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Today’s Outline

* Pattern mining with class labels (supervision)
- Various measures

- Significant pattern mining
- Statistical tests
- Testable patterns

- Controlling the FWER (Family-Wise Error Rate) by
Tarone's testability trick
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Itemset Mining

* Find interesting combinatorial patterns from massive data
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Itemset Mining

* Find interesting combinatorial patterns from massive data
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Itemset Mining (Binary Representation)

* Find from massive data
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Itemset Mining (Binary Representation)

* Find from massive data
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Subgraph Mining

* Find interesting combinatorial patterns from massive data
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Subgraph Mining

* Find interesting combinatorial patterns from massive data
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Supervised Itemset Mining

* Find discriminative patterns from supervised data
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Supervised Subgraph Mining

* Find discriminative patterns from supervised data
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Contingency Table

Occurrence Non-occurrence Total
Positive supp(x) |C| — supp(x) C
Negative supp(x) |C| — supps(x) C
Total supp(x) |D| — supp(x) D
= supp(x) + supp(x)
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Contingency Table

Occurrence Non-occurrence Total

Positive nq1 nq C1
Negative N1 nyo Co
Total S s’ d
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Various Measures

* Confidence: n,/d

Growth rate (relative risk): nq1/n51
Support difference (risk difference): nq; — ny;

Mutual information:
d d d d
M1, /a2 log ma/d | noi log n/d | Nz log no/
d c1s/d> d c18’ /d? d cys/d> d cys’ /d>?
Subgroup discovery measure (weighted relative accuracy):

(c1/d)(n11/c1) —(e1/d))
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Computing p-value of Pattern

* Given positive and negative sample sets C,C suchthat D =CuC
* The of each pattern s is assessed by the

1.0 1 ?
Occ. Non-occ. Total supp(s) /|C| 4---

C (Pos.)  suppc(s) |Cl-supp(s) |[C]

C(Neg.) suppg(s) |Cl-suppe(s) |C]  suppe(s) /|Cl4--—+---t----

D (Total) supp(s) |D|-supp(s) |D| ]
B C
Pos. Negq.

Nl
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Fisher’s Exact Test

* Probability g(supp(s)) is given by hypergeometric distribution:

C| C] D]
q(supp(s)) = (SuppC(S)) (suppC-(S)) / <supp(s)>

0.3+
Occ. Non-occ. Total
>
C(Pos.) suppc(s) |Cl-suppcls) |C] =
— — — 0 _
C (Neg.) suppg(s) |Cl-suppg(s) |[C] _‘8" - pval<e
D (Total) supp(s) |D|-supp(s) |D| a
— O I_I_ I _|_|—|
suppc(s)
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Hypothesis Test for Each Pattern

Alternative hypothesis  Null hypothesis
is true is true

o

Declared significant
(p-value < a)

False Positive

True Positive (Type | Error)

Declared False Negative :
non-significant (Type Il Error) True Negative
Null: Occurence of pattern is independent from classes

Alternative: Occurence of pattern is associated with classes 11/24



Significant Pattern (Itemset) Mining

* Find discriminative patterns from supervised data
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Significant Subgraph Mining

* Find discriminative patterns from supervised data
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Challenges and Solutions of SPM

1. How to check all patterns
with avoiding ?
2. How to measure the statistical association
(i.e. p-value) with correcting for multiple testing
with avoiding ?
- Answer: Tarone’s trick + Apriori principle
- The to define patterns that are irrelevant
- The to efficiently prune such patterns using

the partial order structure of patterns
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Timeline

1990 2000 2010 2017
0 ] ) ) ) ) ] ) ) ) ) ] ) : ) 1 )
Tarone’s testability :
---------------------- 1 Significant
4 temset mining T + pattern mining
el Subgraph mining’) |
Data mining ‘\\_____g_ g __,,g 'LAMP
in computer science T : WY light
i FACS
E FastCHM
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Summary of SPM Methods

LAMP —1—> LAMP ver.2 > FACS
[Terada et al. [Minato et al. ECML 2014] [Papaxanthos et al.
PNAS 2013] NIPS 2016]
—> Testability on ——¢—> Westfall-
subgraphs Young light
[Sugiyama et al. SDM 2015] [Llinares-L6pez et al.
FastWY ® KDD 2015]
[Terada et al.
BIBM 2013] LS FAIS (FAIS-WY) —> FastCHM
[Llinares-Lépez etal.  [Llinares-Lopez et al.
ISMB 2015] Bioinformatics 2017]
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Multiple Testing

Occ. Non-occ. Total

Positive 4 0 4
.\‘,_r' Negative 2 2 4
Total 6 2 8

Fisher’s exact test: p-value = 0.429
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Multiple Testing

Occ. Non-occ. Total

Positive 3 1 4
M Negative 1 3 4
‘\ Total 4 4 8

Fisher's exact test: p-value = 0.486

Fisher's exact test: p-value = 0.429
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Multiple Testing

Occ. Non-occ. Total

o* Positive 4 0 4
M Negative 3 1 4
Total 7 4 8

Fisher’s exact test: p-value=1.0

Fisher's exact test: p-value = 0.486

Fisher's exact test: p-value = 0.429
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Multiple Testing

Occ. Non-occ. Total

.°° Positive 4 0 4
M Negative 3 1 4
Total 7 4 8

Fisher’s exact test: p-value=1.0

Fisher's exact test: p-value = 0.486

Fisher's exact test: p-value = 0.429

Task: Enumerate all
significant patterns
while controlling
the FWER

Massive number of
(infinitely many) patterns
(Combinatorial explosion!)
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Multiple Testing Correction

* In each test, [probability of having a false positive] < «
* If we repeat m tests,
- Too many if m is large! For example in itemset mining:

o For 100000 items, #patterns = 219000
o Set significance level a = 0.01
o Number of false positives: 0.01 - 2100000 = 1030101
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Multiple Testing Correction

* In each test, [probability of having a false positive] < «
* If we repeat m tests,

- Too many if m is large! For example in itemset mining:

o For 100000 items, #patterns = 219000
o Set significance level a = 0.01
o Number of false positives: 0.01 - 2100000 = 1030101

. (family-wise error rate): Probability of having more than
one false positives among all patterns

- FWER =1 — (1 — a)™ if patterns are independent
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Controlling the FWER

* FWER = Pr(FP > 0)
- FP: Number of false positives

» To achieve FWER = «, change the significance level for each
pattern
froma to d (6 < ), the
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Controlling the FWER

* FWER = Pr(FP > 0)
- FP: Number of false positives

» To achieve FWER = «, change the significance level for each
pattern
froma to d (6 < ), the

* Objective:
- FWER(&): FWER at corrected significance level 6
o Cannot be evaluated in closed form (simple but not easy!)

- Bonferroni correction is popular: 65 = = a/m
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Minimum Achievable p-value ¥(o)

» Consider the of a pattern s
for its supp(s)
0.3
Occ. Non-occ. Total o | Minimum
> achievable
C (Pos.) |[supp(s) ||Cl-suppc(s) |C] % p-value
C (Neg.) 0 Cl-suppz(s) |C| _‘.é’
D (Total) | supp(s) ||D|-supp(s) |D| a
= O |—|_ _I_I—I

|
Most biased case that achieves the minium p—valuesulopc(s)
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Computing ¥(s)

Minimumachievablep-valuelP(s)=( C1 )/( DI )

supp(s) supp(s)
0.3
Occ. Non-occ. Total o | Minimum
> achievable
C (Pos.) | supp(s) ||Cl-suppc(s) |C] = p-value
B B _ BB
C(Neg) | o Cl-suppe(s) |C| _'qé’
D (Total) | supp(s) ||D|-supp(s) |D| a
= 0 — | | =
suppc(s)

Most biased case that achieves the minium p-value
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Tarone’s Testability Trick

?1 / fZI 3:3 XYY ?m—1 I} ?m: fm+1 XYY ?Zd ((p(?l) < (p(?l+1))
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Tarone’s Testability Trick

my(Fm)<a and (Mm+ NP(Fms) =a

?1 / ?21 -’}'3 TAXLY) ?m—1 ’ ?m: fm+1 XYY ?Zd ((p(?l) < (p(?l+1))
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Tarone’s Testability Trick

mp(Fm) <a and (m+ NPY(Fmu) =a

?11 ?21 ?3 TAXLY) ?m—1 I} ?m: fm+1 XYY ?Zd ((l}(?’) < (p(?l+1))
| | | |

Testable Untestable —>» Prune without testing
patterns patterns

Fiis significantif: p-value(¥j) <a /@\Correction factor
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Enumeration Algorithm Based on Apriori
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Enumeration Algorithm Based on Apriori
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Enumeration Algorithm Based on Apriori
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Enumeration Algorithm Based on Apriori

Smaller n—» Larger ¢
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Enumeration Algorithm Based on Apriori

Testable

Smaller n—»Larger ¢ patterns
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Power of Testability (Subgraph Mining)

Correction factor

—x—Bonferroni O
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107 1 /2/(
10°{
x/% o'o-o-o-O'O'o'o'O'o_o
10°4 o'o'o'
I5 1'0 1'5 Lirﬁitless
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subgraphs
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O
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I5 1'0 1'5 Lirﬁitless

Maximum size of
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The PTC (Predictive Toxicology Challenge) dataset with 601 chemical compounds
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Conclusion

* Supervised pattern mining has been considered

o is introduced

- Find while controlling the FWER
- pattern mining (data mining) + multiple testing correction (statistics)
- Key technique:
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