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Abstract

Association rule mining is one of the most common data mining tasks used to identify relations between
items, which often appear in the same transaction data. This information can be used in such areas as boosting
sales through promotional tactics that encourage purchases of items usually bought together. However, in today’s
shops, more are turning to the e-Commerce platform to sell their products. As in a real shop, product numbers
increase with new items being added, while a few are out of stock. These kinds of situations occur around the clock
and for this reason, the current association rule mining algorithms are no longer suited for such dynamic. Therefore,
a new algorithm called iIARMFEG (incremental Association Rule Mining with Frequency Edge Graph) is proposed. The
IARMFEG brings in information from each transaction one at a time to build an incremental weight graph. The
resulting rules are generated from the constructed weight graph. An advantage of the proposed method is the
ability to retaliate rule generation multiple times without having to go through the Frequency Itemset Generation

process again. Moreover, it can also search for rules from each list of items or only from a specified. By doing so,
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the rare item problem is then resolved. The proposed method can successfully generate graphs by only reading

data one time from a database, while FP-Growth must read two times. In addition, it was also found that the

proposed method has a 95 percent faster processing time than Apriori methods because they also need to read

data many times.

Keywords: Association rule mining, E-Commerce, Completed Graph, Data mining
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Table 1 An example of transaction database

TID [tems

01 Apple, Bacon, Cake

02 Apple, Cake, Donuts

03 Apple, Cake, Donuts, Eges
04 Bacon, Cake, Eggs, Fish
05 Apple, Cake, Donuts, Eges
06 Apple, Bacon, Cake, Eggs
07 Donuts, Fish

08 Bacon, Donuts, Eggs, Fish
09 Apple, Bacon, Cake, Eggs
10 Apple, Cake, Eggs

Table 1 W@AIUUNNIIBNISTDUILAUAT 6 S18AS
U a=Apple b=Beer c=Cake d=Donuts e=Eggs and

way f=Fish

Algorithm1 Incremental Frequent ltemset
Generation
for each transaction (t) in (T)
NI = count Number of items in (t)
while NI > 0
if t = first transaction
create adjacency matrix FEG
else if node = new node
extend new node in FEG
Update +1 each pair of FEG(i,j)
if FEG(i=j) HashMap HMI
(Key=ItemsID, Value=TID)
end while

end for

Figure 1 pseudo code of Incremental Frequency

[temset Generation phase

FURDUNTYINIIUYBINITHUANUDLUULRLLRULA  1Su
JUABULIN TTUUILYINNITBIUSI8NISHSA TID 01 Aw g
Usznauluselnua {a, b, ¢} viinsulasfunsudysal
aa a ° v a &

A5l 3 num 79 a b way c daadraduunindund
UsgBavunn 3 e 3 waziiuluiudste FEG Tun1siu

ivdeyaluunindazauiudayamudiu Tussseuiien
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TWi2) Aduidudifuiis arndrgegamsiziudusieg 0
nteya FEG vimsi3es TW(7, 6, 5,4, 4, 3,3, 3,3, 2)
wansdlu Table 2 ins1gaziu A1 TWI2] = 5 spuufiazld
fin 5 Hlunsidu (pruning) nsvl Tuduneusely nrsm
A1 TW 9naunsdt 5 Ifandoyalu wvidnd FEG 1

Beeanunnlutes Weaau i 11N j

FEG uazyins Update daya +1 luynedves node uwans TW = DESC [FEG, j|wherei < j] (5)
Table 2 frghainin 10 Susfuusn

k TopWeight[k] Frequent Support Confidence

0 {a, c} 7 0.7 1

1 {c, e} 6 0.6 0.75

2 {a, e} 5 0.5 0.71

3 {b, c} 4 0.4 0.8

4 {b, e} 4 0.4 0.8

5 {a, b} 3 0.3 0.42

6 {b, d} 3 0.3 0.6

7 {c, d} 3 0.3 0.37

8 {d, e} 3 0.3 0.6

9 {b, f} 2 0.2 0.4
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Algorithm2 Association rule Generation
k = defined level from TopWeight
TW = sort DESC unige weight from FEG
W = TWIK] (Weight pruning)
NI = Node list from HMI with weight >= W
while NI'is not empty
NI.push(v)
while NK is not empty
DFS(FEG,v) (v is the vertex from NK)
Stack S :={}; (start an empty stack )
for each vertex u, set visited[u] := false;
push S, v;
while (S is not empty) do
u:=pop S;
if (not visited[u] && weight >= W)
then
visited[u] := true;
for each unvisited neighbour
w of u
push S, w;
RuleGen(R,S)
end if
end while
end DFS()
end while
Save R to file
Figure 6 Pseudo code of Rule Generation
310 figure 5 LARIAIDEIINITATINYAUFUN UG
dlerumsidn derdasimin TWE2] = 5 wéh awvde
wina 3 Tnundivialdlunisning duneuusnfiluus
aomuafiuly stack NI wagihnsndumavesnsn e
F3AuwuIEn DFS BSuanlnua a Tu Figure 5(a) wans
unfidewsiefe c fu e defuina {a} - {c} fien
7 Gannndn 5 AdluiAuluduys R i ouansuany
AuAUTUE AMends a1ty fAfumse {a,c} - {e}
wans Figure 5(b) Fafinsidexloniu 2 nua adesih
Ay HMI vesusazlvun U7 intersection f1u 4l 931
anuidaseglusenisteredetuiafiandoulugy

wade @ NcNe =5 nddla > 5 avtlu {a,c} - {e}
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Feelue TWIK] dusin anansadnasiadungled Aty
Wiulusuds R nszuaunIs DFS duvnevasns nasving
upsunndung Aeglanganuduiusuazinisiiud

v

29NULAAITUTTUU A8 MNANTITAUNIAIUNILAY

v
=

wunsan DFS azlanganuduiusesil

{apple} ==> {cake}

{apple, cake} ==> {eggs}

{apple} ==> {cake, eggs}

{apple} ==> {eggs}

{cake} ==> {eggs}

{cake} ==> { eggs, apple}

{cake, eggs} ==> {apple}

{cake} ==> {apple}

{eggs} ==> {apple}

{eggs, apple} ==> {apple}

{eggs} ==> {apple, cake}

{eggs} ==> {cake}

Ha9INNQANENRUSALY {apple} ==> {cake} uand
11 dlefinisde apple fithaziinisde cake de fannse
ilUlglunsdmdumnienisine apple fu cake 1ilnaiu
wSehsIennsd s unse1e 1w 1 ed e apple avld
duanlunsde cake de Vlfoeanste cake Wutuls
%30 {apple, cake} ==> {eggs} LLamdmuﬁ%a apple uag
cake #aiu 1n9zde eces fae Aawnsndarinsenis
A9LE3 NNV Lﬁamm%ya apple way cake mmia?ga
eggs Tusmiiiay Tunmenauniu {eggs} ==> {apple, cake}
fAuanein Aufide eces duudlduazde apple way cake
A8
3.4 MIAUNINYAMUFURUSWUUNE IR
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Usrananauinwarnisiiudeyalinnsienisdudilae
Tayalianudaszasiuwiiiaunsanganuduiuslann
semsaudin iunsuitgmdeyaiifianud dosdisiney
Tawdueanld Junuzdunisussendldlussuunsnin

a a

AuA1didnnsedngd (Shoping cart) ilogndn dendudnin

v
v o =

1 Ju szuvaunsanuzdun1i g anreiulagla iui

wglanaiefeyauuunsin asvhauldsindaluluns
Uszananadeyaidoslesiniueg
nsmIngaudunuswuunadn (Dyanmic Rule
Generation) Tnunisudu awnsaduanivuslen fils e
Fonlvun Suduuds ssuvasshmsmenginiminues
Tynuathy duen k anansoldaudald Tasen k ldidueu
ﬁmumwéfaamimﬂgﬁ'ﬁmdam}mﬁ’ﬂLw'ﬂwi'ﬂ’umﬂ
A1g4an (Top weight) Tntutunidunsivagld Tnundid
AUALINNTIAT IWIK] (W= Items Weight) s ulu
stack A0 NI itevimsfumlubungn Tunsduminglu
AsiRAAEINNNTY WKL nsdumagldnafiues
nsfludnwaziugu Tavasld Stack NI Hudisindoya
SEMININTEUIUNNG DFS wavasdoundudiont WKidee
At mun pseudo code uanslu Figure 7
Algorithm3 Dynamic rule Generation
k = defined level from Maximum weight
IW = sort DESC unige weight from FEG
W = IW[K] (Weight pruning)
NK = Node list from HMI with weight >= W
while Nk is not empty
NK.push(v)
while NN is not empty
DFS(FEG,v) (v is the vertex from NK)
Stack S :={}; ( start an empty stack )
for each vertex u, set visited[u] := false;
push S, v,
while (S is not empty) do
u:=popS;
if (not visited[u] && weight >= W)
then
visited[u] := true;
for each unvisited neighbour w of u
push S, w;
RuleGen(R,S)
end if
end while
end DFS()
end while
Save R to file

Figure 7 Pseudo code of Dynmic Rule Generation
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(b) 3-Itemset {fb} —{c}

(a) 2-Itemset {f} —{h}

Figure 8 n1swinganuduiusainlnug f

Table 3 Aastivinvadluue

k ltemWeight[K] Frequent Support Confidence
0 f{f,b} 2 0.7 1

1 {f,d} 2 0.6 0.75

2 {f,e} 2 0.5 0.71

3 {f,a 1 0.4 0.8

91 Figure 8(a) 3uanidefliden node f 1ulnun
Sudu suvasihen k firmueliudaie 2 WAl
dntin IWL2] = 2 99nA W2, 2, 2, 1) Sawansly Table
3 Judgsihminvedduue fdlorunisidudieaiana
dmin IW[2] = 2 udr zwmderites 3 Tuuadishanlélu
nsmngAaNuFuRusAe b duay e anduiiilnun
Wanueuly stack NI wagthanmidumsvesnsimdag
33RuMLLAEN DFS 131970 node f lu Figure 8(a) wans
unfidoudefe f fu b lofmuiwean {f} - {b} fen
2 Fanndmiewindu 2 AU uludauds R e
LARIHANYAUANTLS e 9ty Adunide
{f, b} - {c} wanslu Figure 8(b) Fainsdouloniu 2
Tnun 390091 HMI 989usiag node 11 intersection fiu
fie f nbnc=2fadadlen > 2 avifu {f, b} > {c} 3¢
Kuen IWIK] us annsadianadadungld Adluiiu
Tusauys R warvinnszuaunis DFS Ldun19v09nsn
(path graph) AUATUKALUAAINANAIUFUN USDBNUN
A15AT IW 91naun 5 6 ldannnisisestayaly wn
3nd FEG a1nunntuiies eddu | fie waadiduaes

a v o a
F1YNITAUANILEDN

IW = DESC[FEG, |wherei = selected item] 6)
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4. HaN1FANLLUIY
ieSeulfisuuszansamnisinaiuves Algorithm
Il U Algorithm Lﬁmﬁ'ﬁagﬁa Apriori AU FP-Growth
Toldyateyaifioatu és Table 4 uanagndoyailily
N1sneaaulsEansnw i 4 datasets Adefu A9 Retail
T1014D100K T40110D100K ez OnlineRetail

Table 4 AudnwzvosYntoyaTliNAgdoU

Data Items Avg Transaction
1 Retail 16,470 13 88,163
2 T1014D100K 870 11 100,000
3 T40110D100 942 40 100,000
K
a4 OnlineRetail 2,603 8 541,909

lngyadoya Retail 99n15a519la Tom Brijs 1y
Tayaa1nTuA1UAN Belgian retail store F1uIUFUAT
16,470 §u SuILNTHOUIE VNN 88,163 918n15 Y0
Jaya T104D100K uaz T40IL0D100K \Juyadeyasin
Frequent Itemset Mining Dataset Repository a519lay
IBM Almaden Quest research group LLm'azsquaaiaﬁ
FruruseNsie1s 100,000 57615 TLOMDI00K il
Audn 870 Tu Anadese 1 MeNstowsegd 11 Fu dau
T40110D100K axfiAudn 942 §u Auadese 1 91901500
¥180g 40 fu uaw OnlineRetail ¥131970 The UCI
Machine Learning Repository ‘qm‘ﬂ'agaﬂisﬂaul"d@f’m

31811598V 541,909 518015 F1UINEUA12603 Ty

o A

Jailiiuyae 01/12/2010 uay 09/12/2011 dmsu USE
Aanesuladililyduinaanziloululssmadingy
waz U3En Sminevesuiyd gnAtdiulng 1Oy uidn

Jugfnda

Table 5 Top weight from retail dataset

2-ltemsets Frequent Support Rules
0 {39,48} 29,142 0.33054 2
1 {39,41} 11,414 0.12946 4
2 {38,391 10,345 0.11733 6
3 {41,48} 9,018 0.10228 8
4 {32,39} 8,455 0.09590 10
5 {32,48} 8,034 0.09112 12
6 {38,48} 7,994 0.09067 12
7 {38,41} 3,897 0.04420 34
8 {32,41} 3,196 0.03625 36
9 {38,170} 3,031 0.03438 42
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Table 6 Top weight from T1014D100K

2-Itemsets Frequent Support Rules
0 {217,346} 1,336 0.01336 2
1 {368,829} 1,194 0.01194 6
2 {789,829} 1,194 0.01194 6
3 {368,862} 1,193 0.01193 8
4 {39,825} 1,187 0.01187 10
5 {39,704} 1,107 0.01107 12
6 {704,825} 1,102 0.01102 14
7 {227,390} 1,049 0.01049 16
8 {390,722} 1,042 0.01042 18
9 {227,722} 995 0.00995 26

Namﬂ‘ugumumﬁﬁ'ummﬁ (Freguency ltemset
Generation) Aauanslu Table 5 3zanu13aduundoya
wwansluguiuy TopWeight 10 Susuusn Tngausing
nsimuAAl k = 3 TW[3] ¥04 Retail dataset gLy
0.10228 uazsuaungiiasdululd = 8

lu Table 6 azanusaduundeyauuandluziuuy
TopWeight 10 dusuusn lngauyAindnisnivuee k =
3 TW[3] ¥0¢ T10/4D100K dataset 9z1%i1iyU 0.01193

wagdung(number of rule) Aapdululy = 8

Table 7 Top weight from T40110D100K

2-ltemsets Frequent Support Rules
0 {368,529} 7,500 0.07500 2
1 {368,829} 6,957 0.06957 2
2 {368,682} 6,130 0.06130 6
3 {217,368} 6,125 0.06125 8
4 {368,489} 6,120 0.06120 10
5 {368,692} 5,867 0.05867 12
6 {368,510} 5716 0.05716 14
7 {529,829} 5,638 0.05638 16
8 {368,419} 5,569 0.05569 18
9 {368,914} 5,560 0.05560 20

lu Table 7 aganunsaduundeyauuanddusiuuy
TopWeight 10 dusuusn lagauyindnisimune k =
3 TW[3] 98¢ T40I110D100K dataset agin1Aiu 0.06125

wazdruaung(number of rule)iizfulule = 8
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Table 8 Top weight from OnlineRetail

2-ltemsets Frequent Support Rules
0 {1534,1943} 29,159 0.05381 2
1 {1816,1834} 20,265 0.03740 4
2 {225,1215} 18,970 0.03501 6
3 {1384,1989} 15,134 0.02793 8
a {1534,1582} 14,136 0.02609 10
5 {225,1336} 13,793 0.02545 12
6 {1126,2183} 11,093 0.02047 14
7 {426,1534} 9,860 0.01819 16
8 {426,479} 9,752 0.01800 18
9 {90,1943} 9,590 0.01770 20

u Table 8 azaunsndwundayauwanslusliuy
TopWeight 10 dusuusn ngauyindnisivune k =
3 TW[3] 98¢ OnlineRetail dataset 9¥1v1iv 0.02793
wagdung(number of rule)iasidululd = 8

910 Table 6 fia Table 8 aziiuladn n1siFesddu
nardshmingagausazyateyalsiviifu A1 Twio]
fedoyafifangeanaziiifiosd foruaznisozidusoon

U
v

gravdndisufiany TW3] nanledrundeudunsan

lunsiazyntoya a1mnsauansling Figure 9

10,345~
(39 )

(c) Top-Weight of T40110D100K

(d) Top-Weight of OnlineRetail

Figure 9 Node Top Weight
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Figure 10 Support from Top Weight

910 Table 6 {14 Table 8 1iauadluiFosanatuayu
(Support) Tu 10 dusuwsn s wdeudunslu Figure 10
guiiuldindifies Retail dataset AifianAu 0.1 Tngvialy
udatlududdidudunn seavisvesdudusasiu g
laiiAu 10% vosUSinasenuevianua vilinisazmen
aduayuvesduduiariuiuFesn udnsldiuning
woUsedalunmsiiudeya iliausameraduayuls
VNTIENISAUA Feaunsaninganuduiuslannsienis
dufn

Number of rules
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Figure 11 Number of Rule with Weight level

\evhAnaduayy 990 Table 6 f1 Table 8 11Ny
anuduiusSuaung i ldasnsouanslddansnlu
Figure 11 WEAIAUFUNUS VDY Number of rules 7o
syfUvDs TopWeight ifmualagen k F3n15uingain
TopWeight yhlsansnsaniaensiuiungfiaeiind uld

minidudeyad iivainnisdevigasundeusy s
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OnlineRetail Dataset Yayausiarsienisagliresiigniu
ﬁﬂﬁmamaaﬁhmumamg%Lﬁ'uﬁuadwaﬁ%aua GE)
WindunIonInnd A1 kel g 2 Aaaunisi 7
Usglowiunlunisluldsunisuugih Audiinde
fefuteslunvled wmneifiufiuanmadda Jaqgou
Heudamelnsdnidefensoausvlnu nirveiauin
nuazituiinsuansuates TuunganudNRus Il
msLAU 10 19m3 eliaansauanawaliogiamanza
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