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56910116:  MAJOR: COMPUTER SCIENCE; M.S. (COMPUTER SCIENCE)
KETWORDS: CUSTOMERS’ BEHAVIOR ANALYSIS/ BUYING BEHAVIOR ANALYSIS/ DECISION
SUPPORT DATA ANALYSIS/ DATA MINING/ ITEMSETS (PATTERN) MINING/
CHANGE ON BEHAVIOR
SUMALEE EISARIYODOM: CONSUMERS’ BEHAVIOR ANALYSIS BASED ON
ANALYSIS OF CHANGING OF BUYING BEHAVIOR. ADVISORY COMMITTEE: KOMATE
AMPHAWAN, Ph.D. 96 P. 2018.

Nowadays, consumers’ behavior analysis is a crucial issue in competitive
business. There is a need to know consumers’ behavior including changes of
consumers’ behavior. This leads to an emergence of mining interesting itemset. Since
the first proposed to discover emerging patterns (EPs) which can help to know trends
and differences on occurrences of itemsets in the term of frequency. However, mining
EPs only considers changing on frequency of occurrence of itemsets which may not
sufficient to express change on regularity or irregularity of itemsets in several real-life
applications such as tracking changes of buying behavior, monitoring changes of effects
on patients after using medicines, observe change in travelers preferences of hotel
business and so on. To solve the above limitation, we propose to (i) Discovering
interesting itemsets based on change in regularity of occurrence. An efficient single-
pass algorithm based on pattern-growth concept named MICRO. A tree-based structure
called ICRO-tree is also designed to efficiently maintain candidate itemsets with their
essential information. A property used for pruning search space is also introduced in
order to reduce resource usage during mining process. However, this approach
overwhelming of generated results and difficulties to the users. Hence, it is helpful to
avoid this which can help users to be more efficient to look for interesting information
and/or knowledge from these itemsets. Therefore, to address this issue, we propose
to (i) Mining regular itemsets with interesting changes in regularity of occurrence in
order to generate a compact set of results based on the user-given regularity and
change thresholds. An efficient single-pass algorithm named RICROM and a new
interval word segment structure called NIWS are designed to efficiently mine such
itemsets and maintain occurrence information of each itemset. Experiments were done
in real and synthetic datasets. The results illustrate the efficiency of runtime, memory

usage and the number results of discovered.
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2.1 NOUHNUFIY
2.1.1 msﬁ’umwmwmsﬁﬂmngﬁaﬂ (Mining frequent itemsets)
nsAunLEnTIen1svsInguesidunisiunugasionisiiuiaulanielsngg

15U INIUATY/AMNUBE/ANUDTUNITUIIN VUV REAT e SinaTiu Ingdynins

'
a

AUVIYATIENITAUTING UL LT UNNITAUNLTATDITINTAUAINgNTR TINUUBY 9

Y99y IAUSN/A19518/d01UUSENBUNISEINITANIIUIIUSUIUNISTRFUAN LAIAINTSTE
dayasnanluiludnlszneulunsdavilusiudu nsdnnisadsdudl msviuAnniden
AUAT NFINNTUFUAT Y139 b UNNITHNNTFIUNITONILAUNULATIENITVDILSATANTIUAY
| a % 1 oA g P = v a a & &
Uoe 9 917 1sadau’ Wisiduwdisluanmgiinlsadu 9 anuun lsaiuivanuidulse
wilafidenannnngfdumdnduiuvsedidviinianieunnnii 35 nn/asu. Jahligidulsa
udllenainlsalumnuinnninauniluiie 20 wh sagwg i liunmdanunsantisnis
ShwmsedgeiimnzauiugUqele InedgymnisAunignsien1siiusinguey (Agrawal,

[
Y o a

Imielinski, & Swami, 1993) anunsadenuls fadl

Berwdi 2.1 199 1= {0y, iy, .., i }ulenve9518775 (Items) 1919%4188989999%50

M9NISATINDINITNIAIINAUNUT

JeguA 2.2 199 X = {ip, ip+1, e, I} C 158777 Llom 518075 (Set of items, an itemset e

a pattern) UsenoUAIE%AILITIENIT
dgrui 2.3 TDB ={t,, t,, .., t, } A0 §INVBYATIINITNTOFINVOYAUUUNT IUUTNTY
(Transactional database) 1T9UAAzNIIUINTY t; € TDB Usznoaunae 1) uuneiaviniy

NTIUBTNTY (Unique transaction identifier, tid) tid=j 4ag 2) t¥9¥a9518075 Y < | ﬁgﬂ
vssgaglunsmuuangul q (uanaainIng 2.1)

! https://m.bangkokpattayahospital.com/th



A transactional database

tid | Set of items| |tid|Set of items| |tid|Set of items| |tid|Set of items
1 |a, b,c,d 11 |b, e 21 |a, b, c,d 31|d, f

2 |la, b, c, d 12 |b, e 22 |a, b, c, d 32|d, f

3 la,b,d e 13 |b, e 23 |a, b, d, e 33|d

4 la, b, d 14 |b, e 24 |a, b, d 341\d, f

5 la, b, e 15|b, e 25|a, b, e 35|d

6 |a,e 16 |d, e 26 |d, e 36 |b, e
7 |b,e 17 |b, e 27|d, e 37 |d

8 |d 18 |d 28 |d 381|d

9 |d,e, f 19(d, e, f 29 |d, e, f 39|d, e, f
10 (d, f 20 |d, f 30|d, f 40 |d, f

il 2.1 fegegiudeyasienisiusenaulumenunaiaansuusndy (tid) wasiwnved
emMsiunglunsuuendu (Set of items)

fuans1ns X < ¥ ananseagUldiensienis X Unngiulunsiusendu  vie
sty 7 X vssgey aunsnuanslugUuuvvesdaydnualldiiu /X Faduiileriinig
nsABUIBATIENS X T1Usngiulunsiuwendulatislugiudeyasients TOB agvilv
Y510 lemvomsaunILLeNFuTiTienTIens X Usngiu awnsadenldded

dowii 24 T = {5, (j+1)°, .., K1\l 1 < j < k < |TDB| A9 lonvesmsneaynsuuansi
(tidt) igniSenarauaIndeelusn ievszansnimlunisussuiana @usaisenlnggalaiiu
tidset)

il 2.5 5 o on77 (Sogag) MmadvayureusaTiens X AUsngiulugndeyasiens
Ma819g H99UNUaNINTIUINATI/AIINYeE/MIIUDTUNITUTINGTUYONUTATIENTT X
gwdeyasiens) aursafaallaiiu

7-X
= — x 100% 2.1)

Jeuil 2.6 lwaT187I5 X 92 4Umszfmsmmswz}s?nguaanmmm s dmnnimiamiiiu
AIILUsadUaYY (Support threshold, ay) wg%mww;

Teywinrsaunnens1ensiusingvegessiiunisauniensignsidons) (Foeas)
AIadUAYUYENY 598N 15UTINGTUNINN IS T UAI TR USaL VAL UTIEL S 1911R

Ga0e197 2.1 Frvuali FdeyaTIenIsUsznaunag 40 wswzwm??’u Z@aﬂiwmiwgmm
6 $16m5 A 5980795 ‘a’, ‘b7, ‘C, ‘A’ ‘e’ uas ‘F uanesinIng 2.1 Ll/QW7f)7'5W€J75ﬁJ7
77181013 ‘a’ mmﬁmUZ@mmfwm7/71/7514@61/7/157u4462m?fum/'i?e/mi ‘a’ Usingeg Fail
T9= 19 2% 3% 4% 5%, 67, 21°, 22, 23°, 24°, 257 } wenvndudiaInsafuInen s



o . o o 79 11
(598ag) AIFUUAUUYDITIENIT ‘a’ Zmﬁu sa:ﬁx 100% = — x 100% = 27.5%
! TDB 40

(V181499 ﬁ'vﬁﬁuaywam75U57ng5uwao5mma ‘0’ Usingyiadu 11 nsruusndy
lugrudeyasigns) drnmualinrdauvsaduayudn iy 15% awrsaasulaa,
578m5 ‘o’ 1lusremsiusingvee iesendsns (Govay) Aaiuayuresients ‘a’ 199
1NN UIaTUAYY

2.1.2 mif-’w’ummmwmiﬁﬂsqngﬂaauaxﬂmngaﬁﬂLaua (Mining frequent-
regular itemsets)

miﬂumLézjmwmwﬂsmguaaLLavﬂiwﬂgammmaﬂ \unisduniensenisi
mau‘lﬁlmsﬂ,mﬂ’rﬁwmimmmumq/mmuasJ/m'mmmﬂummamLamaiuﬂﬂiUsWﬂmu
voatwns1en1suy 9 nelundyuvesmivainauelunisusingazfiansanaintiamie
3°avﬁzmﬁmﬂ‘17iaﬂ‘17iﬁLézjmw&1miU31ﬂgsﬁuaﬂﬂaﬁaawﬁm%ﬂiuﬁwu%’auaiwﬂﬂi Inedyminis
ﬂummmwmimﬂimguasLLauﬂimgamLamafuvmLuu‘wmﬁﬂumLsumsuaﬁwmsaummﬂ
Fesaufiuves 1 uaziinisfesdealnaneiaudin Asassinlividn/Mieiuy
anulsznaumsanI v URaSnunsteaufuartasnenistoaudtu wiisaunsn
thdeyadinanluidudiutsznevlumsnisadendud elvaudifissmedmiugni
vioandgmnisafionduiiiunniuly Snvisdvanunsayseandldlumanisuwnd ety
nsmsaeaeunsiuvesiladielilunistestunazsnmnnyiladuiindoms: 2 Taensia
dasanuinazauaianevesnsiduresinla ssheliunmdanunsaiiluidedelse
PIIINATIMTULS Ansamansinueeluly Adsasyinlfaunsadenldfed

a > ' ° v < ¢
WYIIN 2.7 ATAIIUTUNALDYDUYNTIENTT X f]’/ﬂZ@f”fo'?ﬂQﬂ?\ﬂ/i

174
= % d’J
i

7 YOUBATIENTT X
lunsiuwenti t, € T nande r{ 19saunsamundlanin 3 ns

L. §mTuuendy t, (unsiuusnduidionsients X Usngiuassusn fa
Ammanaveisuidesninnisusingduvesensients X lunsiuuentu t, a1u770
Arauazunudyanvallaiiu fr = k (e fr, @::U'wanﬁwf'w?un75U57ng5uwao
LR35 X ﬁUﬁﬁg%m‘%Aﬁﬂ)

2. dmsniuandi t, (umsnuenduiiieonsens X Uﬁngsffu UAENIUTATY t;
Aﬁumwmmﬁuﬁﬂmngﬁun’awﬁmﬁuwzmsz“f’u t, AilonTI971T X 1/57ng§wzfun‘”u

(WG T = {.., t, t, ..} mmm7mwmlmyawm/zuao@mn75U57ng?/uwaozszfm57s/n75

s /}
X lunsusonsu ¢, a1ansaa1uaallanin r, re=k—j(Ma1e9s rk SUIUBNINTYIIYDINIT
U TuvenTnsIgnTs X seninmsiuuendi t, uasnsiuuendu t)

2 http://www.piyavate.com/article/frontend/article_detail/id/419
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3. GMIUTNTY t, 1 TUNTIUREN TUYOUTATIENIT X m/’imgwmomww?u
FIWToyaTIeNTs muumm71/ﬁy7mlawa'wuam700751/57@7/1471@04%57%75 X 1y
NSIWMTATY t, asarIauazunuayanvallaliu Iri= |TDB| - k (M 184918) lrk yUavan
Fav 990 TINLINTY t, AilenTI8NT X Uﬂﬁg%@ﬁ%@@ﬁ?&/ﬁ”ﬂ |TDB|)

Andedt 2.7 msusingtuadimis 4 szanunsafmuasauaiiatevenis
Usingluadaiu 9 18 udedrdlsfinu lunisfiasnsivdangfnssunisusingiunes
wnsens X fimsusingiuednasiianendels awnsafinnsanlfnntimieszesving
fannfigavommuienduiifiensionts X Unngluegisdesnimsuusndulugiudoys
8013 annandeuldsl

douii 2.8 ¥ 6 Ao Qﬁ?ﬁ (598a%) F]’Iﬂ?71/5]1/7451/8?/@04%7’578]:‘775 X (Ma1¢/6919) wzmwuanm
YIUTOTY mwwmnwgmamfmm/nﬁ X wﬂﬁmgwuaamuaywmm?wzwnwu?ugmwaya
596175) @1750A 84l

X X
max (frjX, Tipts s Tho lr),i )

r = x 100% 2.2)
|7D8|

a a I~ a ° & 1 P X a 1 v 1 =1
dgrui 2.9 1995180719 X 92ulens1en199UsIngadauenaeiile r dn1degniimie
whiumIIauvenIuasnaue (Regularity threshold, o) 7igl911un

JgymnrsAunnens180159Ys g Uagkazasinane 1Tun1saunngns1enI59d
8977 (Fegay) AradvayuuInnIImsew AU Iausadvayuiglinmun uaziens)
(308a2) AIAINaauToenIMITaIIAUMIRUUIA 1IN LU TIE T 191UR

208191 2.2 910g1udeyasIenIs uanedanIni 2.1 arursosyyldfuenyes
nuIgLaTNTIUUTATUTTiansI9n75 ‘ab’ Usinged 1Aded 190 = (1

20, 3%, 4%, 5%, 21°, 22°°, 23, 24°°, 25°° } Ingdn 5 (F0Eay) AMIFUUAYUYDUTATIENTT
‘ab’ axdlANYIAY 25 % Yoy IuInTUanun (Bnes AETuaYLYeINITUT N TuTes
LA518075 ‘ab’ U'imngigaﬁyu 10 7/1'57mzezmsz‘fu?umm)’ai/mwnﬁ) uaziilof1uIaisns)

(Soeaz) AmaruainaneveusnTIeNIs ‘ab’ 95l 10 = max (0, 150, 10, 150, 150, 155,

r20 155 192 192 152 ) = max (1, 2-1, 3-2, 4-3, 54, 21-5, 22-21, 23-22, 24-23, 25-24, 40-

16 U O
25)=max(1,1,1,1,1,16,1,1,1, 1, 15) = o X 100% = 40% (V84919 MIAIINAU TN

Y99I TUT N TUTOUTHTIENIT ‘ab’ azz/ifmg5uaa’7aﬁ’aawﬁm%?wn 9 16 NIIMUUINTY)
é7’lf)77/iZJﬁ)°Z‘ViﬁJ7°Z/ﬁJLéU\7ﬁ‘lJUmJ‘ZJ1/ﬂ7m’IfIU 15% uagm1¥auusnuanaualn gy 50%
Farfy a’n/vina;UZmuszrmﬁsti ‘ab’ 4z/wézfmmfm51/1Uﬁngvammzwvngﬁm;ma
ilosandlsns (eeas )ma’umuwawzfmﬁsmﬁ ‘ab’ wzm:;/mmwn?/mwmuuafuu uaed
5977 (Foea) Am1wa e FFaloenimdauviniiuaiase
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2.1.3 miﬁ’umLsum'mn'lsn']a"lél’mwuJﬁ'auuﬂaqé'nwmmjaqn']sﬂmng (Mining
emerging itemsets)

mié’umLszjmﬂsjmim81é1’ﬂaﬂuLU?{aumeﬁﬂwmmaqmsUﬁﬂgﬁﬁumaqmmwms
TudeAuid L%':uﬁummmiﬁmuﬂgﬂu%’a;&aiwmﬂu 2 9744781 (TDB; way TDB,) way
nsfumemsemaneldmuAsuuasdnunzesinsusing amnsodenuld dil

A transactional database TDB1

tid | Set of items| [tid|Set of items| |tid|Set of items| |tid|Set of items

1 |a, b, c,d 11 |b, e 21 |a, b, ¢, d 31|d,
2 |la, b, c, d 12 |b, e 22 |a, b, ¢, d 32|d, f

3 la,b,d, e 13 |b, e 23 |a, b, d, e 33|d

4 la, b, d 14 |b, e 24 |a, b, d 341d, f
5 la, b, e 15 |b, e 25|a, b, e 35 |d

6 |a, e 16 |d, e 26 |d, e 36 |b, e
7 |b,e 17 |b, e 27|d, e 37|d

8 |d 18 |d 28 |d 38 |d

9 |d, e, f 191d, e, f 29|d, e, f 39|d, e, f
10|d, f 20|d, f 30|d, f 40 |d, f

A transactional database TDB2

tid | Set of items| |tid|Set of items| |tid|Set of items| |tid|Set of items

1 |a, b, c 15|a, b 29 |b, e, h 43 |b, e, h

2 |a, b, c 16 |a, b, e 30 (b, e, h 44 |a, e

3 |a, b 17 |b, e 31|b, e, h 45 |a, e

4 la, b, e 18 |b, e 32 |b, e 46 |a, b

5 la,b,e g 19|b, e, h 33 |b, e 47 |a, e, g

6 |a, b, e g 20 |b, e 34 |b, e 48 |a, b, e, g, h
7 la,b,e, g 21 |b, e, h 35 (b, e, h 49 |a, b, ¢

8 |a, e 22 |b, e 36 (b, e, h 50 [a, b, ¢

9 |a, e 23 |b, e, h 37 b 51 |a, b

10 |b, e 24 |b, e, h 38 (b 52 |a, b, e
11|a, e, g 25|b, e 39 (b 53 |a, b, e, g
12 |a, b, e, g, h 26 |b, e 40 (b 54 |a, b, e, g
13 |a, b, ¢ 27 |b, e, h 41 |b, e, h 55 |a, b, e, g
14 |a, b, ¢ 28 |b, e 42 (b, e, h 56 |a, e

A 2.2 fegegiutoyasienisiu 2 41aan (TDB; wag TDB,) fiusenaulusienungiay
Vs uMeNdu (tid) waziensian1snusnglunsiuuendy (Set of items)

fusliigiudeyasenis TDB, Wugiudeyasionisvosnistedudaingndly
Fraaand 1 Uszneude 40 niukendu Taeflsensianun 6 s18m3 Wi 51915 ‘@,
‘b, fd, fe’ way f dvugnudeyasienis TDB, Lﬂugﬂu%@iﬂaiﬁSﬂﬂiﬁuaﬂﬂﬂi%,@ﬁuﬁ”lmﬂ
andlugienanil 2 Ussnaude 56 nauusndy Taefinenisiomn 6 9ens Tiun 9103
‘a’, ‘b’, ‘c’, ‘e’, ‘g’ wag ‘h’ LLaméﬁmwﬁ 2.2 T,Gwmzﬁmimmiﬂswﬂg%usuaﬁwmwm S]
fl §1UT0Ya18N1T TDB, ar TDB,
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dgruil 2.10 GR Ao dns1n1TAUInYTon I TN TUYeIAIaUUAY LY ILYNTIENIT X
VINgINTEYaTIENIT TDB, LUES TDB, (anneimeg Usueniy maduayuiiuduaingudoya
$IemsyiaueunuangmdeyasienImils) ausorvaaldaeil

/ 4
liaansaseyly , 1718075 X livringtulugiudeyasignds TDB; uaz TDB,
X
708 Py £ & o
— , 87998173 X UsngTunsaesgiudeyasignis TDB, uay TDB,
GR'=< s
00 , 01918m7 X liusingdulugiudeyasienis TDB,
0 , 919796173 X lisngtulugideyasienis TDB, (2.3)

-

dmunisaunensignisaislaanuldsuslasdnuaenisusingiuues
wRS9NTIUTIANLDANN TSRS IERTIINSIUAN YA 9 Asselull

1. waseminelinnudsuntadnuusveinisunng ifntulus (Emerging
itemsets) a1 ulenonisidaratuayuiiniuangiudoyasienisniadeuiudn
giudoyasemanis enfivdu Tumsdedudluiamananiaunad waellmi® fusenouns
safia/ud/siaasnaudiaensuiaunldunginssunisieduduesgndannis i
foyamstoaudvowusazinanmalunsiarlfiniuin #dsagvinlvgusznountsgsia/iudy
eassnAumMinisnanagnsarsusUwuudumbidniumania o Tuinassndua
sginsdaulasdudunidunssdueiediy nssdiemnsiequnm wiegshafiuggunsel
T Agnusaindudundaduyavesvigvesdvaainle wardu q Meiliitensulandminy
ABIN15YegnAn kagiinavinlvigusenaunisgsia/sua/vsassndumieonuieduen
fifsmuandastusssunilalzmeania

fguii 2.11 1wa719n75 X xituensiensihaulvnmeldnuussuniaianyaseinis
Usingiandulnd deeidewsnsienIsusing Tuisaesgiudeyasienisuss GR® dawinndi
wseuuAITakUsensINISAULY ( Growth-rate threshold, ogg) TE19119UR

Jymmsaunnensigniiniegliniundaguutasanyazvean1susmng mnndulna
iWunsAunnen s9en759den 187 15U I TINaeeg ey aTIen1uasdonTInsifuls
UINATIMITBINUAITARUIENTINIT UL

#208197 2.3 9103 1UT0YaTIINTT UAAIFININT 2.2 A1875038YARUYH YR NIAY
N3N TUIT518015 ‘o’ Usingeglugiuteyasients TDB, lgail Trpg, = {1°, 2,
37, 4%, 5% 6%, 21°, 22°, 237, 24°, 259} lneen s (Foway) mMaduayuvessignis ‘a’ 4m
Wi 27.5% veansTuusndusiinun uasamnsaseylaiuenvea gAY TN TUTIT

® http://www.thaismeresearch.com/buying-gift-in-holiday-insight-survey/
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716173 ‘a’ Usngeglugiudeyasignis TDB, Zﬁm“’vﬁyT?DBZ ={192° 3,4 5 6% 7°,
89,99, 119, 129,137, 149, 15°, 167, 44°, 457, 46°, 477, 48°, 49°, 507, 51°, 527, 537,

54°, 55%, 56° } lng e s (Fogay) Ar1aduayuvedsIgnIs ‘a’ dANYIAY 50% Yo
nyruLanTunanue seduideinisaiuiadesnsinisiiula veld GRO =

S?DBZ 50% A > & & =

— = = 1.82 95U ugIUTayas18n715 TDB, 91815 ‘a’ 9Us Ity 1.82
SToB 27.5% v

wiraniiusnglugiudeyasignis TDB, Aaluggldnmuamidauveensnisiiulelin 1.5
i amrsavenlddnsens ‘a’ iusegmsiiaulinigldnnumideuuiaanvasyeinis
Usingiindulva 189910518073 ‘a’ Usingduiagesgiudeyasignisuazionsinisiguls

NGIUINATIAITIRUIENTINITIAULS

2. LezjmwmsmalﬁmmLU?auLLUaﬂé’ﬂwmzﬂuamﬁmmgﬁ'igjmwi’q
(Unexpected changes) azidutsnsisnsnneliminudasundadluginvessonissng o
Tuns1ens 91gu Tunisshulsaledasnauideunau® (ranews farsaundawwlliuns
Freeliiugitae) wmdagliduuri TaglisuUssmuihifioae nerrueglvaynus
wazarlienanihynsamfueufniavaniutsenudune 10 fu §8sldlduaiagl
%UUiW’luEJ’]ﬁWj’muﬂi"mﬁ}UEﬂLLﬁ’éjﬂLﬁU(;f’JﬁGiElgﬂ 14 Fu 91ndurhnisnuunmdnads
dormsdaldAtufaglisuussmusaminintusudsniausal fifedinsniugu
delsafintratu

Bguil 2.12 wwas19n75 X aziiuegnsignisniglinrudaeundasanyaznisusing i
siman3a finedle s\n, AN Sppg.

Jyminisaunnensignisniaulaniglaniiudaesuutasanvaenisusingi
limendudumssunneasignIsndens) (Fegas) madvayuveusnsienis X lugideya
518713 TDB, 11NN19AT77 (Fogaz) AraduayuvedensienIs Y lugiudeyasienis TDB,

90€1991 2.4 9INFINTDYATIENIT UAANAININT 2.2 §1315958YLAGUTAYBI NUIIaY

U SuiensIens ‘ad’ Usingeglugiutoyaients 0B, lasail Toos, =117,
2°9, 3%, 4%, 2199, 22°%, 237, 24°7 } lnweing (Seeaz) YeansUsINGgTENTNTIINT ‘ad’
WAy 20% vemsiuusntuianun uilugiudeyasignts TDB, sunsassylifuenves
mEaI TN TUTITIoN 18077 ‘ab’ Usingeg 19aeil Tops, =117, 2, 3%, 4%, 5%,
6ab} 7ab} i Zab’ ] 3ab} ] 4ab’ ] 50&3’ ] 6ab} 4 6ab, 480b1 49059’ 500@} 51013} 520(3} 53ab} 540b’

557 } Ingdn ) (Fogay) ArariuauuveusnsIgnIs ‘ab’ iy 37.5% voansukendu
danun Asdu (doRtersaniiens1en1s ‘ad’ vxdnudsuuvaninduisienislu
wwnsen7 lngasiAguaingienis ‘o’ Msngdusaudusienis ‘o’ ldusienis o i

* https://www.doctor.or.th/article/detail/1753
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Us1ngdusaudus1enis ‘o’ unu dremgill Ssmursaazuldinensients ‘ab’ i
yen13melinnuaguntasdnvarnisusingilinianis ilesaindnsy (Fegas) A
alvayuveuwasIgnIs ‘ab’ lugiudeyasienis TDB, 4A1110n77 57 (Foeaz) A
aluayuveuensIen1s ‘ad’ lugiudeyasienis TDB;

3. L%miﬂﬂﬂ’]iﬂ’wiﬁﬂi}’mL‘UgUuLLUaﬂﬁﬂwmgﬂﬂiUiﬂﬂgﬁﬂﬁﬂg‘ﬁusﬁui’m%mﬂa
semsniludlsivsngTuludngrudeyasioniswils (Added/Perished itemsets) aziTu
wnsemsiusIngUes 4 lugiuteyasemsuils 4 uilivsmngludngrudesasemsnia q

® .9n318n15LAiNLALN (Added itemsets) L‘fJuLszjmwaﬂﬁﬁﬁmsﬂsmgﬂaa
lugudeyasnunis TOB, wakivsinglugudeyasienis TOB, oy Tumnamsunmdlad
msnsaanulsafivedn LsafinsiogUalna (Emerging infectious disease)’ 019ik3u Tsnfinide
hi¥adinn Vsaensa Tsalduinunanesiug HoN1 Tsatte 1w Uan uazdu 1 nsasfstulmlly
yin 9 U werduuliuieewuanntudes 4 e nduildilsedinaniusingtues)
\lesnaningiionnialaniiildsunvasly msidunisindeszninegaululanegis
1Swsuuau w%aiiﬂﬁwiaﬁmmﬂé’mimzjﬂu wazdy 9 SenaviliAamsasyiulnvente
Tsn uazunignamdadeiulfesusnd Hewniliuhliumdamsamioumiundond
aguile mIsnisUesiu wavdnw dwsumsiialsafinsegUaludld

dJeruii 2.13 195718075 X azsthuansienmsiiudussaiie GRS dauniny oo

Uaymnsaunnensignisiiudy (dunsauniensiensiden s sigulainy
uilids (Infinity)

#2061971 2.5 99§ 1uT0YATIENIT UFAIFINING 2.2 1375032y a DT YeINNIaY
N5 IR 1915 ‘aee’ Usingaglugiuteyasienis TDB, lanail 7?0'2 = {57,

67, 77%%, 117%%, 127%%, 47°%,48°%, 53°%, 54°%%, 557 } [ngdn 51 (300a%) Araduayuved
LINSIENIT ‘aeg’ WWINY 17.86% YBINTINUINTUNINUA UMensIenIs ‘aeg’ luiusnglu
Fudeyasen1s TDB; 34lmens (30eaz) MadvayuveanIIgnIs ‘aeg’ 1IAY 0 Aatu

P o o = o a v Oeg’ S(;'[e)ng 17.86%
WeinisAIdeensInInidule gl GRS = = =

5708,

‘aeg’ (Tluwmsrenaiiudy (dosandensinrsigulamrusunis

= co GIUY LUYNTIENTT
0

® wnsrunsfivianigly (Perished itemsets) Wulsnsenisifinsusingueslu
g1udeya TDB; wiliusinglugudeyasienis TDB, 01ldu LNANIAARENTENI (MUBLUA
AgfTUDRNANEALUIWNANIAADENTENIVBILAREININ) LAMANIAa0YNTENIDY

* http://beid.ddc.moph.go.th/beid_2014/th/diseases
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Jariagedlval ssfiussaddide® sauie 7183aTunn 9 U lnsasdaeslauassTuiiuvioai
warasavdlaamgludmindednvindy

el 2.14 1995189073 X esthaansienisnvimmelusseda GRS da w1y 0

Uymmsaunnensignrsivmmegll iunssuniensienisideionsinisduls
whnugue

#29811971 2.6 §1UTBYATIINIT UARIAININT 2.2 §11715052YlADIYAVOINIILAYNTIUUTN

Fuiidiwnsien1s ‘abd’ Usingeglugiudeyasignis To8; lawed 700 = { 19,

2009, 379, 4759, 2109, 2279, 2379 24°% } lerein g (Seeaz) AraTuaYUYEULTnSTIENTS

‘abd” WU 20% Yo sIMMInTUNILe UeenTIEnTs ‘abd” liusinglugiudeyasienis

TDB, 39iA180 77 (F08az) MauayuvesansIgnIs ‘abd’ 1Ay 0 AsuiovInITA NI

abd
= o = > STDB 0 o & o
fesnsinisiivle agls GR™ = —2 = — = 0 AsuensI8ms ‘abd’ (TuEnsI18015%
Tog,  20%

Vel lesandonsimsaulawiinugue

2.2 uddeiieatas

nMsfumgaTonsisngUestdullgmiifiansandseaniaulavesensienis
TuwdnuvossundymnufvesmsvnngiulugudesasenisniglimBaudsaduayud
fléffmun lagvinlimsuiaensiensitinsusngsmfutes o lunsaumiensenisi
Usinguesiiu Iitidniseiaunduneuisidaunnmatulunungusrasduasnisadistunon
Wiutuun lnstunoudinisduniansenisiivsnguesiildsuanudsuwasduiisan
TaBi3uann (Agrawal, & Srikant, 1994) Idriniauensdumiensnenisiivsnglesdetuney
Fozn3ess (Aprior) lnsniseudeyaaingrudeyasenisiieaiiusnsonisunudiag
(Candidate itemsets) dmfufiansunensionisiainitagiduensionisiuiaule
uananilaiinstaueautiivnnisanas (Downward closure property) nanaie s
semisla 9 ldduensenisiiiauls wsgdefienfounvenansenisfaglifues
sensiiiaulade Adsazdrsannewansiensiliiunadndesnainnisiiansan
biuszndanailunisuszananatasanriieanudlunsdnnu

wiifleanindunoudsd finnserudeyanarsafauazdaiosiinimiensenis
LAUALANTIWIUNIN (Han, Pei, & Yin, 2000) eldTnn s TuneuATlunsAUMRSIENNS
flusinguestuunlug dren1sfuniensenisfivsinguesiisdunouisieni-Ingm
(Erequent pattern growth, FP-growth) titeantiatluniseuias Tnglaifinswiensienis
uAuRlAANNILIA uarazsiuteyaaingudeyasieniaiiies 2 afainiu Tneldlaseatg
Yoyafifidein Lewfi-v3 (Frequent pattern tree, FP-tree) g1 dulassadreduliiildify

¢ https://travel kapook.com/view68159.html
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Toyalilulnunsienis (Node) uiillosanntuunsasdassadeiuldiivuinlng vilvisesas
uasensuduiuan wagldanunnlunsvedudlvunisens

ieannanilflunsusznanadoyaliamnsafumisnenisivinguesléiia
o (Zaki, 2000) léfﬁwm%umau%%msﬁumL%mwmiﬁﬂﬂﬂgﬂaaﬁaa%umu%%%Lma'ﬂ
(Equivaleuce class transformation, Eclat) #asn1381udoyaningrudoyaiiivsadaion
wihthy uagliifimsmignsensuaufinannaua Tgldnisdunesisndu (ntersection) vas
LUANLELAVNTIURYNTUTENTNADUYATIENT UNINTIgIUTeaTIen1sivwIalrguIn
Sadunarilinisdnfiumneaansuuenduresusasignsenisfosld fuiimioauslu
msdafiuteyafusuiumn Sddddnidelafinmaimunlassaiedoyaililunisdaiunig
Unngluresemsenisiasnistiudateys aunsatisannatlunstszananadeya anfiudi
wiheanuTTunsdainudeyald o1y davinmes (Bit-vectors) (Dong & Han, 2007) lny
fuanmenslausnglunsnendu /7 azvilvidsludidud ;0 fandu 1 uasmieandudu i
wasenslalivsnglunsuuendu /1 agvilvdeluddud 7 feudu o (Ve 8 Un 4
Ay 1 Tud Byte) vndannmeidludidu 0 sruruann Asvldauudesituilunns
Faufiu saudvduidenanlunisussuaana (Vo, Hong, & Le, 2012) Fslduinauslauniia
Jmanwas (Dynamic bit-vectors) lngazynsaaveuludfidaniiiu o lufuavineves
aedannmes fsseunsalinalunmsiuainnituazaniuiimihe s ildluns
%’mLﬁwﬁagaléfl,ﬁmmnﬁwwim?wiam (Nguyen, Vo, Nguyen, & Pedrycz, 2016) lainaue
Sumesieaiiawnund (nterval word segment) Tnensasmeulud?iiiu 0 smun vilH
Usgudanauaranmineausilunisdniulaeegsliusednsam

Tunsdunmigasienisivsnguesiinats q muddeildiduneuisinanun
Tresululszyndld oty nsfumiensienmsiivsnguesiuudaesusuusnlnendnies
ATauUsatiuayy (Han, Wang, Lu, & Tzvetkov, 2002) Msfusmiensiensiiusnguesiay
mwaaumﬂmﬂmwﬁuumﬂlmguwﬁagamzLLa (Data streams) (Mozafari, Thakkar, &
Zaniolo, 2008) M3fumMEmsIeNsIUTINgUosegadudfuangudeyanemnuni
thagifu (Muzammal & Raman, 2011) uenaniinmsduviensienisiivanguesgninluly
Tusinudy 9 881303199279 919U MeiunIsUNNSuazA1sIlATIZsidoyan ST
(Sallaberry, Pecheur, Bringay, roche, & Teisseire, 2011) mam‘ﬁ:‘uLLasmﬁmeﬁm%a‘dw
TUsAU (Sim, Li, Gopalkrishnan, & Liu, 2009) A153LATIEAANINKINADULATEUY (Fang,
Deng, & Ma, 2009) N153tAT1ENU0LaN1935135 (Liu, Zheng, Chawla, Yuan, & Xing, 2011)
Laydu 9

31nMWTeAINa1laR TN TAURIEATIENT TN AUTILA ULV INTS
Usnguesintiu mewmall (Tanbeer, Ahmed, Jeong, & Lee, 2009) Falavinnsiansanlu
WLHYRINITUTINGURETWAUUTINadaue tnen15AunIensIen1snusInguessiuiu
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Usngadnauetu siliaiunsansuiuensonisiivanglumiutes 9 wieudy
Lézjmwm'ﬁﬁﬂiﬂﬂgsﬁuaﬁﬂLauamasléfﬂ'ﬁmLLUaaﬁuayuLLazmmmaﬁ%auaﬁpﬂ%ﬁmuﬂ i
vsvenisszesvnavierasnaniiuntaslumsunngiu/ldunngiuvessasens sewrléd
tinideuazgiavlalivinsianndesen ety msfumensionsivmngussuazusng
aﬁﬂLa:uaLﬂﬁué’uLLiﬂfmﬂgﬂu%agamsmﬁiﬂsmﬁﬂLf?imﬁiﬁmmaaﬁuauu (Amphawan,
Lenca, & Surarerks, 2009) M3AumLEATIBNSTIUTINgUssuazasiauslugudoyasuns
n3zua (Tanbeer, Ahmed, & Jeong, 2010a) MIAUMEATIBMITUINUssuayatiausly
g1ufoyasien1siiiiudu (Tanbeer, Ahmed, & Jeong, 2010b) MafumLEATIEATTIUTING
Ussuarusngaianeiaduduuinluensenisuuuda (Amphawan & Lenca, 2015)
uananiifianunsnyszgndldnisdumisnmenislusiyuresnsusnguesiausuusng
asavefunuvaty 9 fu enfiiiu msfumisamensiiinduuesiuituifintudesuay
alanedmiuiinanuaulalifuinamu mslinseiivled (Website) Wmndlve (Shah
& Kaur, 2014) fhgmseumisasiensiinisdigieyavuivlsdifanuiosuazasiane
deusuusialumadiiuasiauniuledliiauhadlanndiu meseiaiets
Wwes319n1e (Tanbeer et al,, 2015) ﬁﬁaaiﬁuwméamﬁaammquaﬂ'ﬁim/ﬁﬁmimﬁm%’u
nsUssdiugunimvesineldasanauisnndatusasdu 1

uonindoatnauidednedu Sellauidedldviinisfiansandaulliunis
WasuuUasweangfinssuveanisusingdu dslunisiarsanuunltuiivmngtudedisudy
nanfruluniensfiTsanauaninsssriteg AnssuntsusingTuvestosa (Dong & Li,
1999) I¥AndunsFuMIEnTenmIngldanuUdsuulasdnunrveanisusng tngluusiu
vhmsfnsanensenisiifienuuanasudiuaiud/suundmesnsusnguesiand
dululnsiasenislafnuiiiannuuandiswessiuiundegsdifeddgyasgniduies
s18msfiinaule msfunensienisanelimiuuasuulasdnvazueanissinggn
Uszgnaltluvans o wwus gy 1) gsiaviefienannsavimsussgndldnmsduniensiens
msﬂﬁmmLU?ﬁ'wuﬂaaé’wmwaqmsﬁsmg Tunsfumanuasunuasestadefidema
son1sidenvadlsiusuiiiedinszninaiondien (Li, Law, Vu, Rong, & Zhao, 2015) #3a1n
mMsfnaasuuUasiinanagyillsaususing q aunsoufuuanagrdnisduiugina
UFuUsInagnivienIsnatn wazUiuusananmussnisuinisiiteiiagsinlinsaie i
FoamsvosgnAildinntu 2) melinseitoyanmsiiansaume issUssgndldmadum
mmLU?%EJuLLanLﬁav‘hmiﬁumﬂﬁjmmguﬁmau% (Li & Wong, 2002), (Wang, Zhao,
Zhao, Wang, & Qiao, 2010) 3) miu:wwﬁlé’ﬂizqﬂm‘iﬁﬁmiﬁummmL‘UﬁEJuLLUaﬂumiﬁum
mmLU§auuﬂawaqgﬂ'gaiiﬂmﬁuﬁalﬁ%’um (Huang, Gan, Lu, & Huan, 2013) uagluau
Ju 9 mmsmaaumuﬂ%uuﬂaawq@mw%aﬁu‘%‘[m (Kim, Song, & Kim, 2005)
M3nsIvEUMIAsULUasdmiusRs e sl ud iy (Tsai & Shieh, 2009) N13AUMT
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LsmiwEJmimsflﬁmsm?{auuﬂquaﬂsimm@U%Iﬂﬂiuﬁﬁaaiiwﬁuﬁﬂaauiaﬂ (Song, Kim,
& Kim, 2001) Msdumiason1snelinisiasuuamginssuveduilaslunaindan
(Chen, Chiu, & Chang, 2006) nsAuntens18n15A18ldnsudstugeadagfiansuins
Wasuwlasluwuilfuvesdndtns (Shih, Liu, & Hsu, 2010) n15AuNIens18n15A18led
mmLU?auLLané’ﬂwmsmsﬂimgLﬁaﬁd’saiumiﬁuwwmuimwﬂw%wm (Coquin et al,,
2015) M3AT1ZRAURSINEAN (Folk music) d5uAINLANG109»318n15 (Neubarth &
Conklin, 2016) n15atas1ginalulaglnlalianida (Photovoltaics Technology) (Garcia-
Vico, Montes, Aguilera, Carmona, & Jesus, 2016) ImEJmﬂﬂiziwﬁﬁﬁausﬁwmaWﬂ‘wmwm
nMsfumiaasensneldanudsuilasdnunrresnsuiing Adeamnsnusegndldldi
wruseing q adumelinisfuniensomsnigldmudasunadnuaurveinisusing
Fapslésumnuaulaaninidedns 4 Adamereuiiasdinsgndnvaurnsidsuwtadly
WOUNWALATURNN 9)

nsfuneasentsiuiaulafindniuidisduiie 3 wdyu i 1) nnsdun
wnsensiivangUes umsdumiensensiaulaneldnmsfarsandiuuade/an
vae/anuilunisusingiu 2) msdumisasensiivanguessamfulmngasiauedu
nsfuneasenisiitiaulanglénisfiansaunsiuiued/mnutss/anuisutuaii
atiauelunsusinglurenensnenistu q uag 3) Msfunteasienisnislinii
Wasuulasdnsazueinisuing lagvinisfiansanensenisidanuwandisludy
pwi/Aunuadwesmsnnguesianiiiiull usedslsfiniu msdumiensienisneld
AnuUAguuUasdnuazessuing lngfinnsanensenmsniauwanddusiuyesnis
Usingegaatiianeveanaiiuly Adadudnuiyuiiinauladuiu lniwnsienislad
puifanuuensslutimsesserinsisnnfigauemuuendustnadidodfazgniduis
semsihala

2.3 audnuaizvesgiudeyasenisildlunismaaes

Tusuingrdnusililddoyafimeunsainosdnssig 9 (Public data) uazdeya
1175574 (Benchmark data) dwsumsiumiensienisiinauls Adadudeyaildsuniy
indefio ansaaniiivan (Download) ndules fimi’ nedeyailivszneulusmedeya
2 Yssian Tdun 1) Joyaaseliianun 8 grudoyasions 1éun Accidents, Chess, Connect,
Kosarak, Mushroom, Pumsb, Pumsb* Wag Retail 2) doyafigndunsizitudadniuay
weunslag 1BM Almaden® fiviavun 2 grudeyasionis 1dun T1014D100K waz
T401100100K Tnglusuineriinusiazuisaiegruteyasoniseenfuassdiuii 4 fu
(g udoyasionns TDB, waz grudeyasienis TDB,) uanafams1ei 2.1

" http://fimi.ua.ac.be/data/

& http://www.almaden.ibm.com/cs/quest/syndata.html
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AN51991 2.1 AauNYrveIgIuloyaTIuNg

gudaya 1MUY U FIUIUANYD anwnuzdaya
S18A15 319113 nsunendy | waensussndu
Accidents 468 340,182 33.8 PUILUY
Chess 75 3,196 37 MUY
Connect 129 67,556 43 MUY
Mushroom 119 8,124 23 MUY
Pumsb 7,117 49,046 74 MUY
Pumsb* 7,117 49,046 50.5 PUILUY
Kosarak 41,270 990,002 8.1 LUV
Retail 16,470 88,162 10.3 LUV
T1014D100K 1,000 100,000 10 bUTUN
T40110D100K 1,000 100,000 40 bUTUN

M15197 2.1 waneRudnyMeYesgIudeyasien1InIteyaisauazdeyangn
duaseivy Inguansliiiiuisdiuausients Suaunsuwendu Suiuauenieves
NIMULYNTY Lardnvurvesteyaluuiargiuteyasienis

Nndeyadsnandrediu msdumisasiensiinaulaszdosfinnsanisdnvazves
foyalunsiargrudoyasenisnou ileannsnnsaaeuldiduneuisfitiausaunsavinnu
Isfegnafiuszansnmiudoyanifidnvasln Tnefiansanandatuayunagaanuasinase
ﬁuaaiwmiﬁﬂi’]ﬂgfuiuLLﬁazgwu%agaiﬁaﬂﬂs fgslun1sfiansanaguvsaativayuy
wazanauahianafusne (Govar) veanenisiivangiulunsasgiudoyasonisiann
10 929 1WA 0%-10%, 11%-20%, 21%-30%, 31%-40%, 41%-50%, 51%-60%, 61%-70%,
71%-80%, 81%-90% Waz 91%-100%

gudeyasnonis Accdents Wugnudeyasensiisiusindeyanisifingtimgmis
2379303 nLauuiinneumievesUsumaaiBon (Flanders) Turasdnsasdnsy
1991-2000 #dsdaifivlneantuaRRuia® (National Institute of Statistics, NIS) &aunele
Iisemsiiuamngturesaativayulugng 0%-10% Wudauunn Manews 0%-10% ve4
170,091 n31uuEndu fe s1en1siiisinauadiveinisUsingsening 0-17,009 ada)
Tnglugrudoyasionts TOB, fsemsfiusingTu 81.90% (e giudoyasionis TDB,
fsen1sfiusngiu 383 19n13) waggudoyamenis TDB, Tsemsiiusngtu 81.39%
(e s1udeyasients TB, fisnen1sfiusingtu 381 918M3) wansisnmil 2.3 uag
srennsdruannfiauainanelunisusingeglugag 0%-10% Muneims 0%-10% Y84
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170,091 nsmundu fo ensfinisusingiuedrsdesnimsuuendy fszozvinafu
TutaefilaiiAu 17,009) Taglugrudoyasenis TOB, fsemsfivsingdu 61.43% (e
g1utieyasnenis TOB, Inemsifimnuainane 287 519n13) uavgudeyasenis TDB, &
$en137UTINGTU 63.03% (anoive grudeyasienis TDB, fs1ensfifiauaiiase
295 579713) UARIRININT 2.4

Accidents
824 @mm 7DB; (170,091)
814 == DB, (170,091)
-
£
<
"]
g7
£ 6
S s
“
2 1 3.57%_3.47%
E 3
3
2 24
- 9% 1.24%
14 0.71% o 509 0.71% 0.74%
0

[([0%-10% ] [(11%-20% ] ((21%-30% ] (31%-40% 51%- 60% 61%-70% 71%-80%

Support (%)

M9 2.3 nenkanAaiuayuYeITen1sIuTIngIuluguteyasienis Accidents

Accidents
64 [ TDB; (170,091)
63 63.03%
] TDB: (170,091)
L6271 6143%
<61
e v
.g 8 7.62%
- 7 6.67% 6459
o 6
-
o 4.96%
a ® 3.07% AT1% 4 595, 447% 420% a22%
E 4 357% T 3.72% _357% 357% 3.33%
3 3 2a8% [
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14
0

20%-30% | (31%-40% ) (41%-50% ) (51%-60% ) (61%-70% ] (71%-80% Cor%-100%)
Range of regularity (%)

AN 2.4 N5 MuanAIANLElERaueITIeNTNUTINgTUluguTeaTIeN1T Accidents
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gﬂu‘ﬁ'auuaiﬂﬂﬂﬁi Chess wag Connect gn53u531391N UCI Machine Learning
9 A o I3

Repository’ N@3datAuIsnIstaunuInluszuien1suvstulunsasnsnuuendu Taeslu
g1utoyas1en1s Chess fsemsfivsngiuresaatuayulndidssiulunn q 929 uansds
ANd 2.5 wazsienrsdruniniianiuadanslunisusngeglugie 0%-10% ves
yuusndutsualugutoyasens wansfa i 2.6
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@ TDB: (1598)  25.35%
= 7DB: (1,598)

Number of items (%)

oN s ®ONSRDO

(0%-10% ) [(11%-20% ] ((21%-30% ] (31%-40%
Support (%)

M9 2.5 nnuanAaiuayuvesgn1siusngIulugudeyasienis Chess

Chess
64 62.67% —— 1081 (1598)
2 == TDB2 (1598)
S0 sl
& 58
"n
5 20 18.67%
£,
« 16
O 1
o
o 12 11.27%
- 9.86%
£ 8.45%
s 8 6.67%
2 6
423% 423% 4.00%
4 2.67%
2 1.33% 1.33% 141% 133% 1.41% 1.33%
[ I 1 [ ]
0

(0%-10% ) [(11%-20% ] ((21%-30% ] [ 31%-40% | ((41%-50% ] [ 51%-60% ) [ 61%-70% | [ 71%-80%
Range of regularity (%)

M9 2.6 NARIANANAIENYRIT BN SNIUTINgUUlugudeyATI8N1T Chess

? http://archive.ics.uci.edu/ml/
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g1utoyas1ens Connect fmemsiivsngiuresenatuayuluras 0%-10% 1y
dauann Tnglugrudoyasionis TOB, fiemsusngdu 42.06% wazgrudeyasients TDB,
fensUsngiu 43.41% dusnensiudedinissngiuluudazdrsnniesdeiosty
LARSFan N 2.7 wazsiemsdrusnnilianuasitanelunisusingoglutig 09%-10% ves
1/1swumjﬂﬁi’j’uﬁy’wmlugm%a;ﬂai']ams LanIFanIng 2.8

Connect

44 . @ TDB; (33,778)

42 06% === TDB: (33,778)
®
<
E 18
G 161
& 144
s 12
@ 101
a
£ °
3 6
2 N 3.97% 3.88%

2.38% 2.33%
2
0l

0% - 10% 11%-20% 21%-30% 31%- 40% 41%-50% 51%- 60% 61%-70% 71%- 80%
Support (%)

d' i o = X %
AN 2.7 ﬂi’W\|LLﬁﬂ\‘lﬂ’]auUﬁHU“U@ﬁ’]EJﬂ’]i‘VI‘Ui’]ﬂg%uﬁluﬁ’lu%@y}aﬂﬂmi Connect

Connect

~
<

) TDB, (33,778)
76.19%

~
o

[ TDB; (33,778)

=

72.09%

~ ~
~

A

11.63%

—
o

9.30%

7.94%

Number of items (%)
IS

4.76% 4.65%

2.38%

0.78% 0.79%

. |
(0%-10% ) (11%-20% ) [(21%-30% ] [31%-40% ] [ 41%-50% 51%-60% 61%-70% 71%-80% 91% - 100%
Range of regularity (%)

o N & O ®

M9 2.8 nARIAIANAENeYRIT N SNUTINgUUlugudeyaTI8N1T Connect
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g1udayasnen1s Mushroom Wugudeyasiensiidniuandnuusvesaieiugues
winusiazaila lnesienisdiuniniunisysingiuvesaatuayuiazauadiauesglugig
0%-10% VBINTTUULINTUNMLALUFIUTBLATIENNT UAAGININT 2.9 kAT 2.10

Mushroom
. 50.00% Emm TDB; (4.062)
48 | = TDB; (4.062)
= 4%
R
~ 444 43.18%
[LIPPR
£"L
- 15.91%
-
o 14 12.73%
= 121
o 12 10.23% 10.91%
.g 10 9.09%
5 81 6.82%
Ea 5.45% 5.68% 455%
4 3.41% 3.41% 3.64% 3.41% 3.41% . 3.64%
2
0

[(0%-10% ) [(11%-20% ] [(21%-30% ] ((31%-40% ] ((41%-50% ] ((51%-60% ) [ 61%-70% ) ([ 71%-80% ] ((81%-90% ] (91%-100%

Support (%)

AN 2.9 nemkansatuayuressgnsiuTIngUulugudeyasienis Mushroom
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ig 48.86% 1 TDB: (4,062)
pre 46.36% = TDB (4,062)
-
£ s 27.27%
w26
E 2
02
=2
S 18 17.05%
» 16
gu
E E 10.23% 11.36%
S
8 7.27%
z 55t 5.36% 1 5.68% 5.45%
3.41% 2
4 2.21% .
2 [T jo91% 0.91% 1.14% | 0.91%
0

0%-10% 11%-20% 21%-30% 31%-40%
Range of regularity (%)

M9 2.10 nTERIAIANNATLENBYRITIINTNUTINGTUlUgUTRLATI8NNT Mushroom

g1udayasnen1s Pumsb uaggiudeyasienis Pumsb* Wugiudeyasenisndaiv
Jayansdrsiaduslulszinsuasiegendy N¥ivassgiudeyasienisiiisienislunis

UsngluvesanatiuayulayAuanaueaglugig 09%-10% \Judiuunn wannanini 2.11
AN 2.12 N9 2.13 wag A9 2.14
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Pumsb
935 @Em TDB; (24,523)
93.16%93,13% =3 TDBz (24.523)
93

L

<

>
15

1.03%  1.00%

Number of items (%)

Comtow ) (i%-20% ) (21%-50% ) (31%-40% ] % 80%
Support (%)

A9 2.11 AsuanseatuayuvesemMiuTIngulugiudeyasients Pumsb

Pumsb

36.24% [ DB, (24523)
Il =) TDB; (24,523)
- 34 1

0 20 10.18%
181 17.74%

10.44%

&
N
°
A~ 4
512 11.33%
2 8.17%
7.97% 8.
E 81 1.25%  682% 637% 009
Z 6 > 3 5.55% 5.16%
4.06%
44 3.08%
‘] 2.571% 2.56% 2.42% 1g09,
0

Range of regularity (%)

M9 2.12 nTERIAIANELENeYeITIEn1sIUTINgTUluguTeyas18n1s Pumsb

Pumsb*

TDB,; (24,523
94.5 94.38% 54 3100 (=] 1 ( )
= [ TDB; (24,523)

Number of items (%)

0.05%

(41%-50% ) (51%-60% 61%-70% ) ((71%-80% ) [ 1%-90% ] (91%-100%)
Support (%)

(21%-30% ] (31%-40% )

A9 2.13 nvuanseatuayuyesenivsingIulugudeyasiens Pumsb*
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Pumsb*

36 34.38% 22:43% [ TDB; (24,523)
.38%.

TDB; (24,523)

N
S

19.43%

17.97%

11.47%
1057%

7.34% 6 .90%

Number of items (%)

6.41% 6,09%

1 5.62%  523%

3.12% 411%
.12%

2.60% 2.59% 2.45% 1.93%

8
6
4
2
0
8 8.07% 8.27%
6
4
2
0

0%-10% ) (11%-20% ) [ 21%-30% ) [31%-40% ) [ 41%-50% 51%-60% 61%-170% ' "(91%- 100%)
Range of regularity (%)

AWM 2.14 AuanAtmEilaNeYesT N sNUTngUUluguteyaTIen1s Pumsb*
g1udoyasnenis Kosarak lugnudeyasienisidafudeyanisadnuuivlesain

poulatvanszmagini3 lngsensnmuainisusingiuvesaatuayusgluyis 0%-10%

LARgFININg 2.15 wagsregnrsiianuadauslunisusngeglunn o Yrevesgiudeya
FI8M15 UARIININT 2.16

Kosarak

@ TDB; (495,001)
1004 29.99%99.99%

[ TDB; (495,001)

g

"]

£ 9
]

=

5 &
e

']

-]

E

2 1

(0%-10% ) (11%-20% ) [21%-30% ) (31%-40% ) (41%-50% ) (51%-60% 61%-70% 71% - 80%
Support (%)

A9 2.15 nuansratuayuresensivsngulugiudeyasienis Kosarak

Kosarak

TDB, (495,001)
20.48% 20.64% =) TDB; (495,001)

-
& S

13.71% 13.98%

S

11.30% 11.22%

11.00% 10 499,

o

9.55% 9.35%

8.29% 8.32%

Number of items (%)
= oE o

o N B O ©

6.69%

% 5.54% 9
5.24% 5.29% 4 645

0% -10% 11%-20% 21%-30% ] (31%-40% ) ((41%-50% 51%-60% 61%-70% 1% - 80% 81%-90% 91%-100%
Range of regularity (%)

= i ° = £ v
AN 2.16 ﬂi’W\|LLﬁﬂﬂﬂ’]ﬂ’J'mﬁmL?lll’@sUEN’i']EJﬂ'ﬁ‘Vl‘Ui'WﬂQSUu1U§WUSUaM“aiW8ﬂWi Kosarak
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grudeyasienis Retail lidmnudayansmuuenduluusasnznindud o 5mualu
Ussneuadsus s ousuaula3addnsiy 1999 audaiaungriniaula3andnsiy
2000 NFas1en1siavaeiin1susnguvesAatuayuagluyie 09%-10% wanafanng 2.17

wagsensiiauadiavelunisusngeglunn o 919v03g1udYaT18N15 WAAIRIAINT
2.18

Retail
@mmm TDB; (44,081)
100{ 99.96%99.97% [ TDB: (44,081)
-
9
<
w
E 9
Q
£
5 <
-
[}
E-]
£
3 1
[0%-10% ] (11%-20% J‘[ 21%-30% ) ((31%-40% J‘[ 41%-50% J‘[ 51%-60% ) ((61%-70% ]‘ 1% -80% ) (B1%-90% 91% - 100%) |
Support (%)

AN 2.17 neuansmatiuauuveITemsnungTuluguteaenis Retail

Retail
” [ TDB, (44,081)
4
. o == DB, (44.081)

s 14.98%
< : 14.45%

14
a

12.64%

g 121 1L99%
= 10.56%
s 9.30% 9.22% 048% oo .
g’ 7.31% 7.45% 8.15% 1.42%
: o : 5.81% 6.77%
£ 5.92% [
: 523%
F]
Z 4

2

0

0%-10% 11%-20% 21%-30%

[ 31% -40% ] 41%-50% 51% - 60% 61% - 70% 71% - 80% 81% -90% 91% -=100%
Range of regularity (%)

AN 2.18 nekaRIAIANaENBYRITIENTIUTINgUUluguTeLaTI8N1T Retail

grudayasienis TL01AD100K wazgiudeyasienis T40110D100K \Judeya
daneiiisiasmmuuenduvesnistodudlussiadan Tnevsaosgiudoyasiontsis
iwmﬂumiﬂﬁﬂgsﬁusummaﬁuaquuazmmaﬁwLauaagﬂmm 0%-10% tJudauuin
uanefea i 2.19 A 2.20 A 2.21 uag n it 2.22
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100.00% 100.00%

@ 7DB; (50,000)
[ TDB; (50,000)

[ 0%-10% ) [11%-20% ) (21%-30% ] (31%-40% ] (41%-50% ) (51%-60% ) [ 61%-70% ) ( 71%-80% | [ 81%-90% ) [ 91%-100%)

Support (%)

A9 2.19 Auanseatuayuresensiusngulugiudeyasienis T1014D100K

93.5
9

Number of items (%)

0
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4
354
34
254
24
154
1
0.5

T1014D100K

93.10%93.10%

4.37%
4.14% [

1.84%

1.03%

0.80%

0.58%]_‘
| o1z 02% o 02% 011

[ TDB; (50,000)
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0.23%
| — |

0%-10% 11%-20% 21%-30% 31%-40% 41% - 50% 51%-60% 61% - 70% 71% - 80%

Range of regularity (%)
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T40110D100K

I TDB; (50,000)
92
91.30% 91.30% =1 TDB: (50,000)

8.28% 8.17%

Number of items (%)

0.42% 0.53%
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M9 2.21 nuanseatuayuyesensivsingulugiudeyasienis T40110D100K
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98.5 08.41% ) D81 (50,000)
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£
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Y
o
-
Q1 0.96%
2 0.85%
£
=1
Z os
0.32%
0.21% 0.21% 0.21% 0.21% 0.21%
0.11%
0

0% =10% M} 21%-30% 31%=-40% 41% - 50% 51%=60% 61%=70% 71% = 80% 81% -90% 91% - 100%
Range of regularity (%)
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3.2 351159 UNUIY

3 (ICRO-tree
structure) Mldd miudniutaya wazdunowislulas (MICRO algorithm) Alddmsunis

ludiuvedddnisaniiuaidell areSureislassaioyadalas-v
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node) Aulwumgn (Child node) luidumaifioddu uagdideuloslugalnundu q fde
$18n19LiTU (Node-link) uananiilassadrsdoyadalas-nisadinisdaivianos
wmwsuammmuszmi’fuﬁﬂswﬂg%ﬂugm%@uﬂamsts TDB, (T’ﬁDBJ) wag/v3e TDB; (T’ﬁDBZ) 157
Tstualu (Leaf node) u¥elnungavinevesidumainiu wardaiinanesenis (Header table)
flsdmsuinfudeyaiiuangtu fdsussnoulude 5 deua dwieluil

1. §o510713

9 v i ) . v i

2. dh31 (Sogaz) Arruainiduevesens i lugudeyasients TDB; (yp, )
Y] v ' ° . [ I

3. 8h31 (Sowar) Arruailniduevesens i lugudeyasients TDB; (p, )

4. FasnsideunlasriaudiiauereInsUsIngTuvessenis i (cv)
5. sdoulpludmnlnuevossnons i (%)

3.2.2 YumauIsiulas
dwsunisauniensienisiuiaulanisldnisiuasundasainualiiaueves
nsUINgUU M3endn lulas awnsanvsdnvaznisinusendu 2 Tunawds dll

1. tunauisnisadedalas-via andunseutoyaangiutoyasents TB, uay
TDB, wssndufeaindu LLazﬁmLﬁUGﬁagaﬁUmﬂgﬁummL%mwmﬂummmn%’wﬁﬂ 91U
J18alAS-M3 wazA15193I8NS Taslunszuiunishesvhllésalas-nd Mdulasadredulsl
Ui%ﬁﬂa‘l_lgf’sEJLGUG]“UENi’]EJmiﬁﬁﬂiﬂﬂg%ﬂug’m%@gaﬁEJﬂ’]i TDB; way TDB, wazlswnsienis
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Algorithm 1: ICRO-tree construction
Input: TDB,, TDB>, o,
Output: ICRO-tree: a tree-structure contains sets of items occurring
in transactions of TDB; and T DBy, ICROs: a set of interesting items
with significant change on regularity of occurrence

1: initial ICRO-tree with a root node as R, and initial a header table
of all items

2: for each transaction ¢; in database T'DB; do

3:  set tempNode as R

4:  for each item 74, in transaction ¢; do

5: update rf}’DBl at the entry of item 45 in the header table by

considering tid j of t;
6: if there is no a child node of tempNode with item i, then
7 create a new node for item 7, set it to be a child node of
tempNode and link it with the header table

8: tempNode + the new node of item iy,

9: else
10: tempN ode < a child node of tempNode with item iy

11:  add tid j of t; into T}’DBl of tempNode i.e. T}’DBl — T:?DBl Uy

12: read each transaction of T'D B> in the same manner as scanning of
TDB,

13: for each item i, in the header table do

14:  if 45 does not occur in T DBy or T DB5 then

15: remove all nodes of item 75 out of ICRO-tree
16: else "
17: compute c'* by Tzﬂkﬂ
"rDB,
18: if ¢’ > o. then
19: collect i in ICROs as an interesting item with significant

change on regularity of occurrence

AN 3.1 JUABUITNTES19BALAT-NT

Funouisnisasredalas-ng uansdanind 3.1 Buduanmssimundalas-nifu
TMuATIn (Root node, R) waza¥1am1319s1on1sdmiunnstents andusiudeyaly
g1udeyasunis TDB, wazRasanuAasns Nty ¢ = i, .. , i } (USTVindl 2-11) s
fualviundagiiu (tempNode) FlUsiivunsin R (e Inuatlagtiu fe Mddoyaio
Tinsaaeuindidundudelas-vsndelal) ntufiansanusazsens i, lunsiuwendu t;
udfuuEnT (Gevag) Aranuaianevessnenis i lugiudoyasienis TDB, (rffDBJ)

WesUas (Update) adlumsnesnensaintuiansunngi
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Algorithm 2: ICROs-growth

Input: ICRO-tree, o,

Output: ICROs: a complete set of interesting itemsets with significant
change on regularity of occurrence

1. Procedure: ICROs-growth (ICRO-tree with a root node R, X, o)
\\Note that X is a set of considered items from previous iterations
(X is 0 at the first mining)

2: if ICRO-tree contains only single path P then

compute ¢? of itemsets Q of path P

©

10:
11:

12:
13:
14:

15:
16:
17:
18:
19:
20:
21:

22:
23:

24:
25:

26:

27:

28:
29:

3
4:
5
6

if

else

¢? > g. then

for each combination of items in path P (abbreviated as ) do
merge 3 with X and then compute ¢®¥ from Trpp, and Trpg,
of the leaf node of path P
collect U X in ICROs as an interesting itemsets with significant
change on regularity of occurrence

for each item i in the header table of ICRO-tree (start from the last to
the second one) do

X + X Uiy \\collect ii to be a member of already considered itemset
create and initial an item-list called iList;, for maintaining all items
(with their occurrence information) occurring together with item iy
for each node n;, linked in node-link of item 75 do
for each item i,y located in the same vertical path as node n;, do
\\Note that iListﬁz“ be an entry of item 44y, in iList;, , merge
Tien B, in the node n;, with T B, in iListﬁ:" and merge T B
in the node n;, with Tg‘BZ in szstzk
for each item 44y, in iList;, do
if i,, does not occur with X in T DBy or TDB> then
remove the entry of 44, from iList;,
else
compute ¢**»“X from T%%Bl and T}aﬁ& of iListﬁZ"
if ¢tenYX > 5. then
collect 74, U X in ICROs as an interesting itemsets with
significant change on regularity of occurrence
if |iList;, | > 1 then
create and initial JCRO-tree with root node as Z and a header
table for items in ¢List;,
for each node n;, linked in node-link of item i, do
set Y as a set of items in the same vertical path as n;, where
there is an entry of the item in ¢List;, . ,
update ICRO-tree with root Z by Y and T, 5 (also T p ) in
the node n;,
\\Note that n;,_, is the parent node of the node n;, with item
ip_1, merge T%k'D B, With T}’Bél and T}*’D B, With T}"B}BQ and then
remove n;, with all of its information
call ICROs-growth (ICRO-tree with Z as root, X, o.)
X + X — i \\remove i out of the set of already considered items,
since all itemsets consisting of i are already considered and remove
Z'L’istik
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5,21, 22, 23, 24 Uay 25 Y99g1T0YaTI8N15 TDB; UAENTIUMIATUT 1, 2, 3,4, 5,6, 7, 12,
13, 14, 15, 16, 46, 48, 49, 50, 51, 52, 53, 54 Uay 55 ¥99§11V0ya518n75 TDB; Ua N5
a5meuATILeadAlAS-N5Y995I8NIT ‘b’ UARIAINTING 3.13
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B i iy i i
lk rTDB. rTDBl C 1 @

a [40.00153.57|1.34 | e--

Ty

a
Tppp= {1:2:3.4,5,21,22,23,24,25}
Typp= {1,2.34,5,6,7,12,13,14,15,16,46,48,49,50,51,52,53,54,55}

AN 3.13 ADUATULDADALAT-NSVBISTIENNT b’

900 3.13 iUl meuGtuveadalas-nTuessIens ‘b’ Siduniuies §a
vin1eE s TN TAs UL ase A TN Ao YeIn 1 TUTINg Turessients b Ididu
1.34 v Fadiamnndmdaudinisideuuas Sakuensiens ‘ba’ wsamiuurasns
DI I T TN IOINAINT TN T 909578775 b Fuluanevessients b g
FoRmsausIens ‘b’ 8anvIneITNTIENITUaEERlAT- NS kRt 3.14

. i iy i i
lk erDB] I‘TkDBZ c* 1 @

a [37.50(50.00/1.33 | e-.|

a
Topp= 11,2,3,4,5,6,21,22,23,24,25}
Typp= {1,2:3.4,5.6,7,8,9,11,12,13,14,15,16,44,45,46,47,48,49,50,51,52,53,54,55.56}

AN 3.14 BAlAS-NINGINNLN1TAUSIENT b’

0T 3.14 dunelaiignlas-nididuniuied uagiersannTIgn1siunis
180 154aI39MEAN7159 U 189glalenvessignsiiiaulenglinisiaeuuasainiiy
ainauaveINITUsINgIu Al { ‘a’, ‘c’, ‘eba’, ‘ca’, ‘cb’, ‘cba’, ‘ba’ } kanHININg 3.15

i
3

iy
TTDTL Trkuﬁ
{1,2,3,4,56,7,8,9,11, 12, 13, 14,
a [37.50|50.00| 1.33 |{1,2,3,4,5,6, 21,22 23,24, 25} | 15 16, 44, 45, 46, 47, 48, 49, 50, 51,
52, 53, 54, 55, 56 }

3 i i
I erDn, erDB2 C

¢ |47.50(62.50 | 1.32 [{ 1,2, 21,22} {1,213, 14, 49, 50 }
eba | 45.00 |57.14 | 1.27 [{3,5,23,25 } {4,5,6,7, 12, 16, 48, 52, 53, 54, 55 }
ca |47.5062.50 | 1.32 [{ 1,2, 21,22} {1,213, 14, 49, 50 }
cb 47506250 1.32 [{ 1,2, 21,22} {1,213, 14, 49, 50 }
cba | 47.50 | 62.50 | 1.32 [{ 1,2, 21,22} {1,213, 14, 49, 50 }

{1,2,3,4,5,6,7,12, 13, 14, 15, 16,

ba |40.00|53.57| 1.34 [{ 1, 2, 3,4, 5, 21, 22, 23, 24, 25 } 46, 48, 49, 50, 51, 52, 53, 54, 55 }

- v s a v A i )
AN 3.15 wadnsienvessnenisiiiaulanigldnisivasuwlaipianualiianovsinis
U519 Tu
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3.3 mslnzissAnsamuasdunauislulas

Tumiaseifldfimsesinnududiou (Complexity analysis) Tasnsdumiansenis
fnaulaneldninudsunlasaianuaiianevesnisuingtudstuneuislulas
Tu 2 5Uuuy Ao MTgimududeureananililunsuszananatous uasnsiingz
fufnhearusiflflunsdndiudeyaggn

Forauai 3.3.1 mi‘immzﬁmm%’u%’amaaL’amﬁiﬁ’ﬂumiﬂszmawa%’ayjalums
é’ummmwmiﬁmauiaﬂwaiﬁmimﬁammmmmmaﬁﬂLamamaamaﬂamg%uﬁw%mau
3Blulas fe O (n(m+v) + () + (2°(m log m+v log v) ) Taedl 1) n fie 1UIUVDI518075
vanualulen 1 2) m Ao fﬁwmummLLszjﬂ%’uﬁgwmlugm%’agamams TDB; 3) v Ai® 91U
nuwenduimualuguteyaents TDB, way 4) p Ao S1uumemavdaniviléiinig

anvaudaya

igaudaiaueil 3.3.1 nmsdumisamemsihaulanglinsiasuidasiini
aihiavevesnisunnguiieduneuislulas SudunmssugIuteyaienisvemn
518115 n Tunavsuuendu m ves TOB; agldianiu n x m wazeugudeyasenisves
yns18n13 n Tuynnsruwendu v 9ea TDB, agldiaandu n x v dsifuagldinardmiums
grugudeyasonsiiu nm + nv iy nim+v) ndsantiugiuynsienis n dmsunism
wnIIeNTTLIN 1 Menskazaaneuteyasienisiivsingiuiissgiudeyasionts TDB,
w38 TDB, 9slasnenisndaninnisaaveudeyadu p warlunsAunensensaun lu
uazsensashnmsTutuenisty q lnefidwunuvenensmensiduldiimun fe
2 wagrhnsmuaresnelaIn TN Sulaz3ssdfudeyarousamenistug faos
g1udeyasienis lnandu m log m+v log v wazazldmnududeuveiaiildlunis
Usgsnanadeyalunsiunienenisiiiaulangldnisiasunlasianuasinaueves
mi"diwﬂgsﬁuﬁaa%umu?%'iﬂmﬁy’wm A9 O( (n(m+v)) + (n) + (2°(m log m+v log V) )

foiauadl 3.3.2 madenesianududouresiufimiasausilunisdafutoa
voamsumensnsiaulameldnisudsuniaseanuainateveansusing tuse
Funouaslulas Ao Of (nm+v) + (@ (m+v) ) Tasdt 1) n fio S1uruvesstonisianualy
R [ 2) m fe ﬁi’ﬂuaummmm%’uﬁwuﬂiugmﬁﬁa;&aswmi TDB; 3) v AD F1UIUNTIU
LL%ﬂ%’uﬁy’wmlugmﬁi’fagaﬁ*ami TDB, ua 4) p A SuAUTIBNTNEINTVINling
anveudaya

a v i & A ° o & v 1%
Wgﬂuﬂ]aLﬁuaw 3.3.2 WUVWT‘L!'J‘EJﬂ')']ll'i]'ﬂuﬂ’]'iﬁ]ﬂLﬂUGU@ﬁJUaSU@Qﬂ'WﬂUVWL"'UWT]EJﬂ’]'ﬁ

'
a0

Mhaulanieldnisiisuwdasamuaiansveanisusinglusiedunewislulas auisy
#9159 INNTIAAUTBYAIATBINNIBLAVVDIMTTULINTUNUTING TUVDIVNTIBNTTIIAD

1%

Futeyasnenis ldNuNMUIeAI1NT1VeMNTIUNITWINTU nm + nv WU n(m+v)
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Mntufinnsansenmdinnsaaneuteyaseldidu p arnduludiuvesnisfumies
sensRaudLn 2 919n159ulU Tnsasfinnsuudasiensenisfidsionisdeunti
willoudu (Prefix) (e snuiusiensanting) udnihlusufuensensdu 4 uasudas
wrsensaziideyansuusnduiiunngiurensnmenistduy Maaesgrudeyamenis fdu
agldiuiininsaudigegaludunouisd Ao 22 Vm+v) daduaududeunesiiui
mhpanudlunsdafudeyavesnsfuniensenisiiaulanieldnsiuasuuiasen
arwashiauevessUTINgIudeduneuislulas fo Of ((m+v) + (@7 m+v))

3.4 NAN1INANABY

Nnadnuuzvesguteyasensildlunismaass dsfina1aluund 2 a1ansa
wisgrudeyasnonisld 2 dnvazdeya T 1) wuumuuiy (Dense) faun 6 grudeya
578015 oA Accidents, Chess, Connect, Mushroom, Pumsb 1Lag Pumsb* 2) LLuulu1ug
(Sparse) flviaviain 4 grutosasionis I¥ud Kosarak, Retail, T1014D100K wae T40110D100K
Tnelunuideilduvsnisgudoyamensoonduassdiuii 4 fu (s1udeyasienis TOB,
Larg1udeyas1enis TDBy) uatleld Python 3.5.1 ¢elusunsa Pycharm vulAIes
AeNRIMDSATiANIISY CPU 2.40 GHz, RAM 8 GB ez Windows 10

dmsumsfumiensiensiiiaulanieldnisiasundasinwasitatevesns
Usngiuseduneuislilas Tnsnisfinnsaneuivdsuulasesmginssumsusngdulu
wdynauananefifistudlonavinlungldmdautnisdsuuasiglisimun 15
ssuaAdauUanaiuAsunUasiusoug 2 9 10 uaskadnsasfiansanly 3 wiuu Feteluil

3.4.1 naritldlunisuszananadoya

A 3.16 wag AW 3.17 LARIHANITVIAABINTIAUILERTIENIH BT UNBTS
lulaslusunaivesgruteyasonsifidnvusdoyavuuiuuaziuiun Adsdanaldinile
AdantsnmaiUAsuudasiamniuaglifinatunadlflunisussaanatoya (e
narildlunisuszananadeyaananindesiiiodrdautsnisivisunasiiaiuiniu)
uenaniannsadunaldihsudeyasmenislafiideyaruslvgudofsiuiunsuusndy
unazvilildnanlunisuszananauinnigiudeyasienisiifvuiaidn waziideannld
g1udieyas1ens Accidents uazgiudeyasienis Kosarak iugrudeyasenisifvuelngg
110 Fedinavilildinalunisussinanadoyauiunin demgiieiliiassgiuteya
senslianansauansandlilunsUszanatoya



a4

6 Dense datasets
5 4
2 Chess
g4
- Connect
%] Mushroom
Q 31
u Pumsb
.g 2 -—@-- Pumsb*
e R Gt L *
1 4
0L= 2 - - -
2 4 6 8 10

Oc

AN 3.16 HANISNAADINITAUNNIATIENTA8TUNDUIT LU AT IUAIULIa1ALG I UNNS
Usznanadeyavesgiudeyasnenisnlanvazdoyanuiniy

Sparse datasets
28— - - *————— 'y
201
%
S 161
X
g 121 Retail
u T1014D100K
Q ——p—
£ 8 A-- T40110D100K
£
4
0Lx . ; ; .
2 4 6 8 10
Oc

AN 3.17 HANISNARBINITAUNNTATIENITAILIUABUIT ULATIUAIULIAITA LT b UNNS
Uszananatayavesgiudayasnensnianvastoyauiung
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3.4.2 Wufimineausildlumsiafudoya

AWl 3.18 uaz Nl 3.19 wansHanIVIRABIN AU LENTIBNTISlalAsludy
fuiimheaudiflilunsdafvioyaremngudeyanenisiiidnuas deyanuuiuas
W fidsdanaldirenddedldldiuiinsanusfldlumsinduioyaiites iesan
nsfumasemsiiiaulaniglinadsuulasmauasiiaueveanisusngtugie
Fupoutslulesiuléfinsasmeuvessnenisiivnngiuudifiesgiutoys TOB, vido TDB,
vostumneuiBnisainadalas-ni uaz/vie neudtuuoavesdalas-n3 udedralsiniu &1
gutoyasensiivuslvguinagilfldfuiimhsarudililunisinfuioyaises dae
wnii3eiligiudeyasenis Accidents uaggrudeyasnonis Kosarak laianunsouansiiud
mirpanudildlunisdaivioyald esnaiesnoufinpeiilivhnisnaassdiiui
b ilidnfutoyaliifismeronnudomestuneuisi

Dense datasets

12
Chess
101 Connect
- Mushroom
m 8-
= Pumsb
> 61 --@-- Pumsb*
=]
£
SRR EEEEERES 2 SEEEEs S SEEeeee D SErrnReae 3
0 T
2 4 6 8 10
Oc

AT 3.18 HANISNAABINISAUTNYATIENNTAILTUNBUID AT IUAUNURNUIBANUIALY
Tunsdmnudeyavesgrudeyasenisildnvazdeyanuiuiu
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Sparse datasets

6
Retail

51 T1014D100K
- --A-- T40110D100K
0 4 geemmmmes T e E il E========== A
2
23
=]
5
=2

1 4

0l— } } } }

2 4 6 8 10

Oc

A9 3.19 HANMIVPRINSAUNIENTI8NTRReTuneWIs A Tuiuiuiie Aty
Tunsdmnudeyavesgiudeyasensiddnuazdeyaiuiung

3.4.3 SIUIUNAENSIENTIENSTAUNY

AT 3.20 uaE AT 3.21 LEARINANNINARBINNSAUMEATIENSE BT URaLIE LY
Taslususununadwsiensnenisfidunuveangudeyasensiidnvasdeyanuiuvy
Lazlu1u1e Maedanalaindenidnsinisasunlasesanuataueteslonialy
MsAunUERIIENsAzanty lumenduiusiemsnsnmsdsuudamesnnuainas
wnlenalunisfunuiensienisfiazdesas uenainivuiavesgiudoyamenisiinasie
SruruNadnsIEnTIENISTAUNY ﬁwmmﬁ Jafinavilvigrudeyasienis Accidents uay
FUTaYas18N1T Kosarak mﬁu%wumauaﬁumﬂwm Imaiwmaawm%mwstsLUuﬁnu’mmn
f\mlummmLLammmumaaWﬁmmwst'ﬁwﬂuwusuaqmaaq%mmamaiwmiulm

Dense datasets

36
Chess
—~ 301
- Connect
: Mushroom
~ 241
g Pumsb
? 181 N
g
. *
8127
£
S ™
2 61 s
O B e e <
s : . 3 10
Oc

AT 3.20 NANITNAADINITAUNUIATIEN1TAETUADUIT LulATIuA U WIUNAENS
\wRTINTNAUNUTRI IUTRYAT 1IN SNTlaNY Uay AUy
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Sparse datasets

N
S

Retail
T1014D100K
T40110D100K

= N
)] o

Number results (x103)
=
N

8
4
01— | | | |
2 4 6 8 10
Oc

AN 3.21 NANITNAABINITAUNIGATI8NTMeTunaudTlulaslududuiunadng
\wRIIeN1TNAUNUTDIEIUTRYAT N SNHlaN YL UaYAL U



unil 4
% = ° v = a
nsAunEasiensiuIngadtataniglanisidasundasiiaula
YOIAIANUNFNENDNUTING T

msfumeasensihadlaneldmadsudasnauaiiaveiiusnguse
fupouislalas (MICRO) fefinamluund 3 fidstunerdsilédnisasaemmemadusa
11n (Overwhelming) 3udumglidldluaiuisadnensienisdenanuildusslevila
il Tuundidlfhiauenmsdunisamenisiivsngaihiaueneldnmsiudsundasd
ﬁmﬂwmﬁwmmaﬁwLauaiumsﬂsmg (Mining regular itemsets with interesting
changes on regularity of occurrence) ﬁ’wmiﬁmsmﬂL%mwmiﬁﬂimgaﬁﬂLauamﬁlwm
%LLﬂqmmaﬁﬂLamaﬁ;ﬂ%’ﬁmum (Regularity threshold, o) waguualduannuUasunta
maawqaﬂiiumiﬂmﬂgﬁuaéwﬁaﬁwLauaﬁLﬁmﬁuLﬁ'aL'Jmchulﬂmsﬂﬁm%mLnqus
LﬂﬁauLLUanﬁ;ﬂ%’ﬁwuﬂ (Change value threshold, a,) In8A1SAUNILEATIVNITAING 1AL
mstvunveuwaiithaulaiiedanseansenisiliinaula/luid ey wonaniuluunilas
namdstunewdsnisvudiiiendt Saasex (Regular Itemsets with interesting Changes
on Regularity of Occurrence Miner, RICROM) LLaviﬁi’ﬂmqa%ﬁa%’amaﬁL‘%aﬂdw NIWS (New
Interval Word Segment structure) ‘VI‘U’JEJI‘ViﬁWZJWiﬂmu%uammm‘uamaﬁEJmiL‘WENﬂN
Aoty uazdaiutoyaiivnmngiuresusas Lﬁzjmwsmﬁlmamwﬂivammw uanNiiss
fnmsanneutigfiannsuszendliautitanisanas tileannailunisuszsananadeyauay
andiuiiniasanudfilflunmsdafivieyanisunngiuvesessemsldedisdiusydnsam
nMsfumgaTensiusngaiaeneldnsudsuulaiiiaulavesd imuasiauely
nMsUTngtuazannsautseandu 3 tuneuides fo %umau%'%ﬂﬁémgmst’faagaiwmi
(DB-scanning) $uneuiin1sad1aansen1suun 2 518015 (2-itemsets-generation) wag
nMsfumeasensiumngaitanenisldnmauisuasiiaulavesiauainasely
n15UTINYTU (Regular-itemsets-mining) Tasfienunas Measdeatuneuisnisvhauaunsn

[
a

osuwla eall

4.1 ey

Turifeidliussgndldfenuiugudeiinanaluuni 3 ursdau enfiviu nng
funudnsnmsBsuuasianuainauereinisusingtu () @ewd 3.1) usdmiuns
finsaneasenisivsngaiiaseneldnsasunaiiaulavesdinuaiianed
dutudlonaslunigliadautinuainausuazendoutnisdsundasigldinun
wiifeufiupneainidy Assanusodesls fil

de1uii 4.1 wwav18m3 X asduensensiusingasiuauenielanisiaeusdaeiiiaule
vavAIANaINaueTUsINgTUAGee 1) iemT1en1T X UTIngiuiiaesgiudeyasiens
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2) lonT18mT X dapiuainaue r deenimsewnuminutsn1iuanaueiglen1mun
uay 3) lon318n75 X dmA3uddeusas < uInnImiewnumIautinisiuaguutadi
glgnmun

fﬂmz?awﬁwﬁ’uﬁwmmiﬁuwwm575/075ﬁﬂs7ngﬁﬁ7gﬁyaﬁ75/2@5?7754%&/%1/@@77
mﬁu‘lwaamm71/ﬂu7zﬁuawﬂs7ng?/uazLUun75@umszfm575/075141/57@%1/105@057%@1/@
716075 Jo057 (Fo8ay) ArAIualnauelegnimsowIAumInkvsnuainale uasd
o951 7ALLYavA IR ML AN 89N 15U TINg TUInnT M eI AuAI TauTan s
WaEuUasglT MR

fee19il 4.1 9IngIUTEYATIENI5 TDB; Ui:maué’w 40 nyTMINTU uargIuTeyaTIenIs
TDB, Usenausae 56 nsIuuenti uanssinini 2.2 ilevinisiersansigns ‘a’ a734778)
Sa'fUZ@Z?\iL52f07°Z/EJ\7%il7£/é§?°2/1457ﬂ£é“2ff)°2}’u141/57£/f)75 ‘a’ Uringeglugiudeyasienis TDB; ol
T, = {19, 2°, 3%, 47, 5%, 6%, 21°, 22°, 237, 24°, 25°} Ingeins (Foeaz) ArA L Iase
Fiog, UANVIAY 37.5% YoanTIUEnTURITNe UazainsaseyldfuenveamneiavniIu
uanduitiisrents ‘a’ Usingeglugiudeyasienis TDB, liail Tops, = {19, 2%, 3°, 4°,

596% 77,87, 9%, 119, 12°, 137, 14°, 157, 167, 44°, 457, 46°, 47°, 487, 49°, 50°,

519, 52°, 53°, 54°, 55° 56° } lngdns (Foeaz) Amaruasiiaue '7os, TAWNITY 50% &1
gled1vunn1dauvsniinasiaguedn1v17v 60% asdeinglaiidns,
($oua2) AmaiiauevesiiaasgIuToyasIenslaoeniimdnuvendiua ueua gl
Fvun SnuanToRuIamSh TN SWas UL asEIA N naYeYeInITUTINg TuYes
017 ‘a’ Aedanniy 1.33 v §ldmunniBaudenisideusyaedanriny 1.25
Fodu arursana1alds1en1s ‘a 4Uuswn75141/57@751/745’1/@;775/?9m7m/ayum/mw'
mﬂu?aﬁz/am7@371/571/745;1@741/57ng7/u i099I0denT) (Fogaz) mAINFINauaReNT)
Arauvenuasinaue uasdonsinsidsunasanuainayeven sUTIngTusInn Ty
ArinuvamsiaeuUasiglaTmun

4.2 350159
Tunsdunmiensenisivmngaitaneniglinsilasuiasiiiaulavesdin
asianslunisusingiu §ideldinauetuneuisiaaseuiagly Tassadradoya NIWS (New
Interval Word Segment structure) dsudaiiudoya Tneludruilazesueiadnuay
lassasadeya NMsdumesiondu (Intersection) sendng NIWS* fiu NIWS” veaans1enis X
wag vla 9 éfm%"umsﬁwmmmmmwamiﬁﬂﬁﬂgﬁuiwﬁu N1SAUINBNT (Souay)
AAMNAENe9In NIWSY dmfumsmuinmanuaiiauevesensents X Adsusuen
fetimiessasvinafiuiniianveneninenis X ivsingiuessiosndamsuusnduly
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Fudayasienisuaziunewissaaseu (RICROM algorithm) Alddmsumsaumensienisi
Usngainaneniglinisasunlasininaulavesiauadtauslunisusing fel

4.2.1 Taseairadaya NIWS

Tumsdumisasienisitusingues Tannmes Bit-vectors) lignihunuszgndld
1umﬁmLﬁuﬁagaﬁﬂswﬂgﬁumaqswaﬂ'li/l,%mwaﬂﬁ Tosdngnsrenistausinglu
nsmumendu ;7 azvinlvdeludidud 7 fandu 1 uarlunenduiu dueesenislaliusng
Tunsuwgndu /7 azvilidelugisui 1 Sandu o Munewe 8 U dewviniu 1 Tud (Byte))

906191 4.2 99Ng1UTPYATIINTT TDB, Usznausay 40 NIty uasgIudoyasIenIs
TDB, Usenausag 56 NsIuuanTU uanssan i 2.2 devimisiersansiens ‘a’ @750
ssylifasnueamneiaamsuentuildsens ‘o’ Usngeglugideyasionis ToB; fel
Tope,={ 1%, 2%, 3%, 4°, 5%, 6%, 217, 22°, 23°, 24°, 25°) ez ldUmtantmeslugiuyuiay
grudosianun 5 lud msvdaiutoyanisusingiuvessiens ‘o’ lugiudeyamenis
TDB, A4l <11111100, 00000000 00001111, 10000000, 00000000> Uazan3ash iivly
SN IUEY 9] <24 204254 24242, 0, PrP4242, 27, 0> = <252, 0, 15, 128, 0
> (mrgun 1usil 1 dauvidy 252 Wunudeyaivsngdulunsmuendy tts ludi 2 i
Ay 0 lunudeyaitusingTulunsuuenti toty, lusil 3 Gauvidv 15 lunudoya
s TN WINTY €172, TUAT 4 TAuvindy 128 Idumudogyaisingiulunsiu
U tos-ts, ey Tusiil 5 GAwindv 0 Wnudeyaiusingiulunsiuuendy tss-ty) uay
ansaszylanuanvemga s uLensuilsIens ‘o’ Usingeglugiudeyasionis
TDB, Z@”@“’vﬁyT‘;DBZ ={19 29 3% 4° 5% 67 79, 8% 9° 11 12° 13° 14° 159 16, 44°,

45°, 46°, ar°, 48°, 49%, 50°, 519, 529, 53°, 54°, 557, 56° }azlgUaianineslugduvy
wagruaesiann 7 lud TnelunisdafudeyanisusingTuvessionts ‘a” lugudoya
376077 TDB, A4l <11111111, 10111111 00000000, 00000000, 00000000, 00011111,

11111111> wszausavanvlugvuvuiayg vy g Inednisemiaundeuduny
gudaysienIs TDB, ynszns) laked <255, 191, 0, 0, 0, 31, 255>

Mnduneuiidindn mndannwesdlufiiu 0 S1ununn Aegvilfauddosiud
Tunsdafuteyasufdulieanailunisuszmnana deun3dldfinisdafudeyauuy
Taunfindnnnnes (Dynamic bit-vectors) Tnevhnisaaveuludiifienviiiu o Tuiuaying
vsanedannnes ivsaunsaldinarlunisussananateyaldsnituuazaniud
mheanusflflunmstaiudeyaldifisrnsduity evandssdymdinanidatng
AnfuasnsTaiudeyasuudumesieaiisanuud (interval word segments, IWS) lay
nsanneuluduieisn (Word) My 0 vianun Tasanansadwun WS sasmaens X 1§

@ & X . . .
naUu WS ={<wi, [WM, Wi 20 oo WLp}>, <Wi, {WZJ, W5 5 woes szq}>, ey <WI, [V\/ull,

Wyp - Wy 2> 1 1087 Usiazypiia (Tuple) vesanduil y™ laln <wi, W= {w,,, w,,,, ...
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W, p> 9zUsznaume 1) fumidadse (word index, wi,) wansdaiuvtaildfiide 0 uag 2)
wiazdfaiilaleddn o (W= (W, 1, Wy 50 s Wy 0) M99 IWS* annsavdnidesnsdaiuiida
0 Tnufvarisa 0 udaisadeuniilildisa 0 Aagvinisutayiialn Adadiedssudaiiud
mhemufilflunsinfvdeyauasnaildlunisuszananatoya
wipgslsiniulunisudapfialnddelisa o liamnsadioUsendnfiuiiniag
arwiililunisdaiudeyaldunuilng warsudaailumsuszinanadeyaluduneu
Bsaavidedafuteyanuuyiialmide femgd Jeinsdasudeulvainnisuus
yfialmideiisn 0 Tudunsulsmdalmidefiisa 0 Unngiu 2 B$etuly esndeyadl
Tlumsdnfusoyfiall 2 daya TavazSenlassaddeyaid lassadadaya NWS (New

Interval Word Segment)

108191 4.2 99ngIUTEYATIENT TDB, UARIAINTINT 2.2 {9V n15W9715041598715 “a’
ausaszylanuanvemIgaYnsuLenTUIlsgns ‘o’ Usingeglugiudeyasionis
DB, Fail Trpg,={ 1%, 2°, 3%, 4°, 5°, 6%, 21°, 22°, 23°, 24°, 25°} upzanursaszylang
LwAYeIMIBAYNT LN TUTIT 19015 ‘@’ Usingeglugiudeyasienis TOB, laneid
Tops, = {1°,2°,3%,4°, 59,67, 7%, 8%, 9°, 11°,12°, 13°, 147, 157, 167, 44°, 45°, 46",

a7, 48°%, 49°, 50°, 51°, 52°, 53%, 54°, 557, 56° } \ewanunsadu NIWS 999578775 ‘a’
lugdoyasiens TDB, (NIWSTy, ) il T18m17 ‘@’ Ysingiunsuusnlunsiuuenti t ud
Gausnasld “1000 0000° Ty 27=128 (mnewy dmsunisusngiuvessiens ‘o’
SUTNNTIUUENTUT 1 - to) T TausnYes NWSS Ididu <1, {128)> (n1eus
Inedl 1 Ao swmiaIsaveapiaiuansiundaisaiilily 0 afusn) deannsusingdunss
7id09999576M77 ‘0’ Ao NIUUTNTUT t, udUTTausnazgndianlnenrukentuil t, Aail
‘1100 0000° dAwiniy 2'+ 2°=192 uazyuilausnyes (NWST,, ) Aszgnoviams e
Wit <1, {192)> HosnsUsIngTunssiiaufonnyess1ents ‘o’ Rensruuentud ts - t,
udUITAusnazgndthan el ‘1111 1100° Tayiu2’+ 2542542 2+ 2°=252 uazyiiia
Usnves NIWS? Rasgnetiam It <1, (252}> sesnmsusingiunseiiin fe suentu
tor Saduaugbilisaiaeaty 0000 000° uglai3saiauiy ‘0000 1000° Fawriy 2°
= 8 uagdUmmmasyiiiausn lalilu <1, {252, 0, 81> HounieIsanIsusIng unsuase
FUisn IAunns et to, - te udn3saitamesgndiinnded ‘0000 11117 Fawiniy
2242242'+2° = 15 wazdiamarasyiiiausn [aiilu <1, (252, 0, 15}> udaiisniiaesls
‘1000 000° FAwiy 27=128 udaiamasyiiia eitersannsusingfuvessients ‘a’
siavunlugiudoyasients TOB, 9s1d (NIWSpg ) = { < 1, {252, 0, 15, 128} > } Uag NIWS

999579075 a lugiudeyasrenis TDB, ezl (NWSTy, ) = { < 1, {255, 191} >, < 6, {31,
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255} > } (vanewne) lagiiduneudsigeanununis s NIWS ve957¢n5 ‘a’ lugiudeya
598773 TDBy) UaavaanIng 4.1

T ={1,2,3,4,5,6,21,22,23,24, 25}

TDB,

T8 ={1,2,3,4,5,6,7,8,9, 11,12, 13, 14, 15, 16, 44, 45, 46, 47, 48, 49, 50, 51, 52, 53, 54, 55, 56 }
Word Index 1 2 3 4 5 6 7
Range of tids 1-8 9-16 17-24 25-32 33-40 41-48 49-56
Binary Value of TDB,| 1111 1100 [ 0000 0000 | 0000 1111 | 1000 0000 | 0000 0000
Word Value of TDB, 252 0 15 128 0
Binary Value of TDB, 1011 1111 [ 0000 0000 | 0000 0000 | 0000 0000 | 0001 1111 [ 1111 1111
Word Value of TDB, 191 0 0 0 31 255

NIWST = { <1, {252, 0, 15, 128}> }  and NIWSH, = { <1, {255, 191}>, <6, {31, 255}> }

1 2

A9 4.1 laseasradeya NIWS v83518n1s ‘a’

4.2.2 M3BUNBIIINTUIENING NIWSS fiu NIWS”

AusunTBUmRSINTUIEIING NIWSY iU NIWSY veawnsients X waz Y 1a o g
Buduainnismdumisreisaiidianliviiiugud (Non-zero bytes) wdfinnsanduma
vosuraziisnfinsetuvas NWSS fu NWS” arntuldadiiunisuwuudn (Bitwise
operation) Tngwedaamung AND (&) Tunsanfiunisidsadnan udasndunsluaunseiisld

Tiudadsafinsetunazsdaiudu NS

#0899 4.3 1INg1LTeYATIINIT TDB, Ysznaunae 40 NS IWUINTU UasgIuToYaTIENT
TDB, Usznousae 56 NsIuuandi uansdanini 2.2 1ievimsiersansgnis ‘o’ a1uns
seyldfummvoamneiammsuuensuiidsens ‘o’ Usingeglugudeyasienis ToB, #il
Trog,= {19, 2, 3°,4°, 5%, 6°, 219, 22°, 23°, 24°, 25°} Ine) NIWSSp WYY { < 1,

252, 0, 15, 128} > } uagmmm5sy2¢7’ﬁwWwavwmmawm‘mmm-ffuﬁﬁswn75 ‘b’ UsIng
og/lugrudoyasignds TDB; ladeil T?DBI ={19 20 3% 4% 5% 6%, 77, 8, 9, 119 127,

137, 14°, 159, 167, 44°, 459, 46°, 47°, 48°, 49°, 50°, 519, 52°, 53%, 547, 55°, 56 } Im &
NIWS g SIEVINTU { < 1, {250, 62, 143, 128, 16} > } hazaruI30ATUIY NIWST), Tng
AorsannInsdunaisanidalivisuguduasdammiaisainseiuves NIWSTpg Az
NIWSSp, A9T] 2528250 = 248, 0862 = 0, 15&143 = 15, 1288128 =128 foiiuazld
NIWSTDs, TAWNITY { < 1, {248, 0, 15, 128} > } uazluni3aruaas NIWST, Aa1u75097
NITAIUIMTUIAIAUAYTIUToYaTIgN IS TDB,; lgsed /\//\/\/5%‘352 dA1n19v

[ <1 {241, 31} >, <6, {5, 254} > } UGANSINING 4.2
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NIWSpp = { <1, {252,0, 15, 128}> } NIWSTy, = { <1, {265, 191}>, <6, {31, 255}> }
NIWSEDBIZ { <1, {250, 62, 143, 128, 16}> } Nst?DBZ: { <1, {254, 95, 255, 255, 255, 229, 254}> }

b b
NIWSTos = { <1, {248, 0, 15, 128}> } NIWSS o, = { <1, {254, 31}>, <6, {5, 254}> }
1 2

AN 4.2 NN5DUmBSNTUYR NIWSD®

4.2.2 msfuasng (Gewaz) Aranuasiiauen NIWS®

MsAusns (Fevar) mArwaialevessnsIens X 990 NIWSS agldnnans
#um (Look-up table) fifiiavn 256 yuiia lnsudagyfiagsUsznouludae 3 doya
Ssieluil

1. pf fio dunisvesnisusingiundausnuasdn 1 (e d1dmdu 0 Havun
A1 pf azdANAU 8)

2. nl Ao F1uauvesda 0 n&sannisuingiuvesdn 1 afagaievaslud
(e drdmdu 0 avmn f nl adiduriniy 8)

3. mg fAp Yrviteszuzvinsiiuinfianseninedn 1 aosda (unomn Mdadu 1
W A1 mg axiiAwiy 1)

91 NIWS* wag M1519fum annsaduingng (Gesaz) Amnuaiianeves
wns1ens X danmsiarsanusasiisn w,, Tuudazddud " yifiaves NS Tnsuusls
Hu 4 nedl dwioludl

1. 61w, Judsausnveyiiiausn wineenuadLanessiinnyiii
P = max(((wi, - 1) x 8) + pfiw,x)), me(w,,)
2. 81wy, Wudsausnveyiiadauil Y udraauaiiauessiiaingu
P = max((nlwy.1,/Wy.af) + (Wi, -1) - (Wii.; + |W,5f-1)) x 8) + pfiW,,p)), me(wy,p))

a0

1% @& as Ay 1§ 1acs a o w oA v o )
3.1 Wy p L‘UuL'ﬂiﬂV]hJIGUL'J'iﬂLLiﬂGZJ@QVJLWﬁa’]ﬂ‘UVI Y haIAIANUANENDTUAN

W,

P = max((nl(wy,p.1) + (nwo x 8) + pfiw,,p), me(w,,p))
a. i w,, Budseaavinvesyiiagaing udmmnuaiiaueazdayiniy
P = nl(w,,) + (wo™ — (Wi, + W[ - 1)) x 8
Taol  wi, Ao duniadsaisuduvesyfiadidud v

pfiw,,) Ao F1uudn 0 ARy neunsusngde 1 asawsnludse wy,
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melw,,) fie TFeszevinaiunniianszninedn 1 aesdnvoaidn wy,

AW, 1, W) fla $1uaudin 0 Inmsdsngiuadsaeievonensionis X luyia
Sudt (-1)

wiy.; e sumadsaisuduvosiaddudl (1)

IW,of #e SruruvesAsaluyiadidudl (-1)7

nl(w,p0) o $1uauda 0 MnnsUTIngluadsaarierenansients X ludsnadui
(-1 voayifiadndiudt (-1)"

nw A9 311350 0 ﬁﬂiﬁﬂgﬁ'ﬁuﬁmﬁ’udaumsﬂsmﬂgéﬁuﬁum5%@ Wyp

nl(w,,) A9 31UT09Ta 0 mﬂmsﬂswﬂﬁuﬂ%qmﬁwhﬁ%m Wy

o™ fig suniaIsagarinevesgiudayasienis TDB

A look-up table

Word Value Binary Value | pf | nl |mg
0 0000 0000 8810
5 0000 0201 | 6 5| <-fmax((O+((-)-(1+2-1)) x 8)46), 2) — 30 (case: 2]
{max((3+(1x 8)+5), 1) = 16 (case: 3)—» 15 0000 1111 5001
31 0001 1111 Ll 0] 1] <--max((1+(0 x 8)+4), 1) =5 (case: 3)-------------
- max((04+(0 x 8)+1), 0) = 1 (case: 3)---» 128 1000 0000 11710
i r-max((((1-1) x 8)+1), 1) = 1 (case: 1)---» 248 1111 1000 1131 [+(7-(6+2-1)) x 8 = 1 (case: 4) ———
i . max((0+(0 x 8)+1), 1) = 1 (case: 3)-- |
T+(5-(1+4-1)) x 8 = 15 (case: 4) 254 1111 1110 L] ] = max((((1-1) x 8)+1), 1) = 1 (case: 1) i i
Pl ; 255 mirun [ 1o i N
oAb o : i ¥
ii NTV\S”)BT { <1, {248, 0, 11"~ 1%8}> } NIWS?SBD: { <1, {254, d}}>, <6, {{7 254}> }
”””””””””””””””” P 1ib= 16 x 100% = 40% and 1= 30 x 100% = 53.57%
40 56

TDB,

ab 9 Em07Y _ EC
0 = nlax(r?rgu‘,rfgkug) = max(40%, 53.57%) = 53.57%

AN 4.3 NNSANUIENTT (588a%) ANAINNAILANBYRWLNIIENS ‘ab’ 91N NIWS®

9061971 4.4 990gIuTEYATIINIT TDB; UaRIFINTNT 2.2 (lovinsHeIsansIenIs ‘ab’
F1115952ylana /\//WS?gBI WA { < 1, {248, 0, 15, 128} > } 4aslun15AI1UIEN T
($08a2) AIATIuaaNeYRNTATINTT ‘ab’ 99N N/WS?ggl Ingasi5uiinITaInIn3sausn
voayiiausn (Mo nsdli 1) ldun 248 v:le Arnatwananeda iy e =
max((((wiy, - 1) x 8) + pfiw,,p), mew,,,) = max((((1-1) x 8) + pf(248), mg(248)) = max((((1-
Dx8)+ 1), 1) =max(1, 1) = 1 vmsuigrsanisadaly mnemg Haild3sa 0) fawviiy
15 59lailwi35musnvesyuiia (mngme nsddi 3) udampauaEuevsdANIAY P =
max((nlw,p-1) + (nwy x 8) + pfiw,,p), mgw,,p) = max((nl(248) + (1 x 8) + pf(15)), mg(15))
= max((3+8+5), 1) = max(16, 1) = 16 emiuiigrsaunIsadaluinmuiiy 128 iFalule3%a
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usnvasyuila (Mangmg N3 3) uaariAualIauedAIIAY P = max((nl
(Wyp-1) + (nWo x 8) + pflwy,p), me(w, ) = max((nl(15) + (0 x 8) + pf(128)), mg(128)) =
max((0+0+1), 0) = max(1, 0) = 1 uazdesarniuisngningvesyiiagaying (iuieims
n36li 4) udrrmuainaLavs IR NIAY PP = nl(w,) + (Wo™ - (Wi, + W,/ - 1)) x 8 =
nl(128) + (5-(1+4-1)) x 8 = 7+8 = 15 9nsumaArniigavesanmannase vnynnsd
Fadianyiiy 16 ffu hs1 (3oeas) MprualiaeveNTATIENIT ‘ab’ 1N wasf;gBlﬂ
AWIAY 40% uazn15AININSATT ($08az) AIAIINATNFNEYENYATIENIS ‘ab’ 9N
NIWSD,, @15 uaaildindoudufugiudoyasienis TDB, Agada Iy 53.57% ud
IN1TMIEITUINTGATENTIN Figg UaY g, Fatuens (Fogaz) Arnruadnayeves

9578075 ‘ab’ JANIAY 53.57% Uanindning 4.3

4.2.4 funeuitinnsen

dmfunsfumiensensivsngaiiauenisldnsasunlasiiuiaulaves
Aauasiianefiusingiu Mdendt Iansen anunsautsdnuarnisiiausendy 3
Tupouds dil

1. tunaudsnseugiudoyasenis (DB-scanning) WunszuaunIznIsALm
qumwmiﬁﬂsmgaﬁﬂLa:uamsﬂéfmiLU5*auLLﬂaQﬁmau‘L%mmmmaﬁﬂLamaﬁﬂimgﬁﬁu
vua 1 918013 Ingazeruteyasngiudoyasenis TDB; uas TDB, iesndudeawiniiu
wazdmfutoyaiiusngiuluddadaonis fdsussnoulude 6 daya fuiolud
. Fos1ems

—_

) % ' s . o )

. 9n1 (Goway) Amuaiianevesens i lugudeyasions TDB, (rﬁDBJ)
o 1% ] ° R 1% i

. 9w (Geway) Amuaiiauevessens i lugiudeyasionis TOB, (rﬁ%)

- ShamsiasunlasinnuainautevesnsusingTulusienis i ()

. NIWS 999578015 i Tugﬂu%’agaiwms TDB, (N/WS&DB])

N 0 A WLWDN

- NIWS w83318M15 i lugudeyasienis TDB, (N/WS’ﬁDBZ)
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Algorithm 1: DB-scanning
Input: TDB,, TDB,, o,, 0.
Output: A set of regular items with interesting change on regularity of
occurrence and 1List containing regular items

1: e create a list named 1List to maintain all single items
2: e create an entry for each item iy € I in the 1List
3: for each transaction ¢, in database T'DB; do

4 for each item ij, in transaction ¢, do

5: e update NIWS“%“DB1 by tid p

6 e update r%DBI by tid p

7: for each transaction t, in database TDB> do

8:  for each item iy in transaction ¢, do

9 e update NIWS}Epp by tid g
10: e update rf;,i“DB2 by tid ¢
11: for each item iy in 1List do '
12: e compute 7% ¢ max(r¥pp s " pB,)
13:  if r** > g, then

14: e remove the entry of iy out of 1List
15:  else .
16: e compute c'* by erﬂ
TDB;
17: if ¢'* > o, then
18: e identify i; as a result

AN 4.4 FunewIBnsenugIuteyaTIEnIs

TURBUTENTBUFIUTBYATIENT ULAAIAINING 4.4 LTUAUINNNTATNEARTIENS
YUIA 1 518N N8N 1List E1MSUTAAULAAEIIENT i € | (USTIAN 1-2) Nty
Joyalugutoya TDB; uarfia1sauAasnsmuInty &, UAzuAaEIIENIT ik € ¢, WA

1 v l % v U
NIWS waaustars1ems i lughudeyasionts TOB: (NWS;,, ) uavdnsn (Sevaz) Amanu

/

dulnaneveIuarsIenT i buguteyasienis TDB; (r,

r08,) \osuinnadludad 1List
(Uss¥iafl 3-6) LileRa1suIATUNANIIULEATY t, Tugrudoyasiens TDB, uéd
o158 UteYAIINgUTeLATI8NNT TDB, ﬁe‘i"iqaﬁ%y’umau'ﬁ%mﬁauﬁ’uﬁugm%@ga TDB,
ynUsEns (Ussvind 7-10) wiludumewdsnisdiuan NIWS vesusdarsens i ugtudeya

! o : i i v v Y
789N159LURBUNNA1TOULARN N/WS#DB] Tulu N/WSﬁDBZ (USSVAN 9) wardms (Seway)

' ° i . 1% = Y] o
FnEiaNe YR Az 1M i lugrudeyasienisezasuanmsdueni ry,, Tuidy

ik o A
I1pg, (U35V1A7 10)
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o
[ ad o

Sumeuisdaluazyiinsfiansunuiazsienis i ludad 1List (Ussiiaf 11) uda
AUINENTT (Fe8ay) ﬂ'wmmaﬁnLauaﬁuaqmﬂﬁhﬁmﬂﬁqmzmw/ﬁ% way rlﬁDBZ 2nifu
ns19deu Inefionsandl

o {1dns1 (Geway) Armuainausiianuinniadaudsrnuasiaue asviinis
auUTIBNIS Ji BONIINAAR 1List (USTVAT 13-14)

o 180 ($evaz) Ammuainaveiindesnimdewituadaud snuainaue
%ﬁwmiﬁwmmé’mwmﬁw?ﬂuwdaaﬂ'ﬂmmaﬁﬁLauasuaqmaﬂmﬂg%uLLﬁaﬁﬂULU%ULﬁ&JU
ﬁ’um%LL‘LquiLﬂﬁsJumJa&ﬁ;ﬁ%’ﬁmum Tnedsnsnisdsunlasmanuasiianevenis
Usngarudiannnnimiewiduadausmaudeuudasigléimun ugasvinisiai
516015 i WuRvessIensfidauainatensld nsasunlasiiunaulavesainig
aﬁuauaﬁﬂsmgsﬁu (Us¥iadl 15-18)

2. TUABUISNTEZIIUTATIBAITVIUA 2 518A1T (2-itemsets-generation) LU
NIEVIUNMTAUNUINTIENSNUIINgadnauenslinsiudsusuasnuiaulavesdininy

° = =4
ﬁQJWLﬁN@VIUﬁ’]ﬂ{]"UU“UU’W} 2 318113

Algorithm 2: 2-itemsets-generation

Input: 1List, o, 0.
Output: A set of regular 2-itemsets with interesting change on
regularity of occurrence and 2List containing regular 2-itemsets

1: e create and initial a list called 2List to maintain regular 2-itemsets
2: for each item ¢; in 1List do

3:  for each item iy in 1List (i; # ix) do

4 e merge item ¢; with item ¢ to be itemset Z

5 o NIWSSpp, + intersect(NIWS 5, NIWS )

6: o NIWSZ g, + intersect(NIWSéZDBz, NIWSL%“DBZ)

7 e compute 17,5 from NIWS%DB1 and rZ 5. from NIWS%DB2
8 e compute 77 + max(rZ,p5 17 pp,)

9 if ¢ < o, then

10: e create an entry of Z in 2List
zZ

11: e compute cr? by Eﬂ
T"TpB,

12: if ¢“ > 0. then

13: e identify Z as a result

AN 4.5 FUABUITNTASUIRTIUNITVUIN 2 S18ANS

JUABUITNNTASIUIATIUNITVIUIA 2 SIYNT LAAIRININT 4.5 LSUAUINNNITASS
das1en13aUIn 2 598013 MBendn 2List dmsudaiuensienisivsngadiaueuuie
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2 5189M3 lneiansanusars1ens i Waad 1List $3uAUs8ns i Judan 1List (nunewme
Tnes1en13 i WwiAusenis i) 99ntuiin1sasaensnents Z 1nen1ssinsienis i Au
F9UMT i (Z € U i) (USSTIaT 1-4) wanduand NIWS veuens1enis Z lugiudeyasienis

7 a 14 o o ! I/ o ik Z
TDB: (NWSTpg ) 31NN158ULABILTNTUTEUIN NIWS g w88 NIWS g (NIWSTpg,

i ik
€ NIWS) 5 N NIWS

108,) WO NIWS vOuwns18n15 Z lugiudeyasienis TDB;

I

z i
o8, (NIV/ST5g € NIWS . N

s v 1 Ij
(NIWS755. ) 21nN158UADSINTUTENING NIWS, . wag NIWS
2 DB,

j o o I o i ° 1%
N/WS;DBZ) (USTVIAN 5-6) NUUATUIUATANUAULANDUDIINIIUNT ZIUEWUSZJ@N”aiW‘EJﬂ’ﬁ

TDB, (r?DBJ) 70 N/WS%BJ WAZAIMAIANNALLENBYRUTATIENTT Z TUFIUTRUATIENTS

OB, (17pg,) 910 NIWST, WédAmnmdng (Fovaz) AP AN LANDVDUTATIBANT Z 91N
AT TEnIng r%DBJ way r?DBZ (ussviadl 7-8) anntusiinisnsiadey SrAndns
(Fowazr) AranuainaveilidrdfesnimIowirfuadautsanuadianoaziini s
lwAs18713 7 wazdeyaludsdan 2List (Ussiiad 9-10) udwhnsfuwasasMsasuLUag
AanuashianeresnIsUsngiu winiluwisudsufuadautsnsivdsundasigld
fuun Tnedsasnsidsunlasdmiuaiiatevesnsusngiudannniwmdewiniu
Adautinsidasundasiigldivun udrvzvinnsdafiviensients Z 1unadwives
wnsensidenuaiianonelinndisuulasiiiaulavessanuaiianefiusngtu

(USSR 11-13)

3. nsAunIgasInsiatnataneldn sUasunlasiiunaulovesdaininy
aﬁﬂLauaﬁﬂiﬂng%u (Regular-itemsets-mining) Lﬁuﬂ'ﬁzmumiﬁumLezjmwm'sﬁﬂsmg
aaj’wLauamsﬂéfmsuJ'5"auLLUaaVimaﬂwaaf-ﬁmmaﬁﬁLauaﬂ'ﬂiwﬂg§u§QLLﬁ%uwm 3 918119
Fuly
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Algorithm 3: Regular-itemsets-mining

Input: kList, o,., o,
Output: A complete set of itemsets with interesting change on regularity of
occurrence
1: e create and initial {List to maintain regular I-itemset (where [ = k + 1)
2: for each itemset X = {ig,...,4} in the kList do
3:  for each itemset Y = {i,,...,i.} in the kList (where Y have the same prefix
as X except only the last item) do

4: if there is an entry of the itemset iy,4. in 2List then

5: e merge X and Y to be itemset Z

6: o NIWS? g, < intersect(NIWSy g, , NIWSY. 5 5.)

7: o NIWS? g, < intersect(NIWSy p,, NIWSY.55.)

8: o compute 1%, from NIWS? 5, and rZ ), from NIWSZ g,
9: e compute Z « max(rf,5 , 7755 )

10: if r? < o, then

11: e create an entry 0£ Z in [ List
12: e compute ¢Z by 5222

"TDB,

13: if ¢Z > 0, then
14: e identify Z as a result
15:  if [List contains more than one entry then
16: e repeat step of Regular-itemsets-mining by considering itemsets in [ List
17:  else
18: e empty [ List

19:  remove the entry of X out of kList

AN 4.6 MIRUNIATIENITTUTINadataneglinsiasuidasnuiaulaveseining
adauelun1susIngiu

FuneuiBnsfumienensiivnngadiaueeldinnudsuuasivaulaves
Aanuaianefiusngtu Buduannsadedadsienisvunn (e MiFendn wist
dwiuiafuasenmsiusngaduanovuin ( 519013 (anewn eed (= k+1, Fuain
yuadl { uiavuad n) IneReNsuudazionsNeng X = { i, ..., i } Wudad kList fu
WAATRSIENS Y = {7, ., i  Tudad kList Tnefensienis ¥ Ssienisneunthiwileuiu
lBAT1EMT X (el enciusenisaatie) (ussind 1-3) anduinnsansienisgadie
iy € X Wagsiemaaniing i. € v udsmduensions . antiuilldeseaeuludard
2List fnams1ens v’ fegludadt 2List antuvhnisaraensenis Z Tnsnissisen
F18M1T X AUWATIENT Y (Z € X U Y) uaafuin NIWS geaensienis Z lugiudeya
18015 TDB; (NIWSTp, ) 91nn15Bumesientusswing NIWS)p, way NIWST,, (NIWST,
NIWSTop 0 NIWS)55 ) UWERIUIM NIWS wosiens1en1s Z lugiudeyasienis TDB,

(NIWSTp,) NNN158IMDSIENTUTENING WS UaE NIWS s (NIWSTe € NIWS)55 N
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N/WS?DBZ) PNUUAIMNAIANATIENYRYNTIEN1S Z lugiuteyasienis TDB, (r?DBI)
NN NIWSTp5 wazAInIAAmaiauevenens1ens Z lugiudeyasionis TDB, (7))

0 N/WS?DB2 WAIFUIUENTT (FoEAL) ANAIUANANDVBATATIENT Z IINANUINTEA

FENIN r?DB] IGE ’%DBZ (ussViadl 4-9) 91ntfurinisasanaeu S1A1a (Gevay) AAaw
alhaveiiesnimiewhfusdaudsanuaiiaueazyhnafiuwasions Z uasdoyaly
fadad (List wivinssuusnTnmaasuulassmiuainansreanisuIngiy uin
ihluwisuiisuiuadautanndasuudasiglémualagiisnsnsiasuasian
arianevesnsUTINgiuiidnnniwiewntuamdautinsiuasunasdigldimun udee
yhmsdnfvmesions 2 unadndueaensionisidauasiauenelinsiasuutasi
ihaulavessauasiaeiiusingiu (Ussvinfl 10-14)
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Sparse datasets
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Abstract—Mining interesting itemsets/patterns is presented
and utilized in a wide range of applications. Organizations
and businesses have applied this to observe/track/monitor sig-
nificant occurrence behavior of objects or events. Currently,
with the emergence of new technologies, people may change
their needs/behaviors in daily life. Thus, analysis of change on
occurrence behavior of objects (or events) can be an important
issue in several domains. In this paper, we propose to mine
interesting itemsets based on change in regularity of occurrence
(called ICROs) to capture change on behavior from actions
performed by people. A single-pass algorithm, called MICRO,
and a tree structure named ICRO-tree are designed to efficiently
mine ICROs. Moreover, a pruning strategy is devised to cut-
down search space, computation time and memory consumption.
Experiments were done to investigate the performance of MICRO
and to show efficiency of MICRO on runtime, memory usage and
the number of discovered ICROs.

Keywords—data mining; association rules; change detection;
mining interesting itemsets; change on regularity of occurrence.

I. INTRODUCTION

Mining frequent itemsets from transactional database is
currently applied in a wide range of applications (such as
retail-cross marketing, restaurants management, mobile com-
merce analysis, etc) that require to analyze behaviors of
important people. Since proposed by Agrawal et al. [1], there
are several extensions on frequent itemsets mining (FIM) in
various aspects e.g. mining frequent itemsets without candidate
generation [2], mining top-k frequent itemsets [3], mining fre-
quent itemsets from incremental/data streams, mining weighted
frequent itemsets. Moreover, Tanbeer et al. [4] proposed to
observe occurrence behavior in the terms of frequency and
regularity of occurrence by mining frequent-regular item-
sets. This kind of itemsets can help to know about whether
an itemset frequently, regularly and/or irregularly occur in
database. Unfortunately, although the above mining approaches
can discover valuable itemsets which have help for analyzing
and taking actions, however, these approaches cannot identify
significant changes in behavior which can help to gain a new
kind of knowledge.

To address the above issue, Dong et al. [5] firstly proposed
to discover emerging patterns (EPs) which can help to know
trends and differences on occurrences of itemsets in the term
of frequency. Since the first proposed of Dong et al., the task
of mining EPs attracts a lot of extensions and is extended
in various aspects. For example, internet shopping mall and
retails tried to find change in customer behavior to help
market analysts having better understanding on changes in
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customer needs and how those needs change and to establish
effective promotion campaigns [6], [7]; manufacturing industry
identified changes in patent trends to improve the organization
competitiveness [8]; hotel business applied mining emerging
patterns to observe change in travelers preferences which
can help to gain insights into the behavior of travelers [9].
However, mining EPs only considers changing on frequency
of occurrence of itemsets which may not sufficient to express
change on regularity or irregularity of itemsets in some appli-
cations such as retail businesses, medical analysis, stock mar-
ket, sensor networks, network monitoring, telecommunication,
web site design and administration, web-click stream analysis,
genetic data analysis, traffic data analysis, analyze comments
on e-commerce, etc.

To solve the above limitation, we here propose a new
approach to mine interesting itemsets based on their change on
regularity of occurrence (also called mining /CROs) which can
help to know change on behavior from actions performed by
people in various applications. For example, in manufacturing
and retail business, tracking change/fluctuation on purchasing
on products of partners/customers may help to manage pro-
duction process, manage inventory, create marketing strategies,
design catalogs, etc; in medical analysis, finding change on
effect of using medicines of patients based on regularity of
effect can help to find solutions to alleviate severe pains of
patients and mining changes in blood pressure of a patient can
be useful information for doctors to provide proper treatment
to a particular patient [10] and so on.

To mine ICROs, an efficient single-pass algorithm based
on pattern-growth concept, called MICRO (Mining interesting
Itemsets based on Change on Regularity of Occurrence). A FP-
tree like structure is designed to efficiently maintain candidate
itemsets during mining process. Moreover, we also devise
a pruning strategy to cut-down search space and to reduce
resource usage. Experiments on synthetic and real datasets
were done to investigate performance of the proposed MICRO
algorithm on computational time, memory usage and number
of discovered /ICROs and the results demonstrate that MICRO
can efficiently discover interesting itemsets based on their
change on regularity of occurrence from various databases.

II. PROBLEM STATEMENT

In this section, we first describe the concept of regularity
of occurrence (as in [11], [12]) . Then, notations related to
change on regularity of occurrence of an itemset and problem
statement are thus introduced.



tid item
1 |a, b, c
tid item 2 |a, b, c
1 |a, b, c,d 3 |la, b
2 |a, b, c,d 4 |a, b, e
3 la,b,d, e 5 |a, b, e f
4 |a, b, d 6 la, b e f
5 |a, b, e 7 |a,b,ef
6 |a,e 8 |a, e
7 |b,d, e 9 |a,e
8 |b,d 10 [ b
9 |d, e g 11 |a, e, f
10(d, g 12 |a, e f, h

A transactional database 1 A transactional database 2

Fig. 1: A both transactional databases

Let I = {iy,i2,...i,} be a set of distinct items. A
set X = {ij,0p,...,5 where 1 < j < k <1 < nis
called a pattern (also called an itemset or a k-itemset if X
contains k items (i.e. | X| = k)). Given a transaction database
DB = {t1,ta,...,t,} contains m transactions in which each
transaction ¢; has a unique transaction-identifier (called tid
in short) and contains a set of items Y = {ip,iq,...,%,}
(where 1 < p < ¢ < r < n) expressing objects/events
that occur in the transaction. If an itemset X C Y, it can
be said that X occurs in transaction t; or t; contains X.
For an itemset X, TX = {t;,...t} is the ordered set of
transactions containing X. Then, the support of X, the ratio
between transactions containing X and all transactions of
database DB, can be defined as sX = %. To calculate
regularity, Amphawan et al. [11] simplified basic definitions
and notations as follows. A regularity of an itemset X based
on its occurrence in transaction t; can be computed in three
cases: (i) if transaction ?, is the first transaction containing X,
the regularity of X based on ¢, can be defined as rfi =k
which express the number of transactions from the begining
of database until the first occurrence of X, (ii) if X occurs
in ¢ after t;, then rfi =k — j i.e. the gap of occurrence of
X between transaction t; and t; and (iii) if transaction tj, is
the last transaction in DB that contains X, rt)i is calculated as
rfi = |DB| + 1 — k indicating the gap of occurrence between
tr and the last transaction of DB, respectively. Based on all
occurrence of X in T, the regularity of occurrence of X
can be computed as r* = maas(rff, rfi, ... ,rff) which is the
maximum gap of repeated occurrence from all occurrences of
X. The regularity of X can make a confirmation that X will
occur at least once in every consecutive r~ transactions.

Example 1: From Fig 1, let’s consider item ‘d’ in database
DB, with its occurrence as T® = {t,,ta,t3,t4,t7, s, to, t10}.
Then, the regularity of item ‘d’ in DB1 can be computed
as rhp, = max(rfl,rfz,rfg,rf4,rf7,rfs,rfg,rfm,rfm) =
maz(1,1,1,1,3,1,1,1,0) = 3 (Notice that r{  has two
values because they can be computed as case (ii) and case (iii)
as above). The regularity (rdD B, = 3) lets us know that item
‘d’ occurs at least once in every three consecutive transactions
of DB;.

Thus, we then proposed to consider itemsets with signif-
icant increasing on regular of occurrence under user-given
change-ratio on regularity threshold o,.
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Lets DB and DBs be transactional databases at time ¢; and
to. The change-ratio on regularity of occurrence of itemset X
is the ratio of increasing on regularity of X in DBy and DB,
which can be defined in the three cases as follow:

unde fined ,if X is not occur in DBy and DBy
X — 0 ,if X is not occur only in D Bs;
- X
DB , otherwise
DB,

ey

From eq. 1, change-ratio on regularity of occurrence of an
itemset X can be simplified as follow:

e if the itemset X is not occur in both DBy and DB,
ie s¥ B, and sy B, are equal to 0, its change-ratio on
regularity of occurrence cannot be defined.

e if the itemset X occurs only in DB1, i.e. 5%31 > 0 but
sy B, = 0, its change-ratio on regularity of occurrence

can be computed as —2— = 0.
DB,

e if the itemset X only occurs in DBs or in both
DB; and DB, which can be separated into two
cases: (i) if X only occurs in DBy which causes
7")531 = |DBy| + 1, then the change-ratio of X on

TﬁBZ

regularity of occurrence can be expresses as IEAESE

otherwise, (ii) the change-ratio 0}{ X on regularity of

T .
occurrence can be defined as —222 | ie. r&, and
X5 DBy
1

X . . .
spp, are greater than 0, its changeX-ratlo on regularity
T
of occurrence can be defined as —<=2.
DBy

Therefore, based on the change-ratio on regularity of X
(cr™), it can be said that X is an interesting itemset (pattern)
if erX is no less than the user-given change-ratio on regularity
threshold (o).

Example 2: As in Fig 1, the changf-mtio on regularity of

item ‘b’ can be computed as cr® = “2Zz — 3 = 1.5 If the
T

DB
change-ratio threshold is set to be 1.25 ( which means that the
regularity of any itemset in DBy should be no less than its
regularity in DBy, the itemset is an interesting itemset if it
has the maximum gap of occurrence in DBy larger than that
of DB1), then item ‘b’ is an interesting itemset which can be
identified as a result.

Problem statement: Given two databases DB, and DBy
and a change-ratio threshold o.,, the task of mining interesting
itemsets based on change of regularity of occurrence is to find
itemsets that occur in both databases and have change-ratio on
regularity between DB; and DB no less than o.,.

Property 1: For an itemset X, if X does not occur in DBy
or DBy, X and all supersets of X cannot be interesting itemsets
based on their change on regularity of occurrence.

Proof: From problem statement, an interesting itemset
should occur in both databases and has change-ratio on regu-
larity between DB; and DBj no less than o.,. Then, based on
downward closure property [13], if an itemset X is not occur
in DB1, all of its supersets also do not occur in DBy as well



(also the same for DBs). Thus, X and all of X’s supersets
cannot be interesting itemsets. ]

III. PROPOSED METHOD

In this section, we here describe a tree-based structure
named /CRO-tree used for maintaining candidate itemsets with
their essential information. Then, an efficient single-pass algo-
rithm based on pattern-growth concept named MICRO (Mining
interesting Itemsets based on their Change on Regularity
of Occurrence) is described in details. Last, an example of
MICRO algorithm is given to simplify the task of mining a
complete set of /CROs.

A. ICRO-tree structure

ICRO-tree is a FP-tree like structure with a header table
used for maintaining candidate itemsets and single items
during mining process. Each path P of ICRO-tree expresses
an itemset X in which its occurrence information in DBy and
DB; are stored only at the node of the last item (i.e. storing
only at the leaf node). Each node in path P contains only
one item in itemset X which the node can be classified into
two types: (i) internal node containing item-name (i), links to
parent and child nodes in the same path and a link to another
node with the same item name, and (if) leaf node (or tail-
node) containing the same information as internal node, but it
also contains T[ﬁ;l and Tg’gz i.e. the occurrence information of
itemset X in database DB; and DB>. Meanwhile, the header
table (a simple list) contains five information (see Fig. 2) that
are (i) item-name (1), (ii) regularity of item i, in database DB
(r% g, )» (iii) regularity of item i), in database DBy (r}55.), (iv)
the change-ratio on regularity of item iy, (cr®*) and (v) a link
to all nodes with item 4y, called node-link (1**), respectively.
With ICRO-tree, MICRO can apply the pattern-growth concept
to efficiently mine interesting itemsets based on their change
on regularity of occurrence.

B. MICRO algorithm

MICRO algorithm is a pattern-growth based where it scans
database only once to reduce 1/O cost. MICRO consists of two
main steps i.e. (i) ICRO-tree construction (algo. 1), scaning
database DB; and DB, once to capture essential information
from the databases into /CRO-tree and (ii) ICROs-growth
(algo. 2), pattern-growing to find a complete set of /CROs.

ICRO-tree construction is the process of creating /CRO-
tree by capturing candidate itemsets with their occurrence
information through a scanning databases DB; and DBs.

Firstly, ICRO-tree is initialized with a root node R and a
header table for all items is created. Then, each transaction
in DBy and DB, is scanned. To read each transaction t; =
{ik,...,i;} of database DBy (line 2 — 11), a tempNode (i.e.
a buffer pointer used for checking whether there is a path
in ICRO-tree for items in transaction t;) is set to point to
the root node R. Then, each item iy in ¢; is considered. The
regularity 775 at the entry of item iy in the header table is
thus updated by fid j of the transaction ¢;. Next, a node of item
i, is created and linked with the node-link of i; in the header
table, if there is none of a path in ICRO-tree that linked item
i with the former items in ¢;. Otherwise, the buffer pointer
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(tempNode) is moved to the node of ¢;. After considered all
items in transaction ¢;, the buffer pointer tempNode is now
currently pointed to the node of the last item 4; of ¢;. Then, the
set of occurrence information 7'} ;; in the node of 7; is updated
by adding rid j of transaction t; (i.e. T < Tpp Uj) in
order to collect occurrence information of all items occurring
in transaction t;.

Next, database DB, is then read in the same manner as
scanning of DBy in which the step of updating regularity of
each item 7y in a transaction ¢; (line 5) is changed from rZD’*‘Bl

to be 7% B,» and the step of adding fid j of transaction ¢; in
the set of occurrence information TB B of the node of the

last item ¢; (line 11) is also changed to be storing into TB Bo»
respectively.

Last, the regularity r55 and rj55 of each item iy
contained in the header table are then considered (line 13—19).
If ri5p, > |DBi| andlor r}55 > |DBs| (i.e. this means
that 75, does not occur in DBy and/or DB>), then all nodes
of item ¢ are then eliminated from ICRO-tree and its child
nodes are then linked with its parent nodes (see Eq. 1 and
Property 1 for pruning property). Otherwise, the change-ratio
on regularity of occurrence of i) (cri*) is computed and iy,
is thus identified as an interesting with significant change on
regularity of occurrence (also collected in the set of ICROs), if
cr'® is no less than the user-given change-ratio threshold o,..

ICROs-growth is a recursive process on ICRO-tree where
each iteration considers each item 7; and itemsets that occur
together with ;. The main computation in each iteration of
ICROs-growth can be separated into two cases as follow.

e if the /CRO-tree contains only one path (also called
single path) P with itemset () (line 2 — 7), then the
change-ratio on regularity of occurrence of itemset )
(cr?) is calculated. If ¢r? is no less than the user-
given o, threshold, each sub-itemset 3 of itemset ()
is generated and merged with the previous considered
itemset X generated from previous iterations (i.e. SU
X). Last, the itemset S U X is then output by storing
in the ICROs set.

e if the current considered /ICRO-tree contains more than
one path (line 8 —29), each item 7, in the header table
(start from the last to the second one) is considered.
The item iy, is then marked as considered by collecting
ix in the set of already considered itemset X and a
simple-list named iList;, is created for maintaining
items occurring with iz and previous considered items
(line 10 — 11). Next, each node n;, of item 7% that
linked with the node-link of i;, in header table is thus
traversed, each ancestor item ¢; (i.e. the item (node)
in the ICRO-tree located higher than item ;) in the
same paths as n;, is taken into account and then the
set of occurrence information, T 5 and T, at the
entry iList;, of iList;, are then updated by 775 and
Tpp, of the node n;, (line 12 — 14). After regarding
all nodes n;, of item 7y and their ancestor items, each
entry iListZ@ of item %; in ¢List;, is then considered
and checked whether 4; occurs together with itemset
X (line 15—21). If the item 7; occurs together with X
in both database, criYX is computed from Tﬁ B, and



Algorithm 1: ICRO-tree construction
Input: DBy, DBy, 0.
Output: ICRO-tree: a tree-structure contains sets of items occurring in
transactions of DB; and DBs, ICROs: a set of interesting items with
significant change on regularity of occurrence

: initial ICRO-tree with a root node as R, and initial a header table of all
items

2: for each transaction t; in database DB, do

3. set tempNode as R

4 for each item i, in transaction ¢; do

5 update rj5p at the entry of item iy in the header table by considering
tid j of t;

6: if there is no a child node of tempNode with item i;, then

7 create a new node for item g, set it to be a child node of

tempNode and link it with the header table

8: tempNode < the new node of item iy

9: else

10: tempNode < a child node of tempNode with item i

11: add tid j of t; il?t() Tp, ofAtempNode i.e. Tgp, + TB’B! Uj

12: read each transaction of DBy in the same manner as scanning of DBy
13: for each item iy in the header table do

14:  if i) does not occur in DBy or DBs then

15: remove all nodes of item iy, out of ICRO-tree
16:  else "
17: compute cr’* by ’ﬁ#
TDBy
18: if cr't > 0. then
19: collect i, in ICROs as an interesting item with significant change

on regularity of occurrence

Th B, in iListh and after that 4; UX is thus identified
and collected in the ICROs set, if cr®“X is no less
than the o, threshold. Otherwise, the entry iList;!
of item 7; will be removed from our consideration and
from iList;, . Next, a new ICRO-tree with a root node
Z 1is initialized, if the number of entries contained in
1List;, is more than one (line 22 — 23). Then, each
node n;, is traversed again to collect a set of items
Y that still have entries in 7List;, . With itemset Y,
a path for Y in the new ICRO-tree is updated and
the occurrence information in the node n;, is merged
with that of the last node in the path of Y. After
update the new ICRO-tree with itemset Y, the node
n,, is not necessary. Thus, the occurrence information
Tpp, and Ty, in n;, are moved and merged with
that of the parent node of n;, and n;, with all of
its information is removed from the ICRO-tree (line
27). After considered all nodes n;, of item 7y, there is
none of node of ¢ in the ICRO-tree and we gain the
new ICRO-tree with all candidate itemsets that occur
together with item ¢, and previous considered itemsets
regarded in previous iterations. Last, /ICROs-growth is
then repeated again on the new ICRO-tree.

C. Example of MICRO algorithm on databases

Let’s consider transactional databases DB; and DBy in
Fig. 1 and the change-ratio threshold o, is set to be 1.25.
Our proposed MICRO algorithm will find a complete set of
ICROs having different on regularities from DB; to DBy at
least 1.25 times.

MICRO firstly performs on [ICRO-tree construction in
which a header table H and the root node R of ICRO-tree
are initialized. Next, the transaction t; = {a,b,c,d} of DB;
is scanned. A path of ¢; is thus created in JCRO-tree in which
the leaf node ‘d’ contains tid 1 and entries of items ‘a’, ‘b’,
‘¢’ and ‘d’ in H are updated (see Fig. 2). The scanning is
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Algorithm 2: ICROs-growth
Input: ICRO-tree, o
Output: JCROs: a complete set of interesting itemsets with significant
change on regularity of occurrence
1: Procedure: ICROs-growth (ICRO-tree with a root node R, X, o.,)
\\Note that X is a set of considered items from previous iterations (X is
at the first mining)

2: if ICRO-tree contains only single path P then

3. compute cr? of itemsets Q of path P

1. if er9 > o, then

5: for each combination of items in path P (abbreviated as ) do

6: merge 3 with X and then compute ¢r®“X from Tpp, and Tpp, of

the leaf node of path P
7 collect U X in ICROs as an interesting itemsets with significant
change on regularity of occurrence
8: else
9:  for each item i in the header table of ICRO-tree (start from the last to
the second one) do

10: X «+ X Uiy \\collect i) to be a member of already considered itemset

11: create and initial an item-list called iList;, for maintaining all items
(with their occurrence information) occurring together with item iy,

12: for each node n;, linked in node-link of item i) do

13: for each item 7; located in the same vertical path as node n;, do

14: \\Note that iListii be an entry of item ; in iList;, , merge TBBI

. . ik i AT opil iy .
in the node n;, with Tpp in iList;, and merge Tpp, in the node

. e s T sl
ni, with T, in iList;

15: for each item 4; in iList;, do
16: if 4; does not occur with X in DB; or DB, then
17: remove the entry of ¢; from iList;,
18: else
19: compute crt“X from Tpp, and Tng of iList;,
20: if ¢rYX > g, then
21: collect 4; U X in ICROs as an interesting itemsets with
significant change on regularity of occurrence
22: if |iList;, | > 1 then
23: create and initial JCRO-tree with root node as Z and a header
table for items in iList;,
24: for each node n;, linked in node-link of item i do
25: set Y as a set of items in the same vertical path as n;, where
there is an entry of the item in iList;,
26: update ICRO-tree with root Z by Y and Tpj, (also Tjp,) in the
node n;,
27: \\Note that n;,_, is the parent node of the node n;, with item

ig—1,merge Tpyp with ng“ and Tpyp, with Ty 5. and then
remove n;, with all of its information

28: call ICROs-growth (ICRO-tree with Z as root, X, or)

29: X + X — i), \\remove ij, out of the set of already considered items,
since all itemsets consisting of 5 are already considered and remove
iList;,

repeated for all transactions in DB; and we get ICRO-tree as
shown in Fig. 3. Next, each transaction in DBs is also read.
For the transaction t; = {a, b, c}, the entry of ‘a’, ‘b’, and ‘¢’
are updated and a path of ¢; is created or updated with tid
1 contained in the node of ‘c’ (see Fig. 4). The transactions
to —t1 are also read in order to update H and ICRO-tree as in
Fig. 5. As indicated in Fig. 6, items (with its’ entry and nodes)
that do not occur in DBy and/or DB5 are removed from our
consideration, since these items and all of its supersets cannot
meet change-ratio threshold (thanks to Property 1). Last, the
change-ratios of the remaining items are calculated and items
with change-ratio no less than o, are identified as results.

To mine longer itemsets, MICRO-growth is executed. The
last item ‘e’ in H is considered and keep in mind. Then, each
node of ‘e’ in ICRO-tree is traversed by its node link. First,
with the path of ‘a,b,e’, items ‘a’ and ‘b’ are considered as they
occur together with ‘e’ in transactions t3 and t; of DB; and
transactions t4, t5, tg, t7 and t12 of DBo. Next, the path of ‘a,e’
is visited and item ‘a’ is regarded to occur with ‘¢’ in T} =
{3,5,6} and T, = {4,5,6,7,8,9,11,12}. After traversing on
all paths with item ‘e’, we can recognize that items ‘a’ and



‘b’ occur with ‘e’ in both databases. Then, a conditional-tree
with ‘e’ as a prefix is created (see Fig. 7). Then, the last item i [ri [, o
‘b’ is also keep in mind and collect to be a prefix as ‘e,b’ and L el B B L
the nodes of ‘b’ in the conditional-tree with ‘e’ is traversed
in the same manner to create the conditional-tree with prefix ‘
‘eb’. The traversing and computing is repeated until the current f : .
considered conditional-tree has only single path. After traversal P ‘
g [ 3
h L ]

!
TR0

T‘1<1> ) be bde e
T, <> /T <0>

of all trees, we gain all /ICROs contained in the set of results.

IV. EXPERIMENT RESULTS

In this section, we report experimental studies on our
proposed MICRO algorithm for mining a complete set
of ICROs. Three benchmark datasets downloaded from

http://fimi.ua.ac.be/data/ are used in our experiments (as used i [ g ] 1 . ) o)

in [4]). As shown in Table I, each dataset is split into 2 a1 2 oo e \/<
small equal-size databases. TI0I4DI00K, a synthetic dataset bl 2|3 [Ls0] et 1 o)
with 100,000 transactions, is divided into two of 50,000- e |8 || ea(c] - (d) 5> 3 /T'iji
transactions databases. Meanwhile, Chess and Mushroom are als[-[-Te Tf@;‘_‘ﬁ;‘ T 2311; ;1<'> Tl<f,mn> T2 2 pnit>
real datasets which are also split into two of 1, 598- and 4, 062- P i S Ty ’ ,<>
transactions databases, respectively. Three experiments on the TN \\/r"i‘éulb s {11%,
three datasets under a change-ratio on regularity threshold T T:.fﬁli %23"’ J lz:ru Ty<mil> 1, J<null>
(ranging from 2 to 10) were conducted for investigating \\‘//E‘ ?i‘ﬁlf o

computational time, memory usage and number of generated R 2l

results. Lastly, MICRO is implemented on Python 3.5.1 and

run on a machine with a CPU speed 2.40 GHz, RAM 8 GB, Fig. 5: ICRO-tree created from DBy and DB,
and Windows 10.

o

ik [k
DB,|'DB,| ©

a|l|—|—

b

s> e
Ty<10>/ T/ <o>
. T<nul]

7, ae
Ty <6>

T
,)<m|ll>
Ty <89.11>

abe
TZ<1 2> T1<S'w>
abed 4, 13
s T,<4,56.7,12>

= R Kol PP e}
|
|
|

Fig. 2: ICRO-tree after reading t; of DB, Fig. 6: ICRO-tree after remove items

The runtime of MICRO on the three datasets is shown T
in Fig. 9. From the figure, it can be observed that the + |fon,
runtime slightly decreases as the change-ratio on regularity alt b
threshold increases. The reason is that MICRO can prune b3 il y /Ty<s> ?ljﬁlb
items/itemsets which absence from DB; and/or DBy at the Ok
beginning of ICRO-tree construction process and the remain- T 1<3_5; """ ’
ing items/itemsets are all considered in the /CROs-growth. Ty<456.7.12>

With the same amount of remaining items/itemsets (either

the change-ratio on regularity threshold is high or low), the Fig. 7: Conditional-tree with ‘¢’ as a prefix

L |*pB, ri[;zz cr' ik rgBl r‘T‘)‘BZ
a |4 | - | - a 5 5 1 e
SEIE 1O,
s | = = T <35>
cl8 A T<45.67,12>
d|3|—|—| e s o Ty <10>
els3|-|-|e T"h<d4>~T1b fo> bdc p Fig. 8: conditional-tree with ‘e,b’ as a prefix
fl-|-|-|e - <>
glo|—|—| el ’
hi-|-|=|e - . . .. . .
: runtime is significantly different. In Fig. 10, the peak memory
usage (i.e. the maximum amount of memory allocated by
Fig. 3: ICRO-tree after reading all transactions of DB, MICRO during mining process for maintaining all header
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TABLE I: Data characteristics

Dataset No. of  Avg. transactions No. of No. of
items size DB, DB
T1014D100K 1,000 10 50,000 50,000
Chess 75 37 1,598 1,598
Mushroom 119 23 4,062 4,062
350
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—-A-- Chess
300 -==@-- Mushroom

Time (Sec.)
N
w
o

‘ ................ .‘. ................ ‘ ................. ' ............ ‘
200
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Fig. 9: Computational time of MICRO
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Fig. 10: Memory usage of MICRO
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Fig. 11: Number of discovered ICROs

tables and ICRO-trees) is also observed. Similarly as above,
MICRO uses nearly the same amount of memory on the low
and high change-ratio on regularity threshold. Last, Fig. 11
shows the number of /CROs generated from MICRO. With low
change-ratio on regularity threshold, the number of ICROs is
numerous due to items/itemsets have more chance to satisfy
the threshold. On the other hand, MICRO can generate fewer
ICROs on the high change-ratio on regularity threshold.

V. CONCLUSION AND FUTURE WORK

In this paper, we have introduced a new approach to mine
interesting itemsets based on their significant change on regu-
larity of occurrence (also called ICROs). This kind of itemsets
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can occur in several real-life applications such as changing on
regularity of purchasing in retails, changing on regularity of
effect after using medicines of patients, changing on regularity
of criteria for booking hotels of tourists, changing on regularity
of reacting on banner advertisements and so on. From above
applications, mining /CROs can also help to track, monitor
and/or analyze changing on behavior of people that interact
with organizations and businesses. To find such itemsets, we
proposed an efficient single-pass algorithm based on pattern-
growth concept named MICRO. A tree-based structure called
ICRO-tree is also designed to efficiently maintain candidate
itemsets with their essential information. A property used for
pruning search space is also introduced in order to reduce
resource usage during mining process. Experiments on real and
synthetic datasets were done and the results demonstrate that
our proposed algorithm with ICRO-tree structure is efficient on
computational time, memory usage and number of discovered
ICROs for mining interesting itemsets based on their change
on regularity of occurrence.

In the future, we will improve the performance of MICRO
algorithm and consider changes based on decreasing of regu-
larity from DB, to DBsy, respectively.
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Abstract—Nowadays, customers’ behavior analysis is a crucial
issue in competitive business. There is a need to know customers’
behavior including changes of customers’ behavior. This leads to
an emergence of discovering itemsets based on their change on
regularity of occurrence. However, this approach often generates
a large amount of such itemsets causing users cannot directly
utilize these itemsets to gain interesting information and/or
knowledge. To address this issue, the task of mining regular
itemsets with interesting changes on regularity of occurrence is
introduced in this paper. A regularity and a change thresholds
are thus assigned to define scope of interest and to filter uninter-
esting/insignificant i temsets b ased o n t heir ¢ hange o n regularity
of occurrence. To discover such itemsets, an efficient single-pass
algorithm called Regular Itemsets with interesting Changes on
Regularity of Occurrence Miner (RICROM) is presented. A new
structure named New Interval Word Segment structure (NIWS)
is designed to efficiently m aintain o ccurrence i nformation of
each item/itemset during mining process. Experimental studies
are conducted to show efficiency o f R ICROM i nt he t erms of
runtime, memory usage and the number results in comparison
with previous approaches.

I. INTRODUCTION

Currently, frequent itemsets mining (FIM) [1] is widely
applied in several business and applications. It aims to discover
interesting sets of items (also called itemsets or patterns) based
on observation of their occurrence behavior. An itemset is
identified as interesting if it frequently occurs in a database (i.e.
it occurs more frequent than a user-given support threshold).
FIM can help to analyze buying behavior on retail, restaurants,
mobile commerce, and so on.

As the popularity of FIM, there are several extensions
and variations of FIM on mining interesting itemsets, for
example, mining weighted frequent itemsets [2], mining top-k
frequent itemsets [3], mining high utility itemsets [4], mining
frequent-regular itemsets [5], [6], etc. Moreover, there exists an
approach to mine emerging patterns (EPs) [7] which can help
to extract trends and differences on frequency of occurrence of
itemsets in different databases. This can be applied in shopping
mall, retails, hotels to find ¢ hanges o n ¢ ustomer behavior
which can help market analysts having better understanding
about customer behavior [8], [9].

Recently, an alternative approach to mine interesting item-
sets based on their change on regularity of occurrence [10]
is proposed to observe interesting changes on behavior from
actions performed by people. A single-pass algorithm named
MICRO with a tree-structure is proposed to efficiently mine
such kind of itemsets. However, without prior knowledge,
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the users may give inappropriate change threshold causing
overwhelming of generated results and difficulties to the users.
Hence, it is helpful to avoid this which can help users to
be more efficient to look for interesting information and/or
knowledge from these itemsets.

Therefore, to address this issue, we here propose to mine
regular itemsets with interesting changes on regularity of
occurrence. In this framework, a regularity and a change
thresholds are thus applied to define scope of interest and
to filter uninteresting/insignificant itemsets. To discover these
itemsets, an efficient single-pass algorithm called Regular
Itemsets with interesting Changes on Regularity of Occurrence
Miner (RICROM) is introduced. A new structure named NIWS
(New Interval Word Segment structure) is also designed to ef-
ficiently maintain occurrence information of each item/itemset
during mining process. Experimental studies were done on
benchmark datasets where the results show that RICROM is
efficient in the terms of runtime, memory usage and the number
results.

II. PROBLEM DEFINITIONS

In this section, the basic notations on an item/itemset and a
transactional database are first described. Then, the regularity
of occurrence, the change on regularity of occurrence and the
problem statement are introduced as in [5], [10], [11].

Let I = {i1,12,...,%,} be a set of distinct items. A set of
items X C I is called an itemset or a k-itemset if X contains
k items. A transaction database TDB = {t1,l2,...,t;m}
contains m transactions in which each transaction t; has a
unique transaction-identifier equal to j (called tid in short) and
contains a set of items Y C I. If X C Y, it can be said that X
occurs in the transaction ¢; or the transaction ¢; contains X,
denoted as jX. Therefore, the ordered set of tids containing
X can be defined as TX = {jX,... kX}.

Definition 1: The regularity of occurrence of an item-
set X is the maximum number of consecutive transactions
that X does not occur in the database, defined as rX =
mam(frx,rtf(,rté(,...,rtfgpxl_l,lTX) where (i) fr¥X =
X —1 is the number of transactions that X does not occur in
database before its first occurrence in transaction t;, (ii) each
’/‘t;( = ¢% — pX — 1 is the number of transactions between
two consecutive occurrrences of X in transaction t, and t,,
and (iii) Ir™ = |TDB| — kX — 1 is the number of transactions
that X does not occur in database after its last occurrence in
transaction ty, respectively.
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TDB,
tid| Set of items [tid[Set of items] tid [ Set of items] tid [ Set of items] tid | Set of items
1]c,d e f 16 ]a, b,c,d, e [35]a, b, c, d 50 [a, d, e
51 Ja, d 63 [a, b, c,d, e, T
10 a, c, e 30 [a, b, e 38 ]a, b, c, T
54 7a, b, d, e 80 [d

TDB,
tid| Set of items [tid[Set of items] tid [ Set of items] tid [ Set of items] tid | Set of items
11 g 54]a, b, c,e,g [89[a, b, c e 101]a 120|g
241a, b, c, e, T, g |56 a,c, e 99 [a, b, c, e 116]a, c, e, I, g
... . 100]a

Fig. 1: Two transactional databases TDB; and TDB,

Definition 2: An itemset X is called a regular itemset if
its regularity v~ is not greater than a user-given regularity
threshold o,.

Definition 3: The change on regularity of occurrence of
an itemset X (also called change value) is the different on
regularity of occurrence of X between two given transaction
databases i.e. TDB1 and TDBs, defined as

X
x I8y , if X occurs in both TDB, and TDB,

c = T'ﬁl()ﬁl
undefined , otherwise

Problem statement. Given two transaction databases i.e.
TDB1 and TDBs, a regularity threshold o, and a change
threshold o, the task of mining regular itemset with interesting
changes on regularity of occurrence is to find itemsets having
(i) regularity not greater than a user-given regularity threshold
(o) and (ii) change value not less than a user-given change
threshold (o), respectively.

III. PROPOSED METHOD

In this section, we here introduce RICROM algorithm
for discovering regular itemsets with interesting changes on
regularity of occurrence. RICROM consists of three main steps
i.e. (i) DB-scanning which scans database once to capture
occurrence information of each item and to identify regular
items, (if) 2-itemsets-generation which considers and generates
all of regular 2-itemsets and (iii) Regular-itemsets-mining
which mines a complete set of regular itemsets with interesting
changes on regularity of occurrence, respectively. Moreover,
RICROM applies the new interval word segment structure
(NIWS) to maintain occurrence information (tidset) of each
item/itemset.

A. New Interval Word Segment structure

In frequent itemsets mining, a bit-vector is widely used
for maintaining occurrence information of an item/itemset.
A bit-vector of an itemset X is a sequence of bit where
each jth bit can be ‘0’ (X do not occur in transaction ;)
or ‘I’ (X occurs in transaction t;), respectively. However,
a bit-vector may contain a long sequence of bit ‘0’ if X
does not occur in a long period. This causes high memory
consumption and computational time to process on bit-vector.
Thus, the interval word segment structure (/WS) is designed to
avoid the above issue. An /WS of an itemset X is a dynamic
bit-vector which does not containing word of ‘0’ (Noted
that each word may contain 8 or 16 bits). Each occurrence
of word of ‘0’ causes splitting bit-vector from one to be
two. For an itemset X, its /WS can be defined as wsX =
{<1Ui1,{w1,1,w1,27~-~,w1,p}>’ (wig, {wa,1, w22, ..., Wa24}),
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ey Wiy, {wy, 1, Wy 2, - - - wuyv}>} which is a sequence of 2-
tuples (wiy, W,, = {wy1,wy2,...,wy,}) where each y**
tuple contains (i) word index (wi,) which expresses the first
index of non-zero word of the sequence of bit-vector and (if)
a sequence of non-zero word wy 1, Wy 2, ..., Wy p. With this
structure, IWSX can avoid maintaining word ‘0 (if there is a
zero word or sequence of zero word, the sequence of non-zero
in the current tuple is split to be a new tuple). Then, it can
help to safe memory consumption for maintaining sequence of
word ‘0’.

However, splitting partition by one word ‘0’ cannot save
much memory to maintain occurrence information. Mean-
while, each time of splitting partition causes extra computation
on creating and collecting information into the new partition.
Then, we propose to change the condition on splitting partition
from one word of word ‘O’ to be three due to it compromises
between the term of space and time usages.

To calculate regularity of an itemset X from its NIWS™, a
look-up table is applied. As shown in Fig. 5, the look-up table
contains 256 tuples where each tuple contians < pf,nl, mg >
i.e. pf is the position of first occurrence of bit 1 (Note that
if there are all bits O then pf = 8), nl is the number of bit
0 after the last occurrence of a bit 1 to the final of the byte
(Note that if there are all bits 0 then nl = 8) and myg is the
maximum position gap between two bits 1 (Note that if there
are all bits 1 then mg = 1), respectively.

Therefore, based on the NIWSX and the look-up table, the
regularity 7% can be calculated by considering each word w, ,,
in each y*" tuple of NIWSY as the following four cases :

D if w, @ is the first word of the first tuple of
NIWS®, then r*v» = max((((wiy — 1) x 8) +
pAlwyp)), mg(wyp)) — 1;

2) if wy, is the first word of the y'" tuple, then
rWvr = max((nl(wy_l_y‘wy_”) + ((wiy — 1) —
(wiy—1+|Wy—1]=1) x8) +pflwy,p)), mg(wy,p))—1;

3) if w,, is a word (not the first word) of the y'"
tuple, then rv» = max((nl(wy p—1)+ (nwo x 8) +
PAlwyp)), mg(wy,p)) — 1;

4)  if w, ), is the last word of the last tuple, then r*v-»
nl(wy.p) + (Iwo™" — (wi, +|W,| — 1) x 8) — 1.

where (i) wi, is the start word index of the y'" tuple;
(i1) pflwy,p) is the number of consecutive bit of 0 before the
first bit of 1 in the word wy, ; (iii) mg(wy p) is the maximum
number of sequence of 0 between two bits of 1 of word w,, ;
() nl(wy_1|w,_,|) is the number of bits 0 from the last
occurrence of X in the (y — 1)™" tuple; (v) wi, 1 is the start
word index of the (y — 1) tuple; (vi) |[W,_1| is the number
of word in the (y — 1) tuple; (vii) nl(w, 1) is the number
of bits 0 from the last occurrence in the word p — 1" of the
yth tuple; (viii) nwy is the number of consecutive of word 0
appearing before and close to the word wy, ,,; (ix) nl(w, ) is
the the number of bits 0 from the last occurrence in the word
wy p; (x) Iwo™? is the last word index of TDB, respectively.

Example 1: From the transactional databases of Fig. 1,
the item ‘a’ occurs in transactions tyq,%16,%30,t35,3s,

tg,()7 t51, t54, t63 of TDBl and transactions 15247 t54, t567 tgg,
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T] = { 10, 16, 30, 35, 38, 50, 51, 54,63 }  and

Ty = { 24, 54, 56, 89, 99, 100, 101, 116 }

Word Index 1 2 3 4 5 6 8 9 10 11 12 13 14 15
Range of tids 1-8 9-16 17-24 25-32 33-40 41-48 57-64 65-72 73-80 81-88 89-96 97-104 105-112 113-120
Binary Value of TDB;| 0000 0000 | 0100 0001 | 0000 0000 | 0000 0100 | 0010 0100 | 0000 0000 | 0110 0100 | 0000 0010 | 0000 0000 | 0000 0000 - - - - -
Word Value of TDB, 0 65 0 4 36 0 2 0 0

Binary Value of TDB,| 0000 0000 | 0000 0000 | 0000 0001 | 0000 0000 | 0000 0000 | 0000 0000 | 0000 0101 | 0000 0000 | 0000 0000 | 0000 0000 | 0000 0000 | 1000 0000 | 0011 1000 | 0000 0000 | 0001 V00O

Word Value of TDB, 0 0 1 0 0 0

0 0 0 0 128 56 0 16

Nm'sil’ ={<2,{65,0,4,36,0,100,2}>} and

NIWS) = { <3, {1}, <7, {5}>, <12, {128, 56, 0, 16}> }

Fig. 2: An example of NIWS structure for an item ‘a’

tog, t100, t101, t116 of TDBs. Given the size of each word is
8 bits. Therefore, the new interval word segment of ‘a’ for
TDB; can be sequentially calculated based on each occurrence
of ‘a’, for example, ‘a’ first occurs in t19 then the first
word contains ‘0000 0000’ (for the occurrence of ‘a’ in the
first eight transactions) and the second word contains ‘0100
0000” (for the occurrence of ‘a’ in between the 9" - 16"
transactions). Thus, the first tuple of NIWS{ is created as
(2,{64}) (where 2 is the word index of the tuple expressing
index of the first non-zero word). Next, the second occur-
rence of ‘a’ is in t14. Then, the second word is updated
by tid 16 to be ‘0100 0001’ and the first tuple of NIWSY
is also updated to be (2,{65}). The third occurrence in tso
causes the third word contains ‘0000 0000’ and the fourth
word contains ‘0000 0100°. Thus, the first tuple is updated
as (2,{65,0,4}). After considering all occurrence of ‘a’ in
TDB;, the NIWS{ is defined as {(2,{65,0,4,36,0,100,2})}.
Similarly, the NIWS5 can be defined from the occurrence of
‘a’ in TDBy as {(3,{1}), (7, {5}), (12, {128,56,0,16})} (see
Fig. 2), respectively.

B. DB-scanning

The first step of RICROM algorithm is DB-scanning which
aims to identify and collect regular 1-itemset for further
computation. As detailed in Algo. 1, a simple list named /List
is first created. A new entry for each item ¢, € I is created and
inserted to the /List in order to maintain essential information
of each item during computational process. Each transaction
t, of transactional database TDB; is then read and each
item i € t, is considered. The new interval word segment
structure of item i) in TDB; (NIWS}*) and the regularity
of item iy in TDBy (ry") are thus updated by tid p of ¢,.
After reading all transactions of TDB;, each transaction ¢, of
the transactional database TDBs is read in the same manner
as TDB; where the new interval word segment structure of
each item i; € t, (NIWSy) and the regularity of the item
i (rg¥) are also updated by tid ¢ of ¢,. Next, each item iy
in the /List is considered and its regularity is calculated as
ri* = max(ri*,r3*). The entry of iy is thus eliminated from
the IList, if its regularity r®* is greater than the user-given
regularity threshold (o). Last, the change c* is computed
and 7, is identified as a regular item with interesting change if
its change c’* is not less than the user-given change threshold

(o0).

C. 2-itemsets-generation

As detailed in Algo. 2, all of 2-itemsets that regularly occur
in database are considered and generated. A simple list named
2List is first created in order to collect and maintain all of
regular 2-itemsets. Then, each item ¢; in /List is considered
and merged with another item 45 in IList (where i; # i)
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in order to generate itemset Z = i; U 4;. The new interval
word segment of Z is calculated and collected by intersection
between the new interval word segment of item 4; and i
(line 5 and 6) and the regularity of Z is thus calculated from its
new interval word segment (line 7 and 8). If the regularity of
Z is not greater than the user-given regularity threshold, a new
entry of Z is created with its new interval word segment and
then inserted into 2List. Next, the change of Z is calculated and
if it is not less than the user-given change threshold, Z is thus
identified as a regular itemset with interesting change. After
performing this step, we gain 2List containing all of regular
2-itemsets.

D. Regular-itemsets-mining

The step of Regular-itemsets-mining is for discovering
all regular itemsets with 3 or more than 3 items and with
interesting changes of regularity of occurrence. This step will
perform after the step of 2-itemsets-generation that creates
2List containing all of regular 2-itemsets (Note that in Regular-
itemsets-mining, the kList is the list gain from previous step
or previous computational which includes 2List).

To mine the complete set of results, a list, called [List,
is created and initialized to maintain [-itemset (i.e. [ starts
from 3 to n). Then, each itemset X = {4,,...,%,} in kList is
considered and merged with another itemset Y = {i,,..., 4.}
in kList. The last item 4;, € X and the last item 7. € Y is then
considered and grouped to be itemset iy, .. It thus used for
looking up in 2List in order to observe occurrence behavior of
itemset 1y, 7.. Based on downward closure property [1], [5S],
if there is no itemset 4, 7. contained in the 2List, it then can
conclude that itemset X U Y and all of its supersets are not
be regular itemsets. Otherwise, it can be said that X UY is a
candidate itemset where it can be merged to be itemset Z.

If Z is a candidate itemset, its new interval word segment
on both databases is then calculated and collected. Then, its
regularity (r?) is computed. If the regularity r# is not greater
than the regularity threshold o,., a new entry of itemset Z
is created and inserted into [List. The change c? is thus
calculated. The itemset Z is identified as a regular itemset with
interesting changes on regularity of occurrence if its ¢Z is not
less than the change on regularity of occurrence threshold o.

After merging X with all itemsets having the same prefix as
X, [List is observed. If [List has more than one entry the step
of Regular-itemsets-mining is repeatedly performed on [List.
Otherwise, [List is emptied. Last, after considering X and its
supersets, X is eliminated from kList and RICROM will move
consideration to another itemset in kList, respectively.

E. Example of RICROM algorithm

Given the transaction databases as in Fig. 1, the regularity
threshold (o) to be 40 (i.e. 20% of total number of transactions
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Algorithm 1: DB-scanning
Input: TDB,, TDBs, o,, 0,
Output: A set of regular items with interesting changes on regularity of
occurrence and 1List containing regular items

: o create a list named 1List to maintain all single items
: e create an entry for each item iy € I in the 1List
: for each transaction ¢, in database TDB; do
for each item iy, in transaction ¢, do
e update NIWS}* by tid p
o update ri* by tid p
: for each transaction ¢, in database TDB, do
for each item i), in transaction ¢, do
o update NIWSs* by tid ¢
e update Ték by tid ¢
: for each item iy in 1List do
12: e compute r* < max(ri¥, rs")
13 if 7% > o, then

© 0N DD W

= =
= o

14: e remove the entry of i, out of 1List
15:  else
. ke
16: e compute c¢’* by %
1
17: if ¢** > 0. then
18: e identify 75 as a result

Algorithm 2: 2-itemsets-generation
Input: 1List, 0., 0¢
Output: A set of regular 2-itemsets with interesting changes on regularity
of occurrence and 2List containing regular 2-itemsets

1: e create and initial a list called 2List to maintain regular 2-itemsets
2: for each item i; in 1List do

3:  for each item 4y in 1List (i; # i}) do

4 e merge item 7; with item 4z to be itemset Z

5: o NIWS? « intersect(NIWSi‘Q NIWS:)
6: o NIWSZ « intersect(NIWSy , NIWSY)
7: o compute 77 from NIWS? and r¥ from NIWSZ
8: o compute 77 + max(r?,r%)
9: if 72 < o, then
10: e create an entry of Z in 2List

Z
11: e compute ¢ by

1
12: if ¢Z > 0. then
13: e identify Z as a result

Algorithm 3: Regular-itemsets-mining
Input: kList, o,, o,
Output: A complete set of itemsets with interesting changes on regularity
Of occurrence

1: e create and initial [List to maintain regular [-itemset (where [ =k + 1)

2: for each itemset X = {i,,...,%} in the kList do

3:  for each itemset Y = {i,,...,i.} in the kList (where Y have the
same prefix as X except only the last item) do

4: if there is an entry of the itemset iy, 4. in 2List then
5: e merge X and Y to be itemset Z
6: o NIWSZ « intersect(NIWSX , NIWSY )
7 o NIWSZ « intersect(NIWSy , NIWS} )
8: e compute ¥ from NIWS? and r§ from NIWSZ
9: o compute 77 + max(r{,r%)
10: if 77 < o, then
11: e create an entry of Z in [ List
zZ
12: e compute ¢ by %
1
13: if ¢Z > o, then
14: e identify Z as a result
15:  if [List contains more than one entry then
16: e repeat step of Regular-itemsets-mining by considering itemsets
in [ List
17:  else
18: e empty [ List

e remove the entry of X out of kList

in both database) and the change on regularity of occurrence
threshold (o) to be 1.5, respectively.

In the DB-scanning, the transaction t; = {c,d,e, f} of
TDB; is first read. Then, the entry of items ‘c’, ‘d’, ‘e’ and
‘f’ in the IList are updated by tid 1 as shown in the Fig. 3(a).
All transactions of TDB; is read in the same manner, and then
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we get the /List as in Fig. 3(b). All transactions of TDB; is
also read to update regularity value and NIWS of each item.
Then, items do not occur in both database or having regularity
greater than 40 are eliminated from /List (as the items strike-
through in red in Fig. 3(c)).

Next, the 2-itemsets-generation is performed by first con-
sidering item ‘a’ in [List. Then, the item ‘a’ is merged
with item ‘b’ to generate the itemset ‘ab’. As in Fig. 4,
the NIWS® is computed from the intersection between
NIWSS and NIWSY, ie. NIWS® = NIWS{N NIWS; =
{(2,{65,0,4,36,0,100,2}) }N{(2,{1,2,4,36,0,4,2,4}) } =
{(2,{1,0,4,36,0,4,2})}. Similarly, the NIWS3" is calculated
as NIWSS" = NIWS N\ NIWSS = {(3,{1}),(7,{5}), (12, {128
,56,0,161)} N {(3,{1}),(7,{4,0,32,0,64,128,32})} =
{(3,{1}),(7,{4}), (12,{128,32})}. The regularity r{* = 16
is calculated from NIWSS® and the regularity r$® = 34 is
calculated from lesgb (see Fig. 5). The regularity % can
thus computed as 7% = max(r¢®, r§®) = 34. The entry of
itemset ‘ab’ is created and inserted in 2List since its regularity

is less than 40. The change on regularity of ‘ab’ is calculated

by = :§Z = % = 2.13. Since ¢ is greater than o,
the itemset ‘ab’ is thus identified as a regular itemset with
interesting change. Next, the 2-itemsets-generation repeatedly
performs on merging between the item ‘a’ and items ‘b’, ‘c’,
‘e’, merging between the item ‘0’ and ‘c’, ‘¢’ and merging
between the item ‘c’ and ‘e’, respectively. Hence, as shown in
Fig. 3(d), the 2List at the end of this step contains all regular

2-itemsets ‘ab’, ‘ac’, ‘ae’, ‘bc’, and ‘be’, respectively.

Last, the step of Regular-itemsets-mining is performed.
The itemset ‘ab’ is first considered and merged with another
itemset with the same prefix i.e. ‘ac’ and ‘ae’. For the merging
between ‘ab’ and ‘ac’, the last item ‘b’ of ‘ab’ and the last
item ‘c’ of ‘ac’ is merged to be ‘bc’. Then, the ‘bc’ is used
for looking up in 2List in order to observe that “whether there
exists an entry of ‘bc’ in 2List”. Since there is the entry of ‘bc’,
the itemsets ‘ab’ and ‘ac’ are then merged to be the itemset
‘abc’. The NIWSS? is intersected with NIWSC and the NIWS3®
is intersected with NIWS3® in order to generate NIWS$*® and
NIWS3". The regularity 7**¢ = 34 is thus calculated and a
new entry for the itemset ‘abc’ is created and inserted into
3List, since 7% < ¢, (as shown in Fig. 3(e)). The all of
merging is sequentially performs in the same manner. At the
end of Regular-itemsets-mining step, we gain a complete set
of results as shown in Fig. 3(f).

IV. EXPERIMENTAL STUDY

In this section, experimental studies on RICROM algo-
rithm is investigated and reported. Experiments were con-
ducted on three benchmark databases (i.e. Chess, Mushroom
and T10I4D100K) from http://fimi.ua.ac.be/data. Chess and
Mushroom are real dense datasets containing 3,196 and 8,124
transactions. Meanwhile, T10I4D100K is a synthetic sparse
dataset containing 100,000 transactions. In our experiments,
each dataset is divided into 2 equal groups of transactions
in which the first group is for the transaction database TDB;
and the second group is for the transaction database TDBs,
respectively. The previous algorithm named MICRO [10] is
used for comparing performance. The regularity and change
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I N v el NIWS NIWS}
a| 16 | 32 [ 2.00 [{ <2, {65, 0, 4, 36, 0, 100, 2}> J <3, {1}>, <7, {5}>, <12, {128, 56, 0, 16}> }
b| 15 [ 29 |1.93[{ <2,{1,2,4,36,0,4, 2,4}> } <3, {1}>, <7, {4, 0, 32, 0, 64, 128, 32}> }
¢| 24 [ 29 [1.21{ <1, {128, 65, 0, 0, 36, 0, 0, 2}> J <3, {1}>, <7, {5, 0, 32, 0, 0, 128, 32, 0, 16}> }
ST Tl NS Niwst] 49 T {128, 1,0, 0,33, 0,100, 4,0, 11> ]
P - — [e] 9 |22 [2.44[{ <I, {128, 65, 4, 5, 1, 0, 68, 66, 132, 4}> } |{ <3, {3, 0, 1, 0, 141, 8, 2, 0, 17, 192, 96, 8, 16> }
b _ - ~ ~ 1926 [1D) 14’ 1")_’[\7(\'1{‘. 1‘ﬂy1R7‘)'1’{')’ /I} } ‘27 1} . 1"Y {1R} }
¢ 0 [-]- <1, {128}> B & 62 3> < 4> <15-{161>3
dl 0 [-]- <1, {128}> - (c) 1List created from TDBj and TDB9
el 0 [-[- <1, {128}> - i Tk I e NIWS'* NIWS
o 1, {128 kT
il <1, > - ab | 16 | 34 | 2.13 [{ <2, {1,0,4, 36,0, 4, 2}> } <3, {1}>, <7, {4F>, <12, {128, 32}> |
gl - [-]- - - ac | 24 | 32 | 1.33 |[{ <2, {65, 0,0, 36,0,0,2}> } <3, {1}>, <7, {5}>, <12, {128, 32, 0, 16}> }
(a) 1List after reading t; of TDB; ae | 19 | 32 | 1.68 [{ <2, {65,0,4,0,0, 68, 2}> } <3, {1}>, <7, {5}>, <12, {128, 32,0, 16}> }
W e NTWS" NIws:] [ Pbe | 24 | 20 | 121 [{ <2,{1,0,0,36,0,0,2]> ] <3, {1}>, <7,{4, 0, 32, 0, 0, 128, 32}> }
2161~ <2, {65, 0, 4, 36, 0, 100, 2}> } ~ | [De | 23 | 34 | 148 [{<2,{1,0,4,0,0,4, 2, 4}> } <3, {1}>, <7, {4}>, <12, {128, 32}> }
b 15 1-1- <2 1.2. 4. 36 0 ) 4}>} 46 39 17 ‘l")Q7 5;} 5 Q' {‘)} } '2_’ 1 - f’} 5 1')’{1")527 ‘2")_’ n71ﬁ} }
cl24 [-]-1{ <1, {128,65,0, 0, 36, 0, 0, 2}> } (d) 2List created from 1List
d[19 [~ [-[{<I.{125,T,0,0, 33,0, 100, 4,0, T}> J ool NIWS" NIWS™
el 9 [-[-]{<T {128 65 4,5 1,0, 08, 66, 132, 4}> } abc | 24 | 34 | 142 [{<2,{1,0,0,36,0,0,2}> } <3, {1}>, <7, {4}>, <12, {128, 32}> }
£126 |- [-[{<T,{128,0,0, 16, 4, 0, 16, 2, 132, 4}> } abe | 23 | 34 | 148 [{<2,{1,0,4,0,0,4, 2}> } <3, {1}>, <7, {4}>, <12, {128, 32}> |
gl - I-1- - (e) 3List created from 2List
(b) 1List after reading all transaction of TDB; o o] & NIWS? NIWS)
a | 16 | 32 [2.00 |{ <2, {65, 0, 4, 36, 0, 100, 2}> } <3, {1}>, <7, {5}>, <12, {128, 56, 0, 16}> |
b | 1529 [1.93|{ <2, {1, 2, 4,36, 0,4, 2, 4}> } <3, {1}>, <7, {4, 0, 32, 0, 64, 128, 32}> |
¢ | 9 |22 [244]{ <1, {128, 65,4, 5, 1,0, 68, 66, 132, 4}> J |{ <3, {3, 0, 1, 0, 41, 8, 2, 0, 17, 192, 96, 8, 16}> J
ab | 16 | 34 |2.13 |{ <2,{1, 0, 4, 36, 0, 4, 2}> J <3, {1}>, <7, {4}>, <12, {128, 32]> }
ae | 19 | 32 | 1.68 |{ <2, {65, 0, 4,0, 0, 68, 2> | <3, {1}>, <7, {5}>, <12, {128, 32, 0, 16}> }
(f) A complete set of results
Fig. 3: An example of RICROM algorithm
NIws) = { <2, {165, 0, 4, 36, 0, 100, 2}> } of results and also help users easier to look for interesting
information and/or hidden knowledge.
NIws? = { <2 (L2 AI6042 4> ) 5

NIWST = { <2, {1,0,4, 36,0, 4,2}> }

NIwS) = { <3, {I}>, <7, {8)>, <12, {128, 56, 0, 16}> }

b
NIVVS2

NIWSEP = { <3, (1}, <7, {4)>, <12, {128, 32}> }

= { <3, {1}>, <7, {4,0, 32, 0, 64,128, 32}> }

Fig. 4: An example of intersection for NIWS®

thresholds are assigned in range [1,16] and [2, 10] (as in [11],
[10D).

Figure 6 shows the computational time of RICROM with
different value of regularity thresholds. It is also compared
with MICRO algorithm. From the figure, we can observe
that RICROM uses less computational time than MICRO in
four times on Chess and Mushroom which are dense datasets.
However, on T10I14D100K which is sparse dataset, RICROM
take more time than MICRO in some cases. In addition, we can
also investigate that the higher regularity threshold causes the
increasing of computational time. On high regularity threshold,
there are more and more items/itemsets that meet the threshold.
Then, RICROM needs to take more time to consider these
items/itemsets.

The memory usage of RICROM with different value of
regularity thresholds and that of MICRO algorithm are shown
in Fig. 7. Similarly as above, the memory usage of RICROM
is less than that of MICRO in three times on Chess and Mush-
room. However, RICROM uses more memory than MICRO in
some cases. Moreover, we can observe that the increasing of
the change threshold is not effect the memory usage of both
algorithms. The memory usage of both algorithms is stable
based on the variation of the change threshold.

Last, the number of results discovered from RICROM and
MICRO are illustrated in Fig. 8. With the regularity threshold,
RICROM can generate only few results in comparison with that
of MICRO. This can help to scope the regularity of occurrence
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V. CONCLUSION

This paper introduces a new approach for mining regular
itemsets with interesting changes on their regularity of occur-
rence in order to generate a compact set of results based on
the user-given regularity and change thresholds. This approach
can alleviate overwhelming of results causing difficulties to
look for interesting information and/or hidden knowledge. It
then can be applied in several real-life applications such as
tracking changes of buying behavior, monitoring changes of
effects on patients after using medicines, observing changes of
reacting on banner advertisements, etc. An efficient single-pass
algorithm named RICROM and a new interval word segment
structure called NIWS are designed to efficiently mine such
itemsets and maintain occurrence information of each itemset.
Experiments were done in real and synthetic datasets. The
results illustrate the efficiency of RICROM with NIWS is faster
than and the number of memory usage and discovered itemsets
are also reduced from the previous approach especially on
dense datasets.
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A look-up table

Word Value Binary Value | pf | nl |mg
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Fig. 5: An example of regularity calculation for an itemset ‘ab’
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