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Abstract well in such cases. Can AC techniques be used for the im-

balanced situation?

The application of association rule mining to classifica- Recently Webb [16] has shown the value of using statis-
tion has led to a new family of classifiers which are often re- tically significant rules and has demonstrated that many of
ferred to as “Associative Classifiers (ACs)”. The advantage the rules mined usingupport-confidencare spurious and
of ACs is that they are rule-based and thus lend themselvesare irregularities in the data rather than properties otitire
to an easier interpretation. Another advantage that ACs en- derlying population. We believe that the same holds true
joy is that they are based on a global search criterion, umlik from rules used for classification. It is also well known that
other rule-based classifiers — e.g. decision trees —whieh us confidence has non-intuitive properties in imbalanced data
a greedy search strategy. sets. For example, high confidence rules can also be neg-

Rule-based classifiers can play a very important role in atively correlated. In this paper we combine statistically
applications such as medical diagnosis and fraud detection significant rules with a new measure, tiéass Correla-
where “imbalanced data sets” are the norm and not the ex- tion Ratio(CCR), which leads to a better classifier. As we

ception.

will show, CC R overcomes the weaknessescofrelation

The focus of this paper is to extend and modify ACs for andconfidence Furthermore, our method doest use the
classification on imbalanced data sets using only statisti- Support-confidence paradigm.

cal technigues. We combine the use of statistically signifi-
cant rules with a new measure, tdass Correlation Ratio
(CCR), to build an AC which we call SPARCCC. Exper-
iments show that in terms of classification quality, SPAR-
CCC performs comparably on balanced datasets and out-
performs other AC techniques on imbalanced data sets. It
also has a significantly smaller rule base and is much more
computationally efficient.

1 Introduction

Since the introduction of CBA [8] many variations on
Associative Classifiers have been proposed in the litezatur
[7,2,17,15, 4,5, 3, 13]. Most of the ACs are based on rules
discovered using theupport-confidencparadigm and the
classifier itself is a collection of rules ranked using confi-
dence or variation thereof. In many application domains,
the data sets are imbalanced, i.e., the proportion of s@mple
from one class is much smaller than the other class(es). Ad-
ditionally, the smaller class is the class of interest. Winfo
nately, thesupport-confidencgamework does not perform

We make the followingontributions:

e We propose theClass Correlation Ratio ¢CR),
which measures the relative class correlation of a rule
and overcomes the downsidesaafrrelation A high
CCR is desirable because it means the rule is more
positively correlated with the class it predicts than the
alternative(s).CCR also forms the basis of an effec-
tive rule ranking method that does not requitnfi-
dence This method could also be beneficially em-
ployed in other algorithms.

e We prove that confidence and support are biased to-
ward the majority class in imbalanced datasets in the
context of CC'R.

e We propose an Associative Classifier that is based
purely on statistical techniques. We call the method
Significant, Positively Associated and Relatively
Class Correlated Classification (SPARCCC)be-
cause we use only rules that are statistically signifi-
cant (using a one sided test so the antecedent is pos-
itively associated with the class), and where the an-
tecedent is more correlated with the class than with



the other class(es). We also search directly for signifi- | l X l -X l Yrows |

cant rules — using this to prune the search space. This Y a b a+b
classifier outperformsupport-confidencbased asso- -y c d c+d
ciative classifiers on imbalanced datasets. Since there ¥cols | at+c | b+d | n=a+b+c+d

are standard levels of significance, it is also relatively
parameter free. Finally, since the rules are significant
and relatively class correlated, they may be examined
for insights into the data.

Figure 1. 2 x 2 Contingency Table for X — y.
We will often use the notation  [a, b; ¢, d].

The the remainder of this paper is organised as follows:
Section 2 gives a brief summary of AC. Section 3 describes ysed for classification, as we would like to make a decision
a significance test we use and tlass correlation ratio  pased on significant evidencale are interested in rules
Section 4 proves that confidence (and support) is biasedx _.  that are statistically significant in the positively
against the minority class. Section 5 describes our tech-gssociated directioriToward that end, we udgisher’s Ex-
nique in detail. We provide experiments in Section 6 and act Test(FET) oncontingency tablesf the form of Figure

survey related work in Section 7. 1. FET is anexact test(permutation tedt Given a table
[a, b; ¢, d], FET will find the probability -value) of obtain-
2 Associative Classification (Background) ing the given table or a table whe?e andy are morepos-

itively associatedunder the null hypothesis thatX, - X}
and{y, -y} are independent, and that the margin sums are

In Association Rule Mining (ARM) the data is a set of fixed. Thep-value is given by:

transactiond” = {t1, ..., t|p|}, €ach of which is a subset of
the set of itemst; C I, I = {i1,...,i|7}. Thesupportof
anitemsetX C I'issup(X) = |{t; : X Ct; At; € T} min(b,c)
An association rule{’ — Y’ is an implication between two (4, b; ¢, d]) = Z
mutually exclusive itemset¥ andY. Thesupportof X —

(a+d)l(c+d)l(a+c)l(b+d)!
nl(a+ )b —i)l(c —)!(d +9)!

=0

Yissup(X — Y) = sup(X UY) and itsconfidences
conf(X —Y) =sup(X —Y)/sup(X). We only use rules whosevalues are below the level of

In the Associative Classificatiorproblem, we assume a  significance desired. Rules that pass this test are therefor
discrete dataseb with attributesA = {ay,as,...,aja}, statistically significantin the positively associatedediion.
one of which is the class attribute.. In every in- We also prune the search space using significance, rather
stanced € D, each attributes; € A takes one of a  than support, as outlined in Section 5.2. FET’s continuous
finite number of possible values; = {v;1,...,v; v} felpproxima_tion—thg2 test—cc.)ulld aIsp be u;gd, hovyeyer it
so thatd = [v1j,v2k,...,vja),] (for somej k..., 1). is less desirable as it cannot distinguish positive astonia
As an ARM task, the attribute-value pairs become items (it is a two-sided test).
(Namely, v, 4. 4v,_,j+; = (ai = v;;)) and the in- In addition to statistical significanceorrelation also
stances become corresponding transactions. The previforms a very important component of our techniquéle
ous instancel then becomes a transaction= {(a; = are interested in rulest — y whereX is more positively
V1), (a2 = va5), ..., (aja) = vja,k)}. Clearly, there will correlgted wi.th:y_than itis withjy. In this paper we use the
be 214 |Vi| = |I] items and each transaction will have following definition of correlatiof:
size| A]. Since the described mapping is a bijection, we can
frgely interchan_g@s;ancesandtrgnsactiOQSNhe_n conve- iy sup(X Uy) - T a-n
nient. TheClassification Rule Mining task is to findnter- corr(X —y) = sup(X) - sup(y) ~ @+ o) @t

estingrules X — y whereX is a set oflegal (an attribute
cannot occur more than once) attribute value pairszaisd X and y are positively (negatively) correlated if

one of the class attribute value pairs. Byeresting we corr(X — y) > 1 (< 1), and independent otherwise. Note
mean rules that, in conjunction with other mined rules, are thatcarr(X — y) = I(X,y), whereI(X,y) is thelnter-

likely to perform well for classification of unseen data. est Factor{12]. This measure has downsides when used by

itself. It is clear to see that increasing the size of theskdta

3 Significance and Class Correlation Ratio , . _
1To be more preciseorr(X — y) this is theestimateof corr(X —
_ _ P(XUyCt) < defi
o Lo Loy = BXCD) PED” wherecorr(X — y) is defined over the underly-
There are strong arguments for mining statistically sig- ing process thatéenerates the data. Also recallsiportwas defined as

nificant rules [16]. These also hold true when the rules arethe number of transactions supporting an itemset — henddttia coir.



by increasingi (refer to Figure 1) will increase the correla- A | sup(y) < sup(—y)

tion betweenX andy — even though it is actually increas- B | corr(X —y) > corr(X — —y)
ing the association betweenY and—y. The reverse holds le. COR(X —y) > 1

for decreasingl. For example, consider the tablg = B' | corr(X — y) <corr(X — —y)
[100, 20; 20, 10] where X andy are have a strong associa- le. COR(X —y) <1

. N - . C | conf(X —y) > conf(X — —y)
tion butcorr(X — y) = 1.04 (almost independent!). If we = sup(X — y) > sup(X — —)
increased to get7, = [100, 20; 20, 200] then clearly—X o c_onf(X ) < conf(X = )
and—y are strongly associated, btfrr(-X — —y) =14 = sup(X — y) < sup(X — —y)
while now corr(X — y) = 2.36! This is clearly undesir-

able. This problem arises only in imbalanced datasets how-
ever — note how changing changes the class distribution.
We therefore daot search for positively correlated rules
using it. When we speak of a rule being positively associ-
ated or correlated, we mean by using tre sidedest of
significance described above. The FET does not have this

downside because of the constant margin sum restriction.t)' The confidence of aignificantrule (it does not make

Indeed,p(T1) — 0.041 (significant at the).05 level) and sense to use |nS|gn|f|ca_mt rules, and_ their confidences are
(T5) = 1.07 - 10~4 (highly significant) unlikely to mean anything anyhow) is therefore a useful
Pi2 . ) o measure of the rule strength in classificatiobut only in
We usecorr(-) to measure how correlated is with balanced datasetsVe show thatonfidencgandsuppor
compared to-y. That is, we use what we call thelass . ) ) . A pport
Correlation Ratio (CC R): while we're at it) are biased toward the majority class under
the CCR. This is useful for explaining why using confi-
dence to rank rules for classification of imbalanced dasaset
can give poor performance. It also provides us with addi-
tional reasons to us€ C'R for ranking rules, and Section

. . 5.1 describes how we can correct for the bias. In our pre-
This measures how much more positively the antecedent P

is correlated with the class it predictg]ative to the alter- ;Ir?;; ezaer:piltee, tﬂgt‘rautlzak?:iz ()glgirfj)bTat?é%ln both T
native class(es). This avoids the downsides of using an ab- 5 P 9 y '

solute corr_elatlon measure — mdt_eed,_ t_erms cancel out. Fur'Lemma 1 Confidence (and support) are biased toward the
thermore, it makes a lot of sense intuitively — you would not

want to use a rule that is more correlated with classes otherrnajority class under th€lass Correlation RatioSpecifi-
i ) . cally (the statements in parentheses are defined in Figure
than that it predicts! Returning to the exampl&,R(-) =

. 2):
1.25 for Ty andCCR(-) = 9.17 for T». This also says that )
X — y is a better rule under;, than underT;. This is 1. If X — y is more positively correlated thali — —y

f‘r“el - |td|sthuch _mo_tre ?'Scr'm'giﬂve t;ecatjr;se uTﬂTgry . buthas a lower confidence (support), themust be
is already the majority class and therefore the rule does not o o oo e A o s A)

provide much additional information. In fact, th&forma-

tion Gainof usingX — y over() — y is only 0.072 bits 2.
underT; but is 0.215 bits underT,. Recall also that the

rule was much more significant undgy. We only use rules

with CCR > 1, so that no rules are used that are more
positively associated with the classes they do not predict.
Furthermore, we us€’C'R in our Strength Score 3.

Figure 2. Statements for Lemma 1. -y means
all class attribute-values other than .

a-(b+d)
b-(a+c)

_corr(X —y)
CORX —y) = corr(X — —y)

If X — y is more positively correlated and more con-
fident (frequent) tharlX — -y, we cannot say any-
thing about whethey is the minority or majority class
(BANC /= AandBAC = —A).

If y is the minority class an — y is more confident
(frequent) thanX’ — —y, then itis also more positively

4 Relative Correlation Bias of Confidence correlated A A C —> B).

(and Support) on Imbalanced Datasets 4. If y is the minority class anX — y is less confident

(frequent) thanX — —w, there is no relationship be-
tween the correlation of the rulesi\ ¢’ /= B and
ANC'/=— -B).

Confidence is widely used as a measure of strength of
a classification ruleX — y because it is arestimate
(the dataset is a sample) of the probability that, given the

attribute-value pairs itk appear in a transaction (instance) 5.

t generated by the underlying process, the instance will have
the class labey. Thatis,conf(X — y) ~ P(y € t|X C

If y is the minority class an&k — y is less positively
correlated thanX — -y, it is also less confident (fre-
quent) AA B = ().



. If y is the minority class an&X — y is more positively
correlated thanX — -y, then we cannot say anything
about their confidences (supports) \ B /—~ ('
andA A B = -C").

Proof:

1. ¢ = 1> sup(X Uy)/sup(X U-y),
B = sup(X Uy)/sup(X U-y) > sup(y)/sup(-y),
henceB A C' — A.

. Counter examples: Bup(y) = 0.3 -n = n — sup(-y),
sup(X) = 0.5-n, sup(X Uy) = 0.3-nandsup(X U—y) =
0.2-n we contradictBAC — —A. If sup(y) =0.7-n =
n — sup(y), sup(X) = 0.8 - n, sup(X Uy) = 0.6 - n and
sup(X U-y) =0.2-nwecontradicB A C = A.

sup(XUy)-n sup(XU—y):n _ sup(~y) ;
3. C = sup(X)-sup(y) sup(X)sup(—y) | sup(y) , which,
using A4, is greater thaq%% =corr(X — —y).

. Counter examples: Leup(y) = 0.3 - n = n — sup(—y).
If sup(X Uy) = 0.2 n andsup(X U —y) = 0.3 - n and
sup(X) = 0.5 - n we contradictA A C' /= —B.

If sup(X Uy) = 0.2 n andsup(X U —y) = 0.6 - n and
sup(X) = 0.8 - n we contradictd A C /— B.

/ sup(XUy) sup(XU—y)  sup(y) ; i
5. B = s (D) < sup(X) Sup(=y)’ which, using
A, is less tharEX o) —con f(X — y).

. Counter examples: Leup(y) = 0.3 -n = n — sup(—y)
andsup(X) = 0.5-n. If sup(XUy) = 0.2-n andsup(X U
-y) = 0.3 -n we contradicd A B = —C". If sup(X U
y) = 0.3 -n andsup(X U —y) = 0.2 - n we contradict
ANB = (.

Suppose we have a two class problem adéscribes the
minority class. 3) tells us that K — y is more confident
than X — -y, then it is also more positively correlated.
However, the reverse does not hold as described by 4). Tha
is, if X — —y is more confident thal — vy, then it may or
may not be more positively correlated. This means we may
have a highly confident rule for the majority clads,— —y
(that is more confident thaX — ), but is actually less
positively correlated tha® — y — very undesirable! In the
opposite case, 5) tells us that a rule in the minority class,
X — y, with lower relative correlation will also have lower
confidence tharlX — —y. Again, this does not hold for
the majority class.Since higher confidence (support) for a
rule in the minority class implies higher relative corratai
(CCR > 1), and lower relative correlationCR < 1) in
the minority class implies lower confidence, but neither of
these are true for the majority class, we say that confidence
(support) tends to bias the majority class — because confi-
dence (support) and'C R can only ‘contradict’ each other
in the majority class In a related matter, 1) tells us that if
X — y is more positively correlated thai — —y but is
less confident, thep must be the minority class. Again,
the reverse does not hold in generall this means that if

threshold) we are more likely to miss rules that are reldtive
positively correlated (havé’C R > 1) applying to the mi-
nority class than in the majority class. Furthermore, when
ranking by confidence (support) we are likely to use rules
that are relatively negatively correlated (hat&'R < 1)
predicting the majority class over relatively positivelyre
related C'C' R > 1) rules predicting the minority clas&x-
periments on imbalanced datasets also readily verify that
ranking based on confidence is biased toward the majority
class.

imbalanced dataset with

Example 1 Consider an

sup(y) = 15 and sup(—y) = 100. A possible
contingency table is[5,10;10,90]. Even though
conf(X — y) = 3 < conf(X — -w) = 2,

X has a significant positive association withy
(Pvaiue = 0.02). Furthermore,corr(X — y) = 2.56
andcorr(X — —y) = 0.77 so this rule has a higiC'CR
(CCR = 3.32 >> 1) and is thus a very good rule.

5 SPARCCC

There are four components to SPARCCC. We describe
how they fit together here, and outline them in detail in the
subsequent sections.

1. Thelnterestingness and Rule Rankiteghnique (Sec-
tion 5.1) determines which of thgotentially interest-
ing rules mined by the&Search and Pruning Strategy
are in factinteresting It also determines th8trength
Scorewe assign to the resultirigterestingrules.

t 2. TheSearch and Pruning Strated$ection 5.2) deter-
mines how the space of all possible rules is examined
and pruned. This determines the candidate rules we
consider as possibly being interesting — i.e. plogen-
tially interestingrules. The choice of strategy deter-
mines the computational performance and we evaluate

three possibilities.

3. TheRule Selection Metho(Section 5.3) determines
which of theinterestingrules are to be used for classi-
fication. It makes use of tHeule Rankingtrategy and

outputsselectedules.

4. The Classification MethodSection 5.4) determines
how we classify an unseen instance by usinggbe
lectedrules. It makes use of tHeule Rankingtrategy.

5.1 Interestingness and Rule Ranking

We perform the following tests to determine whether a

we choose high confidence (support) rules (e.g. by using apotentially interestingule isinteresting:



e We check the significance of a rulé — y by per- In terms of a suitable classification performange),
forming Fisher’'s Exact Test on the contingency table experiments show that on relatively balanced datasets:
of Figure 1, as earlier described. We recordihg.,..

e We check whethetorr(X — y) > corr(X — —y) P(SSpcon) % PASSpcong.con) % PISSp con)
(CCR(X — y) > 1). Ifthis is not the case, the rule While on imbalanced datasets:
is not interesting because it is more correlated with the
alternative class(es) than it is with the class it predicts. P(SS,.ccr) >> P(SSp conf,cor) >> P(SSp.conf)

Theinterestingrules —those that pass the above two tests  That is, the use ofCCR achieves the highest per-
— are candidates for the classification task. formance on imbalanced datasets while performing com-
In order to use the rules to make a classification, we needparamy on balanced datasets. As expected, this agrees
a ranking (ordering) of the rules. That is, we need a mea-njcely with our discussions and theoretical results in Sec-
sure of how interesting a rules is, in the sense that it besttions 3 and 4. Furthermore, note that in a completely bal-
captures the ability of the rule to make a correct classi- gnced datasety/CR(X — y) reduces to% —
fication. This ordering is defined by tH&trength Score conf(X—y) . . our Y
of the rule, SS(X — y). Since this paper focuses on conf(X—-y)" Th's ISa I.’IICG result, because it shows that the
significant and correlated rules, one might consider using C1ass Correlation Ratigeduces to what we shall call the
SS,(X — 1) = (1 — Poatue) to rank theinterestingrules Clas_s Support Ratiand theClass Con_flde_nce Rafuo _
by their level of significance in the positively correlated d Finally, we note that thg, ;.. has little impact in the fi-
rection. Experiments show that this does work, however nal score, because it varies at most by the significance level
the performance is not good enough to compete with other!t’s inclusion therefore favors more significant rules oiily
techniques. The reasons are intuitive: they.. does not  the other components &S are similar.
vary much, and by ranking according to it we do not take . .
into account how likely the rule is to produce a correct clas- EX@mple 2 Recall Example 1 where a highly positively
sification. corlrelated and significant rule had a very low confidence
Based on the discussions in Sections 3 we therefore usegf,g' S0 55p,conf - 0.33. Hoyvever,CCR(X = V) -
5= = 3.33. Inclusion of this in the strength score raises
SSp,CCR(X — y) = (1 _pvalue) . CCR(X — y) it from 0.33 to SSp,conf,CCR = 0.33-3.33 = 1.09. In
comparison, if the classes had been equally distributeal, th
Confidence is aestimateof the probability that, giverk rule would have been negatively correlated, insignificant
occurs,y will occur. Therefore in balanced datasets, cho0s- and CCR(X — y) would have beed. This demonstrates

ing the rule with the highest confidence gives the highest ex-nhowCCR can be used to counteract the biascoff(-) in
pected probability of making a correct classification. Bier  jmpalanced datasets. Clearl§S,.ccr = 3.27.
fore, for comparison, we also evaluate: ’

58y cont(X = y) = (1 — Poatue) - conf(X — y) 5.2 Search and Pruning Strategies

But as Lemma 1 showspnfidencénas a bias toward the The overall strategy is a bottom up item enumeration
majority class. WhileSS,, ...y performs well on balanced technique, as all the rule¥’ — y : X’ c X will be ex-
datasets, it performs very poorly on imbalanced datasetsamined beforeX — y and the search is over the item space
Recall thata) a highly confident rule predicting the major- (attribute-value space). The underlying algorithm used to
ity class may in fact be more negatively correlated than the do this is a variation of GLIMIT [14]. It performs this task
same rule predicting the other class(es), Bhd rule that in a depth first fashion. It uses linear space in the number of
is more positively correlated but predicts the minorityssla  instances, linear time in the number of itemsets (classifica
may have much lower confidence than the same rule pre-+ion rules and their antecedents) that need to be considered
dicting the other class(es). Now, our interestingnessrigit  and one pass over the dataset. While this is faster than alter-
above excludes case a), but it does not correct for the biasatives such as Apriori [1] or FP-Growth [6], either of these
in confidence for less extreme cases and it does nothing tacould potentially be used.
fix case b). We propose to correct this usig' R: The general idea of a rule being statistically significant is

not anti-monotonic. To avoid examining the entire space

SSp.conf,ccr(r) = (1= Puatue) - conf(r) - COR(r) we use search strategies that ensure the concept of being

For the ruler — X — y. This works by giving poor potentially interestings anti-monotonic. That isX — y
rules a lower score (in comparison to better rules) and scal-  21pg
ing up cases of b)Y CR(X — y) > 1. e

search space for finding classification rules is
lap(IVil +1)

,,,,,



t: X Ct \ t: X —{z}CtAz¢gt \ t: X —{z}Ct \
t:yet | a=sup(X —y) b=sup(X —{z} = y) —sup(X —y) a+b=sup(X —{z} —vy)
t:-yet | c=sup(X —y) | d=sup(X —{z} — —y) —sup(X — —~y) | c+d=sup(X —{z} — —y)
a+c=sup(X) b+d=sup(X —{z}) — sup(X) a+b+c+d=sup(X —{z})

Figure 3. The contingency table [a, b; ¢, d] used to test for the significance of the rule X — yin com-
parison to oneof its generalizations X — {z} — y for the Aggressive-Ssearch strategy.

mightbe considered gsotentially interestingf and only if that we can evaluatejg ;... for so-called “default rules” —
all {X’" — y|X’ ¢ X} have been found to hgotentially rules with no antecedent. Thg,;..s for these tend to be
interesting We use the following search strategies: high, but we keep them in case no other rules match.
We advise using Aggressive-S first, as it is faster. If this
e Select a new attribute-value in such a way that it makesruns quickly then Simple-S should be tried, as it allows
a significant positive contribution to the rule, when more rules to be considered and may have slightly higher
compared to alimmediategeneralizations. Specifi-  classification performance.
cally, Figure 3 describes how we test for the signifi-
cance of the ruleX — y in comparison taneof its 5.3 Rule Selection Method
generalizationsX — {z} — y. TheruleX — y s
potentially interestingnly if the test passes for all im- The algorithm in Figure 4(a) returns the set of high-
mediate generalizatioqsY —{z} — y : z € X}. This  est ranking rules so that each training instance is covered
effectively tells us that, when compared to the imme- py (and correctly classified by) enough rules for it to have
diate generalizations, all of the attribute-value paiI‘S in minGroups groups of ru|GS, where each group is made up
the antecedent of the rule make a significant positive of ryles with the same scores. This is a type of covering

contribution to the rule’s association with the class. technique_ We use the Concept of groups, which is driven
This technique prunes the search space most aggreshy theClassification Methodbelow.

sively, as it perform$X | tests per rule. However, this
also means that it greatly favors shorter rules, as theys 4  (Classification Method
have fewer tests to pass. It is almost the same strategy
as used by Webb [16]. In our experiments, this tech-

. g ; The algorithm in Figure 4(b) makes the decision based
nigue is calledAggressive-S

on the highest ranked (according to tBé&rength Scone
matching rules. If there is one rule with the highest score, 0
multiple rules with the same score but predicting the same
class, then the choice is straightforward — simply pick the
class predicted by the rules. However, if there are multiple
rules with the same score but predicting different classes,
then we pick the class predicted by the majority of the rules
in the group. However, there may be cases where there is
no single majority class in the group. In this case, we first
remove from consideration any classes that are not in the
dmajority. Then, we use the next group of rules to make a
decision between the remaining classes. We continue to do
this until there is a majority. If we run out of rules, we make
e Use a minimum support threshold. All rules with a random choice between themainingclasses. In addi-
supp(X — y) > minSup are potentially interest- tion to this, we ensure that we do not run out of rules for
ing. We do this only as a point of comparison. In our any class. For example, suppose we Haweatching rules,
experiments, this technique is callSdpport. Unlike and further suppose there are two rules predicting difteren
the other techniques, it does not direct the search byclasses in the top group. We cannot make a decision based

e Use FET as described in Section 3 and force it to
be anti-monotonic. That is, if and only if all rules
{X — {2z} — y : z € X} arepotentially interest-
ing, then we use the contingency table of Figure 1 to
determine whetheX — y is potentially interesting
Note that this is recursive. Also note, therefore, that
all rules found to bepotentially interestingare already
half way to beingnteresting In our experiments, this
technique is calle&®imple-S for simple significance
based search. It performs only one test per rule an
examines more of the search space.

significance. on the top group alone. If we used the next group, we'd pre-
dict based on the only remaining rule, even if it has a very
For the first two techniques, we defirep(d) = |T7, low score. So in this case there is a bias toward the class that

the number of transactions (instances). This is neceseary shas the most rules, even if they are of poor quality. This is



/I R is the set of rules found
/I T is the set of training instances (transactions)
SR = ruleSelectionByGroups®,minGroups)
sort R in descending order by the rule’s scorestore)
SR = (/] the selected rules
foreacht € T
prevScore = 0o, groups = 0
for eachr € R and whilegroups < minGroups
if (r.X Ct.X Ary==ty)
/ the rule applies to and correctly classifies
SR=SRUr
if (r.score < prevScore)
groups + +
prechore = r.score

returnSR
(a) Rule Selection Algorithm.

/I t is an instance to classify
/I SR is the set of selected rules.
¢ = classifyByGroups¢)
M = {r|r.X CtAr € SR}/l the matching rules.
C = {r.y|r € M} Il classes predicted by matching rules.
min = min. |[{ry ==cAr € M}|
[/Ithe minimum number of matching rules for a class.
min = min - |C| /] the number of rules we can use without
/I running out of rules for any class
keep the firstnin rules in M when sorted in descending
order byr.score and delete the rest
group the rules i/ by equal score
counts|[|C|] = [0, ..., 0]
for each groupy, from highest to lowest score
for eachc € C
countslcl+ = |{r|r € g Ar.y == c}|
// the number of rules ig predictinge
max = mazcecq{counts|c]}
for eachc € C
if (counts[c] < mazx) // not a majority.
C=C-c
if (|C| == 1) I/ have one standout majority class
return the onlye € C

return a randomly chosene C.
(b) Classification Algorithm.

Figure 4. Algorithms

same score for each training instance. Therefore, we can
expect to have up teninGroups groups to base a deci-
sion on when classifying.minGroups can be set quite
low, since usually the top group is enough. We choose
minGroups = 3.

6 Experiments

We performed experimerit®n both relatively balanced
datasets as well as imbalanced variations of them. The
datasets are well known UCI datasets [10], with continuous
variables discretised using the technique of [8]. We used
stratified 10-fold cross validation for measuring all perfor-
mance indicators. The methods we describe in this paper
are denoted by “SPARCCC”, with the search strategy be-
ing used in parentheses. For comparison we also use a
purely support and confidence based technique denoted by
“Support-Confidence”. It finds all rules satisfying the sup-
port and confidence thresholds, and uses confidence as the
strength score

6.1 Original (Balanced) Datasets

Note that in Figure 5(a), the average accuracy of SPAR-
CCC is relatively insensitive to the significance level and
compares favorably to CBA, CMAR and C4.5Note that
the choice ofstrength Scorenakes almost no difference (on
average) to the accuracy on these datasets. However, some-
times it may be wise to experiment, as the results on the
“Horse” and “Diabetes” datasets show. There is also little
difference on average between the different search strate-
gies considered in terms of classification performance. Fi-
nally, there is a small trend in significance level — favoring
the use of more significant rules.

However, there are large differences in the search space
examined and hence the run times, as shown in Figures 6(a)
and 6(b). Our methods have a much smaller search space
and hence computational complexity than the other AC
methods. Despite having very similar accuracy, the search
space explored by “Aggressive-S” {4.6%, 1.4%, 1.3%}

(for significances 0f{0.05,0.01,0.001} respectively) of
that explored using a support based technique with
minSup = 1%°. If we use the less aggressive search,

not fair’ to the class for which fewer rules were found (for «simple-s”, itis {18.9%, 10.0%, 6%}. These are quite dra-
whatever reason — for example, this could happen if it was matic savings.

the minority class). Indeed, we have found that making a
prediction based solely on the class that has the majority of
rules (i.e.: ignoring the score) can have poor performance.

Sperformed on an laptop with: Intel Pentium M 2.0GHz, 1GB of RAM
Windows XP Pro. Programs written in Java.
4That is, there is no use of significance tests or correlatiailaThe

So in this case, we make the random choice. In practice, e selection and classification procedure is as desciibtits paper
when testing this on a few datasets, the random choice was 5The reported accuracy levels for C4.5, CBA and CMAR wereiobth

never exercised.

from [7]
SWe should note thaininSup = 1% is usually recommended —

Note that the rule selection pruning algorithm ensures ,,,;,, 5., — 5% performs worse, and as we shall see, is terrible on skewed

that there are at mostinGroups groups of rules with the

datasets.



Algorithm Strength Score |minSup |minConf |significance ||Australia [Breast Cleve Diabetes |Heart Horse Average
SPARCCC na na 0.05 4.1 956 g1.1 770 g1.1 730 §2.0
{Aggressive-S) |53, gntcor na na 0.01 845 961 815 773 a80.7 784 83.1
na na 0001 842 961 828 780 82.2 784 83.6
na na 0.05 338 94.3 g2.1 750 g1.9 754 824
33 cant na na 0.01 o6.4 5.1 g2.1 737 g0.0 g0.3 2.9
na na 0.0 958 95.3 g3.4 1A g92.6 g0.1 83.1
na na 0.05 84.1 95.4 818 771 81.1 724 §2.0
S5, cer na na 0.01 842 96.0 818 B3 g81.1 784 83.0
na na 000 4.2 96.0 g3.1 B3 2.2 754 834
SPARCCC na na 0.05 83.3 957 828 7B 83.0 587 83.0
(Simple.S) B3, cont ooR na na 0.01 835 959 821 7B g3.0 57 82.9
na na 0001 3.1 395.0 g28 771 g3.0 FEY A §2.9
na na 0.05 936 958.7 g28 780 33.0 754 83.1
S8 R na na 0.01 832 959 821 780 g3.0 754 82.9
na na 0001 85.1 5.1 828 778 83.0 743 83.0
SPARCCC S5y sont.CoR 1%]|na 0.05 842 957 g2.1 By 819 784 83.2
(Supp ort) &% |[na 0.05 84 8 933 818 775 g3.0 780 §3.2
33, ceor 1%|na 0.05 843 957 818 7BE 822 77 82.9
5% [na 0.05 855 927 82.1 730 83.3 80.1 §2.8
Support- conf 1% 0.5|na 05 .4 956 828 767 83.3 0.3 84.0
Confidence 5% 0.5|na 855 927 818 730 83.0 80.1 §2.7
CBA na 1% 0.5|na 4.8 96.3 g28 745 g1.9 g2.1 3.8
CMAR na 1% 0.5|na 861 96.4 g22 758 82.2 8256 84.2
C45 na na na na 847 5.0 752 742 80.8 825 82.6

(a) Accuracy on Original Datasets.

Algorithm Strength Score [minSup |minConf |significance ||Australia |Breast  [Cleve Diabetes |Heant Horse Average
SPARCCC na na 0.08 5358 g58.2 31k 196 23.8 308 41.2
(Agaressive-S) [55; conicor na na 0.o1 458 90.2 53 196 11.8 192 325
na na 0.001 2B 82.4 0.o 5.4 0o 192 23.2
na na 0.08 2.3 B5.6 0o 0.0 0o 0o 11.8
530 cont na na 0.01 23 706 0o 0.0 0o 0o 12.2
na na 0.001 0o a6.9 0.o 0.0 0o oo 9.5
na na 0.05 98 g88.2 42.1 464 47.1 308 54.1
55 cor na na 0.01 4.4 90.2 Nk 4456 176 423 50.1
na na 0.001 58.1 86.3 263 393 59 462 43.7
SPARCCC na na 0.08 418 74.8 42.1 32.1 41.2 gl 431
(Simple-5) 33 cont CCR na na 0.01 3858 78.4 e 338 2358 iaps] 39.0
na na 0.001 85 76.5 53 179 0o 192 264
na na 0.05 4138 745 42.1 554 41.2 B3 47.0
S5 cer na na 0.0 3858 g0.4 e 554 35.3 268 44.8
na na 0.001 38958 g0.4 21.1 3893 11.8 3B 378
SPARCCC 55, cntccr 1%|na 0.05 5.1 706 3k 232 29.4 423 42.5
(Support) a%|na 0.08 233 0o 0o 0.0 0o 77 3.2
S50 cont 1%|na 0.05 5.1 529 211 0.0 23.5 423 33.0
5%|na 0.05 233 0.o 0.o 0.0 0o 38 4.5
S3pcoR 1%|na 0.0& 53.1 706 Nk 429 29.4 423 45.8
5%|na 0.05 256 17.6 53 0.0 11.8 77 11.3
Support- conf 1% 0.5[na 140 373 5.3 0.0 11.8 0o 114
Confidence 5% 0.5[na 0o 0o 0o 0.0 0o oo 0.0
CBA na 1% 0.5[na 93 282 185 383 0o 290 371
CCCS na na na na B4.2 74.3 prE -] 308 18.7 418 42.9

(b) True Positive Rate(Recall, Sensitivity) of the Minority Class dmbalanced Versions of the Datasets.

Figure 5. Classification Performance on Original and Imbala

nced Versions of the Datasets.




Algorithm minSup |minConf |significance |Australia |Breast Cleve Diabetes |Heart Horse Average
SPARCCC na na 005 2840 4,805 1,251 874 3.361 259023 7026
{Aggressive-S) |na na 001 2085 4,102 529 724 1,521 27 831 6,266
na na 0.001 1525 3,404 651 519 1436 25 A94 5573
SPARCCC na na 005( 1687E2 55,149 16,520 3136 47,105] 210735 83,568
{Simple-S) na na 001 102504 35,854 14,047 2580 47 105 61749 44 040
na na 0.001 55218 23532 11,376 2136 47 057 19 347 26,444
any Support 1% any any 501 939 10627 71,038 8363 321577 1,733 455 441 150
method 5%|any any 35095 2,202 11,460 2454 72,060 19,152 24 237

(a) Search Space Size on the Original Datasets.

Algorithm minSup |minConf |significance |Australia |Breast Cleve Diabetes |Heart Horse Average
SPARCCC na na 005 0.184 0.125 0.067 0073 0.062 0.106 0.103
{Aggressive-S) |na na 001 0135 0.112 0.050 0057 0.056 0070 0.080
na na 0.001 0.115 0.100 0.043 0057 0.045 0060 0.070
SPARCCC na na 0.os 17.024 1.281 0917 0557 3.908 13556 6.207
{Simple-S) na na 001 10239 0.954 0.756 0.484 391 4732 3513
na na 0.001 4 587 0.740 0.575 0.410 3.870 1474 1.943
any Support 1% any any 116873 3.8580 5795 1190 30917 353705 85 556
method A% any any 3.284 0.822 0.700 0379 5.198 1.076 1.910

(b) Training Time on the Original Datasets.

Algorithm minSup |minConf |significance |Australia |Breast Cleve Diabetes |Heart Horse Average
SPARCCC na na 0os 172 128 128 48 113 101 115
{Aggressive-S) [na na 0.01 107 105 g5 39 85 a0 79
na na 0.001 515 g5 =14 29 E] 35 55
SPARCCC na na 0.os I FE3 5,375 5,028 1,104 16,354 36 059 17 267
{Simple-S) na na 0o1 21 01 369 4,181 a0s 16,354 9280 9,242
na na 0.001 g 455 2,461 3,144 710 16,336 2723 5638
SPARCCC 1%|na 005] 182359 5,094 19,926 2762 69187 344 860 104,138
{Support) a%(na 0.os 15708 1,020 4,760 895 29326 6339 9687
any Support- 1% 0.5(na 218B37 5175 31,091 3415 137 545 772506 194,728
Confidence 5% 0.5na 15953 1,091 4,932 E1=] 31,164 7 065 10,195

(c) Number of Rules Found (Prior to Rule Selection) on the iDagDatasets.

Algorithm minSup |minConf |significance |Australia |Breast Cleve Diabetes |Heart Horse Average
SPARCCC na na 0.os 1877 3272 424 235 420 234 1,429
(Aggressive-S} [na na 0o1 1318 27E2 309 194 293 1459 1,056
na na 0.001 1072 1,951 246 170 232 736 735
SPARCCC na na 0.os 89 496 31416 8,865 3336 25815 24771 30617
(Simple-S) na na 0ot a4 738 23382 5213 2705 22B17 5043 18,950
na na 0.001 31 B70 15,125 25986 1813 17,889 1289 11,795
any Support 1% |any any /fna 501,132 10,701 93,387 7314 2706B94| 2080 527 493 959
5% |any any/na 50 543 3182 13,355 2534 67,169 39039 29,349

(d) Search Space Size tmbalanced Versions of the Datasets.

Figure 6. Computational Performance and Rules Found (Avera  ged over Folds).

Even more pronounced results are shown in the runthe x? test, and the rules CBA finds without error based
times. For example, “Aggressive-S” takes at mes2% pruning. Therefore, the search space and runtime are di-
of the time, and “Simple-S” takes at mds8% of the time rectly comparable (actually, they are faster than CBA and
of usingminSup = 1%. These are dramatic savings and CMAR due to a faster underlying algorithm).
suggest that these techniques are finding the best rules much
more efficiently. Finally, much fewer rules are found, as can
be seen in Figure 6(c).

So picking the best accurac$3(6%, “Aggressive-S”
using significance d.001 and S.S;, conf,ccr) We can ob-
tain comparable accuracy while searching only 1.3% of the

Note that the rules found by the “Support-Confidence” space, using 0.08% of the time and finding 0.03% of the
algorithm are those that pass thenSup andminCon f rules, when compared to support based methods — for ex-
thresholds. This is equal to the rules CMAR finds without ample; CBA and CMAR.



6.2 Imbalanced Datasets 7 Related Work

Highly imbalanced versions of the datasets were ob- CBA [8] was the first Associative Classifier (AC) pro-
tained by keeping the majority class as is while randomly posed and almost all other ACs are variations on the orig-
selecting a subset of the minority class so that the percentinal CBA design. Forrule mining CBA mines all rules
age of instances with the minority class was 10%. passing support and confidence thresholdsn(Sup and

Figure 5(b) shows th@rue Positive Rate (TPR)f the minCon f). Additionally, it ignores rules based on a “pes-
minority class. Accuracy is a poor performance measure forsimistic error based pruning method” borrowed from C4.5
imbalanced datasets because one can obtain high accurady1]. Unfortunately this still generates thousands of sute
by predicting the majority class. TPR (also knownsas- most of which perform poorly. Therefore,rale selection
sitivity andrecall) is a much better performance indicator. process is needed to select a small subset likely to perform
The accuracy is therefore not shown. It remains high how- well. New instances arelassifiedaccording to the highest
ever —and the accuracy on the original datasets also implieganked rule that is applicable. Rules are ranked according

this. to confidence, support, and size.
The effect of usingC’CR in the Strength Scorés dra- CMAR [7] has many similarities to CBA. The main dif-
matic. One can clearly see the following relationship: ference$ are the use of &2 test instead of the error based

pruning and a more complicatethssificatiorprocedure in-
TPR(SSp,ccr) >> TPR(SSp,conf,cor) >> TPR(SSp.cony)  volving an empirically choseweightedy? measure applied

to multiple matching rules. CMAR uses the same contin-

gency table (Figure 1) as we do for evaluating one of our

For example, when using “Aggressive-S”, interestingness criteria. However, thé test does not dis-
SSpconf,ccr 1S ON average (over datasets and sig- tinguish between directions of association and therefuge t
nificance levels)2.87 times better thanSsS, ..,y and claim in [7] that only positively correlated rules are found
SSp.ccr is 1.58 times better thanSS, conf,cocr and is incorrect. Negatively associated rules are just asylikel
4.44 times better thar$'S, ...¢! This is a very significant  to pass the test as positively associated ones. Even though
improvement. A similar, though slightly smaller effect it checks for significance, it is still based on teepport-
occurs for “Simple-S” and “Support-S”. confidencdramework.

The improvement of our methods over other rule based In general, rules withCCR(-) < 1 will incorrectly
techniques such as CBA is dramatic. We also get higherclassify the training data. These techniques still work be-
results than CCCS [3] which was designed specifically for cause, in balanced datasets, choosing high support and con-
imbalanced datasets. The highest average TPR overall is fofidence rules tends to favor positively correlated rules, bu
“Aggressive-S” with a significance level 6f05. This was this is not the case in imbalanced datasets as Lemma 1
45.8% better than CBA and6.1% better than CCCS. shows. It is not surprising then, that techniques using the

Unlike for the original datasets, the significance level has support-confidencéramework perform poorly on imbal-

a large impact on the classification performance on imbal- anced datasets.

anced datasets, likely due to the pruning of the search space The CCCS [3] technique was proposed to find positively
Interestingly, the use af'C' R had the unexpected benefit of correlated rules. It takes into account imbalanced class di
reducing this effect. We also found that much fewer rules tributions, enabling it to outperform other techniques on
were generated overall. imbalanced datasets. It forcesrrelation to be locally

Finally, the computational performance favors our tech- monotonic and usestap down row enumeraticalgorithm.
niques even more on imbalanced datasets. Figure 6(d) forHowever, there is no guarantee that the rules found are
example shows that “Aggressive-S”, at a significance level statistically significant, and this algorithm generatesiyna
of 0.05, explores only.29% of the space considered by a thousands of rules. It is also very computationally inte@si
support based method withinSup = 1% — and the train-  an does not scale well for traditional datasets where there
ing time is even less. For “Simple-S” it is 6.2%. Note also are more instances than attributes.
that the performance of any support based technique with Morishita et al. [9] use the same test as CMAR but find
minSup = 5% is terrible, as is to be expected. upper-bounds or? for search space pruning. Itis an ARM

So overall, using SPARCCC with a significance based technique and is not used for classification.
search strategy we achieve much better classification per- Webb [16] recently proposed the use of Fisher's Exact
formance on skewed datasets than techniques such as CBA Ve ot Tl CBA B Based on the Aprior alaoritium. while CMAR
(we outperform i_t by u'p to 45'8%_ when using a Signiﬁ(,:ance is bas:dngneFP?GrowthTSSua::Shedifch:ren?:esp(;g)rrl\oi %ﬁgngrzltl\;ve Ith?m are
level of 0.05) while using dramatically fewer computatibna  toyng, just the way in which they are found, and hence arteirat for
resources (0.29% of those used by support based methods})nis discussion.




Test (FET) to examine the significance of association rules [9] S. Morishita and J. Sese. Traversing itemset lattice with
in more detail than [7, 9]. The technigue is almost identical
to the Aggressive-Search strategy we employ for pruning
the search space. Webb doext use the rules for classifi-
cation —instead it is used for knowledge discovery. This re-
quires consideration of the issue of multiple tests. Sihee t
mined rules are not validated, it is very difficult to detemmni
whether the rules are in fact useful. In this paper we mine
significant rules under a number differentstrategies and
use them for classification — which also requires additional
work such as rule selection, ranking and classification. We [13]

therefore have a very good performance indicator — perfor-

mance on unseen data in comparison to other algorithms.
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