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Abstract

In this paper we propose a multi-criteria decision making support system, called a ‘‘Feedback Based Diagnosis System” (FBDS), to
aid the marketing team of an e-commerce (EC) organisation in its activities. The FBDS database is composed of customers’ satisfaction
measures. These measures are related to the different services an EC offers to its customers. Thus, they constitute a multi-criteria (MC)
evaluation of EC performances. In the general framework of recommender systems, these available MC evaluations are considered as
useful information for other customers to help them to objectively, rationally and exhaustively assess and compare the numerous
ECs among the ones likely to meet their needs. Our FBDS is not concerned with improving or automating such a recommendation pro-
cess for customers. Indeed, it is merely EC management team oriented. In fact, the MC feedback database is used to diagnose the EC
health and improve its strategy. In the proposed FBDS, a possibilistic framework is combined with the multi criteria representation to
capture the variability and the divergence of customers’ evaluations w.r.t. each criterion. Then, an aggregation based on a weighted arith-
metic mean (WAM) is proposed to obtain a synthetic appraisal of ECs. The WAM aggregation models the strategy agreed on by the EC
management team. Computing the synthesis score of an EC consists in propagating the uncertainty related to its partial scores through
the WAM. The possibilistic representation guarantees that no information is lost in the collective evaluation process by the consumers’
community. However, diagnosis indicators are finally proposed to the marketing team to make the interpretation of some possibilistic
results more comprehensive when necessary.

Keywords: Decision making support system; Possibility theory; Knowledge-based recommender systems; Diagnosis indicators; E-commerce; Customers’
satisfaction measures
1. Introduction and outline of our research

The last decade has seen an explosion in the growth and
the use of the Internet. New terms have appeared to more
accurately distinguish the different types of business trans-
actions that take place on the Internet. One of these new
terms is ‘‘e-commerce” (EC). The EC can be defined as
the exchange transactions which take place over the Inter-
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net primarily using digital technology. This encompasses
all activities supporting market transactions including mar-
keting, customers’ support, delivery and payment (Schnie-
derjans and Cao, 2002). One important problem in EC
marketing activities is the process of building and main-
taining customer relationships through online activities to
facilitate the exchange of ideas, products, and services that
satisfy the goals of both parties (Kwan et al., 2005). Thus
EC marketing teams devote most of their time to develop
indicators to efficiently monitor their activities and adapt
their business strategy dynamically.

The specificity of e-marketing is related to the Internet
and the WWW technologies. Indeed, faced with important
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amounts of information and a multitude of potential
choices on the Web, indecisive Internet consumers tend to
turn to the opinions and experiences of other customers
to make their choices. A new type of websites has thus
appeared to support this emerging sharing process. They
propose to mediate, support, or automate the everyday pro-
cess of sharing recommendations between cyber-consum-
ers’ communities (Mcnee et al., 2003; Schafer et al., 2001).

The so-called recommender systems (RS) are based on
various computational techniques and data about consum-
ers’ feedbacks, preferences or behaviours as will be dis-
cussed in Section 2. However, in all cases: (1) RSs have at
their disposal a huge amount of information about consum-
ers’ practices, preferences, etc.; (2) RSs are consumer-ori-
ented: recommendation consists in proposing the most
suitable item to meet a specific consumer’s need using infor-
mation about other consumers. In this paper, RS databases
are diverted from their initial aim, and thus the proposed
Feedback Based Diagnosis System (FBDS) is dedicated to
the marketing team. It is explained how the marketing team
of an EC can derive benefits from the available RS feedback
databases to diagnose inefficient or weak dimensions of its
activities and then adapt its business strategy.

We pay a particular attention to RS databases where
customers’ feedbacks are accompanied with evaluations
of tested e-retailers. Furthermore, these evaluations are
often organized relatively to a predefined subset of criteria
such as Range of Services/Products, Purchase Tracking

Function and Security of Payment, etc. Then, the collection
of evaluations gathered on a RS is useful as a working base
to the marketing team of an EC to on line diagnose bad or
decreasing results w.r.t. specific criteria of its activity. From
this viewpoint, the set of evaluations gathered by the RSs
provides any EC with a performance measurement system
of its activity. The design and use of performance measure-
ment systems (PMSs) have received considerable attention
in recent years. Indeed, industrial performances are now
defined in terms of numerous criteria to be synthesized
for overall improvement purposes. The analysis of the liter-
ature leads to the conclusion that most of the proposed
approaches deal with a qualitative approach of this
multi-criteria issue. But only a few quantitative models
for PMSs have been proposed in order to better monitor
the continuous improvement cycle (Berrah et al., 2004,
2008). Designing such a quantitative PMS often appears
as a thorny task in many industrial sectors because few per-
formance measurements are available, their appraisals are
only qualitative and/or subjective and their real-time
updating appears as a demanding task. In the field of EC
companies, it can be considered that the PMS is ‘‘offered”

by RSs that propose evaluative feedbacks. The richness of
such RS databases provides a natural PMS to any EC. The
problems of the subjective evaluation of an indicator and
of its updating are inhibited by the number of potential
evaluators of the WWW. This digression w.r.t. industrial
PMSs puts our work back in an industrial issue that can
largely reach beyond the marketing activities in e-com-
merce. However, we believe that the specificity of perfor-
mance management in e-commerce is related to the
nature, the number and updating frequency of the perfor-
mance indicators by the e-consumers’ community. This
particularity deserves careful thoughts that will be dis-
cussed in this paper.

Thus, we propose a range of solutions to facilitate the
marketing decision-making in e-commerce in an uncertain
environment. First, our study focuses on the use of custom-
ers’ satisfaction measures available on the Web to build
comprehensive decision-making indicators for marketing
strategies. Secondly, our contribution concerns the defini-
tion of a possibilistic frame to capture the dispersion and
the imperfection of the evaluations related to the feedbacks
of the customers. Finally, we propose the conception and
the development of a software tool to support marketing
activities. In particular, choice justification and traceability
functions are emphasized.

The paper is organized as follows. Section 2 explains
how customer satisfaction collected on line generally for
customer recommendation purposes can be used to aid a
marketing team in its diagnosis and decisions. The case
of ciao.com is exposed. It then constitutes a running exam-
ple showing in a step by step fashion the application of our
method. Section 3 defines the possibilistic tools used to rep-
resent the users’ opinions. In particular, quantitative easily
interpretable indicators are proposed to describe a possibil-
ity distribution, for both mono modal and bimodal cases.
The indicators discussed in this paper are more particularly
dedicated to the detection and the diagnosis of imprecision
and divergence aspects in customers’ appraisals. Section 4
presents the multi-criteria aggregation through a weighted
arithmetic mean (WAM) in uncertain environment. The
propagation of the indicators through the WAM is detailed
and their use to support decision makers is presented.
Finally a discussion and a conclusion are drawn.

2. Feedback based recommendation systems and diagnosis

tools for EC managers

In this section, we first introduce the notion of customer
satisfaction measure. It will constitute the basic concept
that supports our evaluation system. Then, our approach
is resituated in the general framework of recommender sys-
tems on the Net. Its specificity is related to its aim: unlike
to most of the RSs, it is not customer-oriented but dedi-
cated to a marketing team which tries to analyse the perfor-
mances of its EC for diagnosis purposes. It has major
consequences on the multi-criteria analysis of EC activities.
The last subsection gives our viewpoint. The explanation
and diagnosis functionalities of our software tool are
emphasized.

2.1. The customer satisfaction measure

The service quality is a major concern in management as
well as in marketing. Moreover, the particularly intense



competition over the web imposes permanent efforts of
adaptation and optimization of the website, the offers
and services. E-commerce marketing is submitted to more
drastic temporal constraints and limited response times to
attend to customers’ requirements. Indeed, the loyalty of
customers and the profitability of an e-commerce company
are maximized when meeting or exceeding customers’
requirements. Thus, customer satisfaction measurement
enables EC managers to: (i) accurately identify customers’
requirements and their relative importance; (ii) understand
how customers perceive the EC and whether its perfor-
mance meets their requirements; (iii) pinpoint the priorities
for improvement; (iv) define objectives of service improve-
ment and follow the progress towards a customer satisfac-
tion index; (v) increase profits through improved customer
loyalty. Besides, to establish the customer viewpoint, it is
necessary to identify the factors which predominate in their
evaluations of the EC.

Therefore, different approaches dealing with the assess-
ment of customer satisfactions already exist (Grigoroudis
and Siskos, 2002). Let us also mention data analysis tech-
niques (cluster analysis, probability plotting method), con-
sumers behavioural analysis, MUlticriteria Satisfaction
Analysis (which is a preference disaggregation model fol-
lowing an ordinal regression analysis), etc. Other works
dealing with the management of qualitative customers’
satisfaction measures are presented in Zollo et al. (1999).
Zollo et al. (1999) assist the customers in expressing and
explaining their evaluation during the more or less ‘‘in-
depth” interviews (Leadershipfactor, 2004). But as these
approaches are time consuming, only a panel of consumers
is considered.

Thus, our approach is based on feedback evaluations
given by the customers on line after a purchase or a
request. The current models generally do not consider the
imprecision in customers’ evaluations: the variability or
the controversy phenomena of customers’ degrees of satis-
faction are not highlighted. Furthermore, these approaches
rather concern the identification of a company strategy
from the modelling of customers’ satisfaction, whereas we
are concerned with how to improve the results of an EC
company in the framework of an already identified and
acknowledged strategy.

2.2. Main existing recommendation systems (RS)

Nowadays, due to the Internet and the EC progress, a
lot of information on customers’ satisfaction feedbacks is
now available on-line. The EC marketing teams have a
direct access to this data; however, they are faced with an
overload of data which is neither formatted, nor formal-
ized. Rough data are to be sorted out, managed and
analysed. These problems gave birth to recommender sys-
tems (Schafer et al., 1999; Schafer, 2005; Terveen and Hill,
1991).

The large amount of digital information makes it more
and more difficult for a person to collect, filter, evaluate
and use information available on the Internet for problem
solving (Zhaohao and Gavin, 2004). In addition, the wide
range of Ecs’ prevents the customers from objectively,
rationally and exhaustively assessing and comparing the
panel of web sites all likely to meet their needs (Mcnee
et al., 2003; Terveen and Hill, 1991). That is why nowadays
customers are first turning to recommender systems (RS)
before performing an e-purchase. The principle of e-recom-
mendation is to provide the customer, confronted with this
dilemma, with opinions or feedbacks of other customers
who have already tested and evaluated the EC sites he does
not manage to differentiate by himself.

Several algorithmic approaches have already been
applied for implementing precise and effective RSs (Scha-
fer, 2005). The first RSs were the ‘‘content based filtering
systems” designed to reduce the overload of the informa-
tion in textual domains by the use of matching functions
comparing formal representations of texts (Lang, 1995;
Pazzani et al., 1996). The ‘‘collaborative filtering” (CF)
RSs attempt to improve the filtering for a particular user
by considering the information provided by other users.
The ‘‘memory-based collaborative filtering” operates over
the entire user data base to make the recommendation by
using a correspondence with the profile of A and all the
other evaluators’ profiles (Mukherjee et al., 2001; Herlock-
er et al., 2000). In contrast, the ‘‘model-based collaborative
filtering” uses only the user data base to learn a model
which is then used to make the recommendation (Breese
et al., 1998). In terms of customers’ satisfaction, it is impor-
tant to notice that both these systems of CF supply direct
measures of satisfaction. The profile of a costumer is based
upon the way he has evaluated a set of items.

Many RSs use Data Mining techniques. In such RSs,
recommendations rely, for example, on the knowledge
the RS has acquired from actions and characteristics of
customers. These systems are often based upon the devel-
opment of users’ profiles (Schafer, 2005). It is still an
indirect measure of customer satisfaction.

The techniques developed for RSs are various; the
notion of neighbouring may get several meanings. The only
common point to all these systems of recommendation is
their finality: they support a customer choosing a product
or a supplier of products. Some of them use direct mea-
sures of customers’ satisfaction; others rely on indirect
measures of satisfaction. As for ‘‘collaborative Filtering”

RSs, our approach needs direct measures of satisfaction.
However, it neither relies on data mining techniques nor
on similarity calculus. Furthermore, even when direct mea-
sures of satisfaction are available in RSs, appraisals are
rarely related to a multi-criteria analysis. For this reason,
we consider in this paper a particular website proposing
e-recommendation from direct measures of customers’
satisfaction according to a predefined set of criteria. This
website is ‘‘ciao.com” and it is one of Europe’s leading
consumer-oriented shopping comparison portals (http://
www.ciao.co.uk/shopping_partners). Each customer –
member of ‘‘ciao.com” – is usually invited to attribute
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partial scores to an e-commerce website (sl) according to a
set of criteria such as range of services/products, product and

service pricing, purchase tracking function, security and pri-

vacy statement, etc., after his purchasing.

2.3. From a recommendation system to a diagnosis support

system

‘‘ciao.com” is clearly dedicated to customers; we thus
suggest reorienting and extending its functionalities to sup-
port marketing activities. It is based upon a feedbacks
database. Direct measures of satisfaction are exploited in
a multidimensional evaluation space. Each measure of sat-
isfaction is related to one of the criteria of the evaluation
process. Thus, in this paper, we consider a new kind of
RS, called ‘‘Feedback Based Diagnosis System” (FBDS).
Unlike the existing RS mentioned above, a FBDS is not
dedicated to customers but to EC managers (Fig. 1).

Thus, our aim is not providing customers with the most
appropriate EC according to their preferences or their hab-
its, but diagnosing and explaining critical results of the EC
to the marketing team. As a consequence, the only reason
our FBDS is related to RSs is that the base of costumers is
the knowledge base of both systems. cia.com and the FBDS
both use the same customers’ feedbacks databases. In cia.-

com, direct measures of customers’ satisfaction are avail-
able since customers are invited to provide evaluations
for all the sites they used. Furthermore, these evaluations
refer to multi-criteria assessments. The criteria are imposed
by cia.com a priori. In cia.com, an evaluated ECl is thus
characterized by its partial score vector ðml

1; . . . ;ml
nÞ where

ml
i is the arithmetic mean upon all the available evaluations

in the database concerning ECl w.r.t. criterion i. Let us still
notice that criterion n is named ‘‘overall impression”. ml

n is
supposed to be a synthesis score. Nevertheless, the notion
of aggregation is not referred to in cia.com. Indeed, in cia.-

com, which is customer-oriented, the way the overall
impression score is filled is particular to each customer. It
means that in the framework of customer-oriented RSs,
aggregation is meaningless because each customer has
his/her own aggregation operator (his/her own priorities,
relative importance, etc.). On the contrary, the FBDS is
addressed to the marketing team of an EC. Contrary to
the set of individual customers, the team is supposed to
share a unique objective for the EC. The members of the
marketing team implicitly share a common strategy for
Fig. 1. Different
their EC; they perfectly know which criteria of its activities
are more or less fundamental, critical, etc. In other words,
they would be able to affect a relative importance to each
criterion of the evaluation space. Attributing an overall
score to an EC in the FBDS framework is then meaningful
because the aggregation step models the evaluation strat-
egy of the marketing staff. For the sake of simplicity, only
WAM aggregations are considered in this paper (more
sophisticated operators have been studied in Denguir
et al. (2006a). The WAM aggregation models the market-
ing team evaluation strategy relatively to the set of criteria.
The WAM aggregation that is proposed in the FBDS must
not be confused with the arithmetic mean on the criterion
by criterion customers’ evaluations that are proposed in
ciao.com.

Furthermore, no aspect concerning the uncertainty
inherent to the various opinions is taken into account in
classical RSs. In particular, uncertainty is related to the dis-
persion and the imprecision of the scores given by the cus-
tomers’ community to a given EC: everyone has his/her
own experience and assesses the EC according to his/her
own scale of values. The mere statistical average of evalu-
ations currently proposed by ciao.com thus constitutes a
drastic information reduction. The assumption behind this
synthetic ‘‘average indicator” is that it is actually represen-
tative of the whole community only when it results from a
weak dispersion around this value (there is a genuine con-
sensus around it). However, the average rate can either
result from a wide dispersion of scores which signifies that
the opinions are not clear-cut and the evaluation is rather
imprecise (all the opinions have been reported), or from
conflicting viewpoints that should be represented by a mul-
timodal distribution and for which the average value is not
necessarily a relevant indicator. Conventional aggregation
models from Rn ! R can thus be misleading because they
do not give any idea about the variability or the controver-
sial aspects of the customers’ opinions.

In this view, we propose to adopt a possibilistic frame-
work (see the details in Section 3): the evaluation of an
EC according to a criterion is no longer a single precise
score but a distribution representing the whole set of cus-
tomers’ opinions w.r.t. this criterion. Then, the global eval-
uation of an EC is seen as a possibility distribution that
results from the propagation of the partial distributions
related to each evaluation criterion. From this viewpoint,
all information contained in the feedback knowledge base
lenses of RS.



Fig. 2. The FBDS functionalities.
is explicitly taken into account in the EC evaluation: there
is no loss of information concerning the variability and the
controversy aspects of the appraisal in such an evaluation
process.

2.4. A FBDS based on ciao.com

The e-recommender website ciao.com requires some
adaptations before being used for diagnosis purposes by
a marketing team. From this viewpoint, ciao.com suffers
from the following shortcomings: (i) no aggregation model
reflecting the EC managers’ strategy is proposed; an EC is
characterized by a partial scores vector ðmk

1; . . . ;mk
nÞ, but all

the criteria of the evaluation are of the same importance,
and do not reflect the activities that should have priority
for the management staff; (ii) variability is not considered
in the evaluation process; nothing is proposed in the rec-
ommendation about the dispersion, the imprecision or
the divergence of the evaluations attributed by the custom-
ers although this kind of information can represent a great
added value in terms of decision-making.

The ciao.com evaluation database is already partitioned
relatively to the criteria predefined by ciao. The first thing
to do concerning the already structured evaluations data-
base is to formalize the way we process with ‘‘stars” (labels
used by customers to attribute their partial scores) when a
numerical aggregation has to be performed. The second
step is to model the strategy of the management team
through an aggregation operator (a WAM in this paper);
here, the aggregation model reflects the priorities, prefer-
ences or selection strategy, it is thus an indispensable step
in the FBDS frame, whereas in conventional RSs, the
aggregation step is meaningless because each customer
has his/her own choice strategy, ones own centres of inter-
est. Finally, the aggregation must be extended to the case
when the WAM inputs are imprecise and uncertain scores
(possibility distributions). The set of customers’ evalua-
tions w.r.t. a criterion i is modelled by a possibility distri-
bution and the aggregation process must thus deal with
partial distributions. Aggregating the partial distributions
consists in propagating uncertainty in evaluations from cri-
terion distributions to the overall distribution resulting
from the WAM operator.

Based on the evaluation database provided by ciao.-

com, a prototype of the FBDS has been developed. It
proposes a multi-criteria evaluation and an aggregation
step, ranking and comparison of ECs, explanation and
justification functionalities of the established EC ranking.
The evaluative feedbacks database of ciao.com can be
partitioned according to the set of criteria. It obviously
constitutes a mine of information for the marketing activ-
ities of an EC. Indeed, these experience feedbacks related
to all the evaluation criteria of the ECs activities repre-
sent a useful working base to better meet customers
demands and remain competitive in real-time, to identify
weaknesses and strengths of ECs. The analysis of the
ECs own evaluation or that of its competitors by custom-
ers provides relevant indicators to monitor and diagnose
the results of the EC (Fig. 2).

The FBDS tries to give some elements of response to the
issues mentioned above. A formal frame is proposed to
model the relationship between a site of e-recommendation
(ciao.com) and its EC partners. Each one of these two
actors has his own interests and needs in this relation:

–ciao.com constitutes a network of experts in e-purchas-
ing to mediate the process of sharing recommendations.
It aims to be the most comprehensive source of shop-
ping intelligence on the web to keep users and EC part-
ner’s loyalty by providing economic intelligence, surveys
and experience feedback.
–The EC partners’ goal is to enhance their perfor-
mances: they thus use the evaluations, criticisms and
rankings provided by ciao.com as performance indica-
tors to improve their business capacities.

3. Possibilistic framework and decision aiding indicators

3.1. Notations

In the remaining of the paper, the following notations
are considered (see Table 1):



Table 1
Possibilistic notations

sl the evaluated e-commerce (l = 1, 2, . . ., q)
ml global evaluation of sl (customer’s overall degree of satisfaction)
ml

i partial evaluation of sl according to criterion i (i = 1, 2, . . ., n)
½ml

1;m
l
2; . . . ;ml

n� evaluation profile associated to sl

pi partial evaluation distribution of an e-commerce website according to criterion i (i = 1, 2, . . ., n) (mono modal or bimodal distribution)
pag aggregated (overall) evaluation distribution of an e-commerce website (mono modal or multi-modal distribution)
P(A) the possibility measure of the set A for a possibility distribution p: P(A) = supx2Ap(x)
N(A) the necessity measure of the set A for a possibility distribution p : NðAÞ ¼ 1� supx2�ApðxÞ
P(A) P(A) the probability measure of the set A for a probability distribution p : P ðAÞ ¼

R
x2A pðxÞdx

F the cumulative probability function associated to a probability distribution p : F ðxÞ ¼
R x
�1 pðxÞdx

P*(A) the lower probability measure of the set A defined by the necessity measure N(A)
P*(A) the lower probability measure of the set A defined by the necessity measure N(A)
E*(p) mean value of the upper probability distribution belonging to the family defined by a possibility distribution

p : E�ðpÞ ¼
Rþ1
�1 xdF �ðxÞdx

E*(p) mean value of the lower probability distribution belonging to the family defined by a possibility distribution p : E�ðpÞ ¼
Rþ1
�1 xdF �ðxÞdx
3.2. Possibilistic framework

As explained in the introduction, a major limitation of
classical RSs’ evaluations lies in the fact that the arithmetic
mean of the evaluations of all the RS members are drastic
reductions to average assessments and they prevent deci-
sion-makers from really appreciating the uncertainty inher-
ent to any collective evaluation: they cannot have any idea
about the variability and controversial aspects of the
evaluations.

With that in mind, we propose that the evaluations rel-
ative to any evaluation criterion of an EC are no longer
deceptively considered as precise real values – the arithme-
tic mean upon the customers’ ratings – but as possibility
distributions. This possibility representation will not be
deeply discussed here versus a probability one. We can
merely claim that the possibility theory is useful in any
problem where heterogeneous uncertain and imprecise data
are concerned, e.g. subjective, linguistic-like evaluations
and statistical data, which is the case in our application
context. Moreover, for many criteria, only a small number
of experience feedbacks are available; as a consequence, the
identification of a specific probability distribution (Gauss-
ian, triangular, uniform, etc.) is not always straightforward
and several probability distributions may be suitable for
the same series of scores.

The set of scores relative to a given criterion for a given
EC can directly be collected under the form of a histogram.
The histogram must then be transformed into a possibility
distribution. The latter can be built using either a probabil-
ity-possibility transformation (Dubois et al., 2004) or
directly from statistical overlapped intervals (Mauris
et al., 2000). The latter approach is adapted in the context
of the application where the customers’ evaluations are
expressed with stars translated into score-bounded inter-
vals. In fact, our proposition is based on the fact that a pos-
sibility distribution p (with P the associated possibility
measure and N the associated necessity measure) defines
a family of probability distributions P that it dominates
i.e., "A � R, N(A) 6 P(A) 6 P(A). Thus it can represent
situations where P is not precisely known, but only in an
approximate way (Mauris et al., 2000).

From our possibilistic interpretation, ml
i is now consid-

ered as an uncertain value represented by a possibility dis-
tribution pl

i . For the sake of simplicity and clarity for the
user (manager, marketing team of EC, etc.), we choose to
consider the case of piecewise linear distributions: to each
criterion a trapezoidal or triangular possibility distribution
pi is associated. pi is thus defined by four parameters
(a, b, c, d) with the interval [b, c] as kernel and the interval
[a, d] as support. For a triangular distribution, the kernel is
reduced to one point (b = c). In the case of multi-modal
distributions, the distribution is defined as unions of
parameters, e.g. (a, b, c, d) and (a0, b0, c0, d0) for a bimodal
distribution (Fig. 3).

The evaluations proposed by ‘‘ciao.com” vary from 0 to
5 stars (resp. rectangular bars) (Fig. 4). The sensitivity of
the evaluations ranges between a quarter of a star and a
star depending on the cases. As the satisfaction scales of
the various users are not ‘‘calibrated” (and thus not com-
pletely commensurate), stars/bars are modelled by over-
lapped intervals to take this effect into account.

Each partial evaluation (star or bar) is then translated
into a score bounded-interval as shown in Table 2. For
example, to a score of 2.25 stars/bars, we consider that
we can indifferently associate a numerical value from 5 to
9 according to the customer’ scale. This set of overlapped
intervals is then approximated by a possibility distribution
according to a method developed by Dubois and Prade
(1988) and previously applied in Mauris et al. (2000).

For the sake of simplicity, we only consider three evalu-
ation criteria in our illustration example: Product and ser-

vice pricing (1); Range of services and products (2); and
Purchase tracking function (3). From customers’ evalua-
tions histograms relative to each of these three criteria
(Fig. 5a), the corresponding possibility distributions are
represented in Fig. 5b. In this example, Product and service

pricing is a bimodal distribution. Both others are mono
modal. An explanation of the bimodality for Product and

service pricing criterion might be: the EC has very interest-



Fig. 3. Parameterized representation.

Fig. 4. ‘‘Tochibiya.com” evaluations in ‘‘ciao.com”.
ing prices w.r.t. DVDs, CDs, etc., but it is much less com-
petitive concerning high-tech products.
3.3. Decision aiding indicators

The representation in terms of possibility distribution
may sometimes appear as a thorny mathematical artefact
for decision makers. This mathematical meaning may cause
some interpretation troubles for decision-makers. That’s
why decision-making indicators have been introduced to
describe possibility distributions in a more interpretable
and intuitive manner. Decision-makers can indifferently
choose reasoning directly either on distributions or on their
indicators for decision-making.
3.3.1. Definitions
Concise easily interpretable pieces of information, such

as average, variability or controversial aspects of the



Table 2
Translation of partial evaluations (star or bar) into bounded-intervals

Stars/bars Interval Stars/bars Interval

0.25 0–1 2.75 7–8–9–10–11
0.5 0–1–2 3 8–9–10–11–12
0.75 0–1–2–3 3.25 9–10–11–12–13
1 0–1–2–3–4 3.5 10–11–12–13–14
1.25 1–2–3–4–5 3.75 11–12–13–14–15
1.5 2–3–4–5–6 4 12–13–14–15–16
1.75 3–4–5–6–7 4.25 13–14–15–16–17
2 4–5–6–7–8 4.5 4–15–16–17–18
2.25 5–6–7–8–9 4.75 15–16–17–18–19
2.5 6–7–8–9–10 5 16–17–18–19–20
customers’ opinions, are useful notions to the EC market-
ing team. In this view, we propose to describe possibility
distributions using indicators of location, imprecision and
divergence.

Let us recall that a possibility distribution p (with P the
associated possibility measure and N the associated neces-
sity measure) defines a family of probability distributions
Fig. 5a. Histograms representing customers’ eva

Fig. 5b. Criteria distributio
P that it dominates, i.e. "A � R, N(A) 6 P(A) 6 P(A).
Two extreme probability distributions of this family are
of particular interest, P* defined by its cumulative probabil-
ity functionF*/"x 2 R, F*(x) = N(]�1, x[), and P* defined
by its cumulative probability function F*/"x 2 R,
F*(x) = P(]�1, x]).

Our proposition for the decision aiding indicators is
based upon the definition of the upper (E*) and lower (E*)
values of the mean value of these probability distributions
(Dubois and Prade, 1987; Fortemps and Roubens, 1996):

E�ðpÞ ¼
Z þ1

�1
xdF �ðxÞdx and E�ðpÞ ¼

Z þ1

�1
xdF �ðxÞdx:

In fact [E*(p), E*(p)] defines an interval containing all the
mean values computed according to all the probability dis-
tribution functions P of the family. Let us still note that
E*(p) and E*(p) are invariant by linear transformations
(Dubois and Prade, 1987). This important property will
be the key to the indicator definitions and to the criterion
contribution expression.
luations for ‘‘Tochibiya.com” in ciao.com.

ns of ‘‘Tochibiya.com”.



Table 3
Expressions of the marketing diagnosis indicators: location and imprecision indicators

Diagnosis
indicators

Description Definition Schema

Location
indicator
(MD)

This value allows to reduce the distribution to
a unique synthetic position

MD(p) = (E* + E*)/2
In the multi-modal case
MDðpM Þ ¼ hMDðpM1

Þ; . . . ;MDðpMm Þi

Imprecision
indicator (D)

This value allows to assess dispersion in
customers’ evaluations

D(p) = E* � E*

In the multi-modal case DðpM Þ ¼
P

j¼1;...;mDðpMj Þ with j the
mode index and m the number of modes
3.3.2. Location, imprecision and divergence diagnosis

indicators in marketing activities

To simplify the manager’s interpretation of distribu-
tions, we propose to describe each distribution by a loca-
tion, an imprecision and a divergence indicator. In this
paper, we focus on the divergence indicator because it
appears as very relevant in customers’ feedback analysis.
Indeed, detecting a divergence of opinions in the evaluation
of the EC and identifying the criteria that explain it, are
crucial for marketing teams to better target their custom-
ers. A divergence indicator is also of much less common
use than the two others – location and imprecision – that
are equivalent to average and standard deviation items in
probabilities, whereas multimodality is more rarely dealt
with in the literature.

Though our main concern is the divergence indicator,
the location and imprecision indicators are briefly pre-
sented in Table 3. More details are available in Denguir
et al. (2006a,b).

The divergence indicator reflects a more or less impor-
tant degree of controversy in customers’ evaluations. It is
translated by a multi-modal distribution pM, with m P 2
the number of modes. pM is defined as the union of the
mono modal distributions pM ¼

S
j¼1;...;mpMj . This multimo-

dality can appear under two possible forms. In the first
case, the distribution modes are partially disconnected
(shape a – Fig. 6). In the second case, the modes are totally
disconnected (shape b – Fig. 6). In the ‘‘shape a” case, an
additional distribution is proposed: the multi-modal distri-
Fig. 6. Shapes of the mul
bution pM (m = 2 in Fig. 6a) is disjointed into m mono
modal distributions ððpM21ÞD and ðpM22ÞDÞ as shown in
Fig. 6.

Furthermore, to each multi-modal distribution, an enve-
lope distribution (penv) is associated (Fig. 7). Let D(penv) be
its imprecision indicator. We have the following relation:

DðpenvÞ ¼ E�ðpenvÞ � E�ðpenvÞ ¼ E�ðpMmÞ � E�ðpM1
Þ: ð1Þ

Definition. The divergence indicator Div of a distribution p
is defined as the difference between the average imprecision
of its corresponding envelope distribution and its own
average imprecision:

DivðpÞ ¼ DðpenvÞ � DðpÞ: ð2Þ
We have: "p, D(penv) P D(p), this implies that "p,
Div(p) P 0.

Let us consider again the example of Tochibiya.com in
Fig. 5. Criterion (1), the Product and service pricing criterion
is bimodal in this illustration. Range of services and products

(2) and Purchase tracking function (3) are mono modal.
Product and service pricing criterion is at the origin of a diver-
gence in the customers’ opinions. The corresponding enve-
lope distribution is (2, 3, 14.5, 17) with an imprecision of
D1env = 13.25 (Eq. (1)). Definitions in Table 3 and Eq. (2)
provide the values of the indicators summarized in Table 4.

The Product and service pricing criterion is characterized
by an important divergence (8.50). Although, ‘‘Toc-
ti-modal distribution.



Fig. 7. Envelope distribution, case of bimodal distribution.

Table 4
Diagnosis indicators relative to Tochibiya.com criteria in ciao.com

Location indicator
(MD)

Imprecision
indicator (D)

Divergence
indicator (Div)

(1) h3.75; 14.625i 4.75 8.50
(2) 8.50 2.00 0.00
(3) 14.25 3.50 0.00
hibiya.com” is a specialist in discounted products and its
marketing strategy is based on decreasing prices, it remains
evident that not all customers find the prices interesting.
This characterization is richer than the misleading one pro-
posed by ‘‘ciao.com” that would simply be ‘‘the score is
between 8 and 9 (two stars and a half)” that reveals nothing
about the way this mean value has been achieved, etc., we
cannot know whether it results from a consensus, a dis-
persed set of opinions or, as it is the case in this example,
from a singular controversy.

At this stage of the study, we have proposed a set of
descriptive indicators according to a possibility distribu-
tion. Because diagnosis in marketing consists in identifying
the criteria that explain a bad performance of the EC, we
are now considering the propagation of indicators through
the aggregation operator. This point is exposed in the fol-
lowing section.
Fig. 8. The possibilistic global score of ‘‘Tochibiya.com”.
4. Multi-criteria aggregation of e-commerce evaluation in

uncertain FBDS

The aggregation issue consists in computing pag(m) for a
given operator H and n partial distributions pi. The prop-
agation of the possibility distributions pi through the
aggregation operator H obeys Zadeh’s extension principle
(Zadeh, 1978).

pagðmÞ ¼ sup
ðm1;...;mnÞ=Hðm1 ;...;mnÞ¼m

ðminðp1ðm1Þ; . . . ; pnðmnÞÞÞ; ð3Þ

where pag(m) is the global evaluation of an EC and pi(mi)
its partial evaluation (possibility distribution) w.r.t. crite-
rion i. In case of bimodal distribution propagation, the the-
orem of the union is used (Dubois and Prade, 1987).

In this paper, we are considering the most frequently
used aggregation operator: the weighted arithmetic mean
operator (WAMx), with xi the relative importance of crite-
rion i, such that

Pn
i¼1xi ¼ 1.

When the partial scores to be aggregated are possibility
distributions, the overall score of EC, sl, is written in the
following linear expression:

WAMxðplÞ ¼ pl
ag ¼

Xn

i¼1

xip
l
i : ð4Þ

Identifying the aggregation strategy is an important issue.
This strategy depends on the activity sector. For example,
if we consider the case of an EC specialized in discount
products, its objective is to sell more and more products,
the criterion ‘‘price” is then important in the strategy mod-
elling. A solution to support the marketing or benchmark-
ing teams in the identification strategy may be to couple the
FBDS with an identification tool like the one proposed in
(Clivillé et al., 2007) that relies on the MACBETH method.
As this point is not central in this paper, we will consider
hereafter that this identification has led to the following
importance coefficients: x1 = 0.5, x2 = 0.3, x3 = 0.2. This
means that assessing the cyber-consumers’ satisfaction
regarding the price is very important in the organisation
strategy.

Fig. 8 represents the aggregated distribution of ‘‘Toc-
hibiya.com” when the input partial distributions of the
WAM are the ones proposed in Fig. 5.

We have shown in the last section that the display of the
whole possibility distribution is of value in the diagnosis
process of the customer satisfaction, but concise quantified



interpretable pieces of information reflecting variability or
controversial aspects of the customers’ opinions are also
significant and useful diagnosis indicators. Thus, let us con-
sider the propagation of these indicators through the
WAM.

Let us first remark that we are interested in the diver-
gence indicator only when the propagated distribution
pag is multi modal (pagM, with m modes m P 2). In fact
we have:
DivðpagÞ–0) 9pi=DivðpiÞ > 0 but DivðpagÞ
¼ 0;8pi=DivðpiÞ ¼ 0:

This means that even when the partial distributions are
multi modal their propagation by an aggregation operator
can lead to a mono modal aggregated distribution. It
means that even when Div(pag) = 0, we can have "pi,
Div(pi) – 0.

Explaining or diagnosing an indicator attached to pag

consists in breaking down this indicator in terms of criteria
contributions. Each indicator of pag can be rewritten as the
sum of criteria contributions. The marginal contributions
of a criterion to the overall evaluation of an EC are essen-
tial notions to marketing activities. Indeed, the marketing
team of an e-commerce can thus estimate the impact or
influence of each criterion to the activity of the EC in real
time and determine the criteria on which the e-commerce
activity should be improved in priority to improve its glo-
bal evaluation. The contributions of a criterion i relatively
to location and imprecision indicators, denoted CiMD and
CiD are given in Table 5.

We are now interested in the contribution of the criteria
distributions to the divergence indicator of pag by the
WAM operator. Firstly, let us consider the case when pagM

is bimodal, i.e. composed of two parts pag1 and pag2.
Table 5
Criteria contribution relative to the diagnosis indicators (DI)

(DI) DI of propagated distribution pag Criteria contribution

MD MDðpagÞ ¼
Pn

i¼1CiMD CiMD = xiMD(pi)
D DðpagÞ ¼

Pn
i¼1CiD CiD = xiD(pi)

Fig. 9. Divergence indica
Using Eqs. (1) and (2), we obtain the following expres-
sion for the divergence indicator of pagM (Fig. 9):

DivðpagMÞm¼2 ¼ E�ðpag2Þ � E�ðpag1Þ: ð5Þ

Using
MDðpÞ ¼ ðE�ðpÞ þ E�ðpÞÞ=2;DivðpagMÞm¼2 ¼ 2MDðpag2Þ�
2MDðpag1Þ � DðpenvÞ.

Then, we have:

DivðpagMÞm¼2 ¼
Xn

i¼1

2ðCiMD2 � CiMD1Þ � CiDenv

¼
Xn

i¼1

CiDiv; ð6Þ

CiDiv represents the contribution of criterion i to the diver-
gence of the propagated distribution pag.

In the general case, when pagM is multi modal (m P 2),
we extend Eq. (6):

DivðpagMÞ ¼ 2MDðpagmÞ � 2MDðpag1Þ � DðpenvÞ

�
Xm�1

j¼2

DðpagjÞ

with m P 2 the number of modes of pagM and j the mode
index. Then:

DivðpagMÞ ¼
Xn

i¼1

½2ðCiMDm � CiMD1Þ � CiDenv �
Xm�1

j¼2

CiDj �

¼
Xn

i¼1

CiDiv; ð7Þ

CiMD and CiD are defined in Table 5.
Let us consider again our example of ‘‘Tochibiya.com”

evaluated in ciao.com. Table 6 summarizes the indicators
of the aggregated distribution attributed to ‘‘Toc-
hibiya.com” with the selected WAM.
tor in bimodal case.

Table 6
Diagnosis indicators relative to the global score

Diagnosis indicators MD D Div

Global score distribution h7.275; 12.7125i 4.98 2.95



Table 7
Criteria contribution to the divergence of the global score

Criteria CiDiv DivðpagM Þ ¼
Pn

i¼1CiDiv

4.15–0.63-0.57 = 2.95

Product and service pricing (1) 4.15
Range of services and products (2) �0.63
Purchase tracking function (3) �0.57

Fig. 10. Criteria contribution in percentage.
Now, the marketing team of ‘‘Tochibiya.com” would
like to know the impact of the divergence on criterion (1)
to the aggregated result. In Fig. 8, ‘‘Tochibiya.com” aggre-
gated distribution presents a bimodality.

In Table 7, it can be checked that the divergence indica-
tor of the global distribution of ‘‘Tochibiya.com” is smaller
than the one of criterion 1 (2.95 instead of 8.5 (Table 4)).
The marketing team needs an explanation of how this indi-
cator has been smoothed. To explain this result let us assess
the contribution of each criterion to the divergence of pagM

(Eq. (6)) in Table 7.
The two mono modal distributions have smoothed the

divergence of pagM. In fact, the aggregation operator can
only increase the imprecision, that will necessarily induce
a smoothing of the input indicators: this is found in the
sign of the contribution in a qualitative way and in a
quantitative way we have �0.63 > �0.57. This result is
translated in terms of percentage in the Man–Machine
Interface in Fig. 10.

It is clear that the distribution of the global score is
much less divergent than the one of the Product and service

pricing criterion. However, the marketing team has to pro-
pose some elements of solution to remove this divergence
for competitive reasons. One recommendation that the
marketing team can propose to the managers of the e-com-
merce organisation is to revise their pricing strategy in
priority.

In further analysis, they must understand the reasons of
such a divergence and try to get a more consensual apprai-
sal for their EC. One way could be to contact some of the
customers not satisfied with the product and service pricing

and to understand the reasons of their dissatisfaction.
The diagnosis of the origin of the divergence relative to

the Product and service pricing criterion has led to the iden-
tification of two classes of customers. The first one is a
group of customers identified as specialists in computers’
products; they have a large knowledge about existing prod-
ucts characteristics and pricing. This community may be
composed in majority of 20–35-year-old persons. The sec-
ond group is composed of non specialist and occasional
customers. They have little or no information about com-
puter products. This kind of information that represents
a relevant and significant result for the marketing team in
charge of diagnosing the EC activities, does not exist in
ciao.com in its current form. The mere statistical evalua-
tions they propose cannot support such diagnosis analysis.

5. Conclusion

This paper presents a system of multi-criteria evaluation
of e-commerces, the Feedback Based Diagnosis System
(FBDS). It is dedicated to marketing teams when trying
to analyse the feedbacks and/or the evaluations of cyber
consumers gathered in classical recommenders systems to
diagnose the activity of their EC. The strategy of evalua-
tion of the marketing team is reflected by an aggregation
model which is a mere WAM. The FBDS also manages
various aspects of uncertainty inherent to any collective
process of evaluation by e-consumers. Thus, a WAM
aggregation in a possibilistic description of the cyber-con-
sumers’ evaluations is proposed. Then, diagnosis indicators
are provided to supply the marketing teams with some
explanative elements to understand the degrees of satisfac-
tion attributed to their site in the collective evaluation
process. Quantitative analyses of the contributions of the
decision-making indicators to the global evaluation of the
EC are also proposed, with a specific focus on the diver-
gence indicator related to the presence of different custom-
ers classes.

Further developments concern refining the aggregation
model to reflect a more realistic model of customers’ satis-
faction. Thus, the next step is to extend all these results to
an aggregation operator that enables to capture interac-
tions between criteria in the aggregation model, such as
the Choquet integral.
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