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Abstract. This paper presents an association rule mining system that is capable
of handling set-valued attributes. Our previous research has exposed us to a vari-
ety of real-world biological datasets that contain attributes whose values are sets
of elements, instead of just individual elements. However, very few data mining
tools accept datasets that contain these set-valued attributes, and none of them al-
low the mining of association rules directly from this type of data. We introduce
in this paper two algorithms for mining (classification) association rules directly
from set-valued data and compare their performance. We have implemented a
system based on one of these algorithms and have applied it to a number of bio-
logical datasets. We describe here our system and highlight its merits by means of
comparing the results achieved with it and the failed attempts to mine association
rules from those datasets using standard tools. Our system makes the creation
of input files containing set-valued data much easier, and makes the mining of
association rules directly from these data possible.

1 Introduction

Since the application of association rules to market basket analysisin [2], association
rules have been the subject of active research in the data mining community, and the
Apriori algorithm [1] has been the standard association rule mining agorithm. Apriori
has been used to discover association rulesfrom datain many different domains, but the
tools that implement the Apriori algorithm always view the data in one of two forms:
alist of transactions, where each transaction is a group of items, or alist of records,
where each record has an individual elementary value for each attribute in the dataset.
However, there are certain datatypesthat do not easily fit into either of these two forms.
Our research involves datasets from biological domains [13, 14] that provide examples
of these data types, because they contain set-valued attributes. Set-valued attributes are
attributes whose values are sets of elements.

Sets are natural representations for the values of many important attributes in vari-
ous datasets. One example of such a set-valued attribute, or simply, set-attribute, isthe
set of aleles present at a particular genomic location for each person in a database of
people. Another example is the set of leading actors who starred in each movie of a
movie database [8]. See Figure 1. We use here this toy dataset as a running examplein
order to provide simpleillustrations of some of the conceptsinvolved in mining associ-
ation rules from set-valued data without the added complexity of the biology terminol -
ogy. Thevalue of a set-attributeis aset. We call this value a set-value. For example, the



Table 1. An example dataset with set-valued attributes

Movie Title Leading Actors Year
Rocky {Sylvester Stallone} 1976
Lethal Weapon {Mel Gibson, Danny Glover} 1987
Lethal Weapon 3 {Mel Gibson, Danny Glover} 1992
Lethal Weapon 4{{Mel Gibson, Danny Glover, Chris Rock}| 1998

“Leading Actors” set-attribute for “Lethal Weapon” has set-value {Mel Gibson, Danny
Glover}. A set-attribute can accompany other normal (non-set) attributes in a dataset,
e.g. the year in which the movie was released.

Several other researchers have recognized both the prevalence of set-valued datain
real-world applications and the lack of data mining algorithms and tools that accom-
modate set-valued data. [12] describeswork on instance-based |earning with set-valued
attributes. [4] addressesruleinduction from decision trees, wherethe attributes of thein-
stances are set-valued. [ 7] coversinduction of decision treesin numeric domainswhere
attributes are set-values. To the best of our knowledge, none of the association rule
mining tools directly support set-valued attributes.

In this paper we describe our data mining system, which is able to mine (clas-
sification) association rules directly from set-valued data. For this purpose, we intro-
duce the Set Based Apriori (SBA) algorithm. In order to define a control environment
for evaluating the performance of our SBA algorithm, we also describe techniques for
transforming set-valued attributes into normal attributes that the Apriori algorithm can
handle. We show how we have combined one of those transformations with Apriori to
give Apriori access to set-valued data. We call this combination Transformation Based
Apriori (TBA). We perform acomplexity analysis of both TBA and SBA. Thisanalysis
motivates our system design decisions.

2 Background

The classical definition of association rulesis as follows [2]: Let I be a set of items.
Each transaction, 7', is aso a set of items, called an itemset, and 7' C I. The entire
dataset, D, consists of uniquely identifiable transactions. An association ruleis arule
of theform A = B between the itemsets A and B, where A N B = {). Various metrics
describe the utility of an association rule. The most common ones are the percent of
all transactions containing A U B, called the support, and the percent of transactions
containing B among transactions containing A, called the confidence of the rule. A
classification association rule [9] is a rule whose consequent consists of a single value
from a pre-specified collection of (target) values.

The Apriori algorithm[1] to mine association rules takes the dataset asinput, along
with minimum support and minimum confidence thresholds, and its final outputisalist
of al association rules whose confidence and support are above the minimum thresh-
olds. Asanintermediate step, it producesfrequent itemsets. An itemset is frequent if its
support is greater than or equal to the user-specified minimum support. An itemset of
size k iscaled a k-itemset.



3 Our Algorithm: Set Based Apriori (SBA)

The basic idea of our algorithm is to separate the search for frequent combinations of
set elements within the set-attributes from the search for frequent combinations of set-
values between the set-attributes. The underlying assumption is that the dependencies
within the set-attributes, i.e. the frequent set-values, are more interesting than some
of the dependencies between elements from different set-attributes and dependencies
between set-values and normal values. SBA first mines frequent sets within each set-
attribute and then examines the dependencies between frequent set-values, normal val-
ues, and frequent set-values from other set-attributes. One result of this ordering is that
the final rules contain literals that refer directly to set-values instead of only elements.
An example of the type of rule mined by our algorithm is: Leading Actors = {Mél
Gibson, Danny Glover} = Year > 1980. Our agorithm does not, however, limit the
expressiveness of the rules.

SBA: Phase | First, the SBA algorithm processes each set-attribute separately, pro-
ducing set-values that will finally appear as literals in the association rules. This phase
appliesthe Apriori principle. However, this phase differs from the Apriori algorithm by
repeating the mining process for each set-attribute and by limiting the search to only
the current set-attribute. Pseudocode for this phase isin Figure 1. While Apriori only
counts an instance toward the support of an itemset if every item-value pair appearsin
theinstance exactly asin theitemset, the SBA algorithm allows instances to contribute
to the support of an itemset when every set-value in the itemset is exactly equal to or a
subset of the corresponding set-value in the instance.

Input: D: all instancesin aset-valued dataset; min_support: minimum support threshold
Output: F': acollection of al frequent set-values

Variables: C}, : set of candidate k-sets.

Fy, : set of frequent k-sets. C; : set of candidate itemsetsin instance .
ia : Set-value for set-attribute A ininstancei. Fa : set of frequent set-values for attribute A.

for all set-attributes, A, in D {
F1 = {frequent elements of attribute A}
for (k =2; Fr—1 # 0 ; k++){
C't, = GenerateCandidates(F, 1)
for all instances, i, : € D {
Ci ={ce Crlc Cia}
for all candidate itemsets, ¢, ¢ € C;
c.count++ }
Fy, = {c € Ck|c.count > min_support} }
Fa=UgFy }
return F' = UaFa

Fig. 1. Phase | of the SBA algorithm



SBA: Phase Il When Phase | of SBA is complete, our algorithm uses the resulting
frequent itemsets asinput to amodified Apriori algorithm. The important aspect hereis
that the itemsets from the first phase become atomic itemsin the second phase. Itemsets
in Phase Il include or exclude entire itemsets from the first phase as indivisible items.
The pseudocode for Phase |1 appears in Figure 2. Association rules are produced from
the resulting frequent itemsets in the standard fashion described in [1].

Input: D: adataset of instances

S acollection of al the frequent set-valuesin D. min_support: minimum support threshold.
Output: F': acollection of all the frequent itemsets

Variables: C}, : collection of candidate k-itemsets

Fy, : collection of frequent k-itemsets. C; : collection of candidate itemsetsin instance i.

for (k = 2; Fr_1# 0; k++) {
C't, = GenerateCandidates(Fy, 1)
for dl instances, i,7 € D {
C'; = Subset(Cl, 1)
for al candidate itemsets, ¢, c € C;
c.count++ }
Fy, ={c € Ck|e.count > min_support}
if (k =2)then{
i=0
for al frequent normal items, n € F {
j++
Bn ={u € S|lu| = j}
foradl s € B,
if (isFrequent(n U s))
then I, :FQU(HUS)
dse B, ={B, —t[sCt}}}}
return F' = Uy Fi

Fig. 2. Phase Il of the SBA algorithm

4 Transformation Based Apriori (TBA)

We need to establish a “control” environment in which we can compare our SBA al-
gorithm to the Apriori agorithm on the same dataset. Since Apriori does not directly
handle set-valued attributes, we need to use a consistent transformation of set-valued
attributes into normal attributes. It is not trivial to decide which transformation to use.

The One-to-Many Transformation replaces a set-valued attribute with many normal
attributes. & binary attributes replace a set-val ued attribute whose element domain is of
size k. Each binary attribute represents one element from the set-value's domain. The
value for each of the normal attributes reflects whether the corresponding element is
present in or absent from the original set-value. See Table 2.



Table 2. The results of a one-to-many transformation

Movie Title |Stallone|Gibson|Glover |Rock| Year
Rocky Yes No No | No |1976
Lethal Weapon | No Yes | Yes | No |1987
Lethal Weapon 3| No Yes | Yes | No |1992
Lethal Weapon 4/  No Yes | Yes | Yes 1998

We propose a combination of one-to-many transformationwith Apriori to give Apri-
ori access to datasets with set-values. We call it Transformation Based Apriori (TBA).

Comparison of TBA vs. SBA In order to compare SBA with TBA, we identify two
alternative choices at the interface between Phase | and Phase Il of SBA. The choice
to be made is simply whether to pass all or just some of the frequent set-values from
Phase | to Phase Il. When Phase Il of SBA uses al of the frequent set-values from
Phase I, SBA examines the same combinations of set-values with normal values that
transformational Apriori does. The order, however, is very different. When Phase Il of
SBA uses only some of the frequent set-values from Phase |, SBA might examinefewer
combinations of set-values with normal values. The best strategy for selecting which
frequent set-valuesto discard is generally domain specific. In order to maintain general
applicability, we must allow a user to keep all of the frequent set-values. Since in this
case SBA performs with the same computational complexity as TBA, we have chosen
TBA asthe basis for our rule mining system.

5 Implementation and Evaluation of our Rule Mining System

We implemented our TBA system based on the excellent open-code provided with the
WEKA [16] and the ARMiner [5] tools. We extended WEKA's attractive attribute-
relation file format (ARFF) to include set-valued attributes. This extended format con-
cisely and naturally represents set-valued data. We extended the ARMiner system to
make it capable of mining classification rules and of mining rules from set-valued data.

5.1 The Spinal Muscular Atrophy (SMA) Dataset

Spinal muscular atrophy (SMA) is a genetic disease that affects cells in the spinal cord
called anterior horn cells. Itisestimated that 1 out of every 40 peoplecarry the recessive
genefor SMA. SMA is often fatal and death usually occursin the very early childhood.
There are different types of SMA, depending on the severity of the disease. Typel is
the most severe. The SMA dataset for our experiments comes from [15] and gives the
genotypic characteristics of 42 patientswith SMA Types|, |1, and I11. The SMA dataset
contains information about 9 types of SNP mutations and alleles for 2 microsatellite
markers. C212 and Agl-CA. C212 showed 15 different alleles and Agl-CA showed
10 different aleles. The microsatellite marker for each person had between 2 and 4
alele values. The dataset also indicated with an underline which, if any, of the alleles



Table 3. A reduced sample of the SMA dataset

abhwN g

Sex [Mutation] C212 Agl-CA  [SMA Type]
female] Y272C | 31-2829 | 102-108 112 [
male | Y272C | 2829-34 | 108 112-106 |
male | Y272C |27 29-28 29114 116-108 112 |I
male | Y272C |2829-2930| 108 112-110 1
male | T2741 | de-2529 | del-108 114 I

came from the same parent as any observed mutation. For phenotypic characteristics,
the dataset givesthe SMA Type and the gender of the patient. See Table 3.

[6] mined classification rules, where the SMA Type (or severity) was the classifica-
tion attribute. They transformed the original set-valued dataset into a normal one using
what we call the one-to-many transformation. Their transformed dataset contains 71
binary attributes. They attempted to mine association rules using the original WEKA,
but the tool could not complete the task due to the large number of frequent itemsets
found in the transformed dataset, even when high values of minimal support were used.
They then used CBA [3] to mine association rules from these data. Their results are
difficult to interpret because since all of the alleles were absent more frequently than
they were present, the rules which described allele absence “crowded out” rules that
described allele presence. In constrast, the dataset represented in our extended ARFF
contains just 6 attributes (2 of which are set-valued). We mined for classification rules
with asupport of at least 7% and a confidence of at least 50%. With these thresholdswe
discovered 120 rules, 56 of which had a confidence of 100%. A sample of the ruleswe
discovered appear in Table 4. We found direct agreement with the literature stating that
females were strongly association with the Type | SMA [11], and that alleles 28 and
29 for marker C212 and aleles 108 and 112 for marker Agl-CA are related to SMA
severity [15]. The allele 28 for marker C212 appearsin 34 of the rules, while allele 29
occursin 4 rules. For marker Agl-CA, dlele 108isin 39 of therules, and allele 112 is
in 13 rules. Gender appeared in 52 of the 120 rules we mined.

Table 4. Sample classification rules obtained with our system for the SMA dataset.

Sample Rules Supp %| Conf %
male & Mutation=none & Agl-CA={108, 114} = SMA-Ill| 14.3 | 100
C212={27, 28} = SMA-III 14.3 86
Agl-CA={110} = SMA-III 14.3 75
female & C212={28u} & Agl-CA={108u} => SMA-I 7.1 75

5.2 GeneExpression Data: The Promoters Dataset

We are interested in characterizing the expression patterns of genes based on their pro-
moter regions. The promoter region of a gene controls both how and in which cells that



gene is expressed. The collection of cells in which a gene is expressed is called the
expression pattern of the gene. A gene is expressed when a protein binds to the gene
sequence and copies it. The promoter region contains shorter subsegquences called mo-
tifs to which gene regulatory proteins may bind. Therefore, the pattern of motifsin the
promoter region is said to regulate the expression of the gene.

Phu [10] collected genetic information about the promoter regions of many of the
genes of the nematode C.Elegans, a microscopic worm. From the gene sequences, Mur-
phy et a. identified potential motif sequences. In this Promoters dataset, there is one
instance for each gene sequence. The attributes of the dataset are only the name of
the gene sequence, and two set-valued attributes: the expression pattern and the motif
pattern. There were 78 gene sequences in the dataset. The expression pattern for each
sequence was which of 7 different cell types the gene was expressed in; the motif pat-
tern for each sequence was which of 368 motifs were contained, at least once, in the
sequence. Figure 5 shows a small sample of the Promoters dataset.

Table 5. A sample of the Promoters dataset

Sequence| Expression Pattern|Motif Pattern

+c32€8.7 |Pan-Neural M10M12M14 M15M18...
+ceh-22 (M-Cdlls M1M8M10 M11 M17 M20...
+che-3 |OLLASKASE |M1M2M3M4M6MI0...
+eat-4 |OLL ASK M1M4M6M11 M20 M29 ...

Murphy et al. tried to mine classification association rules using CBA. However,
there was no straightforward way to represent the data for input to CBA. They ended
up dividing the dataset into multiple datasets, one for each cell or cell type used for
classification. They had to combine the results of multiple mining trials for the multiple
datasets. They were aso faced with the problem of what they called “irrelevant rules’,
that isrulesthat either referred to the absence of amotif or classified for the absence of
expression in the cell type. For example, from the dataset for the OLL neural cell, CBA
discovered 5596 classification rules, but they discarded 5518 of them as irrelevant.

In our experiments, we were able to exercise our system’s ability to mine classi-
fication rules that classify for a set-valued attribute. We constrained our rules to have
consequentsthat were subsets of the element domain of the expression pattern attribute.
Some of the rules our system discovered from this dataset appear in Table 6. No “irrel-
evant” rules were mined.

Table 6. Classification rules that our system discovers for the promoters dataset

Sample Rules (set-valued classification) Supp.|Conf.
{M1, M2, M10, M20, M29, M36} = {Pan-Neura}| 10% | 62%
{M1, M2, M20, M29} = {ASE} 10% | 67%

{M1} = {OLL,ASK} 5% | 6%
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Conclusions

The main contributions of our work are: (1) We have developed a system that mines
association rules directly from set-valued data. To the best of our knowledge, thisisthe
first system with that property. (2) Our system is uniquein its ability to mine classifica-
tion rules from data with a set-valued classification attribute. (3) Our system discovers
association and classification rules that are easier to read and to interpret than rules
mined by standard systems over transformed data.
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