 0.9498 

4TC.A 0.2200 0.1709 0.2250 0.1915 
0.7983 0.9534 0.7576 0.9626 

a For each model: 
upper left: Theil for estimation sample, 
upper right: Theil for prediction sample, 
lower left: WE for estimation sample, 
lower right: WPE for prediction sample. 
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( i.e., the holdout products), as all shares 
should sum to 1. This is not a serious threat 
to our cross-sectional predictive validation, 
though, as (i) the number of holdout products 
in each period is quite large, (ii) our observa- 
tions cover only about 83% of the market, 
leaving some “slack” for the holdout predict- 
ions, and (iii) each model’s estimated market 
shares cover virtually the same fraction of the 
market, such that meaningful comparison 
across models is possible. 

Before turning to cross-sectional predictive 
v&dation, the ~sbirity of the ne-cky “~,a -“+‘ned 

parameter estimates is examined by means of 
a Chow test. This test points out that, for 
each model, the hypothesis of stability in the 
coefficients compared to those obtained for 

lete data set cannot be rejected at 
the 10% level. 
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Fig. 
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3. Effect of distribution coverage change of brand A, product 1 on market share of brand A, product 2 and brand B, product 1. 

The Theil and MAPE cozfficients in Table 6 
are in line with our previous findings: the 
extend& model is not preferable to the sim- 
ple structure, whereas the introduction of 
asymmetry in either simple or extended mod- 
els leads to a systematic increase in descrip- 
tive and predictive performance. Again, the 
AACP. model outperforms the ATCA specifica- 
tion. 

3.6.3. Managerial validation 
The empirical evidence supporting asym- 

metry in our research is mixed. On the one 
hand, a significant brand asymmetry was 
found; on the other hand, this effect was 
found to matter only little when comparing 
the predictive 
of asymmetri 
cussed in the 

asymmetric models seem to perform better 
when more extreme market share shifts are 
studied. 

Marketing managers are often concerned 
about cannibalization effects, especially when 
rather extreme decisions (e.g., strategic rather 
than tactical moves) are considered. To have 
managerial relevance and validity, decision 
models must be “robust” under atypical and 
extreme conditions. The managerial relevance 
and robustness of the type of asymmetric 
specification proposed in this paper is il- 
lustrated in Figs. 2 and 3. These figures con- 
trast the impact of a change in distribution 
coverage (marketing instrument) in tke ab- 
sence of brand asymmetry versus in the case 
of brand asymmetry (parameter value & of 
- 0.5). 
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(A, B) and of two product forms (1, 2). i6 The 
figure shows how brand asymmetry impacts 
the market share of product Al when its 
distribution coverage is increased. The market 
share returns to brand Al of the brand’s 
increase in distribution coverage are lower 
under asymmetry. The increase in Al’s con- 
text-free attraction also raises the total at- 
tractiveness of its brand cluster (the sum of 
the context-free attractions of all products in 
the cluster, including Al). The product Al 
therefore captures less than the full beneficial 
effect of its increased distribution in compari- 
son with the symmetric case. 

The impact of asymmetry is seen most 
dramatically in Fig. 3, however. The most 
pronounced difference is found for product 
A2; the effect of Al’s increasing distribution 
clearly cannibalizes A2’s market share in the 
asymmetric case (due to the chosen parameter 
values the curves for A2, symmetric and Bl 
asymmetric are superposed in the figure). 
Correspondingly, Bl is relatively less affected 
under asymmetry than under symmetry; in- 
deed, cannibalization tends to restrict the ef- 
fect of Al’s distribution change to A-brand 
products only. 

In this paper we have presented and em- 
pirically evaluated a cluster-asymmetry at- 
traction model of market response. The 
specific characteristic of this specification is 
that it models competitive cross-effects at the 
level of clusters of market contenders and 
that it does so through the attractions of the 
competitors rather than through the instru- 
ments which determine these attractions. 

The proposed model combines the higher 
normative validity of asymmetric attraction 
models with a number of other desirable fea- 

I6 Product B2, which is not portrayed, accounts for the re- 
mainder of the market. 

tures. By grouping competitors into competi- 
tive clusters, parsimony in the number of 
model parameters can be obtained. At the 
same time, asymmetric impacts according to 
multiple market partitioning criteria are mod- 
eled simultaneously. The available empirical 
evidence shows that the cluster-asymmetry 
model allows successful parameterization by 
means of linear regression. The application 
shows a (slight) superiority of our model over 
symmetric counterparts in descriptive and 
predictive accuracy. There also is evidence 
that this superiority is more pronounced when 
more extreme market share shifts are consid- 
ered. 

The seeming restrictiveness of the model, 
because it forces competitors into clusters, is 
less severe than one may think. Indeed, the 
model can easily incorporate as many compe- 
titive cluster types as needed; at the extreme, 
every competitor could become a competitive 
cluster by himself. Further, modeling asym- 
metries at the level of attractions rather than 
directly at the level of instruments, opens 
perspectives for the specification of a wide 
range of asymmetric models. Four particular 
specifications are discussed in the paper. 

The proposed model obviously has some 
drawbacks, and our study leaves open a num- 
ber of questions. First, an attractive property 
of the model is its ability to capture competi- 
tive effects corresponding to multiple sources 
of asymmetry. Yet, our empirical application 
yielded a significant effect only for brand- 
asymmetry. The behavior of the model and 
the performance of the estimation procedure 
could therefore not be evaluated in the pres- 
ence of multiple sources of asymmetry. Set- 
ond, the iterative procedure needs further the- 
oretical and empirical validation. For smaller 
data sets, the use of GLS in each step, instead 
of OLS, may be necessary to account for con- 
temporaneous correlation, and this may re- 
quire sufficient time-series information. If, 

ermore, the iterative procedure could be 
shown to converge under fairly general condi- 
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tions, a wide range of model specifications of 
a similar inspiration as those proposed here 
would become suited for estimation. Finally, 
the descriptive and predictive superiority of 
our asymmetric model is modest in compari- 
son with corresponding symmetric specifica- 
tions. The conditions under which the super- 
iority of asymmetric models will appear more 
clearly need further study. 
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