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Mining Frequent Patterns, Association and Correlations
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Chapter 6: Mining Frequent Patterns,
Association and Correlations

1. Frequent pattern

a pattern (a set of items, subsequences, substructures, etc.) that occurs frequently in a data
set

2. Frequent itemsets

A set of items is referred to as an itemset. An itemset that contains kitems is a k-itemset. If the relative
support of an itemset /satisfies a prespecified minimum support threshold (i.e., the absolute support of
/ satisfies the corresponding minimum support count threshold), then /is a frequent itemset.
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3. Association Rules
Find all the rules X> Ms,c) with minimum support and confidence
s: support (ZFHE) X =Y =PXUY)=support(X UY)

support| X UY)

support( X )

c: confidence (BEE) RE=SIEROEPIE
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4. Super-patterns (=) / Super-itemset (8£E)

An itemset X is a super-pattern of Y if every element in Y is also in X

5. Close-patterns (=) / Closed frequent itemset (FSRZXIREE)
An itemset X is closed if X is frequent and there exists no super-patternY > X, with the same support as X

6. Max-patterns (g At&x{) / Maximal Frequent Itemset (FRASRELIREE)
An itemset X is a max-pattern if X is frequent and there exists no frequent super-pattern Y > X
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6. Apriori

Steps:

@ BRRERTEENTTEESHNIESIR,

@ PAWHCERKREEMPLEMEREF/INITEEK, PBENHER\IFENEESHRERE,

® NRITHESHITHSUERE S TR,

@ EKREFRRERZICR, FEMNHERNSITERNIE, ESHTEEIMEIEERMEE.
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7. FPGrowth

Steps:

@ WH—XREIES, FHENTERLMAVRE, AN THRREWREERT, RRRER/\SFEEHIVRE
B/INTTERIS IR,

@ MISFPH, MRT R, BIiEAIFRRNER— NN IIANS, SFPHAFEINETENRNS, &F
MBI R EE

® IRIEFPH, FHRBUSNEEIN,
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8. Correlation and Association

Association
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Correlation
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Run:

I« dI

m

import pyfpgrowth

transactiens = [['M, "0, "N, 'K, ,
CY. 0, N, 'K, 'E, 'Y
UK, A, 'K, B
oK, U, C, 'K, 'Y,
re. e, 0, 'K, T, 'E'1]
patterns = pyfpgrowth. find frequent_patterns(transactions, 3)
rules = pyfperowth. generate_association rules(patterns, 0.8)
print(patterns)
print(rules)

testfpgrowth’ a —

“C:\Program Files\Python36'\python. exe”
D:/Research/Projects/NewsEventDetection/testfpgrowthl. py

{Cw,): 3 CK, 'M):3 Cv,):3 CK, 'T):3 (C0,): 4

CK', '0°): 4, CE, '0°): 4, (CE, 'XK):4 (CE, 'K, 0):4
(K, ): 5}

{(cw,): (Ck,), o, Oy, (CK,), 1o, CK,): (CE, "0
0.8), Co0,): (CE, 'K, 1.0, CE, 'K): (C0,), 1.0), (F
0 (CKL), Lo, CK, 0 (CFE,), 1.0)]

Process finished with exit code 0
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Headline is important!
Headline should be the biggest news in one day!

Question: How to make a headline?
Answer: We can employ fpgrowth algorithm to cope with this problem.
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Example:
What should be the headline of January 30, 2020° s international news?

Data:
We collect all the title of international news articles of January 30, 2020. Totally, 183.

Language: All the articles are in Chinese.

Question:
How to get the most frequently mentioned news content?
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Result

nalysis

transactions=[]

for i in news:
allwords_tokenized = segment (i, “userdict2. txt”, ’stopwords. txt’)
transactions. append (allwords_tokenized)
print (allwords_tokenized)

patterns = pyfpgrowth. find_frequent_patterns(transactions, 4)
patterns = dict((key, value) for key, value in patterns.items() if len(key)>3)

npatterns=sorted(patterns. items(), key=lambda d:d[1], reverse = False)
print (npatterns)
print (list(npatterns) [-10:])

CEE, CHEFR, S, EH%, LucyPratt’,
CERRC, CBRTRHY, oA, M, THEY, TR

[(CRRHY, "R, "HA, "R ), 4, (CERFEE, E
HA, AR, ), 4), (CERmE, CHA, ), 4), (CEWRE,

MOC &y, ", RS, 4), (CREMRmE, LS, CHAE, MR, 4, (CERFEE, R

VL CAA, CEAT), 4, (CRREE, R, CRA, WA, 4, (CEREE, R,

Process finished with exit code 0

LUEA, CHK), 9, (CRikeE,

ETRY, CHAT), 4,

TEAY, CHA), 4),

(C Ehm#E,

(C @ EhmeE, 7

The frequency about
2019 coronavirus is 7,
and there are 5 different
patterns about 2019
coronavirus in Japan.
Their frequency about
2019 Coronavirus are
4.

This indicates that the
coronavirus in Japan can

B be a candidate of Jan.

30’s headline.
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Result Analysis

transactions=|]

If the parameters are

for 1 in news:

allwords tenized ‘. egme userdict2. txt”, ’stopwords. txt’) Changed, more
secondary news will
~ appear.

) ) W\
patterns = pyfpgrowth. d_freque tterns (tran a.c.tlc-ns,"B_J'
patterns dic , y, value in patterns. itagd() if len

ctev=lambda d:d[1], reverse = False)
print (npat
print(list

) ’ ‘]_l.[ll(,
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