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Abstract: DNA microarrays allow simultaneous measurements of expression lmretslarge number of genes across a number

of different experimental conditions (samples). The algorithms foringimssociation rules are used to reveal biologically relevant
associations between different genes under different experimemtables. This paper presents a new column-enumeration based
method algorithm (abbreviated by MCR-Miner) farining maximal high confidence association rules for up/down-extegsges
MCR-Miner algorithm uses an efficiemhaximal association rules tredata structure (abbreviated by MAR-Tree). MAR-tree
enumerates (lists) all genes with their binary representations, the be@ssentation of a gene saves the status (normal, up, and down-
expressed) of a gene in all experiments. The binary representasondray advantages, scan the dataset only once, the measurements
of confidences for association rules are made in one step, and it iM&kesMiner algorithm easily finds all maximal high confidence
association rules. In the experimental results on a real microarragatatdICR-Miner algorithm attained very promising results and
outperformed other counterparts.

Keywords: Data mining, DNA microarray, mining association rules, closed itemsetsémma&high confidence association rules

1 Introduction g in the samples; (see Tablel). The matrix usually
contains a huge data, therefore, data mining techniques
Gene expression is the process of transcribing DNAare used to extract useful knOWledge from such matrices

sequences into MRNA sequences, which are latef3.4]-

translated into amino acid sequences cafiexteins The Mining association rules is currently a vital data
number of copies of the produced RNA is called the mining technique for many applicationg, §,6]. Mining
gene expression leveEach normal gene has a rate of association rules technique is applied to microarray
expression levek, up-expressed genis the gene with dataset to extract interesting relationships among sets of
expression level> e, down-expressed gerie the gene genes 2,4,13). Let g; and @ be up-expressed genes and
with expression level< e. The regulation of gene ¥z be down-expressed gene (see section 4), then the
expression level is essential for proper cell function.association rule g — g»,03 (with support 80% and
Microarray technologies provide the opportunity to confidence 90%) unmasks a relation among the genes g
measure the expression level of tens of thousands ofl2, and g. this relation asserts that all of the gengsay,
genes in cells simultaneously. Usually, the expressiorand g appear in 80% of the microarray samples angh if
level is correlated with the corresponding protein madeis up-expressed them is up-expressed andp is
under different conditions (sampled) 2, 3]. down-expressed with probability 90%.

The microarray dataset can be seen as arNV In order to mine association rules in microarray
matrix G of expression values; where the rows representlataset, the data is pre-processed by applying the
genesg:, 9, --., gm and the columns represent different logarithms procedure to ensure that the data is suitable for
experimental conditions (samples), s, ..., .. Each  analysis. The logarithms procedure transforms DNA
element G[i,j] represents the expression level of the genenicroarray data from the raw color intensities into log
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color intensities; wherel]. Then, based on a predefined As a result, MCR-Miner algorithm is also faster than the

threshold, the transformed dataset is discretized intacolumn-enumeration based method CHARM.

ternary valued matrix, such that each gene value is The rest of the paper is organized as follows. Section

mapped into 1, 0, or -1 for up-expressed, non-expressed introduces the mining association rules problem.

or down-expressed gene respectively as shown in Table Section 3 presents related works. Section 4 explains the
proposed MCR-Miner algorithm for extracting all
maximal high confidence association rules for
up/down-expressed genes. Section 5 shows the

Table 1: Microarray Dataset experimental results of MCR-Miner. Section 6 concludes
sl s2 s3 s4 s5 the paper.
a | 0.039| 0.597 | 0.235| 0.267 | 0.343
b | 0.633| 0.04 | -0.01 | 0.323 | 0.252 .. .
T 00266 041 03 038 2 Mining Association Rules
d| -032| -0.14 | -0.25 | -0.45 | -0.24 . I . . .
Mining association rules technique extracts interesting
e| 028 ] 0340466 023 023 relationships among sets of items (genes) in a large
f| 026 042 ] -01 | -03 | 0485 dataset. One of the most famous applications of this
technique ismarket basket analysi$5,6] where the
objective is to find the relationships between the
purchased items under different transactions. Also,
mining association rules is applied on
Table 2: Discretized Microarray. microarray datasetsin order to find the relationships
The expression gene is converted into 1, 0, or -1 between genes under different samples. In this section,
ifitis >, =, or< -0.2 respectively. using the transactions (samples) dataset from T&ble
s1]s2] s3] s4] s5 some notations are introduces §, 18].
al| 0 1 1 1 1
bl 10|01 1
c|lo0| 11|11 Table 3: Microarray Transactions(Samples) Dataset.
dl -1l 0 1] -1]-1 The genel at sample 1 means that the gene d is down-expressed
el 1T 11T 111 at this sample (where its value=-1 in tal2le
tiD (sample is)| Transactions (samples)
fl1 1 11 _
1 bd,e,f
2 a,c,e,f
This paper presents a new column(gene)-enumeration 3 acde
based method algorithm. The proposed algorithm is 4 a,b,cd.ef
called MCR-Miner which overcomes both the 5 a,b,cd,ef

computational time and memory explosion problems of
column-enumeration used in many algorithms for mining
microarray datasetd]. MCR-Miner scans the microarray
dataset only once to obtain a list of all genes in which, Definition 1 (Association Rules)Let I= {iy,ip,....in} be
each gene is associated with a ternary representation;a set of n items (genes). A subsetCT is called a
where each element in the representation shows whetheransaction (sample)rhe transactions datasél is a set

the gene is up-expressed, non-expressed, 0bf transactions; where each transaction has a unique id
down-expressed at the corresponding sample. Thereforgalled tid. In other words, D={<tid, T>; Tcl, tide{1,
every gene is split into two nodes, one for up-expresse@,..., k}; k=|D|}. An association rule is a pair of
gene and the second for the down expressed gene; whef@msets(X,Y) where XY and X\Y=¢, and is denoted
each node saves the binary representation of a gene (up @ X—Y. The itemsets (set of items) X and Y are called
down) (see subsection 4.1). These nodes are saved #ntecedent and consequent of the rule X respectively.
MAR-tree, the structure of MAR-tree is the back bone of Convention TeD denotes that 3dtid such that
the MCR-Miner algorithm. MCR-Miner using MAR-tree  <tid, T>¢D.

easily finds with high speed all maximal high confidence

association rules. The experimental results show that th®efinition 2 (Measurements of Association Rulesin
MCR-Miner algorithm is faster than the row-enumeration association rule X+Y has two measurements: support
based methods MAXCONFLE and RERII [16]. Since, and confidence. They are defined, with respect to a
RERIl and MAXCONF are better than other transactions (samples) dataset D, as follows:
column-enumeration based method like CHARINM7]
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SUp(X — Y) = SRBELY) 3 Related Works
conb (X —+Y) = R Th lgorithms of f ining based
where SUDQ( ) | X C T Te D| e most algorithms of frequent pattern mining based on

one the following two method4[:

Definition 3 (Frequent Itemset).The itemset X is called 1. Column(item)-enumeration based methodhis
frequentif supp(X)}>minsup; where minsup is a user  method uses breadth-first search to enumerate each
defined threshold. 1-itemset. Repeatedly, join (k-1)-itemsets with itself
to get a k-itemsets; k=2, 3, ..., L; where L is the
longest-frequent itemset#\priori algorithm [7] is

the first mining association rules algorithm that
pioneered the use of support-based pruning to control
the exponential growth of candidate itemsets. It uses

The process of mining confident association rules is ~ Pruning principle that is state oflf there is any

Definition 4 (Strong/Confident Association Rules)he
rule  X—=Y is called strongorconfident if
supp(X=Y)>minsup and conf(>¢Y)>minconf; where
minconf is another user defined threshold.

performed in two steps[18]: itemset which is infrequent, its superset should be
. . infrequent”. However, Apriori algorithm pass over the
1. Generate all frequent n-itemsets (set of n items). original dataset L times; L is the longest frequent
2. Using all frequent n-itemsets, generate all  jomgets. Also, the generation of candidates itemsets
strong/confident association rules-¥, where X and takes exponential tim&clat [11] and Quick-Apriori
Y are frequent n-itemsets. [10] algorithms overcome the problems of traversing
The dataset suchniarket basket analysishas the the dataset L times by using the bottom-up search

property that the number of items in the dataset is less procedure that generates the frequent itemsets by
than the number of transactions. This kind of dataset intersecting the tids-lists (transaction TIDs) of all
called sparse i.e., the longest frequent itemsets is  distinct pairs of itemsets. This procedure is repeated
relatively short. However, there are many real-life until all frequent itemsets have been enumerated.
datasets such as microarray datasets, that the number of Apriori, Eclat, and Quick-Apriori show good
items (genes) is greater than the number of transactions performance with sparse datasets such as
(samples). This kind of dataset callegnse i.e., they marketbasket data, but these algorithms face
contain very long frequent itemsets (genesets). Therefore  difficulties when applying to dense datasets such as
generating all frequent itemsets in such dense datasets mMmicroarrays. this difficulties according to the number
requires large memory. Hence, recent algorithms prevent of items (genes) is more greater than transactions
this problem by expanding only frequent closed itemsets ~ (samples). In these algorithms, in order to produce all
[15,16,19,217]. frequent itemsets of length L, they produce &l &f
its subsets. This exponential complexity restricts these
algorithms to discover only short patterns.
MaxEclat [9] and Max-Miner [8] optimize Apriori
by exploiting additional pattern constraints by mining
For example, if AB and ABC are two frequent only the longest of the maximal frequent itemsets.
itemsets with supp(AB)= supp(ABC), then AB is called =~ Max-Miner algorithm outperforms than MaxEclat;
non-closedtemset. where Max-Miner attempts to look ahead through the
search in order to quickly identify long frequent
With respect to microarray datasets, the set of all itemsets. By pruning all the non-maximal frequent
mined confident association rules from frequent closed itemsets in early steps. However, it still traverses the
itemsets might still be very large. Therefore, some dataset more than ond€HARM [17] and CLOSET
algorithms mine only the maximal confident association  [21] optimize Apriori algorithm by mining only
rules from microarray datasets. closed frequent itemsets (see Detentnthe set of
closed frequent itemsets is a lot smaller than the set of
all frequent itemsets. CLOSET with compressed

Definition 5 (Frequent Closed Itemset)The frequent
itemset X is called a frequent closed itemsetfiifa
frequent itemset Y such thatX and supp(X)=supp(Y).

Definition 6 (Maximal Confident Association Rules)A

CmO:;:g"nearlltconfide;L;IZssociati{on rule 3:fsother cor?ﬁtljli?wt FP-ree structure s _eff|C|ent qnd scalable than
' CHARM. However, using Max-Miner or CLOSET

rule rz such that algorithm with dense datasets microarrays still poses

1. antecedentf)=antecedent(s), and great challenges.

2. consequent{)Cconsequentg). 2. Row(transaction)-enumeration based methadthis

method uses a depth-first search to enumerate each

For example, if the rules ABCD and A-BC are transaction; each transaction is assigned to a support
confident, then A>BC is called of value 1. A successive intersecting processes of each
non-maximal confident association rule transaction with the other transactions in the dataset,

resulting in a transaction with smaller number of

© 2014 NSP
Natural Sciences Publishing Cor.


www.naturalspublishing.com/Journals.asp

802 N 5SS = W. Zakaria et al: MCR-Miner: Maximal Confident Association Rules Miner

intersected items. This process continues recursively.1 Discretization
untii no smaller itemsets can be formed. The

row-enumeration based method”ARPENTER  The normalized microarray dataset is usually represented
algorithm [12] is used to mining frequent closed as a series of continuous numbers. Discretization is the
itemsets. CARPENTER algorithm outperforms than process of transformation from continuous data into
column-enumeration based method CLOSET anddiscrete data. There are many discretization techniques
CHARM. RERII [16] algorithm is similar to  [22]. In this paper, the threshold method is used in order
CARPENTER but it optimizes its process by utilize to discretize data; each gene expression is converted into
three support pruning methods, these pruning methodgne of the three discrete values 1, 0, or -1 for
reduce the used spaces and remove the redundagp-expressed, non-expressed, or down-expressed gene
frequent closed itemsets. In microarray datasets, theespectively. Therefore, in order to mine associationsiule
RERII algorithm is faster than CARPENTER. microarray matrix G is converted into matrix G’ (as

MAXCONF [15] algorithm is closely related to shown in Table2) depending on the particular threshold
RERII in which the generation of nodes is similar. But cut valuec [22):

it depends only on confidence pruning (i.e. free
support pruning) to produce the rules with high
confidence and low support. In this algorithm, the

rules with only one gene on the LHS are created. (i.e., 1 Gli,j]>c,(g is up-expressed at sample j )
create all rules 0_n the form- x>, Whe-re |X|:l) G/[i’ ” =< -1 GJijl<-c,(g is down-expressed at sample j)
MAXCONF exploits two confidence pruning methods 0  Otherwise, (gis non-expressed at sample j)

in order to prune the search space and eliminating the

non-maximal rules in early steps as in Max-Miner. After discretization, each gene (TabB® can be

MAXCONF allgorithm is better than RER”' These represented by ternary representation (see Definffion
row enumeration based method algorithms are faster

than the column enumeration based methodDefinition7 (Ternary representation of a gene)A
algorithms when applying on dense datasets such agrnary representation of a gerg (TRy) = (a1 & ... an)
microarray datasets. Note that, recent paggnpted  with nis the number of samples; where

that “a comparative analysis using several known

datasets revealed that without using any support 1  gis up-expressed at sample j
threshold MAXCONF provide excellent results”. aj={ -1 gisdown-expressed at sample |
This paper presents a new algorithm based on the 0 g is non-expressed at sample j

column(gene)-enumeration based method. The proposed
algorithm is calledICR-Miner which overcomes both
the computational time and memory explosion problems
of the relative column-enumeration based method
algorithms such as Apriori7] and MAX-Miner [8].
MCR-Miner is used for mining all maximal high
confidence association rules for up/down-expressed gen
like the row-enumeration based method MAXCONF
algorithm [L5]. The experimental results show that
MCR-Miner is faster than MAXCONF algorithm. As
consequents it is faster than the mentioned algorithm
such as RERIl, CARPENTER, CHARM, MAX-Miner, 1. Up-expressed geneg): A ternary representation of
and Apriori. gene g is converted into binary representation
(Definition 8) in which the zeros are set instead of
) ) negative ones see Takle
4 MCR-Miner Algorithm 2. Down-expressed genegj: A ternary representation
of gene g is converted into binary representation
(Definition 9) in which the zeros are set instead of
positive ones see Tabfe

For example, Tabl@ shows the discretized microarray
dataset ; where the threshold cut value c¢=0.2. For
example, the genef with ternary representation
TR{=110(-1)1 means that the gemés up-expressed in
essamples 1, 2, and 5, it non-expressed in sample 3, and it
down-expressed in sample 4. In the discretized
microarray dataset, each gegeontains 1 and -1 splits
Sinto two genes:

This section introduces tH& CR-Miner)algorithm based

on the column (gene) enumeration method and only
confidence pruning in order to mine maximal high
confidence association rules for up/down-expressed genes
in microarray dataset. The mined rules have the formFor example, Table4 shows the up-expressed and
LHS—RHS (conf>minconf); |[LHS|=1. The samples down-expressed genes dataset in which the gé&nsplit
dataset in Tabl@ is used as running example to illustrate into two genesf and f with binary representation are
the steps of MCR-Miner algorithm; minconf is set to be 11001 and 00010 respectively.

50%. The following four subsections show the steps ofNote that, the geneg with only positive ones or only
MCR-Miner algorithm: negative ones is converted irgar g respectively.
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Definition 8 (Binary representation of a up-expressed — ConsequentsSet(consegseb): list of all
gene).A binary representation of a up-expressed ggne alphabetically sorted genes which expressed in the
(BRy) = (& & ... a)) with n is the number of samples; all samples whenever the genes of N.aet are
where expressed. This means that:
- : N.conseaseb =Uscagn) sBr,>N.BR, (Sant-sey>.
aj = 1o !S up-expressed at sample j . - Children,Set(chiIdrenS: coﬁtains 2set of children
0 gis (non/down)-expressed at sample j nodes of node N. These nodes are created at level
3.

Definition 9 (Binary representation of a down-expressed  — Level 3 contains a set of children nodes, each child
gene).A binary representation of a down-expressed gene  node C of a parent N contains the following five fields:
g; (BRy) = (a1 @ ... &) with nis the number of samples; — ConsequentsgenesSet(consegses): list of all
where alphabetically sorted genes of S.aet for which

genes of N.anset are expressed in the all samples
0 gis (non/up)-expressed at sample | whenever genes of (N.aset U S.antset) are

9 P)-€xp pie) expressed; & AS(N) and supp(N.BRA S.BR))
/ N.BR, > minconf. This means that:

C.COI’]SECSEE; = USEAS(N)/\confzminconf(saanet)
conf=supp(N.BR A S.BR:) / N.BRy.

a {1 g is down-expressed at sample j
=

Table 4: Up/Down-Expressed Genes Dataset —  Binary_Representationof_ant_set  union
s1][s2]s3|s4] s5 conseqset (BR3): C.BR3 =N.BR; A S.BR;; Se
a0 | 1|1 |11 AS(N). ,
b T 1 o0 o111 — Support_of_ant_set union consegse(supps):
the number of ones in C.BRi.e., the numbers of
¢ oj1j1r)171 samples in which the genes in (N.zsdt U
djy170}1]1]1 C.consecset) are expressed).
e[ 1|1 1|11 — Generate non-maximal rule (GNMRY this field
fl1l11l0l011 is set to be true, if the child C will generate non-
TrolTolol 1 o maximal rule (DefinitionL0).
— Participate (part): contains all the indices of the

children nodes at level 3 which participate to
generate the child C (Definitiobl). For example,
if the two children G and G, are combined to
4.2 MAR-Tree Structure form new child G. Therefore, .part={a,b},
Ca.GNMR=true, and ¢.GNMR =true.
MCR-Miner algorithm usegmaximal association rules
tree data structure to enumerate (list) all genes byDefinition 10 (Generate non-maximal rule)A child node
constructing a tree that have the following three levelsC; at level 3 is set true to the field generate non-maximal

only: rule (GNMR) if a node G at level 3 such that £BRs <
— Level I contains the root of the tree that refers to all Ci.BRs or (supp(G.BRs A Cx.BRs) / parent(G).supp) >
genes as children nodes at level 2. minconf.
— Level 2 contains set of nodes, each node N consists
of the following five fields: Definition 11 (partcipate) A child node ¢ at level 3 is
— Antecedentsgenesset(antset) list of all called participate to form a nodeCat level 3, if one of

alphabetically sorted genes with the same binarythe following two cases holds:

representation (see Definitio® and 9). For )

example, in tabld, the gene and gene have the 1. If C.BRs < Ci.BR;, then the child node C
same binary representation’ then they are partICIpateS tO. form q;. In this case, add index i to
— Binary_Representationof_ant_set(BR,): the 2. If 3 child node G at level 3; G.BRs A

binary representation of a node N is equal to the  Ci-BRs=Ck.BRs and  supp(€BRs A

antset i.e., NBR, = BRy; g (up/down) is any node_s Gand G, participate to_for_m a child node |C

genec antset. In this case, add the two indicgs,p} to C.part. In
— Support.of_ant_set(supp): the number of ones addition, G.GNMR=true and G.GNMR=true.

in N.BR; (i.e., the numbers of samples in which

the genes of anset are expresséd

2 AS(N) is the all siblings of node N and S.BRN.BR means
1 expressed means up-expressed or down-expressed that S.BR A N.BR,=N.BR,
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4.3 MCR-Miner Algorithm i

= |
To generate all maximal high confidence association rules| 25, |1 oors Il & 1| Sin 1 5000 1| Footo
for up/down-expressed genes, MCR-Miner algorithm (see | + 3 4 s 3 1
Algorithm 1) works as follows: i s o % % o

1. MCR-Miner algorithm scans (Line 2) the Fig. 1: The Column (gene) Enumeration Tree for Up/Down-
up/down-expressed genes dataset (Tdpléhen saves Expressed Genes Dataset

each gene and its binary representation BR into a
single noden at level 2 in a tree. At line 3, the nodes
with the same binary representation are combined into

single node (see Figl). At line 4, the procedure = 01111), then pantset will be added to
compare (Algorithm2) is invoked for generating all Ne.CONSEqsed, ie. rs.consegseb={ac}.
children nodes of all nodes at level 2 in a tree (see the Similarly, the genes of nodes.antset, .antset,
next subsection). . _ o and m.antset are (up/down)-expressed in all
The consecseb and children fields are initialized samples whenever the gene of nogeantset is
with empty. _ down-expressed, thergconsegseb={ac} U {b}

2. Procedure compare (Algorith) traverses each node U {d} U {e} = abde’. The node m and r;
n; at level 2 (Figurel); i=1, 2, ..., #(children of roots)-1 n.BR, A ns.BR,=01111 A 10111=00111 a,nd
(Lines 2-3), for each nodg the following three steps supp(00111)/nsupp = 3/4 = 75%' >

should be followed:

2.1 Create all children nodes and consecset2 of
N;
Let d= n.BR, A n.BRy; k=i+l, i+2, ..,
#(children of roots) (Lines 4-6 Algorithrg), the
following steps should be followed:

» Update node n. In order to add genes to
ni.consegseb or new child to node inchildren,
one of the following cases holds (Lines 7-16
Algorithm 2):

- d=n.BR, (i.e, n.BR; < n«.BRy) which means Algorithm 1 The MCR-Miner algorithm
that the genes ofygmant set are expressed in the all
samples whenever the genes ofantset are
expressed. In this case, addy.antset to
ni.consegsep. . . 3: root.children=combine the nodes which have the same
. d # n;.BRy which means that there exist samples binary representation:;
in which the genes ofmantset and the genes of 4. compare(root,minconf):
n.antset are expressed simultaneously. If 5. end procedure
(supp(d)/n.supp) > minconf, then add new child
¢ to n; c=newNodeAtLevel3 (pantset, d, supp

minconf=50%, then new child node,®f node n

is created; @.consegseg = mz.antset = {d},
Cp.BR3=00111, G.supp=3, C,.GNMR = false,
and G.part = @. Also, supp(00111)/ fisupp =
3/4 = 75%> minconf=50%, then new child node
Cp of node n is created;, G.consegseg =
ni.antset = {ac}, Cp.BR3=00111, G.supp=3,
Cp.GNMR=false, and .part=p.

1: procedure MCR-MINER(Dataset D,float minconf)
2: root.children=scan up/down-expressed genes dataset D
and save each genes in a single node;

(d), false, ¢) see function newNodeAtLevel3 at 2.2 Producing children nodes of n that produce
Algorithm 3. all maximal high confidence association rules

» Similarly, update node ry. In order to add genes In this step, the children nodes qfat level 3 need
to n.consegset or new child to node jpchildren, more processes to produce all maximal high
one of the following cases holds (Lines 17-26 confidence association rules. In order to do this,
Algorithm 2) the following steps should be followed:
- d=n..BRy, then add pantset to .consegsep. i. All children nodes of p are moved to
-d # ne.BRy, if (supp(d)/m.supp) > minconf, childrenbuffer list (i.e., n.children will become
then add new child ¢ tognc = newNodeAtLevel3 empty) (Lines 28-29 at Algorithr).
(ni.antset,d, supp (d), falseg)( Algorithm 2). ii. Each child node ¢ e childrenbuffer; k=1, 2, ...,
Lines 28-35 Algorithm2 will be discussed in the #(childrenbuffer) will be inserted into nchildren
next subsections. by calling the procedure Insert ¢Cry, minconf)

) (Lines 30-32 Algorithm 2). The procedure
Example Fig. 2 shows the output tree of step 2 of Insert(G, n;, minconf) (Algorithm 4) firstly
MCR-Miner algorithm. In the figure, The genes of combines the child nodey@with existed child G
node n.antset-ac are up-expressed in all of m if Cx and G have the same binary
samples whenever the gene of nogeantset=f
is down-expressed (i.e.gBR, =00010< n;.BR; 3 abdle is sorted set of genes a, bdcand e
@© 2014 NSP
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root

ac b d e £ f
o1 10011 10111 11111 11001 00010
4 3 4 5 3 1
5 de e ] g abede
P Y 7 e
b a f ac b f ac bd
00011 00111 01001 00111 10011 10001 01001 10001
2 3 2 3 3 2 2 2
False False False False False Falee False False
o] (0] o] ¢ @ [ i ¢
ac f ac b d f
00011 10001 o1111 || 10011 10111 11001
2 2 4 3 4 3
False False False False False False
@ ] (0] o] 0] @

Fig. 2: Tree Contains All conseget2 and Children of All Nodes at Level2

Algorithm 2 Procedure Compare

Algorithm 3 Function Create New Node at Level 3

1: procedure coMPAREMAR-Tree root,float minconf)
for i=1:#(children nodes of root)-do
n;=the node at position i

35:
36:

for

k=i+1:#(children nodes of rootjo
ng= the node at position k
d=n.BRy A nk.BRy;
if (nj.BRy=d)then > Ni.BRy < nk.BRy
add r.antset to n.consegseb ;
else
conf= supp(d)/nsupp;
if (conf> minconf)then
child=newNodeAtLevel3nantset,d,
supp(d),falsep);
add c to pchildren;
end if
end if
if (ng.BRy=d)then > ni.BRy > n.BRy
add n.antset to i.consegseb
else
conf=supp(d)/iasupp;
if (conf> minconf)then
child=newNodeAtLevel3 {rantset,
d, supp(d),falsep);
add c to p.children;
end if
end if

end for
bufferchildren=n.children
clear n.children

for

each G in buffer_childrendo
Insert (G, n;, minconf);

end for
remove all C with C.GNMR=true;
GenerateMaximalHighRulesin
clear nand their children;

end for

37: end procedure

1: function NEWNODEATLEVEL3(consecset,

GN

2
3
4.
5:
6:
7
8
9:

BR, supp,
MR , part): node at level 3.

construct new node at level 3;

node.consegeg= conseqset;

node.BR=BR;

node.supg= supp;

node.GNMR= GNMR;

node.part= part;

return node;

end function

A.

B.

C.

representation (Lines 2-7). Otherwise, the child
node G will be inserted at position p (Line 8)
then it will be compared with all existed children
nodes G; Cj € nj.children and G GNMR=false
(Lines 9-10) according to the following cases
(Lines 15-37):

If genes of G.consegset are expressed in all
samples whenever genes of.€nseqgseg are
expressed (€BRs < Cj.BRs,) then the child
node G will be updated with genes of
Cj.consegset, Cj.GNMR=true, and add j to
Cy.part [i.e., G participates to form .

If genes of G.consegseg are expressed in all
samples whenever genes ofi.€bnsegset are
expressed (EBRs < Cy.BRg3), then a child node
C; will be updated with genes of (tonsegses,
C«.GNMR=true , and add the index p tq.@art; p
is the position of ¢ [i.e., C participates to form
Cil.
IJf supp(d)/n.supp > minconf then add a new
child node G; into ny.children; Gj.consegseg =
Cj.consegses U Cy.consegset,Cyj.BRs=d,
Cyj.supp = supp(d), &;.GNMR = false,
Cyj.part=G;.partU {p,j}. Note that, Cc and G
participate to form g;, then G.GNMR = true,
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and G.GNMR=true. Recursively, call the
procedure insert to insert the new chilg;@ n.
D. Otherwise (¢ cannot form new node from ;3

then G is compared using these four steps with all

children nodes that participated to form.C

Algorithm 4 Procedure Insert

1: procedure INSERT(nodeAtLevel3 ¢,nodeAtLevel2 pfloat
minconf)

Then a new child &, Iis created,
Capc.consegseg=Csyc.conseqset U
Cp.consegset, Cype.BR3 = Cp.BR3 A Cye.BR3,
Cp.supp=supp(:BRs A Csc.BR3), Capc. GNMR
= false, and Gycpart ={1, 2}; 1 and 2 are the
indices of nodes & and G respectively.
Moreover, Gc.GNMR=true and g.GNMR=true.
o The child node ¢ will be compared with all
children nodes C of j C.GNMR=false. We find
that G is compared only with child &, but C

2 for each node €in nj.childrendo did not form any result with g, then G will be
3 if C«.BR3 =Cj.BR3 then compared with all children nodes that participated
4 add G.consegseg to Cj.conseqset; to form Cue l.€., G will be compared with ¢
S return; and G¢ CiBRs < CuBRs, then
? endefrc])? if Cs.conegseg=bf, Cs.part={2}; 2 is the index of
8 add G atend po_sition p_ofinchildren Egg:_qj' But Gt and G not produce any child
9 for each node Ein ny childrendo 2.3 Generate all maximal high confidence
10 it C;.GNMR= falsethen iati les for up/dow-expressed genes of
11 d= G.BR3 A C;.BRg; association ru prdow-exp 9
12 if supp(d)=athen node n Flnally,_after all chll_dren are created for
13 continue: node. n (see. Fig.3). All chlldren. nodes ¢ <
14 end if ni.children with G.GNMR=true will be pruned,
15 if d= G.BR3 then > C.BR3 < C{.BR3 because these nodes will produce non-maximal
16 add G.consegse to Gy.conseaset; rules (line 33 AIgonthmZ) ther) the proced.ure
17 add j to G.part; GenerateMaximalHighRules (Line 34 Algorithm
18 Cj.GNMR=true; > nj form node G 2) is invoked. The procedure
19 G«.GNMR-=false; GenerateMaximalHighRules  (Algorithm 5)
20 else ifd=Cj.BR3 then > nj.BRs < ng.BR3 checks each child node (Ce< nj.children;
21: add G.consegset to Cj.consegset; Cx.GNMR=false in order for producing all
22: add index p to Cpart; maximal high confidence association rules of node
23 CG.GNMR=true; ni. All extracted maximal high confidence
24 Cj.GNMR= false; association rules from our algorithm shown in Fig
25 else ifsupp(d)/n.supp2> minconfthen 4. After creating all maximal high confidence
26 node ;= association rules from; nn; with its children will
27 newNodeAtLevel3 (Econsegseg U be pruned (Line 35 Algorithrg)
28 C.consegset,d,supp(d),fals€j,p});
29 G..GNMR=true; G.GNMR=true,
30 Insert(G;,ni,minconf). — vrecursive call - ‘Ajgorithm 5 Procedure to Mine All Maximal High
g; else Ith emg)ty(q.part)thzn defrom ¢ Sonfidence Association Rules

>the no .ecanno.t produce new node from 1: procedure GENERATEMAXIMAL HIGHRULES(nodeAtLevel2
33 for each index q in Gpartdo Ni)
34 compare and G using four 2 for each G in N;j.childrendo
35 cases of this procedure; 3 for each gene g N;.antsetdo
g? endei?d for 4: Form a rule on the following form
38: end if 5: g— Nj.antset{g} U Nj.conseagseb U
39: end for 6: Cj.consgset;

: 7 end for
40: end procedure 8 end for
9: end procedure

Example, Fig. 3 shows the final tree after creating
all children nodes that will produce maximal high
confidence rule for up/down-expressed genes. In
this figure, the processes of inserting the children
nodes tog(na.antsetza) should be as follows: 1. It mines all maximal high confidence association
o The child node G; Ci..GNMR=false will be rules.

inserted without any comparison. 2. Binary representation saves the memory and speeds
o The child node g will be compared with G; up the intersection processes. In addition, binary
supp (G.BR3 A Cac.BR3)/ng.supp > minconf. representation makes MCR-Miner algorithm scans the

Advantage of MCR-Miner algorithm
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Fig. 3: Tree Contains All Nodes Which Mine Maximal High Confidence Associatiale®

a— bede:50% d — abce :50% and 6178 gene<f]. Fig. 5 a. shows the running time in
a— cef :50% d — bef :50% seconds of the two algorithms on the "Hughese et al”
¢ — abde50% e bd :60% dataset; where each algorithm shows is represented with
c — aef50% e f:60% two curves. The first one (MCR-Minerl or MAXCONF1)

for mining rules for up-expressed genes only, the second
(MCR-Miner2 or MAXCONF2) for mining rules for
up/down-expressed genes. Figh. shows the number of
generated rules in both algorithms for up-expressed genes
and for up/down-expressed genes. It is clear that, the two
algorithms (MCR-Minerl and MAXCONF1) or
(MCR-Miner2 and MAXCONF2) produce the same

i number of the maximal high confidence association rules.
dataset only once and the measurements of confldencgim”a”y, Fig. 6 a. shows the running time in seconds

easier. . (Note that the y-axes of these graphs are in logarithmic
3. The tree has 3 levels only; this saves both used SPacq o) scale) of the two algorithms on the "Spellman et al”
and time. _ _ dataset. Fig6 b. shows the number of generated rules in
4. It overcomes both the computational time andpoth algorithms. It is clear that, the two algorithms
memory explosion problems of column-enumeration proqyce the same number of the maximal high confidence
based method algorithms. Also, it is better than gssociation rules. The comparative study shows that,

row-enumeration based method algorithm like \jcR-Miner algorithm is faster than MAXCONF
MAXCONF [15]. As consequent, MCR-Miner is  gjgorithm.

faster than RERIIZ2], CHARM [23], CARPENTER
[12], Max-Miner [8], and Apriori [7].

b — ade :66.66%| e — ad :60%
b — def:66.66% | f — ackde :100%

Fig. 4: Mined Maximal High Confidence Association Rules.

. 6 Conclusion

5 Experimental Results

In this paper, we have proposed and implement a new
We present our experimental results that ran on PC withalgorithm called MCR-Miner based on column
Intel(R) core 2 Duo 3.20 GHz, 8.00 GB of RAM, (gene)-enumeration method. MCR-Miner algorithm used
Windows 7 64 bit system using Java compiler JDK an efficient MAR-tree data structure with three levels
jdk-7u3-windows-x64 and netbeans-6.7.1-ml-windowsonly. The MAR-tree is used to efficiently save the gene
IDE. MCR-Miner algorithm is compared with the more with its binary representation. Using the binary
related algorithm called MAXCONF1p] for mining representation for each gene makes the intersection
maximal high confidence association rules for processes easier and faster than the intersection prgcesse
up-expressed genes only and also for up/down-expressduetween samples in MAXCONF algorithm. Moreover,
genes. The two algorithms are tested over the microarrayhe binary representation reduces the used memory;
dataset "Hughes et al 2000” of 300 samples and 6316vhere all association rules are fitted in the available
genes 23] and "Spellman et al. 1999” with 77 samples memory. The experimental results on the real microarray
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