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Abstract—Ranking of association rules is currently an interesting
topic in data mining and bioinformatics. The huge number of
evolved rules of items (or, genes) by association rule mining (ARM)
algorithms makes confusion to the decision maker. In this article,
we propose a weighted rule-mining technique (say,RANWAR or
rank-based weighted association rule-mining) to rank the rules using
two novel rule-interestingness measures, viz., rank-based weighted
condensed support (wcs) and weighted condensed confidence (wcc)
measures to bypass the problem. These measures are basically
depended on the rank of items (genes). Using the rank, we assign
weight to each item.RANWAR generates much less number of
frequent itemsets than the state-of-the-art association rule mining
algorithms. Thus, it saves time of execution of the algorithm. We run
RANWAR on gene expression and methylation datasets. The genes
of the top rules are biologically validated by Gene Ontologies (GOs)
and KEGG pathway analyses. Many top ranked rules extracted from
RANWAR that hold poor ranks in traditional Apriori, are highly
biologically significant to the related diseases. Finally,the top rules
evolved from RANWAR, that are not in Apriori, are reported.

Index Terms—Weighted association rule mining, wcs, wcc,
Limma, gene-weight, gene-ranking,RANWAR.

I. I NTRODUCTION

K NOWLEDGE Discovery and Data Mining (KDD) is an
interdisciplinary domain that mainly focus on the system-

atic ways of acquiring interesting rules and patterns from the
data. The significant common patterns which are estimated by
interestingness measures include association rules. Association
rule mining (ARM) [3], an important data mining technique is
utilized for detecting interesting relationships betweenitems.

Huge number of rules always creates problem to select top
among them. Therefore, the ranking of rules from the biological
data is very important area for research. For this, different rule-
interestingness measures (viz., support, confidence, lift, convic-
tion etc.) were proposed. But, these still generate huge number of
frequent itemsets, and thereby these generate huge number of as-
sociation rules. Thus, lot of time is taken to run these algorithms.
In this article, we propose a weighted rule-mining technique (viz.,
RANWAR or Rank-based Weighted Association Rule-Mining)
which has been developed using two novel measures rank-based
weighted condensed support (say,wcs) and rank-based weighted
condensed confidence (say,wcc) measures for extracting rules
from the data. Sometime it happens that a lot of rules have same
support and same confidence. At this moment, if we need some
of them, it is difficult to differentiate among them. Therefore, if
we apply thewcs andwcc, we can easily categorize them. The
major benefit ofRANWAR is that it generates much less number
of frequent itemsets than state-of-the-art association rule mining
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algorithms for same minimum support value. There is no such
ARM method which generates lesser number of frequent itemsets
thanRANWAR. Thereby, it takes much less time than the other
algorithms. Another benefit ofRANWAR is that some of the
rules which hold low rank in traditional rule mining algorithms,
hold good rank inRANWAR. Some evidences of biological
significance of the genes of the evolved rules are also found.

As we know that if the number of genes in data is large, the
number of itemsets will be also large, thus, using Limma [2]
statistical test, we have just taken into account the top differ-
entially expressed (i.e.,DE) or differentially methylated (i.e.,
DM ) genes. Limma is an useful statistical test which performs
well for both normally and non-normally distributed data for all
types of sample-size (i.e., small, medium, large). Our proposed
measures are basically rank-based weighted measures. Therefore,
ranking of genes has a significant role here. Limma test provides
a rank-wise gene-list according to their p-values from bestto
worst cases. Thereafter, we assign weight to each item/gene
w.r.t. their p-value ranking, and include these into the measures.
Therefore, our measures give importance to each item (gene). Our
proposed measures (viz.,wcs andwcc) are condensed form of
the traditional support and confidence measures. Furthermore, two
gene expression datasets and two methylation datasets are used
to test the performance ofRANWAR. We have made a compar-
ative analysis of it with the traditional Apriori algorithm[1] and
other state-of-the-art rule mining algorithms. For validation of the
rules, GO terms and KEGG pathways of the genes in the rules
are identified. The genes of the evolved rules involving highest
number of GOs/pathways are reported for biologically benevolent
aspects. Finally, we report many top ranked rules produced by
RANWAR that hold poor ranks in traditional Apriori, but are
highly biologically significant to related diseases.

The rest of the article is organized as follows. Section II
presents literature review. Section III and section IV elaborate the
proposed measures, and the proposed ARM method, respectively.
The source and description about the dataset are given in section
V. Section VI presents the experimental results and discussion,
where section VII shows utility of ARM in biology and our novel
findings. Finally, Section VIII concludes the article.

II. L ITERATURE REVIEW

ARM [1] is a popular technique to estimate interesting rela-
tionships among different items (i.e., genes). Suppose,Itmset =
{i1, i2, ..., in} be an itemset (i.e., set of genes) andS =
{s1, s2, ..., sm} be a set of transactions (samples). Thus, a rule
might be described asA ⇒ C, where A,C ⊆ Itmset and
A
⋂

C = φ. Here,A is called as antecedent andC is called as
consequent. In a transaction database, a transaction may consist
of a set of items purchased in it. In a similar sense, in gene
expression / methylation [3] dataset, in any tissue sample (trans-
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action), a set of genes may occur together. Some of them are up-
regulated/hyper-methylated, and some are down-regulated/hypo-
methylated, and remaining are not differentially expressed /
methylated (i.e., neither up-regulated/hyper-methylated nor down-
regulated/hypo-methylated). In case of a biological transaction,
suppose,{gene1+, gene2−, gene3nde ⇒ gene4+} is an asso-
ciation rule which states that if gene1 is up-regulated (denoted
by ‘+’), gene2 is down-regulated (denoted by ‘-’), andgene3nde
is non-differentially expressed (depicted as ‘nde’) simultaneously,
then it is likely that gene4 will be up-regulated. Therefore, those
four genes must occur in some of transactions simultaneously.
The support of an itemset is defined as number of transactionsin
which all items of the itemset appear simultaneously. The itemset
is frequent when its support is greater than any threshold value
(i.e., minimum support). The confidence of the rule is definedas
ratio of support of the itemset to the support of antecedent.

Apriori [1] is a basic algorithm for learning association rules
to control on databases that have transactions. Apriori utilizes
a “bottom-up” approach, where frequent subsets are extended
one item at a time to generate each candidate and groups of the
candidates are tested against the data. The algorithm terminates
if there is no further successful extensions to be identified. The
output of Apriori is actually the sets of rules that generatethe
occurrence of items in the dataset. Apriori follows breadth-first
search to count the candidate itemsets. Apriori produces candidate
itemsets of lengthk from itemsets of lengthk− 1. Thereafter, it
eliminates the candidates having an infrequent sub-pattern.

By further investigations, different limitations have been found
in the traditional Apriori algorithm, like generation of huge
number of frequent itemsets, high elapsed time, multiple-scan
problem, load-imbalance problem, importing same importance
to each item etc. For reducing those shortcomings, different
enhancements have been performed on the original Apriori al-
gorithm (viz., Orlando et al. in 2001 [14], Pavon et al. in 2006
[11], Yu et al. in 2008 [16], Oguz et al. in 2012 [13] etc.). Besides
that, many other ARM methodologies have been proposed (e.g.,
Tao et al. in 2003 [19]). Tao et al. used weighted ARM technique
in efficient way. But, very less improvement on reducing elapsed
time has been done through Tao et al. Therefore, further new
methodologies are proposed (Yun et al. (WIP) in 2006 [15], Hong
et al. in 2008 [12], Sun et al. in 2008 [17], Ahmed et al. in 2008
[18]). But, it has been noticed that it is very difficult to reduce
all such limitations simultaneously. Therefore, we have mainly
focused how to reduce elapsed time for rule mining in such way
that only top ranked items and their related highly significant
rules will present in result for large transaction database.

III. PROPOSED MEASURES

In this article, we propose two novel rule-interestingnessmea-
sures, viz., rank-basedweighted condensed support(wcs) and
weighted condensed confidence(wcc) on basis of independency
of the genes of a microarray dataset [3], [4] instatistical scenario.
Suppose, input boolean matrixBIT is of sizem× n, wherem
denotes #sample andn denotes #gene. The assigned weights to
genes are assumed to beW = {w1, w2, ..., wn}. A weight wi is
attached to each genegi (i.e., i = 1, 2, ..., n). This denotes a pair
of (gi, wi) which is stated as a weighted gene. The weight of the
gi gene in thek-th sample/transaction is denoted bywki, where
1 ≤ k ≤ m. If the genegi presents in thek-th transaction (sk),

TABLE I: An example of calculating the proposedwcs andwcc.
Genes (Items)−→

︷ ︸︸ ︷

g1 g2 g3 g4 g5
Item weight 1.0 0.2 0.8 0.6 0.4

(wi)

Genes (Items)−→

Tr
an

sa
ct

io
ns

→

︷ ︸︸ ︷

g1 g2 g3 g4 g5
s1 1 1 0 1 1
s2 0 0 1 1 0
s3 0 1 1 1 1
s4 1 1 0 0 1

Suppose,Z is whole itemset of a rule,{g1, g2 ⇒ g5}; Here, antecedent,A = {g1, g2};
consequent,C = {g5}; andZ = A ∪ C = {g1, g2, g5}; and
So,W1(Z) = w11 ∗ w12 ∗ w15 = w1 ∗ w2 ∗ w5 = 1.00 ∗ 0.2 ∗ 0.4 = 0.08;
W2(Z) = w21 ∗ w22 ∗ w25 = 0 ∗ 0 ∗ 0 = 0;
W3(Z) = w31 ∗ w32 ∗ w35 = 0 ∗ w2 ∗ w5 = 0 ∗ 0.2 ∗ 0.4 = 0;
W4(Z) = w41 ∗ w42 ∗ w45 = w1 ∗ w2 ∗ w5 = 1.00 ∗ 0.2 ∗ 0.4 = 0.08;

m′(Z) = max{
4∑

k=1
BITk1,

4∑

k=1
BITk2,

4∑

k=1
BITk5}

= max{(1 + 0 + 0 + 1), (1 + 0 + 1 + 1), (1 + 0 + 1 + 1)}
= max{2, 3, 3} = 3

wcs(Z) =
W1(Z)+W2(Z)+W3(Z)+W4(Z)

m′(Z)
= 0.16

3
= 0.053;

Similarly, W1(A) = w11 ∗ w12 = w1 ∗ w2 = 1.00 ∗ 0.2 = 0.2;
W2(A) = w21 ∗ w22 = 0 ∗ 0 = 0; W3(A) = w31 ∗ w32 = 0 ∗ w2 = 0 ∗ 0.2 = 0;
W4(A) = w41 ∗ w42 = w1 ∗ w2 = 1.00 ∗ 0.2 = 0.2;

m′(A) = max{
4∑

k=1
BITk1,

4∑

k=1
BITk2}

= max{(1 + 0 + 0 + 1), (1 + 0 + 1 + 1)}
= max{2, 3} = 3

wcs(A) =
W1(A)+W2(A)+W3(A)+W4(A)

m′(A)
= 0.4

3
= 0.13;

Therefore,wcc(A ⇒ C) =
wcs(Z)
wcs(A)

= 0.053
0.13

= 0.41;

then value ofwki will be the weight of the genegi, otherwise,
value ofwki becomes zero. In other words,

wki =

{

wi, if gi ∈ sk.
0, otherwise.

For microarray dataset, differential expression values (t-statistical
values, or corresponding p-value in any statistical test) of genes
are calculated on the assumption of independency of genes [7]. If
all the genes are dependent, then p-values (specified probabilities)
of the genes in the test will be invalid [7]. Therefore, on thebasis
of the independency of the genes of a microarray dataset, we have
determined itemset-transaction weight. The weight of a gene is
calculated through p-value ranking of the gene. Thus, itemset-
transaction weight can be defined as multiplication of weights of
all the genes (items) of the itemset in a transaction (sample) for
a microarray dataset. It is estimated as:

Wk(Z) =

Q
∏

(∀giǫZ,Q=|Z|)
i=1

wki, (1)

whereWk(Z) denotes itemset-transaction weight of itemsetZ

for k-th transaction,wki refers to the weight of genegi for k-
th transaction,

∏

denotes multiplicative operator,Q refers to the
total number of genes in the itemsetZ.

The proposed support of the itemset (i.e.,wcs(Z)) is defined
in two folds. If the size of itemset is one, then thewcs(Z)
is the ratio of summation of all the itemset-transaction weights
of the itemset (i.e., summation of allWk(Z), ∀k) to the total
number of transactions/samples (i.e.,m) in the database. But if
the size of itemset is greater than one, then thewcs(Z) is the
ratio of summation of all the itemset-transaction weights of the
itemset (i.e., summation of allWk(Z), ∀k) to the frequency of
the highest frequent gene/item of the itemset (i.e.,m′(Z)) instead
of consideringm. Thus,wcs is stated as thecondensed formof
the traditional support. The proposed support can be statedas:

wcs(Z) =























m∑

k=1

Wk(Z)

m′(Z) , if |Z| > 1

m∑

k=1

Wk(Z)

m
, if |Z| = 1

(2)
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wherem′(Z) is described as follows:

m
′(Z) = max

(∀giǫZ,Q=|Z|)

{ m∑

k=1

BITk1,

m∑

k=1

BITk2, ...,

m∑

k=1

BITkQ

}

, (3)

whereQ denotes the total number of genes in the itemsetZ

(|Z| > 1), andBITki denotes boolean value of the genegi for
k-th sample/transaction (here,i = 1, 2, ..., Q). Here, the boolean
sub-matrix of the itemsetZ having size|m×Q| is considered.

The proposed confidence of a rule (viz.,wcc(A −→ C)) is
defined as the ratio of the support of the itemset (i.e.,wcs(Z),
Z = A ∪ C) to the support of the antecedent (i.e.,wcs(A)).

wcc(A −→ C) =
wcs(A ∪C)

wcs(A)
=

wcs(Z)

wcs(A)
. (4)

An example of calculatingwcs andwcc is presented by Table I.
It should be mentioned that for rule mining using thewcs and

wcc measures, we have to set two thresholds, one forwcs, and
other wcc. It is well-known that support is the property of an
itemset, and confidence is the property of a rule. Therefore,here,
the above statement signifies that ifwcs of an itemset is greater
than equal to a minimum support threshold (say,min wsupp),
then the itemset is frequent. If the itemset is frequent, then wcc

values of rules made from the itemset need to validate. Ifwcc of
any rule is greater than equal to a minimum confidence threshold
(say,min wconf ), then the rule can be selected.

IV. PROPOSEDRULE M INING APPROACH

In this article, we propose a rank-based weighted associa-
tion rule mining (RANWAR) using the two proposed rule-
interestingness measures (wcs and wcc) specially for microar-
ray/beadchip data [3], [7]. The steps of it are described below:

A. Finding differentially expressed/methylated genes andranking

Microarray technique [7] is a useful tool for measuring gene
expression data across different experimental and controlsamples.
At first, some pre-filtering process is applied on the data (viz.,
removal of genes having low variance). In fact, due to the low
variance of the gene, sometime lower p-value is produced which
seems to be significant, but actually it is insignificant. Thus, it
is needed to check the overall variance of the data according
for each gene and filter out the genes having very low variance.
Here, we have used a matlab function “genevarfilter” by which
some user-defined percentile of the genes having low variance
can be eliminated from the gene list. The filtered data shouldbe
normalized gene-wise as normalization converts the data from
different scales into a common scale. In our experiment, we
have used zero-mean normalization [7] which converts the data
into such a form where mean of each gene becomes zero and
standard deviation becomes one. The zero-mean normalization
can be formulated as:xnorm

ij =
xij−µ

σ
, whereµ andσ refer to

mean and standard deviation of the expression/methylationdata
of a genei before normalization respectively; andxij andxnorm

ij

denote the value ofi-th gene atj-th sample before and after
normalization, respectively.

For identifying DE/DM genes, a suitable non-parametric test
should be applied correctly. Thus, we choose Limma [2] as it
performs well for both normal and non-normal distributionsfor
all sizes of data. The moderated t-statistic of Limma is stated as:
t̃g = 1

√
1

n1
+ 1

n2

β̂g

s̃g
, where sample sizen = n1 + n2; β̂g and s̃2g

Microarray 

Dataset

Pre-filtering genes

Normalization

Use Limma to 

identify DE genes

Gene ranking w.r.t. 

their p-values

Assigning weight to 

each gene w.r.t. its 

ranking

Data discretizationUse 'RANWAR' 

algorithm to extract 

rules

Comparative performance 

between 'RANWAR' and 

other existing algorithms

Evaluation of evolved rules: 

GO, pathway analysis

Fig. 1: The proposed rule mining approach from biological data.

denote the contrast estimator and posterior sample variance for
the geneg, respectively. However, from the resulting value of
the t-statistic, corresponding p-value is calculated fromt-table or
cumulative distribution function (cdf) [7]. If p-value of agene is
less than 0.05, then the gene is calledDE/DM , otherwise not.
TheDE/DM genes are then ranked w.r.t. their p-values.

B. Assigning weight to each gene

In our approach, all the genes have not same importance. That
is why, some weight is assigned to each gene w.r.t. their p-value
ranking mentioned earlier. Here, the weights of the genes are
calculated in such a way that difference between the weightsof
any two consecutive ranked genes are same, and the weight of
the first ranked gene is always 1 (see Table III for example). The
ranges of weight lie in between 0 and 1. Suppose,n is number of
genes. Thus, the weight of each gene (denoted bywi, 1 ≤ i ≤ n)
is estimated from a function of the above rank (denoted byri,
1 ≤ i ≤ n) and number of genes as described below:

wi =
1

n
∗ (n− (ri − 1)). (5)

C. Data Discretization

Suppose,I[r, c] is input data matrix. Here,r denotes genes,
and c denotes samples. First of all, the matrixI is transposed.
Suppose,IT be the resulting matrix. Now, discretization of the
input data matrix is mandatory for applying association rule
mining. For discretization purpose, we have utilized standard k-
means clustering algorithm. But, before using k-means, we have
chosen initial seed values for k-means using [6]. For doing this,
at first, we choose first cluster centercc1 uniformly at random
from all the data points (χ). Thereafter, for each data-pointy, we
calculate the distance (Dy) between the data-point and nearest
center which is already chosen. After that, choose the next cluster
ccj by takingccj = y′ ∈ χ where the corresponding probability is
D(y′)2

∑

y∈χ

D(y)2 . Repeat the last step until we selectk number of cluster

centers. In this way, the initial centers are chosen that areused for
the standard k-means clustering. Thereafter, we have run k-means
clustering algorithm sample-wise (i.e., row-wise) on eachrow of
IT where the number of clusters is 2 and the distance metric is
the Euclidean distance. The cluster having higher centroidvalue is
the cluster of up-regulated/hyper-methylated genes and the other
cluster is the cluster of down-regulated/hypo-methylatedgenes.

According to IT matrix, ‘1’(red color) denotes up-regulated
gene (DEup) and ‘0’(green color) denotes down-regulated gene
(DEdown) (see Fig. 2(b)). As in ARM,‘1’ and ‘0’ signify presence
and absence of some item (gene) in some transaction (sample),
respectively for binary data, so here we can show only the
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S
am

pl
es

−
→

DE Genes−→

(D
is

cr
et

iz
at

io
n)︷ ︸︸ ︷

g1 g2 g3 ...
︷

︸
︸

︷ str1 11.51 2.56 12.68 ...
str2 2.53 11.68 10.68 ...
str3 10.36 1.68 10.32 ...
. . . . ... =⇒
snr1 10.52 11.89 3.56 ...
snr2 3.67 10.42 12.34 ...
snr3 12.67 11.45 3.32 ...
. . . . ...

(a)

DE Genes
g1 g2 g3 ...

str1 1 0 1 ...
str2 0 1 1 ...
str3 1 0 1 ...
. . . . ...
snr1 1 1 0 ...
snr2 0 1 1 ...
snr3 1 1 0 ...
. . . . ...

•‘1’(red color)≡ DEup
•‘0’(green color)≡ DEdown

(b)

(Post-discretization)⇓

Domain of DEup Property Domain of DEdown Property
︷ ︸︸ ︷ ︷ ︸︸ ︷

g1+ g2+ g3+ ... g1- g2- g3- ...

D
is

ea
se

d

︷
︸
︸

︷
︷

︸
︸

︷ str1 1 0 1 ... 0 1 0 ...
str2 0 1 1 ... 1 0 0 ...
str3 1 0 1 ... 0 1 0 ...

. . . . ... . . . ...

N
or

m
al

snr1 1 1 0 ... 0 0 1 ...
snr2 0 1 1 ... 1 0 0 ...
snr3 1 1 0 ... 0 0 1 ...

. . . . ... . . . ...
•‘1’(red color)≡ presence ofDEup •‘1’(green color)≡ presence ofDEdown

•‘0’(no color)≡ ((∼ DEup)|(∼ DEdown))

(c)

(Apply RANWAR) ⇐
=

Frequent Itemsets: {g1+, g2-, g3+} {g1+, g5+, g6-} {g3+, g8-, g10+}

⇐
=

⇐
=

⇐
=

Rules: {g1+, g2-⇒ g3+} {g1+, g5+⇒ g6-} {g3+, g8-⇒ g10+}
{g1+ ⇒ g2-, g3+} {g1+ ⇒ g5+, g6-} {g3+ ⇒ g8-, g10+}

Ranking of rules ⇐
=

(d)

Fig. 2: An example of post-discretization usingRANWAR.

presence ofDEup by using ‘1’, and presence ofDEdown by
using ‘0’. But, we need to represent three categories of items,
i.e., (i) DEup, (ii) DEdown and (iii) ∼ DEup| ∼ DEdown using
binary digits (‘1’ and ‘0’). Therefore, the number of columns
of the IT is then set twice of the original (see Fig. 2(c)).
Let, BIT be the resulting boolean matrix. In this case, for the
first-half, ‘1’(red color) denotes presence of up-regulated gene
(DEup), and ‘0’(no color) represents absence of up-regulated
gene (∼ DEup). Similarly, for the second-half, ‘1’(green color)
denotes presence of down-regulated gene (DEdown), and ‘0’(no
color) represents absence of down-regulated gene (∼ DEdown).
According to Fig. 2(c),str and snr denote experimental/treated
and normal/control samples respectively, where ‘+’ and ‘-’de-
note up-regulation and down-regulation, respectively. Here, for
the str1 sample, geneg1 and geneg3 are up-regulated, and
geneg2 is down-regulated. Thus, the cellsBIT (str1, g1+)=1,
BIT (str1, g3+)=1 and BIT (str1, g2−)=1. Thus, automati-
cally, the cells BIT (str1, g1−)=0, BIT (str1, g3−)=0 and
BIT (str1, g2+)=0. The same approach is applicable for the other
samples/rows of the matrixBIT . Fig. 2 shows the procedure.
If the genes become hyper-methylated (DMhyper) and hypo-
methylated (DMhypo) instead of up-regulated (DEup) and down-
regulated (DEdown), respectively, same steps can be used.

D. Identification of frequent itemset and rule mining

After the post-discretization, we need to identify frequent
itemsets. For this, at first, we evaluatewcs of the 1-itemsets, and
then identify the frequent singleton itemsets (i.e.,wcs of them
are greater than equal tomin wsupp). Similarly, we calculate
their supersets 2-itemsets and then determine frequent 2-itemsets.
Then rules are extracted from the frequent 2-itemsets. Then, wcc
of each rule is computed. The rules havingwcc greater than
equal tomin wconf value, are selected for resulting list of rules.
Then, we determine their supersets 3-itemsets and then determine

Algorithm 1 RANWAR
Input: Data matrixD (rows=genes, columns=samples), original gene-listA1 according toD,
rank-wise gene-listA2 (according to p-values of genes by Limma), flag of sorting theevolved
rules sortF lag (w.r.t. eitherwcs or wcc), minimum support thresholdmin wsupp,
minimum confidence thresholdmin wconf .
Output: Set of rulesRules, supportRuleSupp, confidenceRuleConf .
1: procedure RANWAR
2: Normalize the data-matrixD using zero-mean normalization.
3: Calculate rank of genes (i.e.,rankk(:)) according to original gene listA1.
4: Assign weightswt(:) to all genes according to their ranksrankk(:).
5: Transpose the normalized data-matrix.
6: Choose initial seed values for using k-means clustering.
7: Discretize the transposed matrix applying standard k-means clustering sample-wise.
8: Apply post-discretization technique.
9: Initialize k = 1.
10: Find frequent 1-itemsets,FIk = {i|i ∈ A1 ∧wcs(i) ≥ min wsupp}.
11: repeat
12: k=k+1.
13: Generate candidate itemsets,CIk from FIk−1 itemsets.
14: for each candidate itemset,c ∈ CIk do
15: Calculatewcs(c) for each candidate itemset,c.
16: if wcs(c) >= min wsupp then
17: FIk ← [FIk; c].
18: Generate rules,rule(:) from the frequent itemset,c.
19: Determinewcc(:) for eachrule(:).
20: for each evolved rule,r ∈ rule(:) do
21: if wcc(r) >= min wconf then
22: Store ther in the resulting rule-listRules with its wcs andwcc;

Rules← r, RuleSupp ← wcs(r) andRuleConf ← wcc(r).
23: end if
24: end for
25: end if
26: end for
27: until (FIk = ∅)
28: end procedure

frequent 3-itemsets, and then extract significant rules from these,
and so on. The algorithm terminates if there is no further
successful extensions of frequent itemsets to be identified. Finally,
the evolved rules are ranked w.r.t.wcs or wcc. For details, see
Algorithm 1.RANWAR is basically updated version of Apriori
with the measures (i.e.,wcs andwcc). However, the performance
of RANWAR is compared with other existing rule mining
methods. The number of frequent itemsets are compared between
RANWAR, and the other methods at different minimum support
values. For validation of the rules, GO terms and KEGG pathways
of the genes in the rules are identified. The genes of the evolved
rules involving highest number of GOs/pathways are reported
for biologically benevolent aspects. We report many top ranked
rules produced by RANWAR that hold poor ranks in traditional
Apriori, but are highly biologically significant to relateddiseases.
A flowchart is provided to describe how to apply the measure to
extract rules from biological dataset (see Fig. 1 and Fig. 2).

V. REAL DATASETS

Two real datasets are used which are described in Table II.

TABLE II: Information of used Datasets (DS).

id Dataset information

DS1 Genome-wide DNA methylation dataset of Uterine cervical carcinogenesis
(NCBI Ref. id: GSE30760) belonging 63 cancerous uterine cervix (CUC)
treated samples and 152 normal uterine cervix (NUC) samples.

DS2 Gene expression dataset of cigarette smokers of lung adenocarcinoma (NCBI
Ref. id: GSE10072)belonging 24 current-smoker (CS) treated samples and 16
never-smoker (NS) control samples, in Tumor category.

DS3 Expression dataset of Uterine Leiomyoma with 16 Uterine Leiomyoma (UL)
samples and 16 normal myometrial (MM) samples (NCBI Ref. id: GSE31699).

DS4 Methylation dataset of Uterine Leiomyoma having the 18 UL samples and 18
MM samples (NCBI Ref. id: GSE31699).
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VI. EXPERIMENTAL RESULTS AND DISCUSSION

We runRANWAR on the two methylation datasets, and two
expression datasets. As stated in section IV, at first, we eliminate
top 10% genes which have lowest variance, and then normalize
the data gene-wise using zero-mean normalization (see Fig.3(a)
and Fig. 3(b)). There are large number of genes in each dataset.
So we run Limma test on the normalized dataset, and thereafter
we make a rank-wise list of genes from best to worst accordingto
their p-values in the test. We know that only highly (statistically)
significant genes can make sense to the corresponding disease for
biological data. So, considering all genes of a large dataset may
increase elapsed time highly, and we will get a large number of
rules in which most of them are redundant/insignificant. Thus, we
consider topDE/DM genes, and generate only most significant
rules instead of a large set of redundant rules. Here, we set
different p-value cutoffs for different datasets for identifying
different numbers of top ranked genes. E.g., p-value cutofffor
DS1 is set 4.37E-40 to identify top 20 genes; that means only
top 20 genes have p-values which are less than the cutoff, and
p-values of remaining genes for the dataset are greater thanequal
to the mentioned cutoff. Similarly, for DS2, p-value cutoffis set
as 0.00028 to identify top 30 genes. Thus, if the p-value cutoff
is reduced, then more top ranked genes are identified than the
current number of genes; and if it the cutoff is further increased,
then less number of top genes are found. Hence, we pick up top
20 DM genes (including top 10DMhyper and top 10DMhypo

genes) for DS1 (see Table III), and top 30DE genes (including
top 15DEup and top 15DEdown genes) for DS2 (see Fig. 3(c)).
Similarly, we select top 20DE genes for DS3, and top 20
DM genes for DS4. Thereafter, for comparison purpose, we run
RANWAR, and the other ARM methods (Apriori et al. (1993),
Tao et al. (2003), Yun et al. (WIP) (2006), Sun et al. (2008),
Ahmed et al. (2008) and Oguz et al. (2012)) at different minimum
support values (viz., 0.1, 0.15, 0.2, ..., 0.5) and a fixed minimum
confidence value (i.e., 0.5) on the datasets. Then we count the
number of frequent itemsets and corresponding rules for each of
the methods, and compare these for the datasets. We observe that
RANWAR produces very less number of frequent itemsets than
the other existing methods (see Fig. 4). Therefore,RANWAR

takes less time to execute than the others (see Fig. 5).
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Fig. 3: Boxplots of data for top 30DE genes before normalization
(in (a)) and after normalization (in (b)), and volcanoplot for
identifying DEup andDEdown genes, in DS2 (in (c)).

At 0.10 minimum support (min wsupp) and 0.50 minimum
confidence (min wconf ) thresholds, we have obtained 5870
rules in RANWAR whereas we get more than twenty lakh
rules in Apriori for DS1. It is noticed that a large number of
rules have same confidence and same support for Apriori. But,
RANWAR can differentiate them as they have different confi-

TABLE III: The p-value, rank, weight (according to eq. 5) and
radarplot of weight of top 20DM genes of DS1.

Gene P-value in Limma Rank Weight Radarplot of weight w.r.t. rank of gene
ADCY2 7.47E-91 1 1
C20orf85 1.39E-86 2 0.95
PCDHAC2 4.13E-86 3 0.9
ARID3A 1.38E-80 4 0.85
SLC22A18 5.08E-78 5 0.8
ALX4 1.44E-76 6 0.75
SH3TC1 1.88E-74 7 0.7
SH3BP5 5.93E-74 8 0.65
NR1I2 1.15E-73 9 0.6
P2RY2 1.43E-73 10 0.55
INMT 2.76E-56 11 0.5
CCL14 1.35E-51 12 0.45
MLN 3.34E-50 13 0.4
CCL11 5.82E-50 14 0.35
C14orf115 1.07E-49 15 0.3
EPB42 1.17E-48 16 0.25
CSF1R 1.16E-46 17 0.2
GPR81 9.60E-44 18 0.15
SCNN1D 5.02E-43 19 0.1
PNMA6A 4.36E-40 20 0.05

dence or different support or both. For example, in Table IV(a),
for DS1, rule ids15 and 16 (highlighted by yellow color) have
same confidence (i.e., 99.53% for both) and also same support
(i.e., 97.67% for both) using Apriori. ForRANWAR, these have
samewcc (viz., 81.47% for both), but differentwcs (viz., 71.59%
for rule id 15, and 23.86% for rule id16). Similarly, rule ids
18 and 19 (highlighted by green color) can be differentiated by
their wcs (viz., 34.43% and 11.48%, respectively); and rule ids
21 and 22 can be differentiated by theirwcs (viz., 33.92% and
13.57%, respectively). Some top common rules are listed in Table
IV(a) and Table IV(b) for DS1 and DS2, respectively. There is
another advantage ofRANWAR that a large number of rules
which have low ranks in Apriori due to their same confidence and
support within a wide range, have good ranks inRANWAR. For
example, (for DS1,) in Table IV(a), the ranks of rule id1 (viz.,
{C20orf85+, SLC22A18+, INMT+, ADCY2-⇒ PCDHAC2-})
are 284 inRANWAR, and 17166 in Apriori. Similarly, rule ids
2, 3, 4 and5 stand 378th, 489th, 518th and 520th inRANWAR,
and 20162, 9639, 38754 and 48072, respectively. (See Table IV.)
For details, see“RANWAR sup.pdf” file.

VII. U TILITY OF ARM IN BIOLOGY AND NOVEL FINDINGS

ARM is utilized for discovering interesting relations between
items in large databases using different measures of interesting-
ness. E.g., a rule{butter, bread} ⇒ {milk} states that if a
customer purchases butter and bread together, then he is likely to
also purchase milk. In addition to the example of marketing,in
current decade, association rules are applied in many domains
including continuous production, web usage mining, intrusion
detection, and bioinformatics [5]. In bioinformatics, ARMcan
identify interesting relationships among genes across different
experimental and control samples (conditions) from microarray
gene expression [3], [4], [7] as well as methylation data [3]. The
interesting associations among huge amount of gene mutation
helps to identify the reason of mutation in diseases and tumors [3].
Using the rule mining, it is possible to identify sets of co-regulated
genes from single-time-point gene expression data. Association
rules are applied to obtain transcription factors associated with
gene expressions. They are useful for time series datasets,for
determining temporal activation or inhibition relations among
genes. Besides that, they are utilized for involving multiple motifs
(items) and for predicting expression in multiple cell types. They
are also helpful for finding the biological data duplicates.In
addition to the earlier domains, ant-based ARM is applied tofind
classification rules for 1 specified class only.
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Fig. 4: Comparison of #frequent itemsets betweenRANWAR

and other existing ARM methods at different minimum support.
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Fig. 5: Comparison of execution time betweenRANWAR and
the other existing ARM methods at different minimum support
and a specified minimum confidence cutoff (here, 0.5).

In our experiment, we have performed Gene Ontology (GO)
and KEGG pathway analysis on the top rules. If all the genes
of any evolved rule involve together in any significant KEGG
pathway or Gene-Ontology (GO-term) (whose p-value< 0.05),
then the rule is biologically significant. For DS1, rule{CCL11+⇒
CCL14+} (wcc= 80.63% andwcs= 17.54%) is existing in
cytokine-cytokine receptor interaction pathway (viz., hsa04060)
which is significantly important for cervical cancer (see [8]).
Each of the rules{CCL11+⇒ CCL14+} (wcc= 80.63% and
wcs= 17.54%),{EPB42-⇒ CCL11+} (wcc= 80.54% andwcs=
24.26%) and{EPB42-⇒ CCL14+} (wcc= 79.88% andwcs=
30.94%) contain five significant GO-BPs (viz., GO:0050801 ion
homeostasis, GO:0048878 chemical homeostasis, GO:0055066
di- and tri-valent inorganic cation homeostasis, GO:0055080

cation homeostasis and GO:0042592 homeostatic process) (see
[10]). For DS2, rules{AURKA+⇒ FBXO5-} (wcc= 87.50% and
wcs= 58%) and{CCL11+⇒ CCL14+} (wcc= 87.50% andwcs=
27.20%) both are existing in Oocyte meiosis pathway (hsa04114)
that is important for lung adenocarcinoma (see [9]). In Fig.7,
we plot different combinations of GO-terms against different
combinations of rules. From that, we have found that all genes
of 3 rules exist in 23 GO:BPs, all genes of 1 rule in 16 GO:BPs
etc. The 3 rules are:{TTK-⇒ BUB1-}, {TTK+⇒ CENPF+}
and {CENPF-⇒ TTK-}. All the three rules have samewcc.
But, theirwcs are different (viz., 36.09%, 25.42% and 16.18%,
respectively). Similarly, we have identified that all genesof 1
rule involves in 7 GO:CCs, all genes of 2 rules in 6 Go:CCs etc.;
and all genes of 4 rules involves in 8 GO:MFs, all genes of 2
rules in 7 Go:MFs etc. The 4 rules are{AURKA+⇒ PLK4-},
{TTK-⇒ PLK4-}, {TTK-⇒ BUB1-} and {BUB1-⇒ PLK4-}.
Here, some significant GO:BPs are M phase, regulation of cell
cycle process etc.; similarly, some significant GO:CCs are spindle,
intracellular organelle lumen etc.; and some significant GO:MFs
are ATP binding, adenyl nucleotide binding etc. For details, see
“RANWAR sup2.pdf”.

Furthermore,RANWAR rules are not totally universal set
of traditional Apriori rules. E.g., according to Fig. 6, suppose,
there are two cases for rule extraction; viz., case 1: miningrules
where min Supp or min wsupp is 0.2, andmin Conf or
min wconf is 0.9; and case 2: mining rules wheremin Supp

or min wsupp is 0.15, andmin Conf or min wconf is 0.9.
Here, most of the rules generated byRANWAR at case1 exist
in the set of the rules generated by Apriori at case 1 as well asthe
set of the rules generated by Apriori at case 2.But, there are some
limited number of the rules generated byRANWAR at case1
that do not exist in the set of rules generated by Apriori at case
1, but exist in the set of rules generated by Apriori at case 2;i.e.,
(Rc1 −Ac1) ⊆ Rc1 ⊆ Ac2, but (Rc1 −Ac1) * Ac1 (all notations
are denoted in Fig. 6). For details, see “RANWARsup2.pdf”.

case1: min_wsupp=0.20 

and min_wconf=0.9

case2: min_wsupp=0.15 and 

min_wconf=0.9

Ac2 : Set of rules by 

Apriori at case2

Ac1 : Set of rules by 

Apriori at case1

Rc1 : Set of rules by 

RANWAR at case1

(Rc1 - Ac1)

Fig. 6: Venn diagram of rules byRANWAR and Apriori in
different cases.(Rc1−Ac1) ⊆ Rc1 ⊆ Ac2, but(Rc1−Ac1) * Ac1.
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Fig. 7: #Rule existing in #GO:BP (in (a)), #GO:CC (in (b)) and
#GO:MF (in (c)), respectively for DS2.
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TABLE IV: Top common rules betweenRANWAR and Apriori for (a) DS1 and (b) DS2. The highlighted rules in same color are
differentiable in ranking byRANWAR, not by Apriori.RkR andRkA denote rank of rule inRANWAR and Apriori, respectively;
Conf andSupp denote confidence and support, respectively (where ‘+’ denotesDMhyper/DEup and ‘-’ denotesDMhypo/DEdown).

(a)
Id. Rule wcc wcs RkR Conf Supp RkA
1 C20orf85+, SLC22A18+, INMT+, 93.02% 12.72% 284 100% 73.02% 17166

ADCY2- ⇒ PCDHAC2-
2 C20orf85+, SLC22A18+, CCL14+, 93.02% 11.37% 378 100% 72.56% 20162

ADCY2- ⇒ PCDHAC2-
3 SLC22A18+, CCL14+, ADCY2-, 93.02% 10.43% 489 100% 74.88% 9639

SH3TC1-⇒ PCDHAC2-
4 SLC22A18+, INMT+, ADCY2-, 92.45% 11.66% 518 99.39% 75.35% 38754

SH3TC1-⇒ PCDHAC2-
5 C20orf85+, SLC22A18+, CCL14+ 92.43% 11.37% 520 99.36% 72.56% 48072

⇒ ADCY2-, PCDHAC2-
6 {C20orf85+⇒ PCDHAC2-} 81.86% 54% 1529 100% 81.86% 2661
7 {CCL14+⇒ PCDHAC2-} 81.86% 31.30% 1533 100% 94.88% 22
8 {CCL11+⇒ PCDHAC2-} 81.86% 23.74% 1535 100% 92.56% 136
9 {C14orf115+⇒ PCDHAC2-} 81.86% 20.45% 1536 100% 93.02% 72
10 {C20orf85+⇒ CSF1R+} 81.86% 18% 1537 100% 81.86% 2659
11 {ARID3A- ⇒ ADCY2- } 81.86% 17.39% 1540 100% 71.16% 25735
12 {C14orf115+⇒ CCL14+} 81.86% 15.34% 1541 100% 93.02% 69
13 {CSF1R+⇒ PCDHAC2-} 81.86% 14.59% 1543 100% 99.53% 2
14 {CCL14+⇒ CSF1R+} 81.86% 10.43% 1549 100% 94.88% 20
15 {ADCY2- ⇒ PCDHAC2-} 81.47% 71.59% 1594 99.53% 97.67% 33019
16 {ADCY2- ⇒ CSF1R+} 81.47% 23.86% 1595 99.53% 97.67% 33018
17 {CCL14+⇒ ADCY2- } 81.46% 51.90% 1599 99.51% 94.42% 33027
18 {INMT+ ⇒ PCDHAC2-} 81.46% 34.43% 1600 99.51% 93.95% 33055
19 {INMT+ ⇒ CSF1R+} 81.46% 11.48% 1601 99.51% 93.95% 33054
20 {SLC22A18+⇒ PCDHAC2-} 81.45% 40.70% 1602 99.50% 92.56% 33064
21 {C14orf115+⇒ ADCY2- } 81.45% 33.92% 1603 99.50% 92.56% 33065
22 {SLC22A18+⇒ CSF1R+} 81.45% 13.57% 1604 99.50% 92.56% 33063
23 {P2RY2-⇒ PCDHAC2-} 81.43% 25.77% 1605 99.47% 87.91% 33595
24 {MLN+ ⇒ PCDHAC2-} 81.42% 24.95% 1606 99.46% 85.12% 34045
25 {SH3TC1-⇒ ADCY2- } 81.38% 77.27% 1636 99.42% 79.07% 35539
26 {SH3TC1-⇒ PCDHAC2-} 81.38% 46.36% 1637 99.42% 79.07% 35540
27 {SH3TC1-⇒ CSF1R+} 81.38% 15.45% 1638 99.42% 79.07% 35538

(b)
Id. Rule wcc(%) wcs(%) RkR Conf(%) Supp(%) RkA
1 {KPNA2+ ⇒ MTHFD2+} 87.5 58.67 7 100 100 22781
2 {CKS1B+⇒ KPNA2+} 87.5 55.87 14 100 100 22787
3 {CKS1B+⇒ MTHFD2+} 87.5 53.33 19 100 100 22786
4 {FBXO5- ⇒ KPNA2+} 87.5 50.29 28 100 100 22785
5 {FBXO5- ⇒ MTHFD2+} 87.5 48 34 100 100 29
6 {CKS1B+⇒ FBXO5-} 87.5 45.71 40 100 100 27
7 {HMGB2+ ⇒ KPNA2+} 87.5 43.58 47 100 97.5 25
8 {KPNA2+ ⇒ PLK4-} 87.5 41.90 51 100 100 24
9 {HMGB2+ ⇒ MTHFD2+} 87.5 41.60 56 100 97.5 6
10 {MTHFD2+ ⇒ PLK4-} 87.5 40 61 100 100 33
11 {HMGB2+ ⇒ CKS1B+} 87.5 39.62 65 100 97.5 31
12 {CKS1B+⇒ PLK4-} 87.5 38.10 69 100 100 1937
13 {HMGB2+ ⇒ FBXO5-} 87.5 35.66 81 100 97.5 1942
14 {FBXO5- ⇒ PLK4-} 87.5 34.29 85 100 100 1933
15 {HMGB2+ ⇒ PLK4-} 87.5 29.71 99 100 97.5 1935
16 {APOD+ ⇒ KPNA2+} 87.5 28.43 107 100 92.5 1940
17 {APOD+ ⇒ MTHFD2+} 87.5 27.13 115 100 92.5 30
18 {SDC1+⇒ KPNA2+} 87.5 26.54 117 100 95 36
19 {APOD+ ⇒ CKS1B+} 87.5 25.84 120 100 92.5 12
20 {SDC1+⇒ MTHFD2+} 87.50 25.33 124 100 95 22
21 {KPNA2+ ⇒ MICAL2-} 87.5 25.14 126 100 100 40
22 {SDC1+⇒ CKS1B+} 87.5 24.13 129 100 95 5
23 {MICAL2- ⇒ MTHFD2+} 87.5 24 132 100 100 11
24 {APOD+ ⇒ FBXO5-} 87.5 23.26 135 100 92.5 1
25 {CKS1B+⇒ MICAL2-} 87.5 22.86 139 100 100 7
26 {IDS- ⇒ KPNA2+} 87.5 22.35 144 100 100 34
27 {SDC1+⇒ FBXO5-} 87.5 21.71 150 100 95 20
28 {IDS- ⇒ MTHFD2+} 87.5 21.33 154 100 100 38
29 {FBXO5- ⇒ MICAL2-} 87.5 20.57 159 100 100 15
30 {CKS1B+⇒ IDS-} 87.5 20.32 163 100 100 2
31 {APOD+ ⇒ PLK4-} 87.5 19.38 170 100 92.5 17
32 {FBXO5- ⇒ IDS-} 87.5 18.29 175 100 100 26

VIII. C ONCLUSION

The huge number of evolved rules of items (or, genes) by
ARM algorithms makes confusion to the decision maker to
choose the top genes. Therefore, in this article, we have proposed
two novel rank-based weighted condensed rule-interestingness
measures (viz.,wcs andwcc). A weighted rule-mining algorithm
(viz., RANWAR) has been developed using the measures spe-
cially for microarray/beadchip data.RANWAR uses a statistical
test, Limma to compute p-value of each gene (item), and some
weight is given to each gene based on their p-value ranking.
RANWAR is basically weighted updated form of Apriori. We
use two gene expression datasets and two methylation datasets to
compare the performance ofRANWAR with the state-of-the-
art ARM algorithms.RANWAR generates very less number of
frequent itemsets than the others. Thus, it saves time of execution
of the algorithm. Another advantage ofRANWAR is that some
most biological significant rules stand top here which hold very
low rank in Apriori. The rules are validated by GO-terms and
KEGG pathways of genes of the rules. Some top rules extracted
from RANWAR that are not present in Apriori, but have high
biological significance, are also reported.

IX. SUPPLEMENTARY MATERIALS

The code and supplementary files are available online at:
https://www.dropbox.com/sh/jq07k1iujaqm4vv/TIzKK3hzW
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