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How can [ analyze my data?
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mwﬁ' 1 We are data rich , but information poor.
fiu1 Jiawei Han and Micheline KamberHan, 2006: 4
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Ad 2 Data mining-searching for knowledge(interesting patterns) in your data
fiun Jiawei Han and Micheline KamberHan, 2006: 5
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Which items are frequently
purchased together by my customers?

Shopping Baskets

[ 4] 1 [ L T | Y 1
bread milk hread . bread
milk milk
cereal Sugar  eggs hutter
Customer | Customer 2 Customer 3

Market Analyst

Customer n

n#A 3 Market basket analysis
711 Jiawei Han and Micheline KamberHan, 2006: 228
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N19%1 frequent itemsets fe Apriori algorithm

Apriori Lﬂuﬁaﬂa%ﬁmﬁugm Authunldlunsm frequent itemsets Sana3iiud
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Apriori algorithm 284 k-itemsets 1iien (k+1)-iternsets 3uAuNIiILRZ97
1-itemsets In8n1581uA1 (scan) angrudesaiitotfudiuvieanuivosusas items
(Toyan3asngn1saunn) Wi items TNV minimum support HadWSTle dus
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Apriori property na1i1 nndulenitlldiwninses frequent itemsets azsoaiu
frequent wu &1 (A, B} W frequent itersets wda wa (A} wa (B} deuilu frequent
itemsets wia1 {A} wse (B} laliflu frequent itemsets Waa {A, B} Azl frequent
itemsets
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a1 L 97 join 1 @unBnluwnaed Ly, azinan join fuls ardundn k-2 siausn dan
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A298°19  MINTeyaNiMuAfInITNeA 1 fsvingauduiug  WefmuaaAl  minimum

support = 33.34%  uazA1 minimum confidence =80%
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1. %1 frequent 1-temsets (L) mﬂ*ﬁagaﬁ'ﬁfmum Inefia15a1n candidate
l-itemsets (C) lng a"mﬂ"mﬂﬁagmﬁaﬁumm?{maq 1-temsets Tu C, Nnntuthen
support count Tuustay 1-iternsets v C, MWilsusua  minimum support fifvua
1-itemsets TiH1unnudt 3o frequent 1-temsets (L) Fam5799i 2
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itemsets Support count itemsets Support count
{MNSau} q > (Mo} q
{#nann} 3 S UAn {g1ann} 3
(vunis} 3 support count fiu {vuutla 3

i 3 rinimum i 3

o = support count > =
{LE} 3 {0Leu} 3
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91nF0E19fMUAAY minimum support = 33.34% AaLiu
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3. W1 frequent 3-itemsets (Ly) 1ng#ia1sa1an candidate 3-itemsets (C;) 9
C, axd%199n itemsets filalu L, Tums1eil 3 11 join AU 2-itemsets flaziiun Join M
TN k-1 swemswsniiiamileutu Tuilin frequent 2-itemsets 11 Join ot
k=2, k-1=1 1uie g1l frequent 2-itemsets a1 F19MTLsMdlauiuA join AU laun
{1, 1@ Join Au fnawi, vuuddar 1o {naw, snan, vuuds
MW, a1} Join AU NN, 5’1%} 19 fnwl, snann, ‘13’]5@}
{me\I Yuule} Join AU (NN, iy I8 vl vhita
Nt prune lpgfimsan k-1 subset mamaawamimwasﬂu frequent
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G
itemsets Support count
(N, e, auudes 2
W3HULBUAT support count
AU minimum support count
Ls
itemsets Support count
(N, gradn | vuutla 2
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1. mMun > «g1a1d [50%, 75%)

2. wranu -> nun [50%, 100%]

Auefiaudiogndsngarmduiusie Aratuayu wazainudesiu dednaldane
support (A— B) =P(Au B) Wag confidence (4 — B)=P(B|A)=P(AUB)/ P(A)
\esmndvua minimum confidence = 80% muuﬂgmulmma gran -> mt.wxl
(50%,100%) Tsvan8A1I ﬁqﬂﬁfleﬁy@mfla'uﬂ'ul,azmLLWWﬁamuaq 50% UBINTIULTATY
Ve LLazf’hQﬂﬁ'lé?jyaémmm'ILLéme?jyamLLWﬁmﬁagj 100%
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a¥anganuduiuslesi
1. N -> g1anun A vuutls [33.34%, 50%]
Cg1a U -> 1l A aunie [33.34%, 66.68%]
CuUnUe >l A g1aiUn [33.34%, 66.68%]
C AN A granln -> aunie [33.34%, 66.68%]
A A aunds -> graniu [33.34%, 100%)
@l A vunts -> A [33.34%, 100%)]
ﬂgmulmﬂa ﬂgma 5uaz 6 Ao NN A vuntls -> @817 [33.34%,100%)] ézm
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v LLaquﬂmezjamt.l,wLLauﬂJuuﬁqLLmazenamaflemsmaq 100% uaz
grandn A vunds -> 1w [33.34%, 100%] Fomneanui ﬁQﬂﬁﬁﬁ%Ia fraU VU
waznun wisuiued 33.34% YDINTIULBAT U YA LLazﬁflqﬂﬁfléﬁ'yaemmLUWLLazﬂJuuﬂq
LLéme?jyamLLWﬁmﬁagj 100%
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