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Abstract

Discovering itemsets and conjunctive rules under constraints are pdpplas in the data mining and
machine learning communities, for which many algorithms have beemgedp Despite the abundance of
research in this area, however, constraint programming (CP) tedsdgveloped in the artificial intelli-
gence community to deal with constraint satisfaction problems have heeerapplied to rule discovery.
In [4], we show that CP can not only be applied in an intuitive, extendibletavaule discovery, but also
that CP techniques significantly outperform existing approaches in daiagnin

1 Introduction

A popular topic of research is learning rule-based classifi& rule-based classifier consists of a set of rules
of the kind

if income=high and debt=lothen acceptloan=yes.

An essential step in building such classifiers is to discoutes that predict the target attribute well. A
common approach in machine learning is to learn one suchbsubpplying a heuristic in a greedy algo-
rithm. In the data mining community, on the other hand, it basn studied how to find such rules under
constraints in an optimal way. The traditional example esgbarch for alassociation rules. Usually, how-
ever, many association rules can be found and their dirgaticagion for classification is cumbersome. To
focus the discovery of rules more towards classificatioa ube of correlation constraints has been studied,
leading to algorithms focorrelated or discriminative itemset mining [3, 1]. Assumed given is a functign
which scores every itemset based on how well it discrimgatiamples in different classes from each other.
Examples of correlation functions ax€ and information gain. The problem is to find thetemsets that
score best with respect b Fork = 1, this means finding the optimal rule under functifninstead of a
reasonably good one as is common in machine learning. Thldgm is known to be NP-complete, and
hence, a general, efficient algorithm cannot be expectexist e

An area in artificial intelligence which has studied hard stosint satisfaction problem solving exten-
sively, is that of constraint programming [5]. The main piples in constraint programming are:

e problems are specified declaratively by providing constsabn variables with domains;
e solvers find solutions by constraint propagation and search

Constraint propagation is the process of reducing domdissroe variables based on constraints and do-
mains of other variables; for instance Xt Y € {0, 1} andX < Y, then we can derive th&f = 0.

Due to their generality, CP systems have been applied sutlgeéa many applications —scheduling in
particular. It has, however, never been applied to ruleniegrproblems; its application in machine learning
is rare. Our main contribution is that we show how to apply €&ems in rule learning problems in such a
way that the CP system outperforms the state-of-the-artia ohining.



Dataset CP [1] [3] Dataset CP [1] [3]
anneal 0.22 22.46 24.09 letter 52.66 — >
australian-credit| 0.30 3.40 0.30 mushroom 14.11 0.09 13.48
breast-wisconsin 0.28  96.75 0.28 primary-tumor| 0.03 0.26 0.13
diabetes 2.45 — 128.04 segment 1.45 — >
heart-cleveland | 0.19 9.49 2.15 soybean 0.05 0.05 0.07
hypothyroid 0.71 — 10.91 splice-1 3041 1.86 31.11
ionosphere 1.44 — > vehicle 0.85 — >
kr-vs-kp 0.92 125.60 46.20 yeast 5.67 — 781.63

Table 1: Runtimes, in seconds, of 3 top-1 correlated item&sérs, on an Intel Core 2 Duo E6600 and 4GB
of RAM; >: experiments timed out after 900s: experiments failing due to memory overflow.

2 Itemset Mining as Constraint Programming

Given a set of items (or binary attributes) a set of transactions (or examplés) a transaction database
can be considered a subgetC 7 x Z. Itemset miners search for tuplés T') consisting of an itemset
I C 7 and a transaction s&t C 7. An itemsetl covers a transaction sgtiff 7' = ¢(I), wherep(I) =
{teT | Viel:(ti) e D}. Atuple(I,T) is afrequent itemset if it satisfies two constraintsI’ = (1)
and|T'| > 6, wheref is a user defined threshold. Hence, an itemset can be seeroagiaative rule that
covers many examples. In [2] we showed that we can formutasetconstraints in a constraint program by
introducing a boolean variablg for eachi € Z and a boolean variablg for eacht € 7

VteT :Ty=1<Y L(1-Dy)=0 and VieZ:I;=1— T,Dy;>0.
i€l teT

HereD,; = 1if (¢,7) € DandD,; = 01if (¢,4) € D. Itis straightforward to formulate these constraints in a
CP system, such as Gecode [5]. Using the propagators readilable in Gecode, we search for all itemsets
satisfying these constraints. The resulting search idaina that of known itemset mining systems.

To apply CP on correlated itemset mining, where examplesnigedo two classe® + and7 —, we need
to modify this program. We assume given a functjtip, n) that scores every itemset based on how many
positive and negative examples it covers and a threshotdcorrelation. The problem of correlated itemset
mining is to find all tuples’, T') for whichT = o(I) andf(|TNT*|,|TNT~|) > 6. In [4] we show that
for functions such as information gain agd, we can formulate this as:

VEeT : Ty =1 Y L(1-Dy)=0 and VieZ:I;=1-f(Y TiDu, Y TiDy)>0.
€L teTt teT —

For the second constraint we need to add a propagator to tegstd#n based on an evaluation of the function
f in ROC space. We can also adopt this formulation for tafemset mining. Table 1 illustrates how this
approach, when implemented in Gecode, compares to exatjogithms in the data mining community.
These experiments show convincingly that the CP approaeh olutperforms existing algorithms. We
showed that itemset mining can be formulated in an exteadilly in CP systems. These promising results
convince us that the relationships between machine legrdata mining and CP deserve further studies.
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