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Abstract—Ranking of association rules is currently an interesting - algorithms for same minimum support value. There is no such
topic in data mining and bioinformatics. The huge number of ARM method which generates lesser number of frequent itsmse
evolved rules of items (or, genes) by association rule min(ARM) 1o p AN AR. Thereby, it takes much less time than the other

algorithms makes confusion to the decision maker. In this dicle, . . .
we propose a weighted rule-mining technique (sayRANW AR or algorithms. Another benefit oRANW AR is that some of the

rank-based weighted association rule-mining) to rank the ules using fules which hold low rank in traditional rule mining algdmis,

two novel rule-interestingness measures, viz., rank-badeweighted hold good rank inRANW AR. Some evidences of biological
condensed support {cs) and weighted condensed confidencevtc) significance of the genes of the evolved rules are also found.
measures to bypass the problem. These measures are basigall Aq e know that if the number of genes in data is large, the

depended on the rank of items (genes). Using the rank, we agsi . . . .
weight to each item. RANW AR generates much less number of Number of itemsets will be also large, thus, using Limma [2]

frequent itemsets than the state-of-the-art associationute mining ~Statistical test, we have just taken into account the tofewif
algorithms. Thus, it saves time of execution of the algoritm. We run  entially expressed (i.e.DE) or differentially methylated (i.e.,
RANW AR on gene expression and methylation datasets. The genesp /) genes. Limma is an useful statistical test which performs

of the top rules are biologically validated by Gene Ontologis (GOs) } P
and KEGG pathway analyses. Many top @nked rulgs gxtractgd om \t/velésfo(r) fb;);f;nn?er_rgsléy ?Zd Z(riqnalrro:yqrg?jl:zrgIsrglflgedodu?ta ol
RANW AR that hold poor ranks in traditional Apriori, are highly ~ %YP p (ie., ; , large). psepl

biologically significant to the related diseases. Finallythe top rules Mmeasures are basically rank-based weighted measurefdireer

evolved from RANW AR, that are not in Apriori, are reported. ranking of genes has a significant role here. Limma test desvi
Index Terms—Weighted association rule mining, wes, wee, & rank-wise gene-list according to their p-values from Hest
Limma, gene-weight, gene-ranking,RANW AR. worst cases. Thereafter, we assign weight to each item/gene

w.r.t. their p-value ranking, and include these into the snees.
l. INTRODUCTION Therefore, our measures give importance to each item (g&ne)
. . ) proposed measures (vizycs and wee) are condensed form of
NOWLEDGE Discovery and Data Mining (KDD) is anyne yagitional support and confidence measures. Furtherveo
. mterdsmplmgry do_maln that mainly focus on the SySte”ljene expression datasets and two methylation datasetseade u
atic ways of acquiring interesting rules an_d patterns.frd:m tio test the performance GFANTV AR. We have made a compar-
data. The significant common patterns which are estimated Qe analysis of it with the traditional Apriori algorithft] and
interestingness measures include association rules.CRS8I ey state-of-the-art rule mining algorithms. For valida of the
rule mining (ARM) [3], an important data mining technique i$,.es GO terms and KEGG pathways of the genes in the rules
utilized for detecting interesting relationships betwéems. are identified. The genes of the evolved rules involving &igh
Huge number of rules always.creates problem to SgleCt_tRmeer of GOs/pathways are reported for biologically befexut
among them: Therefore, the ranking of rules fro_m the bialabi aspects. Finally, we report many top ranked rules produged b
data is very important area for research. For this, differale- 4\ A g that hold poor ranks in traditional Apriori, but are
|_nterest|ngness measures (viz., supp(_)rt, confidence chbitvic- highly biologically significant to related diseases.
tion etc.).were proposed. But, these still generate hugebeut The rest of the article is organized as follows. Section Il
frequent itemsets, and thereby these generate huge nuiier 0presents literature review. Section 11l and section 1V elalte the

sociation rules. Thus, lot of time is taken to run these alljors. proposed measures, and the proposed ARM method, respective

In this article, we propose a weighted rule-mining techeiuiz., Th . . ,
> . o e source and description about the dataset are given fiorsec
RANWAR or Rank-based Weighted Association Rule-MmmgQL Section VI presents the experimental results and disooss

which has been developed using two novel measures ranktb fiere section VIl shows utility of ARM in biology and our ndve

weighted condensed support (say.s) and rank-based Weightedfindings. Finally, Section VIII concludes the article.
condensed confidence (saycc) measures for extracting rules '

from the data. Sometime it happens that a lot of rules haveesam
support and same confidence. At this moment, if we need some [I. LITERATURE REVIEW

of them, it is difficult to differentiate among them. Theredoif ARM [1] is a popular technique to estimate interesting rela-

we apply thewes andwee, we can easily categorize them. Th?ionships among different items (i.e., genes). Suppbseset —
major benefit oRANW AR is that it generates much less numbe{i1 i2,..in} be an itemset (ie., set of genes) asd =

of frequent itemsets than state-of-the-art associatida mining {51,52,...5m} be a set of transactions (samples). Thus, a rule
) 9ttt m . y
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action), a set of genes may occur together. Some of them are IpBLE I: An example of calculating the proposeets andwcc.
Genes (Items)— Genes (Items)—

regulated/hyper-methylated, and some are down-reguiated- —_

methylated, and remaining are not differentially exprésse euegn [T orToF T o5 T o]

methylated (i.e., neither up-regulated/hyper-methgater down- (wd)

regulated/hypo-methylated). In case of a biological taatien,

suppose{genel+, gene2—, gened, 4. = gened+} is an asso- S:r?sp;c?:ezntics‘VSOl{egi;e}r?i:r:dOfZagligJgi?gﬁ%}g;z'-,'e;?}a:n;gedenm = lotazhi

ciation rule which states that if genel is up-regulated @tigah | 57,317 5,1t wiz, w1 o gL ey e T 00 r R 0 = 008

by ‘+), gene2 is down-regulated (denoted by '), apehednge | Wi = wii s uit i ui S Ve Yhs 2100 0 - 0 = 0.0

is non-diﬁgrentially expresse_d (depicted as ‘nde’) sitaéously, ' (2) T N

then it is likely that gene4 will be up-regulated. Therefdtese = mae{(1+ 030+ 1), L FO+1+1) (140414 1))

four genes must occur in some of transactions simultangous = maz{2,8,3} = 3

The support of an itemset is defined as number of transagtions wes(z) = Y1AEW2 (DFW(DTWalZ) _ 016 — ¢.053;

m/’(Z)

which all items of the itemset appear simultaneously. Teaftet | Smiey wid) = wir = w1z = wisws = 1L00-02=02

is frequent when its support is greater than any threshdigeva| "4(4) = wa1 xwaz = w1 »wy =1.00%0.2=0.2

(i.e., minimum support). The confidence of the rule is defiasd m’(4) = m“”{élBIT’“’élBIT“}

ratio of support of the itemset to the support of antecedent. =mee{@ 40404 1, AH0+1+1}
Apriori [1] is a basic algorithm for learning associationas

to control on databases that have transactions. Apriolizesi

a “bottom-up” approach, where frequent subsets are extende ™™=~ %~

one item at a time to generate each candidate and groups of the

candidates are tested against the data. The algorithmneresi

if there is no further successful extensions to be identifigdte then value ofwy; will be the weight of the gene;, otherwise,

output of Apriori is actually the sets of rules that genertiie value ofwy; becomes zero. In other words,

occurrence of items in the dataset. Apriori follows bredfiftst wy; = 4 o if gi € 5.

search to count the candidate itemsets. Apriori producedidate 0,  otherwise.

itemsets of lengttk from itemsets of lengtli — 1. Thereafter, it For microarray dataset, differential expression valuesdtistical

eliminates the candidates having an infrequent sub-patter  values, or corresponding p-value in any statistical teffjemes
By further investigations, different limitations have bdeund are calculated on the assumption of independency of gehds [7

in the traditional Apriori algorithm, like generation of e all the genes are dependent, then p-values (specified plitibap

number of frequent itemsets, high elapsed time, multipbss of the genes in the test will be invalid [7]. Therefore, on Hasis

problem, load-imbalance problem, importing same impaganof the independency of the genes of a microarray datasetawe h

to each item etc. For reducing those shortcomings, differatetermined itemset-transaction weight. The weight of aegen

enhancements have been performed on the original Aprieri ahlculated through p-value ranking of the gene. Thus, ietms

gorithm (viz., Orlando et al. in 2001 [14], Pavon et al. in B00Otransaction weight can be defined as multiplication of wisgif

[11], Yu et al. in 2008 [16], Oguz et al. in 2012 [13] etc.). REs all the genes (items) of the itemset in a transaction (sanipte

that, many other ARM methodologies have been proposed (eaymicroarray dataset. It is estimated as:

Tao et al. in 2003 [19]). Tao et al. used weighted ARM techaiqu Q

in efficient way. But, very less improvement on reducing séap Wi(Z) = H

time has been done through Tao et al. Therefore, further new

methodologies are proposed (Yun et al. (WIP) in 2006 [15]hé¢fo

et al. in 2008 [12], Sun et al. in 2008 [17], Ahmed et al. in 200

[18]). But, it has been noticed that it is very difficult to resk . L

all such limitations simultaneously. Therefore, we haveniya th ransaction] | denotgs mult_lphcatlve operatog refers to the

focused how to reduce elapsed time for rule mining in such W&?}al number of genes in the |ter_ns§t . . )

that only top ranked items and their related highly significa. The proposed support of the itemset (i#cs(Z)) is defined

X . . in two folds. If the size of itemset is one, then thes(Z)
rules will present in result for large transaction database : i . . . .
is the ratio of summation of all the itemset-transactionghiées

of the itemset (i.e., summation of alV,(Z), Vk) to the total
[1l. PROPOSED MEASURES number of transactions/samples (i.&) in the database. But if
the size of itemset is greater than one, then ¢he(Z2) is the
ratio of summation of all the itemset-transaction weighitshe
itemset (i.e., summation of allV,(7), Vk) to the frequency of
the highest frequent gene/item of the itemset (€(7)) instead

e,
3

gl 92 95
T T

9

sl 0
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Transactions —
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] of |

wes(A) = W1<A)+W2<f7;)+(X3<A)+W4<A) =04 _ oy

wes(Z) _ 0.053 _ .
wes(A) — 0.13 — 04b

i 1
VaiezQ=lz)) " @)
i=1

here W (Z) denotes itemset-transaction weight of itemget
or k-th transactionawy; refers to the weight of geng; for k-

In this article, we propose two novel rule-interestingnesa-
sures, viz., rank-basedeighted condensed suppdiics) and
weighted condensed confidengecc) on basis of independency
of the genes of a microarray dataset [3], [4ktatistical scenario of consideringm. Thus,wes is stated as theondensed fornof

Suppose, input boolean matri/T' is of sizem x n, wherem o
) ; the traditional support. The proposed support can be stded
denotes #sample and denotes #gene. The assigned weights to PP prop AP

genes are assumed to Bé = {wy, wo, ..., w, }. A weight w; is S Wi (2)

attached to each geng (i.e.,7 = 1,2, ...,n). This denotes a pair %, if |Z]>1

of (g;,w;) which is stated as a weighted gene. The weight of the wes(Z) = 2)
gi gene in thek-th sample/transaction is denoted ty;, where £ W (2)

1 < k < m. If the geneg; presents in thé-th transaction ), =i |Z]=1
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Gene ranking w.r.t. Assigning weight to
D;;O:e'tray their p-values each gene w.rt. its
rankin,
S — 9

wherem’(Z) is described as follows:

Pre-filtering genes

Normalization

m m m
’
m'(Z) = _ max BITy1,S  BITis, ... BITig p, (3
(2) <msz,Q:\Z\>{k:1 ’“’,; " ,;1 ’“Q} @

where (Q denotes the total number of genes in the itenmset Comparative performance
(1Z| > 1), and BIT;; denotes boolean value of the gegefor iresatioonhd M B G o e
k-th sample/transaction (here= 1,2, ..., Q). Here, the boolean —— : rules
. . ; B . . valuation of evolved rules:
sub-matrix of the itemsef having size|m x Q| is considered. GO, pathway analysis

The proposed confidence of a rule (vizmge(A — () is
defined as the ratio of the support of the itemset (ues(2),
Z = AU Q) to the support of the antecedent (i.@gs(A)).

wes(AUC)  wes(Z)

wee(d — €)= wes(A) - wes(A) )

An example of calculatingucs andwece is presented by Table I.

Fig. 1: The proposed rule mining approach from biologicabda

denote the contrast estimator and posterior sample varitorc
the geneg, respectively. However, from the resulting value of
the t-statistic, corresponding p-value is calculated ftetable or
cumulative distribution function (cdf) [7]. If p-value of gene is

wcli i‘g:ggi mv\?:t;](;r\lle;dt;hzgtfot\r,vgjI&g;ﬂg%:s?r?eﬂng 223 less than 0.05, then the gene is called:/D M, otherwise not.
' ' ' The DE/DM genes are then ranked w.r.t. their p-values.

other wce. It is well-known that support is the property of an
itemset, and confidence is the property of a rule. Therefares,
the above statement signifies thatifs of an itemset is greater B. Assigning weight to each gene

than equal to a minimum support threshold (sayyn_wsupp), In our approach, all the genes have not same importance. That
then the itemset is frequent. If the itemset is frequentptivec s why, some weight is assigned to each gene w.r.t. theidyeva
values of rules made from the itemset need to validate.ctf of ranking mentioned earlier. Here, the Weights of the genes ar

any rule is greater than equal to a minimum confidence thtéshealculated in such a way that difference between the weights

(say,min_wconf), then the rule can be selected. any two consecutive ranked genes are same, and the weight of
the first ranked gene is always 1 (see Table IIl for exampleg T
IV. PROPOSEDRULE MINING APPROACH ranges of weight lie in between 0 and 1. Suppesis, number of

In this article, we propose a rank-based weighted assocgnes: Thus, the weight of each gene (denotedibyl < < n)
tion rule mining ®ANTW AR) using the two proposed rule-iS estimated from a function of the above_ rank (denoted-hy
interestingness measurescs and wee) specially for microar- 1 < @ < n) and number of genes as described below:
ray/beadchip data [3], [7]. The steps of it are describedwel 1

w; = —* (n— (r; — 1)). (5)

n
A. Finding differentially expressed/methylated genes ramding ] o
C. Data Discretization

Microarray technique [7] is a useful tool for measuring gene o _

expression data across different experimental and casaroples. ~ SUPPOse./[r, ] is input data matrix. Here; denotes genes,
At first, some pre-filtering process is applied on the data.(vi@nd ¢ denotes samples. First of all, the matdixis transposed.
removal of genes having low variance). In fact, due to the logtPPOSe/T’ be the resulting matrix. Now, discretization of the
variance of the gene, sometime lower p-value is producediwhinPut data matrix is mandatory for applying associationerul
seems to be significant, but actually it is insignificant. $his Mining. For discretization purpose, we have utilized stadck-

is needed to check the overall variance of the data accordif§ans clustering algorithm. But, before using k-means, aeh
for each gene and filter out the genes having very low varian&80sen initial seed values for k-means using [6]. For doimg, t
Here, we have used a matlab function “genevarfilter” by whici first, we choose first cluster center; uniformly at random
some user-defined percentile of the genes having low vaiadtom all the data pointsy(. Thereafter, for each data-pointwe
can be eliminated from the gene list. The filtered data shbeld calculate the distancelX,) between the data-point and nearest
normalized gene-wise as normalization converts the daten fr CeNter which is already chosen. After that, choose the riester
different scales into a common scale. In our experiment, wé Py fakingee; = y' € x where the corresponding probability is
have used zero-mean normalization [7] which converts tha da%- Repeat the last step until we seléatumber of cluster
into such a form where mean of each gene becomes zero

. @gﬂters. In this way, the initial centers are chosen thatised for

standard deviation becomes Omf}‘?_-fhe Zero-mean normahza}he standard k-means clustering. Thereafter, we have roedns
can be formulated as?*"™ = .=, wherey ando refer to

J. . . clustering algorithm sample-wise (i.e., row-wise) on eemh of
g:‘e;geine? Sé?gria;?)rcrjri\allliig?i2nOIetShSegg\?erﬁ/s'S;;gn;\?yiw 1T where the number of clusters is 2 and the distance metric is
’ j I’Lj

denote th I £-th tith e bef 4 aft the Euclidean distance. The cluster having higher centralige is
enote the value ot-th gene aly-th sample betore and altely, o ciyster of up-regulated/hyper-methylated genes aaather
normalization, respectively.

. I . ... Cluster is the cluster of down-regulated/hypo-methylafedes.
For identifying DE/DM genes, a suitable non-parametric tes According to IT matrix, ‘1'(red color) denotes up-regulated
should be applied correctly. Thus, we choose Limma [2] as | '

performs well for both normal and non-normal distributidos d%ne bE.y) and ‘0(green color) denotes down-regulated gene

) . . ) ~ (DEgown) (see Fig. 2(b)). Asin ARM,'1" and ‘0’ signify presence
"3‘" ilzes ?f da%a:. Thﬁ moderat(Ied t'_Statft'C of le.mAa |s&s(§a§25 and absence of some item (gene) in some transaction (sample)
ty = 5,» Where sample size = n1 + na; fg and S,  egpactively for binary data, so here we can show only the
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DE Genes—» o o cens Algorithm 1 RANWAR
1 5 str1[ 1 1 Input: Data matrixD (rows=genes, columns=samples), original geneAistaccording taD,
| T
8 1 s ] Str2 E 1 rank-wise gene-lis2 (according to p-values of genes by Limma), flag of sortingethelved
trl o] s 1 1
§ Stra 3 N - - — rules sortFlag (W.r.t. eitherwecs or wce), minimum support thresholanin_wsupp,
a Str3 9:> spprl] 1 1 minimum confidence thresholthin_wcon f.
oo S R anra 7 EN N Output: Set of rulesRules, supportRuleSupp, confidenceRuleCon f.
nr
Snr3 ifé ﬂ'i‘ ;232 . ) - ) 1: procedure RANWAR
B e e e . f(lr'e(’een‘jccgggfé’]fup : Normalize the data-matri¥0 using zero-mean normalization.
g - down 3 Calculate rank of genes (i.ezankk(:)) according to original gene list1.
@ (b) 4 Assign weightswt(:) to all genes according to their ranksnkk(:).
- 5: Transpose the normalized data-matrix.
(Post-discretization), 6:  Choose initial seed values for using k-means clustering.
Domain of D E4,p Property Domain of DE 4., Property 7 Discretize the transposed matrix applying standard k-medustering sample-wise.
8 Apply post-discretization technique.
- gl+ g2+ g3+ 9: Initialize k = 1.
2 Str1 1 0 1 0 0 10: Find frequent 1-itemsets’'I;, = {i|i € Al A wes(i) > min_wsupp}.
g Str2 2 : . 2 d 11:  repeat
g St T 0 T 0 0 12: pk—k+l
E J Snrl é . g 0 8 5 13: Generate candidate itemse€];, from FI;_q itemsets.
5 anr? T T o - 0 o 14: for each candidate itemset,€ CI; do
= ) - ) ) ) ] 15: Calculatewes(c) for each candidate itemset,
e'1'(red color) = presence of D E o' 1’(green color)= presence of D E/ . R _ :
@'0'(no color) = 1(L(p~ DEyp)|(~ DEgoun)) down ig if w}?;iCL>[;]7:?Z]_’LUSUPP then
(c) 18: Generate rules;ule(:) from the frequent itemset.
. )U 19: Determinewcc(:) for eachrule(:).
Apply RANWAR 20: for each evolved rul le(:) do
[ Frequent Itemsets: | {g1+,92-,93%4 [ {gl+, g5+, 963 [ {93+ g8 gi0} | 21 if wee(r) >= meirnewrc%'sg" )then
22: Store ther in the resulting rule-listRules with its wes andwec;
| Rules: [ {91+ g2-= g3+} [ {91+ g5+= g6} [ {g3+ g8-= gl0+} | Rules < r, RuleSupp < wes(r) and RuleCon f < wce(r).
| {91+ =92, g3+ | {gi+= ¢5+, g6} | {g3+= g8-, gl04 | 23: end if
Ranking of ruleﬂ gg de!?d for
: end i
(d) 26: end for

. . .. . 27: til (FI =0
Fig. 2: An example of post-discretization usiAN W AR. 28: endu;rloc(edu]rce )

pr?serfc? OfDE., by using 'I', and presence ODE‘?(’“’" by frequent 3-itemsets, and then extract significant rules filoese,
using ‘0’. But, we need to represent three categories of dtem

i.e., () DEwy, (i) DEuown and (i) ~ DEwp| ~ DEyouwn Using and so on. The_ algorithm term_lnates if ther_e is no further
) b M w successful extensions of frequent itemsets to be identHiedlly,
binary digits (1’ and ‘0’). Therefore, the number of COIUIEnnthe evolved rules are ranked w.ntcs or For details, see
of the IT is then set twice of the original (see Fig. 2(c)) uies A1 wee. '

Let, BIT be the resulting boolean matrix. In this case, for thélgorlthm 1. RANW AL is basically updated version of Apriori

first-half, “I’(red color) denotes presence of up-regulagene with the measures (i.ewcs andwecc). However, the performance

(DE,p), and ‘0’(no color) represents absence of up—regulatgé RANWAR is compared with other existing rule mining

ene & DE,,). Similarly, for the second-half, “1’(green coIor)methOdS' The number of frequent itemsets are compared betwe
g upr Y. 9 . RANW AR, and the other methods at different minimum support
denotes presence of down-regulated geé{,.,,), and ‘0’(no

values. For validation of the rules, GO terms and KEGG payfswa
color) represents absence of down-regulated gen®E oun)- . . e
. . . f the genes in the rules are identified. The genes of the eslolv
According to Fig. 2(c),s;- and s, denote experimental/treate . ) .
: s ., rules involving highest number of GOs/pathways are replorte
and normal/control samples respectively, where ‘+' andde- : .
. . . for biologically benevolent aspects. We report many togkean
note up-regulation and down-regulation, respectivelyretidor ) ..
rules produced by RANWAR that hold poor ranks in traditional
the s;-1 sample, gengy; and genegs are up-regulated, and ,” "~ % ! . : S
. L Apriori, but are highly biologically significant to relatetiseases.
genegs is down-regulated. Thus, the celBIT (s 1, 91+)=1, . . ’
_ _ . A flowchart is provided to describe how to apply the measure to
BIT(si1,95+)=1 and BIT(sy1,9:—)=1. Thus, automati- o "1 ies from biological dataset (see Fig. 1 and Fig. 2)
cally, the cells BIT(su1,91—)=0, BIT(si1,95—)=0 and 9 9- 9-

BIT (s+1, g2+)=0. The same approach is applicable for the other
samples/rows of the matriBIT. Fig. 2 shows the procedure.

If the genes become hyper-methylate M{},,,.-) and hypo- V. REAL DATASETS
methylated D Mj,,,,) instead of up-regulated{E,,,,) and down-

regulated D E,oun), respectively, same steps can be used. Two real datasets are used which are described in Table Il.

TABLE II: Information of used Datasets (DS).

id [ Dataset information |

After the post-discretization, we need to identify frequen 551 Genomewide DNA methylation dataset of Uterine cervicalciomgenesis

itemsets. For thiS, at ﬁI‘St, we evaluates of the 1-itemsets, and (NCBI Ref. id: GSE30760) belonging 63 cancerous uterine cervix (CUQC)
treated samples and 152 normal uterine cervix (NUC) samples

then identify the frequent singleton itemsets (i-@GS of them DS2| Gene expression dataset of cigarette smokers of lung ademooma KCBI

are greater than equa| t@in wsupp). Simi|ar|y, we calculate Ref. id: GSE10072)belonging 24 current-smoker (CS) treated samples and 16
. . . . . never-smoker (NS) control samples, in Tumor category.
their supersets 2-itemsets and then determine frequean%ets. DS3| Expression dataset of Uterine Leiomyoma with 16 Uterineobrgioma (UL)

D. Identification of frequent itemset and rule mining

Then rules are extracted from the frequent 2-itemsets. ,Then samples and 16 normal myometrial (MM) samplBEBI Ref. id: GSE31699).
. . DS4| Methylation dataset of Uterine Leiomyoma having the 18 Umpkes and 18
of each rule is computed. The rules havingc greater than MM samples NCBI Ref. id- GSE31699).

equal tomin_wcon f value, are selected for resulting list of rules.
Then, we determine their supersets 3-itemsets and themde&
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V1. EXPERIMENTAL RESULTS AND DISCUSSION

radarplot of weight of top 2MM genes of DS1.

We runRANW AR on the two methylation datasets, and two
expression datasets. As stated in section IV, at first, weiedite

Gene

P-value in Limma

ank

Radarplot of weight w.r.t. rank of gene

ADCY2

7.47E-91

Weight
1

C200r785

1.39E-86

0.95

top 10% genes which have lowest variance, and then normali:
the data gene-wise using zero-mean normalization (se€3fag.
and Fig. 3(b)). There are large number of genes in each datas

Yy ©@°PCDHAC2

4.13E-86

0.9

ARID3A

1.38E-80

0.85

SLC22A18

5.08E-78

0.8

ALX4

1.44E-76

0.75

28 SH3TCL

1.88E-74

R
1
2
3
7
5
6
7

0.7

SH3BP5

5.93E-74

0.65

So we run Limma test on the normalized dataset, and thereaft
we make a rank-wise list of genes from best to worst accoriting
their p-values in the test. We know that only highly (statsty)
significant genes can make sense to the corresponding elitgas
biological data. So, considering all genes of a large datasy
increase elapsed time highly, and we will get a large number g

ENRIZ

1.15E-73

9

0.6

P2RY2

1.43E-73

10

0.55

INMT

2.76E-56

11

05

CCL14

1.35E-51

12

0.45

MLN

3.34E-50

13

0.4

CCL11

5.82E-50

14

0.35

CI40rf115

1.07E-49

15

0.3

EPB42

T.17E-48

16

0.25

CSFIR

1.16E-46

17

0.2

1
‘ 2
J
\

GPR81

9.60E-44

18

0.15

) SCNNID

5.02E-43

19

0.1

PNMAGA

4.36E-40

20

0.05
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TABLE lll: The p-value, rank, weight (according to eq. 5) and

rules in which most of them are redundant/insignificant. s we
consider topDE/DM genes, and generate only most significant

rules instead of a large set of redundant rules. Here, we aet diff i t or both. F le. in Tabl
different p-value cutoffs for different datasets for idérihg ence or different support or both. For example, in Tablea)V/(

different numbers of top ranked genes. E.g., p-value cutoff for DS1, rule ids15 and 16 (highlighted by yellow color) have

DS1 is set 4.37E-40 to identify top 20 genes; that means o me confidence (i.e., 99.53% for both) and also same support
. ; 0 : o
top 20 genes have p-values which are less than the cutoff, ha 97.67% for both) using Apriori. FaRANW AR, these have

p-values of remaining genes for the dataset are greate etz sameuwce (viz., 81.47% foroboth), but Qiﬁere@cs_ (viz., 71'59%

to the mentioned cutoff. Similarly, for DS2, p-value cutidffset for rule id 15’ a_nd 23.86% for rule idi6). S"’”""’V'y’ rulg ids
as 0.00028 to identify top 30 genes. Thus, if the p-valueftut 8 gnd 19 (hlghllghteg by green ccglor) can b_e dlfffarennated _by
is reduced, then more top ranked genes are identified than Iﬁ%'r ISCS (viz., 5’4'3%/0 and 1318 /o’h r_espect!velygé z;r;do/ruledlds
current number of genes; and if it the cutoff is further ireed, 7/, 20 22 can be differentiated by thetves (viz., 33.92% an
then less number of top genes are found. Hence, we pick up 57%, respectively). Some top common rules are listeciier

. . a) and Table IV(b) for DS1 and DS2, respectively. There is
20 DM genes (including top 1® Mp,yper and top 10D Mp,ypo
genes) for DS1 (see Table I1f), and top BEF genes (including another advantage dRANW AR that a large number of rules

top 15DFE,, and top 15D E.,» genes) for DS2 (see Fig. 3(c)).WhICh r;av_ihl_ow raf‘d"s n Ap”%” due toéhewif%r;(]evﬁ/?/rjlger;aé an
Similarly, we select top 20DFE genes for DS3, and top zosupporl W'f n g;vl' e_ra_r;gsl, R\/'e got(; rank f rule | - or
DM genes for DS4. Thereafter, for comparison purpose, we r? ample, (for ;) In Table IV(a), the ranks of ruleidviz.,

RANW AR, and the other ARM methods (Apriori et al. (1993), 223285}24]8\["”(242}? 18+(§1 !L,\;I\j{gg ’ A'E CYZZ; P$D|HAC|2-}.)d
Tao et al. (2003), Yun et al. (WIP) (2006), Sun et al. (2008} ¢ <°~ N » an In Apriorl. Simrarly, rule 1ds

Ahmed et al. (2008) and Oguz et al. (2012)) at different mumm ?(’j §0a1n6d25 3?;5 2;3?4 48%'[2'8%1782th and S?Otr;mjsv WTAVR’I |
support values (viz., 0.1, 0.15, 0.2, ..., 0.5) and a fixedimmum an ' ! an ; respectively. (See Tble

confidence value (i.e., 0.5) on the datasets. Then we coent [P d€tails, SSERANWAR_sup.pdf” file.
number of frequent itemsets and corresponding rules fan e&c

the methods, and compare these for the datasets. We obkatve t
RANW AR produces very less number of frequent itemsets thanARM is utilized for discovering interesting relations beten
the other existing methods (see Fig. 4). Theref®el NI AR items in large databases using different measures of sitege

takes less time to execute than the others (see Fig. 5). ness. E.g., a rulgbutter,bread} = {milk} states that if a
customer purchases butter and bread together, then helig titk

also purchase milk. In addition to the example of marketing,
current decade, association rules are applied in many damai
including continuous production, web usage mining, iribas
detection, and bioinformatics [5]. In bioinformatics, ARNAN
identify interesting relationships among genes acrostereift
experimental and control samples (conditions) from mimaa
gene expression [3], [4], [7] as well as methylation data J3je
e interesting associations among huge amount of gene mutatio
@ ®) © helps to identify the reason of mutation in diseases and tsifi3d.
Fig. 3: Boxplots of data for top 3D E genes before normalizationUsing the rule mining, it is possible to identify sets of emulated
(in (a)) and after normalization (in (b)), and volcanoplatr f genes from single-time-point gene expression data. Aatoni
identifying DE,,, and DEy,.,, genes, in DS2 (in (c)). rules are applied to obtain transcription factors assediatith
gene expressions. They are useful for time series datdsets,
At 0.10 minimum supportrfin_wsupp) and 0.50 minimum determining temporal activation or inhibition relationsm@ng
confidence fuin_wconf) thresholds, we have obtained 587@enes. Besides that, they are utilized for involving migtimotifs
rules in RANW AR whereas we get more than twenty laki{items) and for predicting expression in multiple cell tgp&hey
rules in Apriori for DS1. It is noticed that a large number ofre also helpful for finding the biological data duplicatés.
rules have same confidence and same support for Apriori. Batldition to the earlier domains, ant-based ARM is appliefintd
RANW AR can differentiate them as they have different conftlassification rules for 1 specified class only.

VII. UTILITY OF ARM IN BIOLOGY AND NOVEL FINDINGS

log2 afo)
05 0

(i) () | G [Emor)
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: ompann among RANWAR and v mehods for DS 230" COmPon aon RANAR s metrots o 052 cation homeostasis and G0:0042592 homeostatic proce=ss) (s
@ | [10]). For DS2, rule§ AURKA+= FBXO5-} (wee= 87.50% and
e wes= 58%) and{CCL11+= CCL14+} (wee= 87.50% anducs=
S 27.20%) both are existing in Oocyte meiosis pathway (hsh@y1
N that is important for lung adenocarcinoma (see [9]). In Hig.
we plot different combinations of GO-terms against différe
, combinations of rules. From that, we have found that all gene
e e, Of 3 rules exist in 23 GO:BPs, all genes of 1 rule in 16 GO:BPs

. e etc. The 3 rules are{TTK-= BUB1-}, {TTK+= CENPF+

0Oguz2012
Ahmed2008

Number of frequent itemsets
P
8
8
8
Number of frequent itemsets

) Comparon amen RANUAR ad tes menads o 053 ) Comparion among RANWAR ad lher s o 54 and {CENPF=- TTK-}. All the three rules have samecc.
. Suezote Suazote But, their wcs are different (viz., 36.09%, 25.42% and 16.18%,

o i R b respectively). Similarly, we have identified that all gerafsl
el e ——="==1 quleinvolves in 7 GO:CCs, all genes of 2 rules in 6 Go:CCs etc.
E o T~ and all genes of 4 rules involves in 8 GO:MFs, all genes of 2

i | S rules in 7 Go:MFs etc. The 4 rules afAURKA+= PLK4-},

e T | {TTK-= PLK4-}, {TTK-= BUB1-} and {BUB1-= PLK4-},
Here, some significant GO:BPs are M phase, regulation of cell

ST M T T B T cycle process etc.; similarly, some significant GO:CCs piredse,

© G intracellular organelle lumen etc.; and some significant \ES

Fig. 4: Comparison of #frequent itemsets betwgeANW AR are ATP binding, adenyl nucleotide binding etc. For detaite
and other existing ARM methods at different minimum supportRANWAR _sup2.pdf".
Furthermore, RANW AR rules are not totally universal set

o Compson o RAAR s s s 051 GO g RANWAR s vr s o2 of traditional Apriori rules. E.g., according to Fig. 6, qgse,
~__ e Stz there are two cases for rule extraction; viz., case 1: minings
\\ — wzos where min_Supp or min_wsupp is 0.2, andmin_Conf or

min_wconf is 0.9; and case 2: mining rules wheren_Supp
or min_wsupp is 0.15, andmin_Conf or min_wconf is 0.9.
Here, most of the rules generated BYANW AR at casel exist
in the set of the rules generated by Apriori at case 1 as weleas
set of the rules generated by Apriori at cas®at, there are some

Execution Time (Second)
g

01 015 02 025 03 035 04 045 05 01 015 02 025 03 035 04 045 05

limited number of the rules generated BRANW AR at casel
CumpanonamungRANWAR(ai)DthermelhodslorDSz ComparmnamungRANWARa(n?zlhermethuds(urDSA that do nOt eXiSt in the Set Of rU|eS generated by Apriorl ama
oo Rawe 1, but exist in the set of rules generated by Apriori at casee2;

0Oguz2012

S5 (R — Ae1) C Rer € Agg, but (Rey — Ae) ¢ Aeq (all notations

— e ml N e
\ = \5\ | are denoted in Fig. 6). For details, see “RANWASRP2.pdf”.

Execution Time (Second)
Execution Time (Second)

— O A : Setof rules by
Apriori at case2
,—l A, : Setofrules by

Apriori at case1

81 o5 o2 02 o0s o3 o4 o4 os 01 o015 o0z o025 03 o085 04 o045 05 R.; : Set of rules by
Minimum Support Minimum Support RANWAR at casel
© () RZD  (Ri-Av)
ca§e1.> mln_wsfl;%pg:O.ZO |
Fig. 5: Comparison of execution time betweBA NW AR and N s mi:,wsupﬁo.mndl
min_wconf=0.9

the other existing ARM methods at different minimum support

and a specified minimum confidence cutoff (here, 0.5). ) ] o
Fig. 6: Venn diagram of rules bRANW AR and Apriori in

different caseg.Rc1—A¢1) € Re1 € Aeo, but(Rei—Ac) € Aer.
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 KE{ | .

pathway or Gene-Ontology (GO-term) (whose p-value.05), ., |

then the rule is biologically significant. For DS1, rfleCL11+= | ¢ - |
CCL14+4} (wee= 80.63% andwces= 17.54%) is existing if <« 5 1
cytokine-cytokine receptor interaction pathway (viz.a®4060) “ ’

which is significantly important for cervical cancer (sed)[ . ‘ Y | N 1l
Each of the rules{CCL11+= CCL14+ (wcc= 80.63% anc TRees e s S T et
wes= 17.54%),{EPB42-= CCL11+} (wce= 80.54% andwvcs= (@ (b) ©

24.26%) and{EPB42-= CCL14+} (wcc= 79.88% andwcs= .. -. iy . ; . ;

o i : . Fig. 7: #Rul t #GO:BP , #GO:CC b d
30.94%) contain five significant GO-BPs (viz., GO:0050801 io IgO.MF (iune(ce)))(lsrg;%é&ively for [()|22(a)) (in (b)) an
homeostasis, GO:0048878 chemical homeostasis, GO:06558(6; ' ' '
di- and tri-valent inorganic cation homeostasis, GO:0@&50
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TABLE 1V: Top common rules betweeRANW AR and Apriori for (a) DS1 and (b) DS2. The highlighted rules &mr® color are

differentiable in ranking byR ANW AR, not by Apriori. Rkr and Rk denote rank of rule iIRANW AR and Apriori, respectively;

Conf andSupp denote confidence and support, respectively (where ‘+' 8&=10M},per/ D Eyyp, and ‘- denotesD My, ynol D Egown)-
(@) (b)

1d. Rule wce WCS Rk Conf Supp Rk 1d. Rule wee(%) wes(%) REkR Conf(%) Supp(%) RE 4
1 C200rf85+, SLC22A18+, INMT+, 93.02% 12.72% 284 100% 7%02 17166 1 {KPNA2+ = MTHFD2+} 87.5 58.67 7 100 0 22781
ADCY2- = PCDHAC2- 2 {CKS1B+ = KPNA2+} 87.5 55.87 14 100 100 22787
2 C200r785+, SLC22A18+, CCL14+, 93.02% 11.37% 378 100% &5 20162 3 {CKS1B+=- MTHFD2+} 87.5 53.33 19 100 100 22786
ADCY2- = PCDHAC2- 4 {FBXO05- = KPNA2+} 87.5 50.29 28 100 100 22785
3 SLC22A18+, CCL14+, ADCY2-, 93.02% 10.43% 489 100% 74.88% 639 5 {FBXO05- = MTHFD2+} 87.5 48 34 100 100 29
SH3TC1-=> PCDHAC2- 6 {CKS1B+=> FBXO5-} 87.5 u 100 100 27
4 SLC22A18+, INMT+, ADCYZ2-, 92.45% 11.66% 518 99.39% 75.35% 754
SH3TCL-= PCDHAC2-
5 C200rf85+, SLC22A18+, CCL14+ 92.43% 11.37% 520 99.36% 56% 48072
= ADCY2:, PCDHAC2-
6 {C200r785+=> PCDHAC2- } 81.86% 54% 1529 100% 81.86% 2661
7 [CCLi4T= PCOFACZ] ___B186% _3130% 1533 100% __0488%
8 {CCL11+=- PCDHAC2- } 81.86% 23.74% 1535 100% 92.56% 136
9 {C14o0rf115+=- PCDHAC2- } 81.86% 20.45% 1536 100% 93.02% 72 14 {FBXO05- = PLK4-} 4 P 100 100 1933
10 {C200rf85+=> CSFIR+} 81.86% 18% 1537 100% 81.86% 2659
11 {ARID3A- = ADCY2- } 81.86% 17.39% 1540 100% 71.16% 2573%
12 {C140rf115+=- CCL14+ } 81.86% 15.34% 1541 100% 93.02% 69
13 {CSFIR+= PCDHAC2- } 81.86% T1459% 1543 100% 99.53% 2
14 {CCL14+=- CSFIR+} 81.86% 10.43% 1549 100% 94.88% 20
15 {ADCY2- = PCDHAC2- } 81.47% 71.59% 1594 99.53% 97.67% 33019
16 {ADCYZ- = CSFIR+} 8147% 2386% 159 _ 99.53%  9761% 33018
{CCL14+= ADCY2- } 81.46% 51.90% 1599 99.51% 94.42% 3302
SLC22A18+=- PCDHAC2- 81.45% 40.70% 1602 99.50% 92.56% 33064 25 {CKS1B+=> MICAL2- } 87.5 22.86 139 100 100 7
26 {IDS- = KPNA2+} 87.5 22.35 144 100 100 34
- - 81.43% . 99.47% 87.91% 9% 28 {IDS- = MTHFD2+} 87.5 21.33 154 100
24 {MLN+ =- PCDHAC2- } 81.42% 24.95% 1606 99.46% 5.12% 3404 29 {FBXO5- = MICAL2- } 87.5 20.57 159 100
30 {CKS1B+=- IDS-} 87.5 20.32 163 100
32 {FBXO5- = IDS-} 87.5 18.29 175 100

VIIl. CONCLUSION [5] M. Anandhavalli, M.K.Ghose and K.Gauthamakssociation Rule Mining in
. Genomics International Journal of Computer Theory and Engineerirg.
The huge number of evolved rules of items (or, genes) by 2, no. 2, pp. 1793-8201, 2010.
ARM algorithms makes confusion to the decision maker {6l D.Arthurand S. Vassilvitskiik-means++: the advantages of careful seeding

: : : In Proc. of ACM-SIAM SODA 2007, Society for Industrial and pled
choose the top genes. Therefore, in this article, we haveosex Mathematics Philadelphia. PA, USA, pp. 1027-1035, 2007,

two novel rank-based weighted condensed rule-interas#sg) [7] S. Bandyopadhyay and et alA Survey and Comparative Study of Statis-
measures (vizapcs andwcc). A weighted rule-mining algorithm tical Tests for Identifying Differential Expression fromidwarray Data,

: : IEEE/ACM TCBB, 2014, DOI: 10.1109/TCBB.2013.147.
(VIZ" RANWAR) has been deve|0ped using the measures s “A. Thomas and et al.Expression profiling of cervical cancers in Indian

cially for microarray/beadchip dat ANW AR uses a statistical women at different stages to identify gene signatures dupirogression of

test, Limma to compute p-value of each gene (item), and some the diseaseCancer Medicine, 2013, DOI: 10.1002/cam4.152.
Liu and et al, Identifying differentially expressed genes and

X o : 19] J.
weight is gl\_/&ﬂ to_ each g_ene based on their p-valu_e r_ankl * pathways in two types of non-small cell lung cancer: adermca
RANW AR is basically weighted updated form of Apriori. We  noma and squamous cell carcinomaSenet Mol Res, 2014, DOI:
use two gene expression datasets and two methylation thatase http://dx.doi.org/10.4238/2014.January.8.8.

- _~f_tha. [10] W. Wei and et al.,The potassium-chloride cotransporter 2 promotes cer-
compare the performance HANWAR with the state-of-the vical cancer cell migration and invasion by an ion transpirdependent

art ARM algorithms.RANW AR generates very less number of  mechanismJ Physiol., 2011, DOI: 10.1113/jphysiol.2011.214635.
frequent itemsets than the others. Thus, it saves time afugiom [11] J. Pavon, S. Viana and S. Gomédatrix Apriori: Speeding Up the Search

: : for Frequent Patterngin Proc. of IASTED, 24th Multi-Conference on Applied
of the algorithm. Another advantage B ANW AR is that some Informatics, Innsbruck, Austria, 2006.

most biological significant rules stand top here which hadtlyv [12] Y. Hong and et al.Incrementally fast updated frequent pattern treEgpert

low rank in Apriori. The rules are validated by GO-terms and Sgstce)ms Witf(\j gpréicati%ns, 2008i IID_(t)li 10-t1016/i-esbwa72dO@-009-t_ o
. Oguz and B. Ergendncremental itemset mining based on matrix apriori

KEGG pathways of genes of the rules_. Som_e t_op rules extrgc{gd algorithm, Springer Berlin Heidelberg, pp. 192-204, 2012.

from RANW AR that are not present in Apriori, but have high14] s. orlando and et alEnhancing the apriori algorithm for frequent set

biological significance, are also reported. counting In Data Warehousing and Knowledge Discovery, SpringefifBer

Heidelberg, pp. 71-82, 2001.
[15] U. Yun and et al. WIP: mining Weighted Interesting Patterns with a strong
weight and/or support affinityin SDM, vol. 6, pp. 3477-3499, 2006.

IX. SUPPLEMENTARY MATERIALS ; [ -
[16] K.M. Yu and J.L. Zhou,A Weighted Load-Balancing Parallel Apriori

The code and supplementary files are available online at: Algorithm for Association Rule Miningn Proc. of IEEE GrC, 2008, DOI:
. : . 10.1109/GRC.2008.4664768.
https.//www.dropbox.com/shqu07k1|u1aqm4vv/TIzKK3Nz_ [17] K. Sun and F. Bai,Mining Weighted Association Rules without Preas-

signed Weights IEEE TKDE, vol. 20, no. 4, pp. 489-495, 2008, DOI:
10.1109/TKDE.2007.190723.
REFERENCES [18] C.F. Ahmed and et alMining Weighted Frequent Patterns in Incremental

e . L DatabasesIn PRICAI, pp. 933-938, Springer Berlin Heidelberg, 2008.
[1] R. Agrawal, T. Imielinski and A. SwamiMining Association Rules between [19] F.Tao, Weighted Association Rule Mining using Weighted Suppod an

Sets of Items in large Databasé&oc. ACM SIGMOD, New York, NY, USA: Significance FrameworkProc. ACM SIGKDD, Washington D.C.. USA. pp.
ACM, pp. 207-216, 1993. 661-666. 2003

[2] G. Smyth, Linear Models and Empirical Bayes Methods for Assessing
Differential Expression in Microarray ExperimentStatistical Applications
in Genetics and Molecular Biology, vol. 3, no. 1, pp. 3, 2004.

[3] S. Mallik and et al., Integrated Analysis of Gene Expressand Genome-
wide DNA Methylation for Tumor Prediction: An Associationul® Mining-
based Approach, CIBCB, IEEE SSCI, Singapore, pp. 120-1Q732

[4] S. Bandyopadhyay, U. Maulik and J.T.L. Warnalysis of Biological Data:

A Soft Computing ApproactWorld Scientific, Singapore, 2007.

1536-1241 (c) 2013 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See
http://lwww.ieee.org/publications_standards/publications/rights/index.html for more information.



