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Abstract

Datamining algorithms, especially those used for unsupervised learn-
ing, generate a large quantity of rules. It is hence impossible for
an expert in the field being mined to sustain these rules. To help
carrying out the task, many rule interestingness measures have been
developed in order to filter and sort automatically a set of rules with
respect to given goals. Since measures give different results, and as
experts have different understandings of what is a good rule, we pro-
pose in this article a new direction to select the best rules: a two-step
solution to the choice problem of a user-adapted interestingness mea-
sure. First, a characterization of interestingness measures, based on
meaningful classical properties, is provided. Second, a multicriteria
decision aiding process is applied on this characterization and illus-
trates the benefit that a user, who is not a datamining expert, can
achieve with such methods.

Keywords: interestingness measures, association rules, decision aid-
ing.



A MULTICRITERIA DECISION AID FOR
INTERESTINGNESS MEASURE SELECTION

Philippe Lenca*, Patrick Meyer**,
Benoit Vaillant*, Stéphane Lallich***

*: GET ENST Bretagne / Département LUSSI - CNRS TAMCIC, France
**: Faculty of Law, Economy and Finance,
University of Luxembourg, Luxembourg
***: Université Lumiere, Lyon 2 — Laboratoire ERIC, France

1 Introduction

One of the main objectives of Knowledge Discovery in Databases (KDD) is to
produce interesting rules with respect to some user’s point of view. This user
is not supposed to be a data mining expert, but rather an expert of the field
being mined. Moreover, it is well known that the interestingness of a rule is
difficult to evaluate with objectivity. Indeed, this estimation greatly depends
on the expert user’s interests [Klemettinen et al., 1994]. Ideally, a rule should
be valid, new and comprehensive [Fayyad et al., 1996] but these generic terms
cover a large number of various situations when examined in a precise context.
It is also well known that data mining algorithms may produce huge amounts of
rules and that the end user is then unable to analyze them manually [Hilderman
and Hamilton, 2001a].

In this context, interestingness measures play an essential role in KDD
processes in order to find the best rules (in a post-processing step). Depending
on the user’s goals, data mining experts may choose the required interestingness
measure, but this task cannot be taken care of by the expert user if left on his
own. Indeed, this choice is hard since rule interestingness measures have many
different qualities or flaws [Tan et al., 2002]. What is more, some of these
properties are incompatible [Lenca et al., 2003]. Therefore there is no optimal
measure, and a way of solving this problem is to try to find good compromises
[Vaillant et al., 2004]. A well-known example of such a controversial measure is
the support. On the one hand, it is heavily used for filtering purposes in KDD
algorithms [Agrawal et al., 1993; Pasquier et al., 1999], for its antimonotonicity
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property simplifies the large lattice that has to be explored. On the other hand,
it has almost all the flaws a user would like to avoid such as variability of
the value under the independence hypothesis or for a logical rule [Piatetsky-
Shapiro, 1991; Picouet and Lenca, 2001]. Bayardo and Agrawal [1999], Tan and
Kumar [2000], Hilderman and Hamilton [2001b], Lallich and Teytaud [2004],
for instance, have formally extracted several specificities of measures.

The importance of objective evaluation criteria of interestingness measures
has already been focused on by Piatetsky-Shapiro [1991] and Freitas [1999].
However, the relevant aspects of these criteria to help the user to choose the
right measure is still difficult to establish. In Tan et al. [2002], the authors
provide a comparative study according to properties and provide an original
approach to measure selection by an expert. However, this approach does not
exploit the above-mentioned comparative table: from the set of rules resulting
from a data mining algorithm, authors propose to extract a small subset of rules
where measures give very different results. The authors experimentally establish
that the diversity of results on the rule subset enable the user to efficiently select
an adapted measure.

Our article might be seen as an alternative contribution to Tan et al. [2002].
We promote a two-step process. First, we provide a comparative description
of measures thanks to a list of properties that are partially different from the
properties evaluated in Tan et al. [2002], since some of them do not apply effi-
ciently to association rule interestingness, or others do not make any distinction
between the different kinds of interestingness measures we studied. In addition,
we introduce and study new properties, such as the easiness to fix a threshold,
for filtering purposes. We think that users are quite interested in this property.
Second, we propose to use a MultiCriteria Decision Aiding (MCDA) method
on the previous identified set of properties. MCDA [Roy, 1996] methods have
already prooved their utility in different fields. We argue in this paper that an
MCDA method could be profitable for the specific problem of a user’s choice
of a measure.

This paper is organized as follows. In section 2 we briefly remind the context
of association rule discovery. We introduce in section 3 a representative list of
existing measures, frequently used in the scientific context of association rules.
In section 4, we report some experimental results that underline the diversity
of measure evaluation. In section 5 we define the problem within an MCDA
context. We propose in section 6 a list of 8 meaningful properties (from the
user’s point of view) and evaluate the previous list of measures according to
them. Section 7 is dedicated to the use of the MCDA method PROMETHEE.
Finally, we conclude in section 8.
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Table 1: Dataset and large itemsets of size 1

Dataset: l-itemset | support 1-large itemset | support
a b c¢c d e a 2 a 2
1 01 1 0 b 3 b 3
0 11 0 1 c 3 ¢ 3
1 1 1 0 1 d 1 e 3
01 0 0 1 e 3

2 Association rules mining

Given a database of transactions where each transaction is a list of items the
problem of mining association rules consist of discovering all rules that correlate
the presence of one set of items (or itemset) with that of another set of items

under minimum support and minimum confidence conditions :

e association rule: implication A — B where A and B are two itemsets and
ANB=1

e support of A — B: percentage of transactions that contain A and B

e confidence of A — B: ratio of number of transactions that contain A and

B against the number of transactions that contain A

The well know APRIORI algorithm [Agrawal et al., 1993] proceedes in two
steps within the support-confidence framework (minimum support and confi-
dence thresholds have to be fixed by the user) :

e find frequent itemsets (the sets of items which occur above the minimum
support threshold) with the frequent itemset property (any subset of a
frequent itemset is frequent; if an itemset is not frequent, none of its
supersets can be frequent) for efficiency reasons. Thus starting from k& = 1,
APRIORI generates itemsets of size k + 1 form frequent itemsets of size k

e generate rules from frequent itemsets and filter them with the minimum

confidence threshold

Table 1 contains a small dataset of four transactions and illustrates the
determination of the 1-large itemsets with a minimum support of 2 (i.e. 50%).
Tables 2 and 3 show the determination of the 2 and 3-large itemsets. Then
table 4 shows the following rules with minimum support 50% and minimum

confidence 60%.
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Table 2: Large itemsets of size 2

2-itemset 2-large itemset | support
a, b a, c 2
a, ¢ b, ¢ 2
a, e b, e 3
b, c c, e 2
b, e
c, e

Table 3: Large itemsets of size 3
3-itemset, 3-large itemset ‘ support
ba C, € b, C, € ‘ 2

Unfortunately APRIORI within the support and confidence framework tends
to generate a large amount of rules. It is hence impossible for an expert of the
field being mined to sustain these rules. The validation of the knowledge ex-
tracted within a KDD process by a field expert requires a filtering step. One of
the classical method relies on the use of objective and subjective interestingness
measures.

Strong rules (interesting rules within support and confidence framework)
satisfy the minimum support and minimum confidence thresholds. Still, they
are not necessarily interesting neither from an expert’s point of view nor from a
statistical one. For example, consider the well-known data: of the 10 000 trans-
actions, 6 000 include computer games, while 7 500 include videos, and 4 000
include both computer games and videos. Let the minimum support be 30% and
the minimum confidence be 60%. Thus the strong rule buy computer games —
buy videos is discovered with support of 40% and confidence 66%. However this
(strong) rule is misleading since the probability of purchasing videos is 75%.

Depending on the user’s goals, data mining experts should apply the required
interestingness measures: they have many different and contradictory qualities
or flaws. Moreover, they may generate different rankings out of a given set of
rules, and hence highlight different pieces of information. In the next section
we present 20 measures that we studied.

3 Selected interestingness measures

The 20 measures we here list evaluate the interestingness of association rules as
defined in Agrawal et al. [1993]: given a typical market-basket (transactional)
database E, the association rule A — B means if someone buys the set of items
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Table 4: Rules with minimum support 50% and minimum confidence 60%

rule | support confidence rule | support confidence
a—c | 50.0% 100.0% b—e 75.0% 100.0%
c—al| 50.0% 66.7% e—b 75.0% 100.0%
c—b| 50.0% 66.7% cb—e | 50.0% 100.0%
b—c | 50.0% 66.7% ce —b | 50.0% 100.0%
c—e| 50.0% 66.7% be — ¢ | 50.0% 66.7%
e —c| 50.0% 66.7%

A, then he/she probably also buys item B. It is very important to differentiate
between the association rule A — B, which focuses on cooccurence and gives
asymmetric meaning to A and B, from logical implication A = B or equivalence
A < B (see Lallich and Teytaud [2004]).

A \ B O 1 t Ot a] key: B
0 Pab  Pab Pa g "2
nb A
1 | Pap Pab| Pa =
total | p; s 1 o,

Figure 1: Notations

These measures are usually defined using frequency counts presented in fig-
ure 1. Given a rule A — B, we note :

e n = |E| the total number of records
e n, = |A| the number of records satisfying A
e 1, = |B| the number of records satisfying B

e 14 = |ANB| the number of records satisfying both A and B (the examples
of the rule)

e n, = |ANB| the number of records satisfying A but not B (the counter-
examples of the rule)

For X C E, we note p, instead of n,/n when we consider relative frequencies
rather than absolute frequencies.

It is clear that, given n, n, and ny, or p, and p,, knowing one cell of the
table in figure 1 is enough to deduce the other ones.

We have restricted the list of measures evaluated in this paper to decreasing
ones, with respect to n_z, all marginal frequencies being fixed. This choice re-

ab’
flects the common assertion that the fewer counter-examples (A true and B false)

5
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to the rule there are, the higher the interestingness of the rule is. For a given
decreasing monotonic measure y, it is then possible to select interesting rules by
positioning a threshold o and keeping only the rules satisfying u(A — B) > «a.
Note that the value of this threshold « has to be fixed by the expert. The same
threshold is considered for all the rules extracted during the datamining pro-
cess. It is hence an important issue. A well known situation of such a critical
point is the determination of a minimal support and confidence threshold in the
APRIORI algorithm [Agrawal et al., 1993].

Some measures like x2, Pearson’s 72, Goodman and Smyth’s J-measure or
Pearl’s measure were excluded from this list, since they are not monotonically
decreasing. From previous works, we selected a reasonable set of interestingness
measures. They are listed in table 6. Bibliographical references are given in
table 5.

Table 5: List of selected measures

Name References
Sup support Agrawal et al. [1993]
CONF confidence Agrawal et al. [1993]
R Pearson’s correlation coefficient Pearson [1896]

CENCONF centered confidence
PS Piatetsky-Shapiro Piatetsky-Shapiro [1991]
LoE Loevinger Loevinger [1947]

ZHANG Zhang Terano et al. [2000]

- IMmPIND implication index Lerman et al. [1981]
LIFT Lift Brin et al. [1997a]
LC least contradiction Azé and Kodratoff [2002]
SEB Sebag and Schoenauer Sebag and Schoenauer [1988]
oM odd multiplier Lallich and Teytaud [2004]

Conv conviction Brin et al. [1997b]
ECR examples and counter-examples rate

KAPPA Kappa coefficient Cohen [1960]
IG information gain Church and Hanks [1990]

INTIMP intensity of implication Gras et al. [1996]
EII entropic intensity of implication Gras et al. [2001]
PDI probabilistic discriminant index Lerman and Azé [2003]
Lap Laplace Good [1965]

We kept the well-known support and confidence: these are the two most
frequently used measures in association rule extraction algorithms based on the
selection of frequent itemsets.

Many other measures are linear transformations of the confidence, enhanc-
ing it, as they enable comparisons with p,. This transformation is generally
achieved by centering of confidence on p,, using different scale coefficients (cen-
tered confidence, Piatetsky-Shapiro’s measure, Loevinger’s measure, Zhang’s
measure, correlation, implication index, least contradiction). It is also possible
to divide the confidence by p, (lift).

Other measures, like Sebag-Schoenauer’s or the examples and counter-examples

6
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Table 6: List of selected measures

Absolute definitions Relative definitions
Sup Ma—Tab P
T ab
CONF 1—Jat Pb/a
R nNgh—TNaTp DPab—PaPb
/anpna ng \/PaPabsPg
CENCONF Htab’ Ralib Pb/a — Pb
PS L(®2 —ng,p) npa pr/a — p) = npapy (Lift — 1)
LoOE 1 — 2%k M: L CenConf =1 — 1—
nang F23 123 Conv
NNab —NaNp Pab—PaPb
ZHANG max{n,png,mpn 5} max{pabpg;Pb(pa—iﬂab}
NNgp—NaNg Pap—Pabp
- IMPIND N Vn N
LIFT nnab Pab
ntnb B o PaPb
LC Zab_Tab Pab_Pak — 9Ba (Conf — 0.5)
naﬁ% b P b P Conf
SEB naga » E ~ T—Conf
b/a
(na—mg,5)ng Pb/a _ Pab PB _ Tt .
oM pn % = oy by = Lift - Conv
NaNp PaPp
Conv n o nNap L » Pap L
a”4Ngp ab 1 _ _1_
ECR Na—"Ng§ =1- :—“E—l limi Seb
nna*nnaf,*na%b Pab—PaPb
Kappa nna+n7‘rLL —3nanb Zga;i-])b—Qpan_
1G log( am )_ log pom = log (Lift)
INTIMP p= P[poisson(n‘;n”) > nag] P [Poisson (npapg) > npgp)
5 5 1/2 1/2
EI {101 = ha(ZeB)?) (1 — ho(Z2B)2) /4032 {[(1 = h1(Pas)®) (1 — ha(pap)?)]/ 40}
PDI P[N(0,1) > vpINDRC/B]
ngp+1 Pv/atpa
Lap oy 71+%
o hi(t)=—(1— Z—;)logz(l — Z—az) — Z—;log2(2—;) ift € [0,na/2n[;else h1(t) =1
e ha(t) =—(1— Z—'E)logQ(l — Z—E) — Z—'Elog2(z—') if t € [0,n5/2 n[; else ha(t) =1

ol

e poisson stands for the Poisson distribution
e N(0,1) stands for the centred and reduced normal repartition function
o ImpIND CF/B corresponds to IMPIND, centred reduced (CR) for a rule set B

rate, are monotonically increasing transformations of confidence, while the in-
formation gain is a monotonically increasing transformation of the lift. Some
measures focus on counter examples, like the conviction or the above cited im-
plication index. This latter measure is the basis of several different probabilistic
measures like the probabilistic discriminant index, the intensity of implication,
or its entropic version, which takes into account an entropic coefficient, enhanc-
ing the discriminant power of the intensity of implication. Finally, the odd
multiplier is a kind of odd-ratio, based on the comparison of the odd of A and
B on B rather than the odd of A and A on B, and Laplace’s measure is a variant
of the confidence, taking the total number of records n into account.
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4 Total pre-order comparison

In order to get an idea of the difficulty of selecting the subset of the n best
rules, we studied the total pre-orders induced by the measures’ values on rule
sets. A pre-order is a poset with a binary relation > where > is only known
to be reflexive and transitive; this allows equality between two elements of the
poset. We calculate an objective coefficient which tells us how two pre-orders
are different.

This comparison is based on counts over all the possible couples of rules.
For a couple of rules (71, r5)!, and two measures p; and po, there is strict agree-
ment when pq(r1) < pi(re) and poe(r1) < po(rs), co-agreement when puq(rq) >
p1(re) and po(r1) > ua(re), large agreement if the two rules are equivalent for
both measures. There is semi-agreement if for one of the measures, the value
taken for ry is greater than the value taken for 1, the values being equal for the
other measure, and semi-disagreement if there is semi-agreement for (rg, r1).
Finally, there is strict disagreement if the value taken by one of the measures is
greater for r; than for ry, the opposite being true for the other measure. These
situations are summarized in table 7.

Table 7: Summary of the 9 possible rankings of two rules by two measures

| () < pa(ra) pa(ry) = pa(ra) pa(ry) > pa(ra)

po(r1) < pa(re) | strict agreement semi-agreement  strict disagreement
p2(r1) = pa(re) | semi-agreement large agreement  semi-disagreement
po(r1) > pa(re) | strict disagreement semi-disagreement co-agreement

Lingoes [1979] defined the 7; coefficient, derived from Kendall’s T coefficient.
71 takes its values in [—1; 1], the maximum value being obtained when both pre-
orders are equal. In this case, there are only strict agreements, co-agreements or
large agreements. The minimum value is obtained if for any couple of different
rules, there is either strict disagreement, semi-disagreement or semi-agreement.

In the first case, both measures sort the rules in the same way and the subset
of the n best rules is the same. On the contrary, in the second case, the ordering
of the rules is reversed, and no couple of distinct rules that are equivalent for
one of the measures can be equivalent for the other. Hence, no rule can belong
to the first half of both rankings.

Using the HERBS tool developed by Vaillant et al. [2003], we computed the
values of 7 for the 20 measures on the cmc database (contraceptive method

!The order of the rules is important, and 71 and 7, may represent the same rule.
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choice, Lim et al. [2000], a subset of the 1987 National Indonesia Contraceptive
Prevalence Survey). The rule set is composed of 444 rules, generated by the
APRIORI algorithm of Borgelt and Kruse [2002] with a support threshold of
10% and a confidence threshold of 80%. The results are presented in table 8.
The length of the side of each square is equal to “2—+1 (a linear transformation of
71 into [0, 1]). The columns have been reorganized in order to highlight groups
of similar measures using the AMADO method [Chauchat and Risson, 1998],

which is based on the works of Bertin [1977].

Table 8: Comparison of total pre-orders between 20 measures

i
%
o

oy < .
& =

2 = & 3 .
Fee F e FYPFTFFEFee s FTse &
KifPA |/g m ®m ®m ® ® ® ® E ®E ® ® ® ®= ® = = = = =
PP/lm m m m m ®m ®E ® ®E ® ® = ® ® = = = = = =
G '@m m W ®m ®m @ ®m ®E ®E ®E ®E ®E ®E ®E = = ®m ®m ®m =®m
LFf /@ m ®m ® ® ® ®m ® ® ® ®E ®E ®E ® = = = = = =
CENCONF /g @ m ® ®H ®E ®E ®E ®E ®E ®E ®E E ®E = =« = =m = ®m
Rm ® ® ® ®E EHE ®E E E ®E E ®E =® = n . n = n [
INTIMP |y m ®m ® ®m ® ®H HE E ®E E ®E ®E ®E = =« = = = =
-MPIND |y @ ®m ®m ®m ® ®E HE HE ®E ®E ®E ®E ® = = = = ®m &®m
PDl |y @ m ®m ® ® ® HE HE ®E ®E ®E ®E ® = =« = = = =
OM /g m ®m ® ®m ®m ®m ® ®E HE HE E HE ®E = « = = =®m =
ZHANG |y m ®m ® ® ® ® ®E ®E ®E E E E ®E = = = = ®mE ®m
CONW |g m m ®m ®m ®m ®m E ®m ®HE ®HE HE HE ®E = = = ®m =®mE =
OE |y m ®m m ®m ®m ®m ®m ®m ®HE ®HE HE EHE ®E = =« = ®E ®mE =
El /gy m m ®mw ®m ®m ®m ®m ®m ®m ®HE ® ®m ®H = = = ® = =
LC | | [ ] [ ] [ ] [ ] [ ] ] [ ] [ ] [ ] [ ] [ ] [ ] [ ] [ | [ ] [ ] [ ] [ ] [ ]
SUP | u . . . . . . M . . . . . . ™ n . . . .
LAP | w n u n u n n ] ] = = =m = ] ] = ®H ®E ®H =
CONF | w "= = = = = = = = ®m ®E ®E ®E ®m = » ® E E =
SEB | g = = = = = "= ®= = ®m ®mE ®E ®E ®m = = ® E ®m =
ECR | m = = = =m = "= ®= = ®m ®E ®E ®E ®m = = ® E ®m =

We have only 10 negative values, the lowest being —0.14 for (LC, OM).
The average value of 71 is 0.60, and the variance is 0.08. Some of the values are
equal to 1, and this could have been predicted as in these cases the measures
are monotonically increasing transformations of one another, like for (Conv,
LoE) or (IG, LirT). This is confirmed by the formulas given in table 6. This
means that although some measures do generate the same rankings, there are
some significant differences, and the subset of n best rules will differ, depending
on the measure used. This is illustrated in table 9, presenting the proportion of
rules in common within the subsets of n best rules for 4 measures. Moreover,
as some measures do generate the same rankings, the user may freely pick out
among these the one that best fits his preferences, without loss of interesting
rules.

These two remarks lead us to develop a characterization of interestingness
measures, based on user preferences, in order to assist him in the task of selecting
a good measure, from his point of view.
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Table 9: Proportion of best rules in common in the subset of n best rules
n 20 50 70 100 150 200 400

CENCONF & Conv | 50%  50% 47.14% 49% 4% 81% 97.75%

CENCONF & LOE | 50% 50% 47.14% 49% 74% 81% 97.75%

CENCONF & OM | 60% 60% 62.86% 56% 77.33% 82%  98.5%
Conv & Lok | 100% 100%  100%  100% 100% 100%  100%

Conv & OM | 90% 90% 84.29% 93% 96.67% 99% 99.25%

LoE & OM | 90% 90% 84.29% 93% 96.67% 99%  99.25%

5 Positioning of the problem

We have shown that the search for the best rules among a vast set of rules
generated by a KDD procedure is directly linked to the search and the use of a
good interestingness measure. As measures can be described by properties, we
will consider a MCDA framework. From the user’s point of view, the problem
can then be resumed to finding the best measure(s) according to the context.
This context is defined by many parameters like the nature of the data (what is
their type, do they suffer of noise?), the type of rule extraction algorithm (what
are its biases?), the goals, and the preferences of the user. In this article we
focus on the two final points.

We define the problem by considering a sextuplet < D, R, M, A, P, F >
where:

e D is a dataset. The data are described by a list of attributes ;

e R is a set of rules of the type A — B which can be applied to D. We call A
the antecedent and B the conclusion of the rule. A and B are logical forms
on the attributes. In this study we are interested in the particular case of
association rules as defined by Agrawal et al. [1993] ;

e M is a set of interestingness measures of the rules of R (see Section 3,
table 6) ;

e A is a set of properties which describe the characteristics of the measures
of M (see Section 6) ;

e P is a set of preferences expressed by the expert user (of the field of D) on
A in relation with his objectives. The major difficulty in the construction
of P is the formalization of the user’s objectives. They are often given in
a natural language and a non trivial task is to keep their semantics.

10
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e F is a set of evaluation criteria of the measures of M. F is built on basis
of the sets A and P. To make it short, one can say that F corresponds
to an evaluation of the quality measures of M on the properties of A by
taking into account the preferences of P.

The quality measures considered in this study evaluate only the individual
quality of rules. We don’t evaluate the quality of the whole set of rules R.

Two actors take part in this analysis: the user who is an expert of the data
(expert of D and R), who tries to select the best rules of R and the analyst,
specialist of MCDA procedures and of KDD, who tries to help the expert. We
call E, the first one and E, the second one. Consequently the main problem
is to translate the properties of A in a set F of criteria by considering the
preferences P in view of determining the best measures. Note that the sets D,
R and P mainly concern the expertise of E,.. On the other side, the sets M, A
and F are related to the expertise of F,.

The resolution of this problem implies a narrow collaboration and a perma-
nent discussion between the two actors: the specialist £, needs to know the
preferences P and the objectives of the expert user E,. These preferences can
then be modeled and be used to build a family of criteria F for aiding in the
selection of the best measure(s).

6 Evaluation criteria

In this section, we propose a list of eligible properties to evaluate the previous
list of measures. The 5 last properties arise from discussions within the CNRS
group GAFOQUALITE. We present each property, explaining its interest and
its possible values on an ordinal scale. The results of the evaluations? are then
presented in table 11. Table 10 summarises the semantic and the number of
modalities of our 8 criteria.

g1: asymmetric processing of A and B [Freitas, 1999]. Since the head
and body of a rule may have a very different signification, it is desirable to
distinguish measures that give different evaluations of rules A — B and B — A
from those which do not. We note 0 if the measure is symmetric, 1 otherwise.

go: decrease with n, [Piatetsky-Shapiro, 1991]. Given ngy, n, and
N, it is of interest to relate the interestingness of a rule to the size of B. In
this situation, if the number of records verifying B but not A increases, the
interestingness of the rule should decrease. We note 1 if the measure is a
decreasing function with ny, 0 otherwise.

2Theoretically, for each property, a user may express any preference, and our particular
assignment of the values (0, 1 and sometimes 2) is not to be considered as representative of
users’ preferences.
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gs: reference situations, independence [Piatetsky-Shapiro, 1991].
To avoid keeping rules that contain no information, it is necessary to eliminate
the A — B rule when A and B are independent, which means when the probability
of obtaining B is independent of the fact that A is true or not. A comfortable
way of dealing with this is to require that a measure’s value at independence
should be constant. We note 1 if the measure value is constant at independence
and 0 otherwise.

g4 reference situations, logical rule. In the same way, the second
reference situation we consider is related to the value of the measure when
there is no counter example. It is desirable that the value should be constant
or possibly infinite. We note 1 in the case of a constant or infinite value, 0
otherwise.

We do not take into account the value for the incompatibility situation.
The latter reference situation is obtained when ANB = (), and expresses the
fact that B cannot be realized if A already is. Our choice is based on the fact
that incompatibility is related to the rule A — B and not A — B.

g5t linearity with p; around 0". Some authors [Gras et al., 2002] express
the desire to have a weak decrease in the neighborhood of a logic rule rather than
a fast or even linear decrease (as with confidence or its linear transformations).
This reflects the fact that the user may tolerate a few counter examples without
significant loss of interest, but will definitely not tolerate too many. However,
the opposite choice may be preferred as a convex decrease with n; around the
logic rule increases the sensitivity to a false positive. We hence note 0 if the
measure is convex with n; near 0, 1 if it is linear and 2 if it is concave.

gs: sensitivity to n (total number of records). Intuitively, if the rates
of presence of A, A — B, B are constant, it may be interesting to see how the
measure reacts to a global extension of the database (with no evolution of rates).
The preference of the user might be indifferent to having a measure which is
invariant or not with the dilatation of data. If the measure increases with n
and has a maximum value, then there is a risk that all the evaluations might
come close to this maximum. The measure would then lose its discrimination
power. We note 0 if the measure is invariant and 1 if it increases with n.

g7 easiness to fix a threshold. Even if properties g3 and g4 are valid,
it is still difficult to decide the best threshold value that separates interesting
from uninteresting rules. This property allows us to identify measures whose
threshold is more or less difficult to locate. To establish this property, we
propose to proceed in the following (and very conventional) way by providing
a sense of the strength of the evidence against the null hypothesis, that is
the p-value. Due to the high number of tests, this probability should not be
interpreted as a statistical risk, but rather as a control parameter [Lallich and
Teytaud, 2004]. In some cases, the measure is defined as such a probability.

12
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More generally, we can define such a threshold from one of the three types of
models proposed by Lerman [1970] to establish the law followed by n,, under
the hypothesis of link absence (Hy). We note 1 if the measure easily supports
such an evaluation, and 0 otherwise.

gs: intelligibility. Intelligibility denotes the ability of the measure to ex-
press a comprehensive idea of the interestingness of a rule. We will consider
that a measure is intelligible if its semantics can be expressed in one concrete
sentence. We affect the value 2 to this property if the measure can be expressed
in that way, 1 if the measure can be estimated with common quantities, and 0
if it seems impossible to give any concrete explanation of the measure.

Table 10: Properties of the measures

Property | Semantic Modalities
g1 asymmetric processing of A and B | 2
go decrease with ny 2
g3 reference situations: independence | 2
I reference situations: logical rule 2
gs linearity with n_; around 0™ 3
g6 sensitivity to n 2
g7 easiness to fix a threshold 2
gs intelligibility 3

We evaluated the measures described in the previous section with respect
to these criteria and we obtain the following decision matrix (table 11).

The extension of this list is currently being studied, and in particular the
discrimination and antimonotonicity characters of a measure. Discrimination
is quite interesting since it might be related to criteria gs (sensitivity to the
cardinality of the total space), which generally occurs simultaneously with a
loss of discrimination. Antimonotonicity is a very interesting property from the
computing point of view, both for APRIORI algorithms and Galois lattice based
methods [Pasquier et al., 1999].

7 Evaluation of the interestingness measures

In this section, we will analyze and evaluate the measures described above
and resumed in table 6. This analysis is done by a MCDA procedure called
PROMETHEE [Brans and Mareschal, 1994, 2002]. Its general objectives are to
build partial and complete rankings on alternatives (in this case, the measures)
and to visualize the structure of the problem in a plane called the Gaia plane,
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Table 11: Decision matrix
g1 g3 94 96
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similarly to a principal component analysis. The PROMETHEE method requires
information about the criteria given by a set of weights. Several tools allow these
weights to be fixed in order to represent the decision maker’s preferences (E, in
our context). The first step of the method is to make pairwise comparisons on
the alternatives within each criterion. This means that for small (resp. large)
deviations, E, will allocate a small (resp. large) preference to the best index.
This is done through preference functions. Then, each alternative is confronted
with the other alternatives in order to define outranking flows. The positive
(resp. negative) outranking flow expresses how an alternative a is outranking
(resp. outranked by) the others. Finally, partial and complete rankings are
built out of these outrankings. The GAIA plane provides information on the
conflicting character of the criteria and on the impact of the weights on the final
decision. It is a projection, based on a net flow derived from the outranking
flows, of the alternatives and the criteria in a common plane.

7.1 A glance at the PROMETHEE method

Let A= {ai,...,a,} be a set of possible alternatives. Let {g;(-),7 =1,...,k}
be a set of evaluation criteria to be maximized or minimized. Each of the
possible alternatives of A are evaluated on each of the criteria.

Pairwise comparison As the method is based on pairwise comparisons of
the alternatives, it is necessary to represent and to formalize the degree of
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preference of one alternative on another. For a pair of alternatives (a;, a,,) €
A x A, for one particular criterion, a small (respectively a large) difference of
the evaluations should be represented by a weak (respectively a strong) degree
of preference. The authors of the method suggest to represent these preferences
by real numbers of the unit interval [0, 1]. The concept of preference function P;
helps to calculate this degree of preference based on the differences of evaluations
of the alternatives for a given criterion g;:

Pj((a; am)) = Pi(gj(@) = gj(am)), where 0 < Pj((as, am)) < 1.
Of course there is no preference of a; over a, when g;(ay) is better than
95(ar).
In case of a criterion to be maximized, the preference function’s general
shape is given on figure 2. It is an increasing and continuous function. We use
in our study the usual preference function (figure 3).

Pj((al’ am))

9;(a) — gj(am)

Figure 2: Typical preference function

Pj((alv a'm))

9;(a) — gj(am)

Figure 3: Usual preference function
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The PROMETHEE approach proposes six different types of preference func-
tions, each of them needing 0, 1 or 2 parameters to be defined by the user
(an indifference threshold, a threshold for strict preference and a parameter in
between).

In our problem the retained criteria are purely ordinal. We therefore con-
sider that a non zero difference of evaluations on alternatives a; and a,, should
be reflected in the preference of a; over a,,, and choose the usual preference
function, which equals 1 in |0, +o0o[ and 0 elsewhere.

Aggregated preference index The next step consists in aggregating the
preference degrees on each criterion in an aggregated preference index 7 (ay, ay,)
which expresses the degree to which q; is preferred to a,, on the whole set of

criteria:
k

m(ay, am) = ZP]'((al;am)) " Wj

=1

where w; is the weight associated with criterion j, such that Z?Zl w; = 1. We
observe that 7(a;,a;) = 0 and 0 < 7 (ay, an) < 1,Vay, a,, € A. Furthermore, for
a given pair of alternatives (a;, a,,), a preference index close to 0 (respectively
close to 1) implies a weak (respectively a strong) global preference of a; over
Gy -

Outranking flows In order to build a ranking on A, each alternative has to
be compared with the n —1 other ones of A. This is done with the computation
of two outranking flows, the positive outranking flow ¢*(a) = =5 >, 7(a, z)
and the negative outranking flow ¢~ (a) = 5 > 7(z,a).

The positive outranking flow expresses the overall power (its outranking
character) of the considered alternative, whereas the negative outranking flow

gives an indication about its overall weakness (its outranked character).

The rankings Two possible rankings can be obtained in the PROMETHEE
approach: a partial and a complete ranking. The partial ranking is an inter-
section of the rankings which can be deduced from both the positive and the
negative outranking flows. It is built as follows:

¢ () > ¢" (am) and ¢~ (a;) < ¢~ (am)
Pty = { ¢ (@) = ¢"(am) and ¢~ (a;) < ¢~ (am)

¢ (@) > ¢* (am) and ¢~ (ar) = ¢~ (am)
alyam = ¢t (@) = ¢*(an) and ¢~ (@) = ¢~ (am)

a Rya,, otherwise.
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F,, I, and R, stand for preference, indifference and incomparability relations
respectively.

The complete ranking is built out of the net outranking flow (balance of
flow) ¢(a;) = ¢*(ar) — ¢~ (a;) as follows:

{ acham — ¢(al) > ¢(am)
aleam = ¢(a) = ¢(am)

The GAIA plane The PROMETHEE method allows to visualize the alterna-
tives and the criteria in a common plane called the GAIA plane. It gives a
synthetic and clear view of the conflicting characteristics of certain criteria and
of the impact of the weights on the final rankings. It is a projection of the data
which is quite similar to what is done in principal components analysis. Nev-
ertheless, the GAIA plane allows to visualize the behavior of the final ranking
with respect to different configurations of the weights.

The building of the GAIA plane is based on the analysis of particular net
flows, relatively to each of the criteria, by decomposing the net outranking flow.
We have:

Blar) = 6 (@) = & (@) = —= 3 S [Pi((@,0)) — Py{(a, )y

j=1 acA
We then can see that:

¢(a) = Z ¢j(a)w;, (1)

where ¢;(a)) = =5 > .c4[Pi((ar,a)) — Pj((a,@))] is the unicriterion net flow.
Each alternative can therefore be characterized by its £ unicriterion net flows
ala) = (¢1(ay), ..., dr(a;)) and can be represented in a k-dimensional space
whose axes correspond to the different criteria.

The corresponding cloud of points is projected into a 2-dimensional space
in order to represent the information in a more synthetical way. Let us observe
that in the k-dimensional space, the set of points is centered around the origin,
as .4 ?j(a) = 0. The projection is done along the first two factor axes of
the principal components analysis. Furthermore the initial unitary vectors of
the axes of the k-dimensional space are also projected in the plane. These
projections represent the criteria in the new space.

According to the decomposition 1, the net flow of an alternative is the scalar
product between the vector which represents its unicriterion net flow and the
vector of the weights. This also means that the net flow of the alternative a is
also the projection of «(a) on the weights vector w in the k-dimensional space.
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Therefore, the projection of the a(a),Va € A on w leads to the total ranking.
The w vector is though a decision axis. Its projection in the GAIA plane is
called the decision axis PROMETHEE .

Let us point out a few features of the GAIA plane for a useful analysis of
the problem:

e a long axis for a criterion in the GAIA plane stands for a discriminating
criterion.

e criteria representing similar (respectively opposite) preferences on the set
of alternatives are represented by axes which have a similar direction (re-
spectively opposing directions).

e independent criteria are represented by orthogonal axes.

e alternatives which have good values on a given criterion are represented
by points which are close to the axis of this criterion.

e similar alternatives are close in the GAIA plane.

e if the 7 axis is long, it has a strong decision power, and the decision maker
should choose alternatives which lie in the direction and the sense of the
axis.

e if the 7 axis is short, it has a weak decision power. In this case, the w
vector is nearly orthogonal to the GAIA plane. This means that for this
configuration of weights, the criteria are conflicting, and a good compro-
mise can be found at the origin.

Stability intervals on the weights can easily be calculated so that no modi-
fication of the complete ranking takes place.

7.2 Analysis of the quality measures

This section focuses on the analysis of the selected quality measures by the
multicriteria decision aiding procedure PROMETHEE. We consider the following
two realistic scenarios for the analysis:

Scl: The expert tolerates the appearance of a certain number of counter
examples to a decision rule. In this case, the rejection of a rule is postponed until
enough counter-examples are found. The shape of the curve representing the
value of the measure versus the number of counter examples should ideally be
concave (at least in the neighborhood of the maximum); the order on the values
of criterion gs (non-linearity with respect to the number of counter-examples)
is therefore concave > linear > convex.
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Sc2: The expert refuses the appearance of too many counter-examples to a
decision rule. The rejection of the rule must be done rapidly with respect to the
number of counter-examples. The shape of the curve is therefore ideally convex
(in the neighborhood of the maximum at least) and the order on the values of
criterion g5 is convex > linear > concave.

We first analyze the problem with equal weights for the criteria. The total
rankings for both scenarios are given in table 12.

Table 12: Total rankings for scenarios Scl and Sc2.
5

Rank: 1 2 3 4 6 7

Scl: INTIMP EII LOE oM CENCONF Conv -IMPIND,PDI
Sc2: oM Conv Lo CENCONF INTIMP -ImpIND, PDI

Rank: 8 9 10 11 12 13 14

Scl: ZHANG PSS ECR CONF 1G R

Sc2: EII ZHANG PS R, LIFT SEB CONF
Rank: 15 16 17 18 19 20

Scl: LiFT LC SEB KaprpPA Sup Lap

Sc2: Kappa LC 1G ECR Lap Sup

First, we notice that both scenarios reflect the preferences of E, on the
shape of the curve. We can see that for Scl the two leading measures are
InTIMP and EII which are both concave. Similarly, for Sc2, the two leading
measures are OM and CONV which are both convex. This is quite interesting
because in both scenarios the weights of the criteria are all equal. This means
that E, has not expressed any particular preferences on the criteria. A small
experience shows that it is important to distinguish both scenarios. If we give
criterion g5 an important weight (33%), the first positions of the ranking for
Scl (respectively for Sc2) are held by INTIMmP, EII, ZHANG, ECR, LOE and
IG (respectively by OM, ConNv, SEB, and LOE) which are mostly concave
(respectively convex). This analysis furthermore shows that the linear measure
LOE is a very interesting measure as it is well placed in both scenarios. It stands
for a good compromise.

Table 13: Net flows for Scl and Sc2.

Scl | INnTIMP EII LoE oM CENCONF Conv ... | Lap
) .32 .18 .18 .16 .13 .08 | =32
Sc2 oM Conv | LoeE | CENCONF INTIMP -IMPIND | ... | Sup
o) .38 .30 .20 .15 12 .10 ... | -.30

A sensitivity analysis on the weights system shows that small changes in the
weights affect the ranking. A closer look shows that these modifications only
occur locally and that the first positions of the ranking remain stable. This is
confirmed by the values of the net flows ¢ of the 5 leading elements of each of
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the rankings presented in table 13. This table shows that the ¢(a),a € M are
spread uniformly between their minimum and their maximum values for both
scenarios. In particular, we can see that the leading positions vary only for
very significative changes in the weights system. Therefore one can say that
for an expert who has no particular opinion on the importance of the different
criteria, or who considers that the criteria are equally important, the rankings
of table 12 are good hints.

An analysis of the GAIA planes gives us further indications on the measures.
Figure 4 shows the GAIA planes for Scl and Sc2.

Ps AR PS R
1QC AD Lift 1QC AA Lift
GIA A Sup GIA A Sup
2 A ConfCen ) ; A ConfCen
g g g g 5
wp, & Surp_e8 wp, & tmt
-lnllmpA MC -ImlmpA urp  MC
Conv g pi Conv
S epi AALap AALap
ALOE ALOE
gl Seb A gl Seb A
g4 Conf A g4 Conf A
A Intlmp A IntImp
A Zh:
aqp 2Zhang ATEC AIE ang ATEC
Plan Sc1 Plan Sc2

Figure 4: Plans GAIA pour Scl et Sc2

Let us first note that the percentage of cumulated variance for the first two
factors represented by the GAIA plane is 58.8%. The information taken from the
GAIA plane should therefore be considered as approximative and conclusions
be drawn with much care. Firstly we observe that the measures (triangles on
the figure) are distributed homogenously in the plane. Secondly we can see
that the GAIA plane is well covered by the set of criteria (axes with squares on
the figure). We conclude that the description of the selected measures by the
criteria is discriminant and only little redundant.

For Sc1 we can see that several couples of criteria are independent: (g4, gs),
(94, 96)5 (91, 95), (91,96), (94, 98) and (g1,9s). We can also observe conflicting
sets of criteria. For example {gi, g4} and {go, g3} are conflicting. Similar ob-
servations can be done for the two sets {gs, 96} and {g7,9s}. This type of
information gives hints on the behavior and the structure of the problem. For
example, measures of M which are good for criterion g5 (concave) will tend to
be bad for criterion gg (unintelligible).

For Sc2 similar observations can be done. The major difference lies in
criterion g5 which represents similar preferences than criteria g; and gg but is
conflicting with gs.

The decision axis 7 is quite long in Sc1 and heads in the opposite direction
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of g7 and gg. This means that measures which allow to fix the threshold easily
and which are very understandable (and which are quite bad on the remaining
criteria) can appear in the leading positions of the ranking only if the relative
weights of ¢g; and gg are very high. However we think that the importance
of criterion g3 (independence hypothesis) should not be neglected compared to
a criterion like gg (intelligibility). Thus, if the expert is aware of the impact
of his weights choice on the result, we can suppose that a measure like SuP,
exclusively good on g7 and gg, will never appear in the leading positions of the
ranking.

For Sc2 the decision axis 7 is rather short. This indicates that the vector w
is almost orthogonal to the GAIA plane in the k-dimensional space. As indicated
in earlier in Section 7.1 the good compromise is situated close to the origin. This
explains the ranking of table 12.

The positions of the measures in the GAIA plane (for Scl and Sc2) show
that many alternatives have similar behaviors with respect to weights variations.
This is confirmed by their similar profiles in the decision matrix. Thus PS and
KApprA, or SEB and CONF, or LIFT and R, or -IMPIND and PDI are close in
the GAIA plane and have similar profiles. This couples of measures will tend
to appear in neighbor positions in the ranking. An important comment should
be done at this point of the analysis of the GAIA plane. As it represents only
a part of the information of the original cloud of points, each observation must
be verified in the data or on basis of other techniques. An erroneous conclusion
would be to consider CONV and LAP as similar measures due to their proximity
in the GAIA plane. In fact, their profiles are very different and consequently
their behavior in case of weights variations will not be similar.

This quite detailed study of the problem shows the utility of an analysis by
means of a MCDA tool like PROMETHEE. On the basis of the previously made
observations we can suggest two strategies.

The first strategy consists in checking first that the expert has well under-
stood the meaning of each of the criteria and their influence on the final result.
Then, by means of a set of questions, he must express the relative importance
of the weights of each criterion. Criteria like g3, g4 and g; will necessarily have
high weights to guarantee a certain coherence. Indeed a measure which has not
fixed values at independence and in the situation of a logical rule and what is
more a threshold which is hard to fix is quite useless in an efficient search of
rules. According to the preferences of the expert the relative importance of cri-
teria like g; and gg can vary. The analysis should be started usiong this initial
set of weights for the criteria. The stability of the resulting ranking should then
be analyzed, especially for the leading positions. If a stable ranking is obtained,
the GAIA plane, the value of the net flows and the profiles visualization tool
allow a finer analysis of the leading measures. The values of the net flows gives
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a hint on the distance between two alternatives in the ranking. Two measures
with similar values for the flows can be considered as similar.

The second strategy consists in a first step in an exploration of the GAIA
plane. This procedure helps the expert understand the structure of the problem
and detect similar and different measures. Furthermore, the visualization of the
criteria in the same plane as the alternatives allows to visualize the influence of
the modification of the weights on the final ranking. This exploratory strategy
should be applied with an expert who has an a priori knowledge on certain
measures. He will be able to determine his preferences on the importance of
the criteria by detecting some well known measures in the GAIA plane. Using
this weights system as, the first strategy can then be applied. An a posteriori
validation can be done by determining the positions of the well known measures
in the final ranking.

To show the utility and the usefulness of the method, we finish this section
by a simulation of the behavior of an expert E,.. We suppose that F, is searching
for a measure which can be easily used. Thus he would like the measure to be
easily readable and that the thresholds are constant. The weights system he
suggests is given as follows: g1 (10%), g2 (5%), g5 (15%), g4 (15%), g5 (10%),
g6 (5%), g7 (156%) and gg (25%). The leading positions of the complete ranking
are given in table 14.

Table 14: Ranking and net flow for the preferences of E,
1 2 4 5 e
OM (.30) | CENCONF, LOE (.22) | ConrF (.17) | INTIMP (.16)

We can clearly see that OM is the best measure for this weights system.
It is an easily interpretable measure which is E,.’s main objective. A stability
analysis shows that the leading positions remain stable for variations in the
weights system. Furthermore, OM stays in its leading position with a net flow
which is significantly greater than the one of the second measure. The remaining
desires of E, are also satisfied. Indeed the measure is good on g3, g4, g7 and gs.
Besides, OM is also competitive on g; and g,. Its weaknesses are in the shape
of the curve (convex) and its sensitivity to n, but these criteria are considered
as less important by E,.

8 Conclusion

In this article, we have proposed an initial array of 20 eligible measures evaluated
on 8 properties. Given this array, we have shown how to use an MCDA method,
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and help expert users choose an adapted interestingness measure in the context
of association rules. Our approach is a first step to improve the quality of a set
of rules that will effectively be presented to the user. Of course several other
factors could be used, like attribute costs and misclassification costs [Freitas,
1999], cognitive constraints [Le Saux et al., 2002]. ..

In addition to the interest of having such a list of evaluation criteria for a
large number of measures, the use of the PROMETHEE method has confirmed
the fact that the expert’s preferences have some influence on the ordering of the
interestingness measures, and that there are similarities between different mea-
sures. Moreover, the PROMETHEE method allows us to make a better analysis
of user’s preferences (the GAIA plane makes it easy to identify different clusters
of criteria and alternatives).

Of course, the set of criteria has to be extended. Our set of criteria covers a
large range of the user’s preferences, but it is clearly not exhaustive. New criteria
could also lead to a better distinction between measures which are similar at
the present time. We are confident that some important criteria may also arise
from experimental evaluation (such as the discrimination strength).

Finally, we would like to point out that even if Sup is poorly rated in
both scenarios it is a mandatory measure in algorithms like APRIORI since its
antimonotonicity property drives and simplifies the exploration of the lattice of
itemsets. In our set of 20 measures, SUP is the only one having this property.
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