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Abstract: We derive n-brand solutions for several first-order Markov models of consumer variety seeking,
among them those of Givon (1984), Lattin and McAlister (1985) and several variants. Such solutions
allow a comparative static analysis of long-run market shares relative to changes in the models’
parameters. variety-seeking intensity, brand preference and degree of feature sharing. Along with a
simple Multinomial and a fully general first-order Markov model, these models are calibrated for
consumers in a behavioral experiment. Such fits allow the nested models to be compared through a
likelihood ratio test, and the non-nested ones to be compared through Hauser’s (1978) U? measure.
These tests indicate that the Lattin-McAlister model performs arguably better than all but the general

Markov model.
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Introduction

Since the pioneering work of Bass, Pessemier
and Lehmann (1972), the pervasive effects of
consumer variety seeking have drawn increasing
attention. In their thorough review of the extant

literature, McAlister and Pessemier (1982) sug-

gest that consumers can behave in a way that
suggests a desire for change in and of itself;
moreover, this behavior is distinct from the

Correspondence to: Prof. F.M. Feinberg, University of Toronto,
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brand-switching that arises whenever a consumer
chooses among the set of brands for which he has
preference. It is possible to interpret this distinc-
tion as one of the order of the brand choice
process, contrasting the ostensibly zero-order
process of normal-brand switching with the possi-
bly higher-order process of switching with an
explicit desire for change. Bass et al. (1984) dis-
cuss this issue in depth, pointing out the difficul-
ties in determining the order of the choice pro-
cess from a particular string of purchases, and
how this can often be confounded with non-
stationarity of preference. They explore a variety
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of statistical methods to clarify these issues, and
offer evidence that both zero-order and first-order
purchase behavior occur in several product cate-
gories.

Several papers have appeared which distin-
guish zero- and first-order behavior by modeling
brand-switching behavior as a Markov process.
Often, due to parsimony, it is necessary to restrict
analysis to a two-brand framework, looking at the
brand-switching process as taking place between
a target brand, perhaps the favorite brand, and a
category composed of all others. Some of the
earliest models, those of Morrison (1966) and
Jones (1973), specify different parameterizations
of the Markov brand-switching matrix without
directly tying these parameters to managerial
control variables. Jeuland (1979) extended Morri-
son’s work to include a specific parameter mea-
suring inertia or loyal behavior. Givon (1984)
proposed a more general model, in which the
intensity of variety-seeking, in addition to Jeu-
land’s variety-avoiding, is explicitly factored into
the parameterization. A further step in this direc-
tion was the model of Lattin and McAlister (1985),
which included not only the consumer-specific
level of variety-seeking, but brand preference and
interbrand similarity variables as well, imbedded
in an n-brand choice set context. For a full dis-
cussion of feature-based models of brand switch-
ing, see Hutchinson (1986).

Because of its feature-based orientation, it is
possible to use the Lattin—-McAlister model to
predict likely changes in long-run purchase prob-
abilities relative to changes in parameters under
managerial influence: variety-seeking intensity,
brand preference and perceptions of inter-brand
similarity; for the Givon model, this can be done
for the variety-seeking parameter only; for a
Multinomial medel, no such analysis is possible.

We focus our attention on six Markov models
of consumer variety seeking: the simple Multino-
mial model; the Givon model and a variant ac-
counting for consistent conditional purchase
probabilities; the Lattin—McAlister model and a
parsimonious variant; and the completely unre-
stricted first-order Markov model. We derive the
explicit solution to these models in the somewhat
restrictive two-brand case, and matrix-based solu-
tions and their derivatives in the more complex
n-brand case. These n-brand solutions are used
in a 3-brand simulation for a thorough static

analysis. Finally, the models are fitted to the -
shampoo choice histories of consumers in a com-
puter experiment, and these fits compared, in a
maximum-likelihood setting, to those obtainable
from other first-order model formulations.

Modeling framework

The essential feature of Markov models of
brand-switching is a set of transition probabilities,
a;, each stating the probability of choosing a
particular brand B; directly following the selec-
tion of B;. Such models directly imply that selec-
tion on one choice occasion affects preferences
on the next choice occasion. Having just con-
sumed a particular bundle of features (i.e., a
brand), a variety seeker is less attracted to those
features when making the next choice; therefore,
brands composed of different features become
relatively more desirable. We refer to a consumer
whose known choice set consists of n brands,
denoted {B,}. Several parametric conventions are
staples of the models we will consider here. For
consistency in discussion, we use the following
notation:

U, = The value to the consumer of B;’s unique
features.

S;; = The value to the consumer of all features
shared by brands B; and B,. By definition,

S;;=S8;, and § ;; = m;. For notational con-
venience, define S.;=%,S, ;.

;= The consumer’s unconditional preference
for B,, representing the total value to this
consumer of all features - unique and
shared — provided by B;, scaled so that
L;7; = 1. By definition

m=U+ ). S, foranyj.
jFk
V= A discount factor indicating the variety
seeking intensity of the consumer; 0 < V' <
1.
x.= The steady-state market share for B; re-
sulting from the Markov model.
it is possible to compare x;, the steady-state
market share for B; implied by the first order
Markov choice process, and ;, the unconditional
preference share for B;, concluding that variety-
seeking is beneficial only when x;—m; >0, as
this indicates B, is chosen more than it would be
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based on its zero order preference, ;5. ! Within
the framework of this parametenzatlon the size
of the observed market share, x;, might be influ-
enced as follows:

e Changing V' by influencing the intensity of
variety seeking behavior (3x;/8V');

e Changing =; by altering the value of a
brand’s unique features (dx /30,

e Changing m; by altering the value of a
brand’s unique features (0x, /88, ).
~ Since the explicit (non-matnx) calculation of
x; and appropriate derivatives is only reasonable
when there are just two brands, we will, after a
brief discussion of the models in question, first
turn our attention there. Bass et. al. (1984) dis-
cuss the importance of, and tests germane to, this
case, essentially simplifying a Multinomial pro-
cess through a related Binomial, comparing runs
of a ‘favorite brand’ against a background of
purchases of all other brands.

Model formulations

We examine the following models, listed in
descending order of number of estimated param-
eters:

Unrestricted Markov: This model specifies the
entire set of #2 transition probabilities, a;,
are fitted directly. Since it is fully general and
unrestricted (outside of its rows summing to one),
it will fit at least as well as any other Markov
model. There are n(n — 1) estimated parameters.

Lattin-McAlister: A feature-based model,
preference for brand B, is decomposed into its
unique features (U) and features it shares with
other brands (S,-j). The more features they share,
the less likely brand B, is to be chosen after
brand B,. Transition probabilities are given by

a;=(m —VS;)/(1-VS.).

There are n — 1 independent unique feature pa-

! Note that, in Jeuland’s inertia model (1979), the steady-state
market share for the brand is equal to the unconditional
preference for the brand. This is not true of variety-seeking
models in general, where the probability of switching to a
brand deviates from its unconditional preference toward an
equal probability distribution across all brands not pur-
chased on the last purchase occasion. For a discussion of
this point, see Givon (1984).

which -

rameters (U;), 3n(n — 1) shared feature parame-
ters, and a single variety-seeking parameter; this
implies 3n(n + 1) total estimated parameters.
Restricted Lattin-McAlister: To ensure a fairer
comparison of the Lattin—-McAlister model and
more parsimonious models, it is possible to re-
duce the number of estimated parameters. This
can be done by assuming that all brands ‘overlap’
by an expected amount, probabilistically. setting
S;; = m;m;. This reduces the number of estimated

-parameters to n.

Givon (1984): To specify transition probabili-
ties, the model linearly combines a brand’s pref-
erence (m,) and a fixed propensity to switch to
another brand (V), irrespective of the preference
of the brand switched to, so long as it is different
from the brand switched from. Transition proba-
bilities are thus given by -

a;= A-Vym+V/(n- 1)
for i different from j, and
a;=(1-V)m,.

Fitted parameters are {V, 7 ,..
mated parameters.

Modified Givon: 1t is possible to modify the
Givon model to account for the greater likelihood
of switching to a more preferred brand than to a

., T}, with n esti-

~ less preferred one. Rather than distribute V'

equally amongst all other brands, it is possible to
do so in proportion to their preference. Transi-
tion probabilities are then given by

a;=(1-V)m+ (V)'n',-/(l —‘n'j)
for i different from j, and
a;=(1-V)m,.

Fitted parameters are still {V, 7, ..
estimated parameters.

Multinomial: The standard Multinomial model
suggests that there is no dependence among
choices over time. It is thus equivalent to the
unrestricted Markov model with each row of
transition probabilities equal, or any of the other
models with I/ set to zero. Since the conditional
probability of choosing B, following B; is inde-
pendent of B;, a;=m,. Fltted parameters are
{mi..,m), with n — 1 estimated parameters.

While it is possible to fit a Binomial model as
well, as this is anticipated to fit far less well than

.,T,), with n
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even a simple Multinomial model, we have omit-
ted it here. In the next section, we present two-
brand analyses of the models under parametric
variations. ‘ :

Two brand case

Given that a particular consumer’s considera-
tion set consists of two brands, B, and B,, we
define the four transition probabilities:

a,; = Prob(repeat consumption B,),

a,, = Prob(repeat consumption B,),

a,, = Prob(consume B, after having
consumed B)),

and

a,; = Prob(consume B, after having
consumed B,).

Note that
a,;+ta,=1 and a, +a,=1.

We have two equations in the unknowns x, and
X,, a linear system of the form X =XA4, where X
is the row vector [x,x,], of steady-state market
shares for B, and B,. This a Markov process with
transition matrix 4 given by

4= (% alZ)
ay an)’

The expected market share, or steady-state choice
probability, for B, is

Xy =ay/(ay +ap). (1)

To understand how parametric changes influ-
ence market share, we need to compute (3x,/9n),
where n =V, 7, or §,,, the last of these applica-
bie only to the Lattin—McAlister based models.

Market share, preference share and changing
parameters

Were thére no variety seeking (VV=0), we
would expect a brand’s market share and prefer-
ence share to be equal. Since variety seeking can
cause a share redistribution, we focus on the
differential between steady-state share and un-
derlying preference, x, — . Further, to examine

the parametric effects of the different models in
the simple two-brand case, we examine the
derivatives (dx,/dV), (3x,/3U,) and (3x,/d3S,,).
Throughout, we use the convention that brands
are numbered in descending order of preference
(e.g., m, = m,). Since x, and x, are fixed to sum
to one, no generality is lost by focusing on B, the
more preferred brand.

Notice that, when there are two brands, the
Givon and Modified Givon models are equiva-
lent. Using (1), we have

- —y)V
x1—7r1=—(ﬂ;-1jV;)sO, (2a)
dx;  —(m —my)

—_ = <0, 2b
= (20)
ox, 1=V 0 , ’
om, 1xV- (20)

Thus, for these models, there is a basic disposi-
tion to have variety-seeking penalize larger pref-
erence brands overall (x, — 7, <0) and to have
the degree of penalization increase with the level
of variety-seeking intensity ((3x,/3V) < 0). As can
be expected, an increase in the level of brand
preference translates to an increase in share,
even after variety-seeking is accounted for
((3x1/a'n'1) P O)

For the Lattin—McAlister model, we have the
following (note: f(:)=[(w, — VS, X1 —-VS.))+
(7, — VS )1 — ¥S.,)], as a positive divisor of all
quantities here, has no effect on sign; rules for
differentiation are discussed in the Appendix):

[Slz(l -V5:2) _77'177'2]
() ’
(3a)

xy—my=V(m —m;)

5~ (i)

« [Slz(1 - VS:z)Z - (1 - VZS12)771772]

2 ’
(3b)

" ev %
a—Ul—( = V¥, - VS5,)

(1=VS H)1-VSy)~Vi(m,—723)]

xL 5
70

, (3¢)
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B, (m —m)V(1-V)

[(1 - VSIZ)Z - V”7'177'z]
2

Notice that, if S,, <7, (the smaller preference
brand does not derive ‘too much’ of its value
from shared features, as in the Restricted
Lattin~McAlister model), x, — 7, is negative, in-
dicating that the smaller brand will gain share
and the larger preference brand lose share. In
situations with intense variety seeking (V' near 1),
the smaller preference brand can derive almost of
all of its value from shared features (S, near
min{w,, 7,}) and still enjoy a market share that
exceeds its preference share. ’

It is not difficult to show ? that, in a two-brand
choice set, (3a—d) imply that (8x,/3V) is negative
when S, <, and that both (3x,/9U,) and
(3x,/3S,,) are always positive (recall , >,).
This pivotal condition, Sy, =mm,, is precisely
the one used to define the Restricted Lattin—
McAlister model. Bearing in mind the caveat that
the two-brand case ignores the possibly complex
interactions of additional brands, we can use these
~ derivatives to foreshadow several tendencies of
these models:

* With 7, — 7, and f3(-) both non-negative, the sign of
(3x, /3¥) depends only on :

Sia(l- VS12)2~ ( 1= stlz)“'ﬂ"z-

Since

1=V, > 1-VS;, > (1-V5,,)%,

(3x /3V) will be non-positive whenever S, < 7 7r,.

Since 1-V, m, = VS, and f%(-) are all non-negative,
the sign of (3x, /3U,) depends only on

(I=V5,)(1=VSp) = Vmy(m —my).

With 7, > 5, this term is decreasing in V and §,,, so it is
minimized at V=1 and S|, =, where its value is, after
some algebra, (7 —7,)?, showing (3x, /3U,) to be non-
negative.

Similarly, since V., 1—V, 7~ m, and f2(-) are all non-
negative, the sign of (3x, /35,,) depends only on the term

(1‘"VS12)2‘V77172’

which is decreasing in both V and §,,. Replacing these with
their extremal values, 1 and 7, this term becomes (1 — 7,)?
= mm,, which factors to (| — 7,), showing (3x, /3S,,)
to be non-negative.

(3d)

Increasing variety seeking intensity (J') tends to
hurt the larger brand, an effect more pronounced
the less similar the brands. However, for the
Lattin—-McAlister model, if the smaller brand
seems very similar, is in effect ‘subsumed’ by the
larger brand, the larger brand may benefit from
increasing V.

Adding a new unique feature (U,) is always
beneficial to the brand receiving it and detrimen-
tal to the other brand.

Increasing the value of a shared feature (S,)
always benefits the larger brand.

Comparative statics in a multi-brand market

Expanding the analysis by introducing addi-
tional brands allows an important step toward
generality, in that it is possible to study how a
change in two brands’ similarity will affect a -
third, uninvolved brand, or how different share
distributions affect parametric changes. While it
is possible to explicitly calculate quantities analo-
gous to (2)-(3) for any number of brands, the
complexity of the resulting formulas rapidly out-
paces ones ability to say anything concrete about
them. Rather, we derive matrix-based solutions
for equilibrium market shares and derivatives of
interest (0.X/3V), (8X/3U};) and (8X /3S,;), where
X is the vector of market shares) in the general
n-brand case. These precise solutions can in turn
be incorporated into a simulation study to ex-
plore the model’s robust properties.

Model solution and derivatives

Given
A=[a;] forl<{i,j}=<n,

we have the standard Markov formulation, X =
XA, where X is the row-vector of steady-state
probabilities (market shares). This gives way to
the redundant system 0 = X(A-I), which can be
made invertible by realizing that market shares
must sum to one. This yields the system

XA*=e,=(00 -~ 01) (4)

where A* is just A-I with its last column re-
placed by ones. The solution to (4) is therefore
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given by o
X=e[4*]" (5)

To calculate the derivative of [ X'] with respect
to any model parameter, we compute (3.X /3n) for
n=V,U, or §;. Since X4* =¢,, we can take
derivatives as follows:

0 de, [ XA4*] [aX

on an on
“Solving for (3X /677),

X 3A* _
i
an

*

A*+ X aan ] (6)

on B
9A4*
an

We see that, to calculate (3X/dn) for any
model parameter of interest, the only information
needed beyond the matrix A* is (3A4* /37), easily
assembled from the elements (3a;/3n). These
individual derivative elements are calculated in
the Appendix for each of the models here.

= —e,,[A*]“[ ][A*]“. (7)

Simulation

While there do exist statements about the
models that can be proven in the n-brand case,
there are others which, though not always true,
are robust, and highlight general tendencies of
the models in question. This latter type of state-
ment is best attacked through simulation.

We will address four models here, the Givon
and Modified Givon, the Lattin—-McAlister and
its parametric restriction, S, =7, (Restricted
L-M). For flexibility and ease of presentation, we
use a three-brand choice set, with brand prefer-
ences chosen randomly and scaled to sum to one.
For the unrestricted Lattin-McAlister model, this
leaves the S;; terms undecided. The {S;} are
really free parameters, constrained only in that

0<S,; <min{m, 7}
and

Z SkjS'TTj,

k+j

and they will be chosen randomly subject to these
constraints.
We address the following questions through

. simulation, each motivated by varying model pa-

rameters: What happens to the largest, middle
and smallest preference brands overall as a result
of variety-seeking (X, — m,); As variety seeking
intensifies, what can be expected to happen to
each brand (3.X;/3V); Should two brands derive
more of their value through features they share,
what will happen to these brands (3X,/3S;;) and
(0X;/8S;)), and to an uninvolved brand
(3X,/3S;;); What is the effect of a new, unique
feature (8X/3U;). We simulate 5000 cases for
each of the five models, tallying the proportion of
time each of the following six statements, grouped
to correspond to the above questions, is true
(subscripts reflect preference order, m,>m,>
)
1. Overall, variety seeking is beneficial:

a) x;, —m,; >0,

b) x,—m,>0,

C) x3—1;>0.

2. Increasing variety seeking intensity is bene-
ficial:

a) dx, /v > 0,
b) 9x,/9V >0,
c) 0x,/3V > 0.

3. Additional unique features benefit any
brand and hurt all others: -
ox;/0U; > 0 iff i =,

4. Should two brands begin to share more fea-
tures, the larger is helped:

a) 9x, /35,, > 0,
b) 3x,/3S,;> 0,
) 8x,/98,; > 0.

5. Should two brands begin to share more fea-
tures, the smaller is helped:
a) ax, /38, > 0,

b) 9x5/35,5> 0,
¢) 8x5/35,, > 0.

6. Should two brands begin to share more fea-

tures, the uninvolved brand is helped:

a) 9x,/85,,> 0,

b) 8x,/385,; > 0,

) 3x,/35,,> 0.
The last three statements apply only to the Lat-
tin—McAlister model and the Restricted Lattin—
McAlister model. Because the completely general
unrestricted Markov model and the Multinomial
model] have no parametric basis, they cannot be
called on here, though later they will serve as
benchmarks against which the fit of these other
four models can be compared.
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To test these statements, values were ran-.

domly selected for V' and, subject to appropriate
summation constraints, for each of the individual
features {U} and {S}; the precise solutions for X;
and for each of the necessary derivatives (given in
the Appendix) were then calculated. All analysis
was run in the Matlab system, using a uniform
random number generator based on the linear
congruential method, as described in Forsythe et
al. (1977). The results of the simulations are given
in Table 1.

Post-analysis shows that the simulation cov-
ered the seven-dimensional parameter space ad-
mirably (U, U,, Us, S}5, S35 Sy, V). For state-
ment 3, which makes claims about the signs of
nine derivatives at once, the listed numbers’indi-
cate that all nine always held. Only two of the
statements were verified in all cases across all
models; whether or not this indicates that state-
ments 3 and 6 are logical consequences of these
models is uncertain. Several of the other state-
ments, 5 in particular, appear quite robust, though
not unilaterally true and certainly unprovable.

Of the six statements, the one with the least
decisive feel to it is the fourth, that, for the

Lattin—-McAlister model and its restricted vari-

ant, larger preference brands are helped by shar-

ing more features. Recall that, for a two-brand
choice set, this is always true (i.e. the larger
brand always gains by sharing more features), and
one might question what market conditions would
predispose the larger preference of two brands to
attempt to increase the perceptions of features it
shares with a smaller competitor. Analysis of the
simulation data reveals a clear trend: the larger
the preference differential between two brands,
the more likely the larger will be heiped by an
increase in shared features. However, in situa-
tions of mild share advantage in a multi-brand
choice set, the larger of two brands will very
likely lose share should it begin to appear more
similar to a smaller competitor (who is certain to
be hurt), while ail other brands benefit. In any
case, this share loss is less dramatic than that of
the smaller brand and will, in many cases, repre-
sent a small proportion of the larger brand’s
overall preference.

Based on the results in Table 1, one might
claim the following relative to the models at
hand:

Table 1
Simulation results: Proportion of cases in which statement was correct (1 = 5000 per celD
Statement i Model .
Givon Modified Restricted Lattin-
Givon L-M McAlister
1. Brands helped overall
a)x;—m >0 0 0 0.229
b)x,—m,>0 0.508 0.830 0.702 0.323
) xs;—m3>0 1. 1 0.893
2. Brands benefit from increasing V
a) (3x, /V)>0 0 0 0.195
b)Y (8x, /V) >0 0.508 0.773 0.752 0.360
c)(3x4 /3V)> 0 1 1 0.896
3. Additional unique features help
(3x; /3UY> 0iff i = 1 i 1
4. Larger helped by sharing
a) (3x; /35,)>0 - 0.678 0.770
b) (8x, /38,3)>0 - 0.904 0.925
c}(@x, /353) >0 - 0.522 0.502
S. Smaller helped by sharing
a)(dx, /35,5)> 0 - 0 0
b) (3x5 /38,5) >0 - 0 0
©) (Bx5 /35,5)> 0 - 0 0.0004
6. Uninvolved helped by sharing
a) (x5 /35,)> 0 - 1 1
b) Bx, /3550 > 0 - 1 1
1 1

€} (dx; /385,5)> 0 -
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e The larger a brand’s preference share, the
more likely it is to be hurt overall by variety-seek-
ing, and to be hurt by any increase in the level of
variety-seeking intensity.

e When two brands begin to be perceived as
sharing more features, the smaller one is certain

to be hurt, while the larger one might actually:

benefit, particularly so when it offers more by
way of unique features than its competitors. Re-
gardless, all other brands will benefit.

We note that, with the exception of the unre-
stricted Lattin—McAlister model, each of the
modeis makes unilateral statements about what
tends to happen to the smallest and largest pref-
erence brands. This may indicate that the fea-
ture-based orientation of the Lattin—~McAlister
model allows a finer assessment of dynamics based
on perceptions of interbrand similarity, a type of
insight lost when all brands are considered to be
composed solely of unique features. /

In the following section, the model is fitted for
each of the participants in a computer experi-
ment: We then compare the degree of fit of ‘the
various parameterized models to one another and
to two benchmarks, the completely general
Markov model, which must fit best, and the
Multinomial model, which assumes no choice de-
pendence, and must fit most poorly.

Fitting the model: An experiment

We designed a interactive computer experi-
ment in which subjects choose among three hypo-
thetical brands of shampoo, each described by its
attributes. Pretests (80 subjects total) indicated
that there was uncertainty about the effectiveness
of different shampoos, and that shampoo is often
chosen based on attributes touted in advertising
or on the package itself, rather than on personal
perceptions developed through use. Further,
shampoo is a product class in which it is reason-
able to anticipate both brand-loyal and variety-
seeking segments.

Prior to the experiment, subjects were asked
an assortment of questions about their purchas-
ing patterns in several product categories,
amongst them shampoo, as well as their attitude
towards shampoo ‘build-up’. Subjects prone to
viewing build-up as a problem were assigned to
one group (n = 17), while those not so predis-

posed were assigned to another (n = 15). To fur-
ther encourage either variety-seeking or zero-
order behavior, each group was presented with a
different ‘medical report’, either extolling the
virtues of switching among brands to prevent
build-up (variety-seeking condition), or dismissing
build-up as a concern (zero-order condition).

Subjects were given general instructions and
shampoo brand descriptions, then asked to rate
each brand on a scale of 1 to 100 to reflect their
relative preferences (this allows a between-group
test of preference homogeneity across the three
brands; it cannot be rejected, p > 0.10). Finally,
subjects made a series of choices among the three
brands. After each choice, to help prevent auto-
matic behavior, there was a pause, the brands
were re-ordered and the screen color was
changed.

Fitting and tests

Each of the 32 subjects generated a string of
40 purchases. It is possible to use these purchase
histories to fit the six models in question. With
three brands, The unrestricted Markov and Lat-
tin—McAlister models each have six estimated
parameters, the Restricted Lattin—-McAlister,
Givon and Modified Givon models each have
three, while the Multinomial has two.

As a test of the variety-seeking manipulation
and the validity of the V' parameterization, we fit
the Lattin—-McAlister, Restricted Lattin—McAlis-
ter, Givon and Modified Givon models and com-
pare the average V' between the two groups; note
that these parameters should not be compared
across models, as they measure different things.
For the Lattin—-McAlister model, the average V'
for the variety-seeking and zero-order groups
were, respectively, 0.68 and 0.27 (p < 0.01); for
the Restricted Lattin—McAlister model, average
V" values were 0.62 and 0.26 (p < 0.01); for the
Givon model, average F-values were 0.36 and
0.06 (p < 0.001); for the Modified Givon model,
average V-values were 0.29 and 0.05 (p < 0.001).
This offers evidence both of the effectiveness of
the variety-seeking manipulation and the ability
of each of the four models to highlight its pres-
ence. Although an unrestricted Markov formula-
tion must fit at least as well, it affords no insight
into the degree of variety-seeking intensity.
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Tests

As discussed in Hauser (1978), Horowitz (1983)
and Rust and Schmittlein (1985), the relative
performance of differing stochastic model formu-
lations can be easily compared using the likeli-
hood ratio test, but only when they are nested.
When this is the case, twice the likelihood ratio is
asymptotically distributed Chi-square, with de-
grees of freedom equal to the difference in esti-
mated parameters of the two models. Since all of
the models are nested within the unrestricted
Markov (i.e., are special-case parametric restric-
tions of it), and have the Multinomial further
nested within them (i.e., setting any of their V-
parameters to zero), it is possible to usé this
likelihood ratio test to compare models in this
fashion. _

When the models are non-nested,, no such
simple methodology is available, thougfl a variety
of methods exist to partially clarify the situation.
Hauser (1978) develops an information-theoretic
measure (U2), an intuitively appealing general-
ization of the standard likelihood ratio index (p2),
which does not account for the number of esti-
mated parameter differences in the models;
Horowitz (1983) offers a variant of p? which
heavily penalizes models that are not parsimo-
nious; Akaike (1974) offers an information-theo-
retic criterion, different from Hauser’s, which pe-
nalizes lack of parsimony even more strongly than
that of Horowitz; Rust and Schmittlein (1985)
thoroughly review applicable Bayesian tech-

niques. Each of the available methods has its

shortcomings. Since Hauser’s statistic is equiva-
lent to the likelihood ratio index, and because it

is unclear how to test for significant differences
in non-nested model fits, we will use U? to com-
pare pairs of non-nested models. For the models
that can be nested, we will use the asymptotically
Chi-square distributed likelihood ratio test, which
does account for degree-of-freedom differences.
For a technical discussion of the discriminatory
ability of these and related statistics, see Horowitz
(1983). ‘

In Table 2 are compiled, for each pair of
models, the number of subjects for which the
likelihood ratio test shows a significant difference
for both the variety-seeking and zero-order groups
at the 0.05 level. Since the unrestricted Markov
model is guaranteed to fit at least as well as any
other first-order model, the first line (for both the
variety-seeking and zero-order groups) reports the
number of subjects for which the unrestricted
Markov model fit significantly better than the
listed models. Similarly, since the Multinomial
model fits no better than any first-order model,
the second line reports the number of subjects for
which the Multinomial model fit significantly
worse than the listed models. The degrees of
freedom on the Chi-square statistic for these
comparisons were, respectively, three and one;
tests were carried out at the 0.05 level. The
Lattin-McAlister model is excluded here, as it
has the same number of estimated parameters,
when there are three brands, as the unrestricted
Markov model, rendering the likelihood ratio test
inappropriate; for larger number of brands, such
a comparison would be possible.

As anticipated, the variety-seeking group af-
fords the best setting for distinguishing between
the various models, while each model fits about

Table 2 :
Comparing five models: Number of subjects for which models can be distinguished by a likelihood ratio test (p < 0.05)
Unrestricted Restricted Modified Givon Multinomial
Markov L-M Givon ’
Variety-seeking group:
Number of times (n = 17) - 7 10 12 13
Unrestricted Markov fit better
Number of times (n = 17) 137 11 9 7 -
Multinomial fit worse
Zero-order group: .
Number of times (# = 15) - 1 1 2 2
Unrestricted Markov fit better
Number of times (n = 15) 2 0 0 0 -

Multinomial fit worse
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equally well within the zero-order group; we note
that the qualitative results drawn from these ta-
bles would be equally convincing at « = 0.01 or
a =0.10 as they are at a = 0.05.

The results of Table 2 illustrate a somewhat
unexpected hierarchy of sorts between the mod-
els. Although, within the zero-order group, the
only model which performed a bit better than the
others was the unrestricted Markov, the results
from the variety-seeking group show a marked
dominance as one proceeds across the table. By
far the poorest showing came from the Multino-
mial model; adding just one more parameter, as
do the Givon, Modified Givon and Restricted
Lattin-McAlister models, a significant improve-
ment in fit is observed for at least half the sub-
jects.

The results of applying Hauser’s U? to com-
pare non-nested pairs of models are compiled in
Table 3. For any model pair, the number of
subjects is listed, within the variety-seeking group,
for which one model provided a higher U 2-value
than the other. As there were four subjects for
which all the models fit equally well (fitted I
near zero indicates these subjects were appar-
ently zero-order), we restrict the sample size to
thirteen. It is difficult to interpret these values in
terms of significance; we refer only to the
variety-seeking  group, as differences within the
zero-order group were, in any case, extremely
small.

The data of Table 3 offer a tentative hierarchy
of the models. It is not surprising that the
Lattin—-McAlister model fares best here; it is the
least parsimonious of the models. However, the
Restricted Lattin—-McAlister model performs
quite well on its own, edging out the Modified
Givon model for slightly more than half the sub-
jects, and the Givon model for aimost all of them.
In any row, the upward trend as one reads across

the table lends some credence to the models
being ordered here in terms of performance. The
chief advantage of the Lattin—-McAlister formula- ~
tion, which appears to fit well even when its
similarity parameters are restricted, lies in its
ability to clarify the similarity structure of the
market. Whether this more complete fit compen-
sates for the loss of parsimony it entails falls
under the discretion of the decision-maker.

Summary and conclusions

We have focused on a variety of first-order
Markov models of variety seeking, catalogueing
their parametric properties and comparing their
relative ability to describe variety-seeking con-
sumers’ purchase sequences. Although a modest
performance hierarchy can be set up between the
models, we have made no attempt to demonstrate
any type of optimality relative to the wide variety
of possible variant models that can be formu-
lated; certainly, the mechanisms for encoding va-
riety-seeking behavior into stochastic models are
in no way exhausted. Further, we have not con-
sidered the question of likely competitive re-
sponse.

Still, some support can be found for the notion
that a feature-based approach, like that offered
by the Lattin-McAlister model, may be more
desirable than one based solely on brand prefer-
ence. For our sample of variety-seeking con-
sumers, it is not surprising that the Multinomial
model, ignoring as it does both feature-sharing
and variety-seeking in general, fits least well. The
Givon model, while it does account for variety-
seeking, does so in a way that ignores relative
brand preferences once the consumer decides to
seek variety. The Modified Givon model partially
remedies this, and consequently fits a bit better.

Table 3
Number of subjects in variety-seeking group (n = 13) for which model i vields a higher U/? than model j
Model ¢ Model j Givon
Lattin— Restricted Modified
McAlister L-M Givon
Lattin-McAlister - 11 12
Restricted Lattin—McAlister 2 - 7 12
Modified Givon 2 6 - 10
Givon 1 1 3 -
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Yet, even with the same number of estimated
parameters, the Restricted Lattin-McAlister
model fits arguably better than any of these, by
making a hypothesis about how likely brands are,
on average, to share features, and how this fea-
ture-sharing affects the conditional probability of
brand-switching. While these results can hardly
be called conclusive, they do offer moderate evi-
dence that a feature-based approach can work
better than one formulated on brand preference
alone.

Appendix

Recall that the transition probabllmes a;
given by:
Lattin-McAlister:

ji» AT

7Ti_ VSU

a;=——7—,
S Vs.;
Givon:

1-V)m for i=j,
aji= - V .

1-V)m + ) otherwise,
Modified Givon:

1-V)m, for i =},
a.;= . :
ji (1- V)n-,.+V1_ otherwise.

i
Changing V: We merely need the individual

entries (3a;;/8V):
Lattin-McAlister:

E B S.jw',- - S,.j

]

W 1-vs.,)

Givon:
da, —~ 1T for i=j,
— =< —m+1 )
v ——  otherwise,
n—1 .
Modified Givon:
—ar; fori=j,
da; ! !
L = ;T .
Y4 otherwise.

1—'1TJ-

Changing U,: Without loss of generality, we
focus on brand B;; we need to calculate
(8a;;/3U,). Increasing the value of U, requires
that each of the model’s other feature parameters
(i.e. U’s and S’s) be rescaled so that the ratio of
its old value to its new value is constant. Recall-
ing that the =; are constrained to sum to 1 we
have that, for n other than U, -

on
aUl - n,

while (38U, /aU1)'= 1. This allows us to compute
the required matrix elements:
Lattin—-McAlister:

— a}'i

fori>1, j>1,
1-U)(1-vs.)
L4 fori=1, j>1
ori=1, j>1,
da,, (1-U)(1-Vs.)
3_U1= —a;(1-V) . .
fori>1, j=1,
(1-U)(1-Vs.)
l—-a 1=V
(14, ) fori=1, j=1,
1-U)(1-vs.;)

Givon:
da;  (1-V for i =1,
U, | =(1=V)m; otherwise,

Modified Givon:

1-V
fori=1, j=1,
-(1-V)m
fori>1, j>1,i=j,
1~m —mm
1—V+V———( - 2’)
1—1.
w | € lw,)
—_— = >
U, or /

-A-Vym+V——
(- )
fori>1_, j=1,

T
~-1=-Vym—V—

(1 - 7"1')2

otherwise.
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Changing S, with 7’s held constant:

Without loss of generality, we choose two
brands, B, and B,, with which to carry out our
analysis. Since only S, is changing, none of the
; change for any ., and of the U, only U, and U,
change their value in that they each decrease by
the amount by which S,, increases; so, a i 18
entirely independent of S, for i and j both
greater than 2:

Lattin—-McAlister:

0 for j > 2,

Via;—1)

—— for (i, j)=(1,2
a8, N or (2, 1),

Va herwi

R P EE— t .

(1 — VS.,-) 0 'erwxse
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