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Abstract

This paper proposes and evaluates a descriptive multiattribute choice model based
upon the notion of acceptability developed in the stochastic multicriteria acceptability
analysis (SMAA) methods. The acceptability index is simply the relative proportion
of all possible preference structures that support the selection of a particular alterna-
tive, and is related to a model of choice in which attribute evaluations are relatively
stable but what is desired changes as if at random. The model is tested using two
longitudinal surveys of FMCG markets in Europe. The acceptability index is found
to be positively associated with relative purchase frequencies at the individual and
aggregate level, inversely related to defection rates, and positively related to changes
in relative purchase frequencies over a six-month period.

Keywords: choice theory; marketing; stochastic multicriteria acceptability analysis; con-
sumer behaviour

1 Introduction

It sometimes seems that models of the way people should and do make choice decisions
are surprisingly disparate. Multicriteria decision analysis (MCDA), the science of better
decision-making, employs some methods that are also popular in the descriptive decision
sciences — for example, multiattribute utility theory [e.g. 20] — but also uses other methods
that have received little or no attention in the descriptive domain; for example, outranking
methods [e.g. 40] and goal programming [e.g. 17]. Consumer behaviour and brand-choice
models may make extensive use of utility-theoretic models [e.g. 31], but they also concern
themselves with the construction of simple metrics that can be easily measured in survey
questions and can shown to be correlated with actual purchase behaviour e.g. overall sat-
isfaction in [29], intention to repurchase in [30], and various forms of ‘commitment’ in [39]
and [13].

In this paper, output from a model developed and usually employed as a prescriptive
decision aid is used as a simple measure of predicted relative purchase frequency; that
is, as a model of descriptive choice behaviour. The measure is based upon the stochastic
multicriteria acceptability analysis (SMAA) acceptability index and requires only an in-
dication of which alternatives possess each of a set of attributes i.e. a traditional matrix
of attribute evaluations that may be binary. This data is easily collected in survey form.
Analytically, the model requires no parameter estimation and nothing more complex than
Monte Carlo simulation is required. This makes it simple to implement, a distinct benefit
because to a certain extent the lack of penetration of MCDA techniques into descriptive



decision making can be explained by the difficulty of estimating the model parameters —
for example, veto and other thresholds in the outranking methods, and aggregation met-
rics and aspiration levels in goal programming — without detailed and usually facilitated
involvement on the part of the decision maker.

The measure is validated against various forms of purchase behaviour using datasets from
two different fast-moving consumer goods (FMCG) markets in the United Kingdom and
Spain. The paper makes two contributions to the decision analysis literature. From a
prescriptive decision aiding perspective, the study results are the first empirical validation
of stochastic multicriteria acceptability analysis in any real-world descriptive choice be-
haviour, and the paper thus extends the scope of these methods into that domain and in
doing so attempts to strengthen the relationship between prescriptive and descriptive mod-
elling. From a descriptive/brand-choice perspective, it proposes a measure of attitudinal
equity that correlates well with purchase behaviour at the individual and aggregate level.
It is also the only of the studied measures that is consistently associated with changes in
relative purchase frequency over time once initial purchase frequencies are controlled for.
That the “marketing” measure is constructed using techniques traditionally associated
with operational research — multiattribute decision analysis and Monte Carlo simulation
— further demonstrates the utility of integration between related fields of research.

The remainder of the paper is structured as follows. The following section provides a
brief survey of the literature on relevant choice models in the descriptive and prescriptive
decision sciences and introduces the SMAA family of methods. Section 3 introduces key
notation, and section 4 provides the details of using SMAA as a model of buying behaviour.
Section 5 outlines the details of the two longitudinal surveys used in the validation of the
SMAA model. Sections 6 and 7 present the results obtained from the two studies — pre-
dominantly associations between the constructed measures and various forms of purchase
behaviour — and discusses some of the implications of the results for the modelling of buy-
ing behaviour. Finally, section 8 provides some final conclusions and directions for future
research.

2 Literature review

2.1 Review of relevant descriptive choice models

For the current paper it will be useful to distinguish between two broad kinds of de-
scriptive brand-choice model. The first attempts to use a single measure of attitudinal
equity as a proxy for the latent value of an alternative. Typical measures of aggregate
attitudinal equity include overall satisfaction [29], affective commitment [39], repurchase
intention [30], and overall ‘efficacy’ [30]. The popularity of these measures, particularly
in commercial studies, derives from the parsimony of their measurement and the lack of a
need for parameter estimation. Their ease of construction means that choice predictions
can often be made directly from the single equity measure e.g. select the alternative with
the highest overall satisfaction. Other examples of these models can be found in [5] and
[21]

The second type of model tends to use multiple lower-level attributes such as marketing-
mix variables or specific product or service characteristics such as price, quality, and so
on. Such models generally provide a finer level of detail into the reasons for choice but also
require considerably more effort in estimation. Furthermore, since different aspects may



be important to different people, accommodating respondent heterogeneity using random-
effects specifications becomes standard in these models [e.g. 34]. This means that in
contrast to the models using a single aggregate measure of attitudinal equity, any choice
prediction requires that substantial and often technically sophisticated model fitting is
performed using some empirically-gathered dependent variable. Examples of these models
can be found in [11] and [31].

The focus of this paper is on models that do not require any calibration against an
empirically-gathered dependent variable. That is, I consider only models that construct
a single measure of attitudinal equity from one or more survey questions without any
parameter estimation. This excludes all so-called “proper” models of the second type.
Proper linear models are those in which the weights of the input variables are estimated
so as to fulfil some prespecified optimality condition, which requires a dependent variable.
A model of the second type that can and will be considered however, is an “improper”
linear model that assigns an equal weight to each attribute j. Dawes [3] has shown that
predictions obtained from such an improper model can prove both accurate and robust to
changes in external circumstance.

In considering the fundamental question of ‘what causes a person to choose a particular al-
ternative?’, models that directly estimate a single quantity of aggregate attitudinal equity
must be validated against observed choice behaviour. This behaviour has typically taken
two forms: retention (the continuance of a relationship with a service or product) or share
of wallet allocations (the percentage of money allocated by a customer to a particular
service or product in a category). Many authors have shown that overall satisfaction has
a positive effect on the intention to repurchase [e.g. 2, 22|, retention [e.g. 12], and share
of wallet [e.g. 21, 30]. The effect of satisfaction is generally of a moderate magnitude,
with correlations between satisfaction and share of wallet and retention generally lying
between 0.2 and 0.4 [e.g. 22, 21, 30]. However, other researchers have shown much smaller
correlations between satisfaction and subsequent behaviour (e.g. correlations of 0.07 in
[33] and 0.13 in [13]; also see [39]).

Other measures of attitudinal equity that have been proposed and tested against future
buying behaviour include relationship quality [5], affective commitment [39, 14], calcu-
lative commitment [13], and attitudinal loyalty [41]. Although not strictly a measure of
attitudinal equity, the effect of repurchase intentions on subsequent behaviour has also
been studied repeatedly. Results have varied quite widely, with repurchase intentions by
turn being shown to be substantially related (r = 0.43 in [18], = 0.44 and 0.65 in [30])
and weakly related (r = 0.24 in [22] and r = 0.11 in [33]; also see [28]) to buying behaviour.

2.2 Review of relevant prescriptive choice models

Normative choice models are typically concerned with helping a decision maker or group of
decision makers through a particular decision problem. Model parameters such as attribute
weights and utility functions are not estimated in order to optimise fit to some external
criteria but are decided on by the decision maker in consultation with a knowledgeable
analyst so as to best represent the preferences of the decision maker(s). In some situations
it may be difficult or impossible for a decision maker to explicitly give this preference
information, for example in highly antagonistic political situations. The SMAA family of
methods was developed in this context to help provide information to a group of decision
makers about the types of preference information that would lead to the selection of



a particular alternative. That is, instead of asking ‘which alternative is best given a
particular set of preferences?’, one asks ‘what preferences might make this particular
alternative the preferred one?’. This is done in such a way that the involvement of the
decision makers in directly expressing their preference information can be located anywhere
along a continuum from no direct assessment at all [e.g. 16] to complete assessment of
preferences as for regular prescriptive decision aid [e.g. 19, 36].

The original SMAA method in [23] analyses the combinations of attribute weights that
result in each of a set of prospective alternatives being selected when using an additive
utility function. Subsequently, the SMAA methodology has been extended to several other
prescriptive models of choice: to outranking in [35], to goal programming and reference
point methods in [25] and [6], to data envelopment analysis in [27]; and to ordinal and
mixed ordinal-cardinal evaluations in [24]. Practical examples of the application of SMAA
in a prescriptive context are given in [19] and [36], while further technical details can be
found in [37]. A recent study has proposed the use of SMAA in a descriptive setting to
estimate the aspiration levels of a satisficing model [7]. Simulation studies conducted in
that paper showed that the SMAA approach can perform well if strong performance is
demanded on a small subset of the attributes. Several studies into the bounded rationality
of decision making [e.g. 10, 15] suggest that this will often be the case for real-world decision
problems. Nevertheless, the current paper is to my knowledge the first to apply SMAA to
real-world descriptive decision making.

3 Notation

Reference is made to a set of I alternatives indexed by i € {1,...,I}, and a set of J
attributes indexed by j € {1,...,J} which are used as bases for evaluating the alternatives,
so that x;; denotes the evaluation of alternative ¢ on attribute j. These evaluations can
be gathered into an evaluation matrix X. Attributes have been defined without loss of
generality so that more is always preferred. In the validation studies presented later, all
x;; are binary i.e. x;; = 1 if alternative 7 possesses attribute j and is zero otherwise.
Alternatives are evaluated using an additive value function of the form

J
Vi = ijvj(xij) (1)
j=1

where v;(-) is a function mapping attribute evaluations on attribute j to values and wj is
the weight attached to attribute j, to be interpreted in the usual swing weighting sense. A
particular vector of attribute weights can be gathered into a weight vector w, and the set
of all possible weight vectors is denoted by W. Where z;; is binary, v;(-) can be assumed
to be linear so that V; = Z}-le w;x;;. Alternatively, one may write V. = wX.

4 Using SMAA to model buying behaviour

The use of SMAA as a means of modelling purchasing behaviour is motivated by a simple
idea. Given a discrete set of non-dominated alternatives from which to choose and a matrix
of evaluations X, there must exist a combination of attribute weights w; that makes each
alternative i the preferred option i.e. w; : V; > Vi, Vk = {1,...,I}. Such a weight vector
is known in the SMAA literature as a favourable weight vector, with the set of all weight
vectors that make alternative ¢ the preferred one constituting the set of favourable weight



vectors W;.

Since weights may be specified to an arbitrary precision, all non-dominated alternatives
possess an infinite number of weights that would make them the preferred one. It therefore
becomes necessary to use some summary measure of the set of favourable weights for each
alternative. Several summary measures are possible, but the one that is most relevant to
the current context as well as the most widely used generally [e.g. 19, 36] is the relative
size of the hypervolume of favourable weight vectors

vol(W) [ dw

The hypervolume A; constitutes the so-called acceptability index because it gives an indica-
tion of the relative number of weight vectors that support the selection of each alternative.
In the prescriptive decision aiding setting in which SMAA was developed and continues to
be most widely used, the acceptability index can be used to identify and possibly exclude
alternatives that are only supported by a very small volume of weight vectors — though of
course even an alternative with a very small acceptability index may be preferred if one
of those favourable weight vectors is the one actually held by the decision maker.

A=

(2)

In a descriptive setting the acceptability index is used in a very similar way which leads
directly to this paper’s key hypotheses. This interpretation is based on the suggestion that
an individual’s preferences i.e. the relative weights allocated to each attribute, will show
some variation over time, whether as a function of some internal change in what is desired,
changes in purchase-to-purchase contextual factors or some other form of essentially ran-
dom variation. If this variation was entirely random then the acceptability indices would
represent the long-run purchase probability for each brand. Ehrenberg and his co-authors
have shown in a series of books and papers [8, 11, 38] that purchase behaviour can be
fruitfully modelled as occuring “in an as if random manner” at the individual level even
if true randomness is only a feature of the model, which suggests that the acceptability
index might be useful as a predictive measure of expected relative purchase frequencies,
both at the individual and aggregate level. This is the first proposition that is tested in
the current paper.

A related proposition is that the size of the hypervolume of favourable aspiration vectors
might also be used to measure the extent to which the use of an alternative is robust to
changes in the underlying preference structure. A particular shift in preferences is more
likely to cause a change in the use of an alternative possessing a small acceptability index
than one possessing a large index, simply because the region of favourable preferences is
smaller. Put another way, the sensitivity of purchase behaviour to perturbations in the
underlying weight vector possessed by an individual is likely to be greater for those alter-
natives with small acceptability indices relative to those with large acceptability indices,
leading to greater defection rates and relatively greater decreases in spending. This con-
stitutes the second and third of the research hypotheses below.

Hypothesis 1: Relative purchase frequency is positively associated with the SMAA ac-
ceptability index, both at the individual and aggregate level.

Hypothesis 2: Probabilities of defection are higher from alternatives with relatively lower
SMAA acceptability indices.

Hypothesis 3: Changes in relative purchase frequencies are positively associated with the



SMAA acceptability index.

Two comments on the interpretation of SMAA described above seem necessary. Firstly,
although it is founded on the sensitivity of behaviour to variation in preference structures,
it is not necessary to describe the source of the variation and all perturbations of pref-
erences are essentially treated as random. Of course any perturbation of preferences is
unlikely to be entirely - or maybe even predominantly - random. Were this so, the accept-
ability index would represent the long-run selection probability of each alternative. The
converse however - that a good fit between the acceptability index and observed selection
probabilities implies randomly changing attribute weights - does not follow. One can say
however, what effects might be observed if preference structures change as if at random.
The same point has been made in [11] and [38].

A second point relates to practical implementation. In practice the set of favourable
weight vectors W; is approximated by a representative set of favourable weight vectors
W, generated using Monte Carlo simulation. At each iteration, a random weight vector is
generated and equation (1) is applied to arrive at a complete rank order. The simulated
weight vector is simply added to the set of favourable weight vectors of the most-preferred
alternative in the current rank order, and the process repeated. More generally, one can
refer to a weight vector wr that is consistent with some possibly incomplete rank order
I'. This allows one to extend the acceptability index to other positions in the rank order
rather than just the first rank [26]. For example, it is possible to compute the set of weight
vectors W¥ that make alternative i the k™-ranked alternative and hence a “k*™-placed”

acceptability index A’f. In the validation study to follow, a cumulative acceptability index

AEH) => 0 Af is used that can be interpreted as the probability that alternative 7 is
contained in the first k positions of the rank order implied by the underlying preferences.

The exact number of Monte Carlo iterations that are required to achieve a given level
of estimation accuracy has been shown in [37] to depend on the quantity that is being
estimated. To estimate the acceptability index within £ of the true value with 95% confi-
dence, one requires 1.962/4¢£? iterations. For example, in order to achieve error limits of
0.01 on the estimated acceptability index, 9604 iterations are required.

5 Study design

In the following two sections the relationship between the SMAA acceptability index and
buying behaviour is evaluated by testing the three research hypotheses described above
using real-world longitudinal data obtained for two FMCG markets. The data has been
kindly provided by Synovate and consists of two longitudinal studies conducted in different
markets in different countries. The studies are of the toothpaste market in the United
Kingdom (17 brands, n; = 281) and the laundry detergent market in Spain (11 brands,
ny = 361). In both studies, respondents completed an initial survey at ¢y in which they
identified

e Bi(tg): the set containing those brands the respondent was aware of

e Bs(tg): the set containing those brands the respondent had purchased in the last 3
months

e Bs(tg): the set containing those brands the respondent would consider buying, in-
cluding those brands in Ba(t¢)



e Sat: overall satisfaction with each brand in Bj, evaluated on a 10-point scale from
1 (“terrible”) to 10 (“perfect”)

e PI: the intention to purchase each of the brands in B3 within the next few weeks,
evaluated on a 5-point scale from 0 (“definitely will not buy”) to 1 (“definitely will
buy77)

e AdR: a binary indicator of whether or not the respondent could remember seeing
any advertising for each of the brands in Bs(tg)

e SoP(tg): the relative proportion of the respondent’s last 10 purchases allocated to
each of the brands in Bsy(tg)

Respondents were also shown a list of relevant attributes and were asked to associate
brands from Bj(tp) with each of the attributes. Respondents were explicitly told that
they could select one, more than one, or no brand at all for each attribute statement.
There were 12 and 13 attributes in the studies of the UK toothpaste and Spanish laundry
detergent markets respectively. These responses were recoded to form the attribute evalu-
ation matrix X with elements x;; = 1 if brand i was selected as possessing attribute j and
z;; = 0 otherwise. In both datasets, one of the attributes was negatively worded (“quite
expensive”). Responses on this attribute were simply coded to take on the value —1 if a
brand possessed the negative attribute and zero otherwise i.e. preferences are increasing in
all attributes. The x;; form the input to the application of the SMAA procedure described
in section 4, with the resulting output being an acceptability index AEH) representing the
relative likelihood in the absence of any further preference information that brand i ap-
pears in the first x positions in a rank order of all brands. Different acceptability indices
AEH) for k = {1,2,3,4,5} were calculated on the basis of 20000 random weight vectors
generated for each respondent, in line with results in [37]. Weights are generated so as to
be uniformly distributed and sum to one. For the sake of brevity the section to follow only
shows results for k = {1, 3,5}, with results for the excluded intermediate cases in almost
all cases showing consistent pattern with those values that are shown.

In addition, a further measure of preference for each brand was constructed from a equally-
weighted linear combination of the attribute values i.e. }_; z;;. This modelled is labelled
‘Dawes’ after previous research by that author showing that this model can be an ex-
cellent and robust representation of preferences [3]. By setting all weights equal to one,
the measure can be thought of as representing the net number of positive attributes as-
sociated with each brand. It is also consistent with the other measures in that it can be
constructed from a simple set of survey questions without reference to actual or claimed
purchase frequencies.

A follow-up survey of all respondents at t, approximately 6 months after the initial sur-
vey, was used to gather information on the set of brands the respondent had purchased
in the 3 months prior to the t; survey i.e. Ba(t1), as well as the relative proportion of the
respondent’s previous 10 purchases attributed to each of the brands in Ba(t1) i.e. SoP(¢1).
For ease of presentation, the analysis section to follow focuses on three target brands in
each dataset — the brand with the highest penetration, a ‘medium-sized’ brand selected at
random from those brands with penetrations from 20%-50%, and a ‘small’ brand selected
at random from those brands with penetrations from 5%-10%. This approach avoids
problems arising from the strong dependence conditions implied by the share of purchases
by definition totalling 100% at ty and ¢; while allowing the consistency of any outcomes



over brands to be considered. The main conclusions of the study are unchanged if all
brands are considered. Zero and 11 dropouts were reported in the UK toothpaste and
Spanish laundry detergent surveys respectively, leaving effective sample sizes of nqy = 281
and ne = 350. In addition to the relative purchase frequencies described above, the initial
and follow-up survey information was used to determine which respondents had defected
from brands used at tg by the time of the follow-up survey at ¢;.

6 Results

The results section is divided into three parts corresponding to each of the three research
hypotheses identified above. First, the associations between the SMAA acceptability index
and relative purchase frequencies at ty and t; are examined. Second, the acceptability
indices of those who defect from their used brands are compared to those who remain
with their brands. Finally, I consider whether changes in relative purchase frequencies are
related to the acceptability index after controlling for initial purchase frequencies at #g.

6.1 Associations between the acceptability index and relative purchase
frequency

I begin by evaluating the performance of the acceptability index in the somewhat easier
task of predicting aggregate market share before turning to associations at the individual
level. Tables 1 and 2 show the relationship between predictions of aggregate purchase
frequency i.e. a proxy for market share, obtained using five predictive measures and actual
market share at ¢ty and t1, for all brands with market shares greater than 5%, in each
market. Aggregated brand-level measures are obtained by simply averaging each measure
over all respondents. For brevity only the best-performing acceptability index based only
on the first position in the rank order is shown. All measures make use the relative rather
than absolute performance levels i.e. relative satisfaction, advertising recall, net number
of positive attributes, and purchase intentions have been used. This simply reflects a
preference model in which purchase probabilities are proportional to absolute levels of
satisfaction, advertising recall, net number of positive attributes, or purchase intentions
respectively, and is necessary for market shares to sum to 100% at both an individual and
aggregate level. The acceptability index is an inherently relative quantity and so does not
require any standardisation. Finally, 6(¢x) = 31 |¥; — SoP;(tx)|/n denotes the average
absolute deviation between actual market share SoP;(¢;) and predicted market share ¥,
over all brands in each market. Significant differences between these values and the values
of 6(t;) obtained using the acceptability index are flagged using a single, double, or triple
asterisk superscript to denote significance at the 10%, 5% or 1% level respectively (the
nonparametric Wilcoxin matched pairs test was used for this purpose since distributions
of market shares are strongly skewed to the right).



Rank SoP(ty) SoP(t;)  Sat AdR Dawes PI Agl)
44.8% 52.4%  28.7%  16.9% 30.3%  34.1% 46.2%

1

2 17.0%  13.7% 16.8% 141%  14.9% 16.1% 17.9%
3 9.9% 94%  99% 19.8%  93% 103% 7.7%
4 7.0% 8.6%  4.4%  2.6% 3.6%  54%  4.5%
5 5.9% 6.5% 11.5%  4.2% 9.0%  9.3% 5.8%
5(to) 2.3%  44%**  2.4%**  1.6%  0.8%
5(ty) 3.3%  5.2%**  3.2%*  25%  1.5%

Table 1: Associations between survey measures and overall market share for all brands
with market share greater than 5% in Dataset 1

The first-rank SMAA acceptability index offers very accurate predictions of aggregate
relative purchase frequencies, particularly at ¢y but also at ¢1. The average deviation be-
tween the market share predicted by the acceptability index and the actual market share
amounts to 0.8% and 1.5% respectively. This is more accurate than any of the other mea-
sures, including purchase intentions themselves, although the difference is only significant
at the 1% level for advertising recall and the relative net number of positive attributes.
The latter result is particularly important because it shows that the acceptability index
is demonstrably superior to the simpler-to-implement net count of the number of positive
attributes. Another noteworthy result is that only the acceptability index is able to accu-
rately predict the market share of the leading brand for this market, which is 44.8% at t
and 52.4% at t1. The acceptability index for that brand is 46.2%, an absolute deviation
of 1.4% and 6.2% respectively. The next most accurate measure is purchase intentions,
which has absolute deviations of 10.7% and 18.3% respectively. The net number of posi-
tive attributes and overall satisfaction perform even worse, and advertising recall performs
worst of all. The results in Table 1 thus provide a strong indication of the ability of the ac-
ceptability index to model buying behaviour at the aggregate level, particularly in relation

to other existing measures.

Rank SoP(f)) SoP(t;) Sat  AdR  Dawes PI A
30.1%  27.6% 25.1% 21.1% 26.7% 24.7% 30.9%

1
2 192%  21.5%  11.7%  1.8%  13.7% 16.1% 15.3%
3 11.8%  11.0% 142%  9.7%  12.8% 13.6% 11.1%
4 10.0%  92%  13.9% 11.7% 12.9% 11.6% 10.6%
5 6.3% % 79%  102%  1.7%  1.3%  7.1%
6 6.0% 6.7%  53%  48%  5.6% 55% 5.6%
5(to) 2.4%*  54%**  1.7%  1.6% 1.1%
5(th) 25%*  53%** 1.8% 1.8% 1.5%

Table 2: Associations between survey measures and overall market share for all brands
with market share greater than 5% in Dataset 2

The conclusions that can be drawn from the second dataset do not differ materially from
those of the first. That is, the acceptability index again gives the most accurate measure
of market share at both ¢y and ¢;, with average deviations of 1.1% and 1.5% respectively.
This is better than any other measure although improvements only achieve statistical
significance over overall satisfaction and advertising recall. The other measures all offer
far better prediction of the share gained by the market leading brand than was the case
for the first dataset. The estimate of the market leader’s share provided by the relative



net number of positive attributes and purchase intentions are in fact both slightly more
accurate than the acceptability analysis at ¢;, although they still tend to underestimate
this share. Nevertheless, the results obtained from the second dataset support the claim
that there is a strong association between aggregate market share and the acceptability
index.

Having considered purchase behaviour in the aggregate, one can now turn to the consid-
erably more difficult task of modelling individual buying behaviour. Tables 3 and 4 show
correlations between each of the seven measures (three SMAA acceptability indices are
now used, plus the four other measures) and the shares of purchases allocated to each
brand at tg and t1, for each market. Again, all measures use the relative rather than ab-
solute performance levels. Significance at the 5% and 0.5% level is denoted using a single
and double asterisk superscript respectively.

Outcome Brand Sat AdR Dawes PI Agl) Agg) AZ@

SoP (tg) Large 0.65**  0.08 0.62** 0.85** 0.76™ 0.61** 0.57**
Medium 0.78** 0.48* 0.76** 0.88"* 0.69** 0.58** 0.50**
Small 0.61** 0.19** 0.67* 0.75" 0.68** 0.49** 0.45**

SoP(t1) Large 0.34**  0.03  0.42* 0.49** 0.52** 0.44** 0.39**
Medium 0.63**  0.04  0.69** 0.72** 0.68** 047 0.40**
Small 0.15* 0.16* 0.16* 0.25* 0.34** 0.43*™ 0.43**

Table 3: Associations between survey measures and share of purchases in Dataset 1

All acceptability indices are significantly related to relative purchase frequency at the 0.5%
level at both ¢ty and 1, providing strong support in favour of the first research hypothesis.
The best performing form of the acceptability index Agl) achieves correlations of between
0.68 and 0.76 with share of purchases at tg and correlations of between 0.34 and 0.68 with
share of purchases at t;. With the exception of the small brand, the strength of association
between both of the purchase frequencies and the acceptability indices decreases as more

of the rank order is considered.

The first-rank acceptability index shows a higher correlation with relative purchase fre-
quency at ty than either the net number of positive attributes or overall satisfaction for
two of three brands, although all are markedly lower than the correlations obtained us-
ing purchase intentions. At ¢, correlations involving AZ(-l) are again higher than the net
number of positive attributes and overall satisfaction, this time for all three brands and
to a greater extent than at tyg. In fact, the first-rank acceptability index exhibits higher
correlations with relative purchase frequencies at ¢; than purchase intentions do for two
of the three brands. Advertising recall is markedly more weakly associated with relative
purchase frequency at both ty and t1, and at ¢y is only significant for the small brand.
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Outcome Brand Sat AdR Dawes PI Agl) AE?’) Al@

SoP (to) Large 0.62**  0.24**  0.69** 0.80* 0.67** 0.58"* 0.55**
Medium 0.65** 0.20** 0.76** 0.83** 0.73** 0.66** 0.65**
Small 0.70** 0.18** 0.64™ 0.75* 0.60** 0.58** 0.56**

SoP(t1) Large 0.34**  0.11* 043" 0.46* 0.43** 0.31** 0.30**
Medium 0.33**  0.12* 0.50** 0.44™* 0.49** 0.38** 0.37**

Small 0.30**  0.09  0.34™ 0.37" 041 0.29" 0.28"

Table 4: Associations between survey measures and share of purchases in Dataset 2

The results obtained from the second dataset largely echo those obtained from the first. All
acceptability indices are highly significantly related to relative purchase frequency at both
to and t1, with the strength of associations declining as the number of ranks considered
increases from one to three to five. Purchase intentions are most strongly correlated with
relative purchase frequency at to (with correlations between 0.75 and 0.83), but the first-

rank acceptability index Agl) shows the highest correlations with purchase frequencies at
t; for two of the three brands. Purchase intentions, the relative net number of positive
attributes, and the first-rank acceptability index are all roughly equally strongly correlated
with purchase frequency at t; (where correlations are between 0.34 and 0.50). Correlations
involving overall satisfaction are comparable with the acceptability index and the net
number of positive attributes at ¢y but are again lower at the later t;.

6.2 Associations between the acceptability index and defection behaviour

Tables 5 and 6 show the relationship between each of the seven measures and the likelihood
of full defection, for each market respectively. In these tables, the absolute rather than
relative levels of satisfaction, advertisting recall, and net number of positive attributes have
been used. Within each brand, the first two rows give the average value of each measure
among non-defecting and defecting users respectively. The third row gives a Z-statistic
obtained from a non-parametric Mann-Whitney test for equality of means. Results that
are significant at the 5% level are superscripted with a single asterisk and results that
significant at the 0.5% level are superscripted with a double asterisk. The fourth row
shows the odds ratio (OR) associated with a logistic regression of full defection behaviour
on each measure. The fifth and final row in each sub-table shows the Z-statistic associated
with each odds ratio, and is superscripted to denote statistical significance in the same
way as described above.
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n Sat  AdR Dawes PI Agl) AZ(.?’) Al@
Large Xsmy 181 8.28 0.33 7.83 0.82 0.65 0.81 0.84
brand XDofect 16 7.81  0.13 3.63 0.56 0.18 0.36 0.43

Zy 1.87 1.70 4.10* 3.80** 3.88"  3.95"" 4.23**
OR 0.73  0.29 0.71 0.03 0.05 0.08 0.10
Z0oR -1.65 -1.61 -4.13** -3.59™ -3.59** -3.99** -3.85**

Medium ):(Stay 36 858 0.50 6.50 0.83 0.42 0.67 0.71
brand XDefect 23 826 0.39 4.48 0.65 0.11 0.39 0.47

Zy 048 0.81 2.11* 2.74% 2.51% 2.28* 1.96*
OR 0.61 0.64 0.84 0.08 0.04 0.24 0.32
Z0oR -1.42  -0.82 -2.08* -2.36* -2.72* -2.30* -1.92

Small ):(Stay 14 779 0.14 5.36 0.73 0.18 0.39 0.47
brand XDefect 15 7.00  0.07 3.87 0.47 0.08 0.24 0.30

Zy 1.24  0.66 1.19 2.61% 1.22 0.92 0.95
OR 0.69 0.43 0.89 0.02 0.30 0.40 0.41
Z0oR -1.31 -0.66 -1.08  -2.18* -0.87 -1.00 -1.02

Table 5: Associations between survey measures and full defection behaviour in Dataset 1

The second research hypothesis, stating that probabilities of defection should be inversely
related to the SMAA acceptability indices, is supported for two of the three brands con-
sidered in the first dataset but does not achieve statistical significance for the third and
smallest considered brand. All relationships are in the hypothesised direction. That is,
average acceptability indices for all brands are smaller among defecting users than among
non-defecting ones, and odds ratios are all less than one, indicating a reduced risk of
defection as the acceptability index increases. For the largest brand in the market, the
acceptability index based only on the first rank AZ(-l) indicates that on average 65% of all
preferences supported the brand as ‘best’ among those who did not defect. In compar-
ison just 18% of all preferences supported the brand as best among those who defected
within the next six months. Similar results are obtained for the medium-sized brand and
although results are not quite as significant as for the large brand they remain significant
at the 5% level.

Significance levels are relatively constant regardless of the number of ranks considered
by the acceptability index, and odds ratios indicate that those with acceptability indices
around O (indicating a dominated alternative) are around 20 times more likely to de-
fect than those with acceptability indices around 1 (indicating a dominating alternative).

)

There is also evidence to suggest that the acceptability index AZ(-H is sensitive to the size

of a brand. For example, average values (irrespective of defection behaviour) of Agl) show
a decline of 0.49 from largest to smallest brands (from 0.62 for the large brand to 0.30 and
0.13 for the medium and small brands respectively), while average values of Al@ decline
by 0.43. The decline in the magnitude of the average acceptability indices as brand size
gets smaller can be viewed as a manifestation of the ‘double jeopardy’ effect by which large
brands not only have more users than small brands but also have the additional advantage
that their users buy with greater frequency than users of small brands (see [9] for details).

The SMAA acceptability index compares favourably with the other attitudinal equity
measures. Overall satisfaction is non-significant for all three brands. The Dawes measure
is of roughly equal significance with the first-ranked acceptability index for all brands.
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Purchase intentions are significant at the 0.5% level for the large brand and at the 5%
level for both medium- and small-sized brands, and is thus the only measure that shows
a consistently significant relationship with full defection behaviour. Whether or not any
advertising has been seen for a brand has no significant association with any defection
behaviour, although the results are in the hypothesised direction i.e. fewer defecting users
claim to have seen advertising than those not defecting.

n Sat AdR Dawes  PI AW A®) AP

7 7 7

Large ):(Stay 116 7.89 0.63 5.40 0.79 0.54 0.82 0.88
brand XDefect 39 4.79 0.46 2.95 0.30 0.17 0.52 0.55

7% 470" 1.83  4.31%*  6.60**  5.40* 287  4.30**
OR 063 05 074 00l 004 017  0.14
ZoR 4,94 _1.83  -4.09% -6.17** -4.59%% _3.93** _4.34*

Medium  Xsiay 44 757 045 461 073 044 072 0.79
brand  Xpefet 34 326 050 156 020  0.07 023 0.9

Zx 5.15*  -0.40 4.69"  5.92** 494 464 4.18*
OR 0.56 1.2 0.63 0.01 0.02 0.07 0.08
Z0oR -4.05"  0.40 -3.81** -4.85** -3.43** -4.36"* -4.32**

Small Xstay 13 7.23 0.69 3.85 0.79 0.28 0.63 0.70
brand XDofect 14 1.71 0.57 1.29 0.13 0.12 0.19 0.25

Zx 3.26"*  0.64 3.04* 4.23**  2.29* 247 2.14%
OR 0.56 0.59 0.70 0.001 0.19 0.07 0.10
ZOR -2.96*  -0.65 -2.08* -2.92* -1.23 -2.44* -2.38"

Table 6: Associations between survey measures and full defection behaviour in Dataset 2

The results for the second dataset reinforce the main conclusions drawn from the first.
That is, there is again strong support for the second research hypothesis that the SMAA
acceptability index is inversely related to defection likelihood. All three SMAA accept-
ability indices show some statistical significance for all three brands considered, although
there are some discrepancies in which index is most significant in each case. The first-rank
index AZ(-l) is highly significant for the large- and medium-sized brands but only signifi-
cant at the 5% for the small brand (with the odds ratio not significant at all in this case,
although the relationship is in the hypothesised direction). The other two acceptability
indices are both significant under all conditions. The results again show that the average
SMAA acceptability index among users of large brands tends to be greater than among
users of small brands.

The main difference in results is the better performance of overall satisfaction, which is
consistently highly significant for all three considered brands. The Dawes measure is again
of roughly equal significance with the first-ranked acceptability index for all brands, and
purchase intention is again highly significantly associated with future defection behaviour.
The average stated likelihood of repurchase is also highly consistent across brand sizes
among those not defecting. Although this likelihood appears to decline among defecting
users as brand size decreases, the change is not significant (Kruskal-Wallis H = 1.54,
p = 0.45). This is consistent with the results obtained using the other dataset, as is the
finding that advertising recall has no significant association with any defection behaviour.
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6.3 Associations between the acceptability index and changes in relative
purchase frequency

Tables 7 and 8 show the partial correlations between the seven measures with relative
purchase frequencies at t1, after controlling for the effect of purchase share at ty. It is also
possible to test hypothesis 3 by regressing changes in purchase frequency i.e. SOP(t1) —
SOP(tp), on both relative purchase frequency at ¢y and each of the predictive measures.
The conclusions to be drawn are the same using either analysis but the partial correlations
more concisely address the question of whether an association exists between a measure
and changes in relative purchase frequencies over time. As before, significance at the 5%
and 0.5% level is denoted using a single and double asterisk superscript respectively.

Outcome  Brand Sat AdR  Dawes PI AZ(-I) AZ(-?’) AZ@

SoP(t1]tg) Large -0.06  -0.02 0.09 0.01 0.17* 0.15* 0.15*
Medium -0.02 -0.21** 0.18* -0.01 0.29**  0.00 0.00
Small -0.16*  0.01  -0.19* -0.13* 0.06 0.27* 0.29**

Table 7: Associations between survey measures and share of purchases in Dataset 1

The acceptability index is the only measure that exhibits reasonably consistent significant
correlations with changes in relative purchase frequencies over time. Although correlations
are not very high, the correlations obtained from the linear form of Agl) is positive and
significantly different from zero at the 0.5% level for two of the three brands. Although
the correlation for the small brand is not significant, it is in the intended direction. Cor-
relations for the two other acceptability indices are also significant for two of the three
brands. These correlations provide some support in favour of the third research hypothe-
sis, to the effect that changes in the relative purchase frequency are positively related with
the SMAA acceptability index. No other measure approaches a similar level of consistent
statistical significance. The net number of positive attributes is highly significant for the
medium-size brand and is significant but in the wrong direction for the small brand. The
correlations obtained using purchase intentions are either not significant or in the wrong
direction.

Outcome  Brand Sat  AdR Dawes PI AZ(-l) AZ(-?’) AES)
SoP(t1|ty) Large -0.04 -0.03 0.05 -0.02 0.06 -0.04 -0.04
Medium -0.04 0.01 0.15** -0.04 0.15** 0.02 0.02
Small -0.06 0.01 0.04 0.02 0.17 0.01 0.00

Table 8: Associations between survey measures and share of purchases in Dataset 2

The results obtained from the second dataset are again consistent with those obtained from
the first. The acceptability index AZ(-l) shows a significant partial correlation with relative
purchase frequencies at t1 for two of the three brands and is notably more significant than
any of the other measures, achieving correlations of 0.15 and 0.17 for the medium and
small brand respectively. Again, the relative net number of positive attributes exhibits
significant correlations for the medium-sized brand only. There is thus again evidence
supporting the hypothesised positive relationship between changes in the relative purchase
frequency and the first-ranked SMAA acceptability index for two of the three brands and
for the relative advantage of this measure over the others in this regard.
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7 Discussion

The results presented in the previous section provide support for the three research hy-
potheses in section 4. The aim of this section is to examine some of the implications of
these results for research into consumer decision making at a theoretical and practical
level. Section 4 outlined how the SMAA acceptability index is constructed by randomly
generating vectors in the weight space and computing the relative volume that is compat-
ible with a particular partial rank ordering of alternatives. The first-ranked acceptability
index Agl) for example, is simply the proportion of all possible weight vectors that would
lead to the selection of alternative . While a ‘randomly fluctuating preferences’ model
is by no means the only model capable of generating significant correlations between the
acceptability index and purchase frequencies, it is of interest that the acceptability index
results suggest a model of consumer decision making that gives the appearance of random
choice given the set of attribute evaluations.

Previous studies have found a similarly strong empirical relationship between actual pur-
chase frequencies and ones predicted by a model that assumes that a consumer’s choices
among the available brands follows a multinomial distribution [11]. In that model, con-
sumer choices also occur in an “as if random manner” given a set of initial purchase
probabilities distributed over the set of available brands. This bears a clear resemblance
to the SMAA model, which posits that choices occur in a similar “as if random” manner
given the initial attribute evaluations and an additive value function. The SMAA model
therefore provides a plausible explanation for how the initial purchase probabilities in [11]
might be generated i.e. from a consideration of the attribute evaluations. Furthermore, it
provides an empirical basis for estimating these probabilities from attitudinal survey data
— the model in [11] requires that the purchase probabilities be estimated from behavioural
data, either in the form of detailed longitudinal purchase data or average purchase rates.

It is also instructive to compare the first-rank SMAA acceptability index with three other
models based on attitudinal survey data — overall satisfaction, the relative net number
of positive attributes, and acceptability indices including more than the first rank. A
model of choice based on satisfaction suggests that a consumer’s propensity to purchase
a brand will be some function of an overall evaluation of his or her satisfaction with the
brand. The generally poorer associations of both absolute and relative satisfaction with
actual purchase frequencies in comparison to both the acceptability index and the Dawes
measure suggests that overall evaluations of satisfaction do not perform as well as a set
of attribute evaluations in explaining purchasing behaviour!. This point has been made
previously [e.g. 4, p. 393].

A model of choice based on the net number of positive attributes a brand possesses sug-
gests a model in which consumers form opinions about brands by tallying up pros and
cons, regardless of whether other brands also possess those same features. The main dif-
ference between this model and the one implied by the use of an acceptability index is

1One might make the point that overall satisfaction mediates the relationship between the attributes
and final purchase behaviour as done, for example, in the return on quality (ROQ) model proposed by [32].
According to [1], mediation requires that (a) satisfaction influence purchase behaviour, (b) the acceptability
index influences satisfaction, and (c) the effect of the acceptability index on purchase behaviour is weakened
or eliminated when satisfaction is used as a covariate. All three of these conditions hold in all regressions
involving relative purchase frequency at to and ¢1 but reductions in the significance of the acceptability
index when including satisfaction as a covariate are in general limited, and satisfaction can at most be said
to partially mediate the relationship between the acceptability index and purchase behaviour.
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that the former allows for the selection of dominated alternatives while the latter does not.
Although the results are often fairly close, the first-rank acceptability index notably out-
performs the relative net number of positive attributes in two areas: in the prediction of
aggregate market share, and in the association with changes in relative purchase frequen-
cies after taking into account purchase frequencies at tg. This suggests that precluding
the selection of dominated alternatives is a useful feature of a model of buying behaviour
and that the acceptability index is a worthwhile extension to the simpler equally-weighted
linear model.

A more speculative comparison can also be made between the first-rank acceptability index
and those based on more than the first position in the rank order. Since the acceptability
index AZ(-H) gives the probability that alternative ¢ appears in the first x positions in the
rank order, a choice strategy based on AEH) would consist of a random choice between the
best x alternatives. For x = 1 this means that the best alternative is always chosen, and
for K = n choice is completely at random. For intermediate values of x, a two-stage process
is implied in which alternatives are first rank ordered from best to worst according to (1)
and the worst n— k alternatives eliminated; and then a random choice is made from among
the remaining alternatives. The fact that correlations with relative purchase frequencies
decline with increases in x suggests that this additional complexity is unwarranted.

8 Conclusions and future research

In this paper I have proposed and evaluated the use of stochastic multicriteria acceptability
analysis (SMAA) as a model of purchase behaviour and as a means of identifying those
customers at risk of either full defection or reducing their relative purchase frequency.
The use of SMAA is based on an operationally simple Monte Carlo simulation in which
sets of attribute weights are randomly generated and the resultant preference orderings of
alternatives observed. The acceptability index is the relative proportion of all generated
weight vectors that lead to a particular partial rank order. The most widely used version
of the acceptability index is simply the relative proportion of all generated weight vectors
that led to the selection of each alternative as ‘best’, but two further indices were also
tested: those relating to weight vectors in which an alternative appeared anywhere in the
top three ranks or top five ranks respectively. Use of the acceptability index is consistent
with the notion that attribute evaluations i.e. what people think of an alternative, are
relatively stable but that attribute weights i.e. what people want, are relatively unstable
and may change from purchase to purchase. This change is likely to be dependent on
many subtle situational factors including environmental conditions and decision maker
psychology, but within SMAA it is modelled as if it were random.

The ability of the SMAA acceptability index to predict buying behaviour was tested using
two longitudinal FMCG datasets. The hypotheses tested were that relative purchase
frequency would be positively associated with the acceptability index, that probabilities
of defection would be higher from those alternatives with relatively lower acceptability
indices, and that changes in the relative amount of spending allocated to an alternative
would be positively related to that alternative’s acceptability index. All hypotheses were
supported for the majority brands of considered, and results that did not achieve statistical
significance were nevertheless in the hypothesised direction. The following key results
emerged from the validation study:

1. The SMAA acceptability index is fairly strongly positively correlated with relative
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purchase frequencies a short period into the future. Results were significant at the
0.5% level for all six brands with correlations generally between 0.4 and 0.6.

2. Defecting users have on average substantially lower acceptability indices than non-
defecting users, indicating that the alternative is supported by fewer weight vectors
i.e. in fewer situational contexts, in the defecting group. Results were significant at
the 0.5% level for five brands but non-significant for the sixth.

3. Changes in relative purchase frequencies are positively associated with the first-rank
acceptability index, after controlling for relative purchase frequencies at the initial
time point. Although correlations are not large (between 0.06 and 0.29), they are
significant at the 0.5% level for four of six brands.

4. Results obtained using the first-ranked acceptability index are generally superior to
those obtained using an acceptability index taking into account a greater proportion
of the rank order.

5. Results obtained using the first-ranked acceptability index are demonstrably better
than those obtained using either overall satisfaction or the equally-weighted linear
model. The former suggests that lower-level attributes should be taken into account
(rather than a single overall measure of satisfaction) while the latter suggests that
there are benefits in using the more comprehensive model implied by SMAA.

The strong results obtained for the first-rank acceptability analysis make two main
contributions. Firstly, when taken as a whole they support and extend the results in [7]
suggesting that SMAA may be useful in descriptive decision-making contexts as well as in
the prescriptive ones that they were developed for and are more traditionally applied to.
The current paper applies the SMA A method to the specific context of predicting customer
defections and/or relative purchase frequencies. Results indicate that SMAA can provide
predictive measures that are at least as powerful as some of the survey measures currently
used, including direct statements about intended future behaviour. Whereas the results
in [7] were based upon a simulation study of hypothetical decision making, the current
paper analyses real-world choice behaviour by making use of two real-world longitudinal
studies and is thus in a sense a stronger validation of the descriptive usefulness of SMAA.
Secondly, the results join previous research on the appearance of randomness in brand
choice reported in [11] and [38] and provide a possible mechanism for how the purchase
probabilities that are the inputs to multinomial brand choice in that model are generated.
They also have the practical advantage of being computable from easily-administered at-
titudinal survey questions.

The main aim of the current paper has been to provide an empirical validation of SMAA
as a descriptive decision analysis tool; that is, using a model of choice in which prefer-
ences change as if at random. The current model makes no attempt to locate the current
preference structure i.e. the currently held underlying weight vector, but in considering
directions for future research one possibility is to attempt to identify these preferences
(using the estimation approach in [7], for example) and to limit exploration of the weight
space to some vicinity of the currently-held weights. Such a process would offer scope
to limit the extent that perturbations are ‘random’ but is limited in its ability to model
situations in which strongly different preference structures are possible. Further applica-
tions of the acceptability index, particularly to environments where interpurchase times
are longer than the FMCG markets considered in this paper, would also be worthwhile.
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