Oct. 22, 2020 a @ 0
= 11 @ IBISML ST FPRESI

HatHICEEBHEEARR

Pl BA (BEifBHm=H3EFh)




Significant Pattern Mining

« Detect (feature combinations) that are
enriched in a class of a dataset
Input: X y
| [} |
F1 F2 F3 F4 F5 .. Class Output:
ID1 0 1 1 1 0 0) {F1}, {F3},
ID2 1 1 0 1 1 1 —>» {F2,F5},
ID3 l l O O l 'I {FZ, FS, F6}, Y
0 0 1 0 1 0

ID4
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Example: Itemset Mining

SNPs (items)
Case ID1: 0011001110011160061110
ID2: 11001011110001010100
7\< ID3: 10100011101011000001
‘ ID4: 11011011111111010011

Control ID5: 00110001100011111000
ID6: 01011011000011001010
ID7: 10110010100000101000

ID8: 11001001010100010101 5731



Example: Itemset Mining

ID 1:
ID 2:

001110
010100
000001
010011

Signal

Control

SNPs (items)
01100 OO011
110010 1000

: 101000 0101
110110 1111
: 001100 O001
: 010110 O001
101100 OO006
: 110010 1010

111000
001010
101000
010101
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Example: Subgraph Mining
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Timeline
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Recent Advances

- Webb, G.I., Petitjean, F.: A Multiple Test Correction for
Streams and Cascades of Statistical Hypothesis Tests,
KDD2016

* Pellegrina, L., Vandin, F.: Efficient Mining of the Most
Significant Patterns with Permutation Testing, KDD2018

* Pellegring, L., Riondato, M., Vandin, F.: SPuManTE: Significant
Pattern Mining with Unconditional Testing, KDD2019

* Tran, T.Q., Fukuchi, K., Akimoto, Y., Sakuma, J.: Statistically
Significant Pattern Mining with Ordinal Utility, KDD2020
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Libraries

« CASMAP

- Llinares-Lopez, et al.. CASMAP: Detection of statistically
significant combinations of SNPs in association
mapping, Bioinformatics (2019)

* MP-LAMP (for parallel computation)

- Yoshizoe, K., Terada, A., Tsuda, K.: MP-LAMP: parallel
detection of statistically significant multi-loci markers
on cloud platforms, Bioinformatics (2018)
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Key Challenges:

1. How to assess the significance for
d ?

2. How to perform ?

- How to control the FWER (family-wise error rate),
the probability to detect one or more false positives?

3. How to manage
(Zd for d variables) of the candidate space?
7/31



Problem Formulation

* Define X+ as of joint occurrence
for a feature combination # = {F;};c;, I C{1,...,d}

- X, =1if F"occurs”, X, = 0 otherwise

» Let Y be an output binary variable

8/31



Problem Formulation

* Define X+ as of joint occurrence
for a feature combination # = {F;};c;, I C{1,...,d}

- X, =1if F"occurs”, X, = 0 otherwise
» Let Y be an output binary variable

» Task: Test the null hypothesis forall ¥ € 2"
- Testing statistical independence between X, and Y
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Fisher’s Exact Test

Xjf = 1 th = O TOtal

Y=1 S&F,Y=1) N-S&F,Y=1) N
Y=0 S, Y=0) Ny—S&FY=0 N

Total S(F) N —S(¥F) N
o> - _ N1 No N
S - p-valie 9=\ s(F y=1)\s(F,v=0))/ \ 5(F)
=]
O — : | I
S(F,Y=1)
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Multiple Testing Correction

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

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

o For 100000 items, #patterns = 219009
o Set significance level a = 0.01
o Number of false positives: 0.01 . 219090 = 1030101

* The should be controlled
- Probability at least one ¥ is false positive
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Controlling the FWER

* FWER = Pr(FP > 0)
- FP: Number of false positives
* Objective:
- FWER(%): FWER at corrected significance level §
o Cannot be evaluated in closed form (simple but not easy!)
- Bonferroni correction is popular: 65 = a/m
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Tarone's Testability Trick

* We use , which requires
the (F) for F
D(F) = ( N )/( N ) in Fisher’s exact test
S(F)/ " \S(F)
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Tarone's Testability Trick
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Tarone's Testability Trick

Mmp(Fm)<a and IMm+ 1)P(Fm) = a

Fi, Fay Fs ey ?m—h?m,‘?mﬂ ----- F d ((P(?i)ﬁlp(?iﬂ))
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Tarone's Testability Trick

Fi, Far Fz e Fmas Fmi| Fmtr e Fad ((P(-TI) < (/J(g'vi+1))
I || |

Untestable
combinations

—>» Prune without testing

v

Fiis significant if: p-value(¥j) <a /@\Correction factor
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Tarone's Testability Trick with Apriori

* We use , which requires
the (F) for F
D(F) = ( N )/( N ) in Fisher’s exact test
S(F)/!\S(F)
* This method is particularly effehct:\O/Ie if the relationship
olds

- For each pattern #,
S(F): Support (how many times F occurs in a dataset)

n(F)=S(F)/N: Frequency
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Enumeration Based on Apriori
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Enumeration Based on Apriori

P . ’ ',
’ \ 7 Pid N
P Y} \ »° ,4
N
N ANV, vV ,
SN SN R \;/ ) : \ 7 N
« « N lny’l‘ ’ | \ ’,
1/

Threshold forn g1

Smaller n—» Larger ¢
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Enumeration Based on Apriori

Smaller n—» Larger ¢
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Enumeration Based on Apriori

Smaller n—» Larger ¢
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Enumeration Based on Apriori

Testable

Smaller n—» Larger ¢ combination§8/31




Power of Testability

Correction factor Number of significant Running time (second)
subgraphs
—x—Bonferroni O 4 Hoo —x—Bonferroni —x—Bonferroni
—o0—0urs X —o0—0urs 10°4 —o—Ours

X

1074 3- 0-0-0-0-0-0-0-0 /x’x
2 \ 10° 2
- 0-0-0——O0
X
-I 05 i X/ >2/
>( _O.O-O'O'O'O'o_o 1 XX 1 O i /

/
5 X o_0_0'O © )(;_o’o_o.o.o-o-o-o-o-o—o
1 O ! o’l 1 1 ) O i ) ><-x-x-x-)l(-x-x-x.x.)l(->< ) 0.1 i 6? 1 1 )
5 10 15 Limitless 5 10 15 Limitless 5 10 15 Limitless
Maximum size of Maximum size of Maximum size of
subgraph nodes subgraph nodes subgraph nodes

The PTC (Predictive Toxicology Challenge) dataset with 601 chemical compounds
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Summary

1. Formulate significance test for each pattern

- Fisher’s exact test is standard,
while there are more possibilities

2. Enumerate testable patterns via
Tarone's testability + Apriori (DFS)

3. Test each testable pattern
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LAMP and WY light

ID 1:
ID 2:

001110
010100
000001
010011

Signal

Control

SNPs (items)
01100 OO011
110010 1000

: 101000 0101
110110 1111
: 001100 O001
: 010110 O001
101100 OO006
: 110010 1010

111000
001010
101000
010101
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FACS [Papaxanthos et al. 2016] for Covariates

SNPs (items) Cov. Signal
Case ID1: 00110011100111001110 Europe 1
ke ID2: 11001011110001010100 Europe 1
= =1D3:10100011101011000001 Asia 1
4k ID4: 11011011111111010011 Asia 1
Contro| ID5: 00110001100011111000 Europe ©
ID6: 01011011000011001010 Europe 0
ID7: 10110010100000101000 Asia 0
ID8: 11001001010100010101 Asia _0

N)
—
S~
W
—



FAIS [Llinares-Lépez et al. 2015] for Intervals

SNPs (items) Signal
Case ID1: 001100111/001/11001110
ID2: 11001011110001010100
7\< ID3: 101000111010(11000001
‘ ID4: 110110111/11111010011

Control ID5: 001100011(00011111000
ID6: ©10110116/006(116001016
ID7: 101160010100000101000

ID8: 11001001010100010101
21/31



FastCHM for Intervals + Cov.

SNPs (items) Cov. Signal
Case ID1: 001100111/001/11001110 Europe 1
ID2: 110010111100/01010100 Europe 1
= ID3: 10100011101011000001 Asia 1
ﬂh ID4: 110110111{11111010011 Asia 1

Contro| ID5: 00110001100011111000 Europe ©
ID6: 010110110000(11001010 Europe ©

©

1

ID7: 10110010100000101000 Asia
ID8: 11001001010100010101 Asia




C-Tarone [sugiyama & Borgwardt, 2019]

* Find all feature interactions form data
Input: X y

" F1 F2 F3 F4 F5 .. Class
ID1 -0.96 -3.03 3.38 257-6.06 .. O

ID2 -1.80 4.45-435 0.82 8.90 1
ID3  -3.29 1.39-444-0.77 2.78 .. 1
ID4 -0.53-196-343-442-392 .. O

22/31



C-Tarone [sugiyama & Borgwardt, 2019]

* Find all feature interactions form data
Input: X y
| ] | |
F1| F2 F3 F4 | F5 | .. Class_ Output:
ID1  -0.96-3.03| 3.38 2.57-6.06| ..| 0 {F1}, {F3},
ID2 -1.80( 4.45|-4.35 0.82 8.90 —>» {F2, F5},
ID3  -3.29| 1.39/-4.44 -0.77/| 2.78 {F2, F5, F6}, ...

1
o |1
ID4  -0.531-1.96|-3.43 -4.42-392| .. | O
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Use Copula Support tatti, 2013)

F1 F2 F3 R(F1) R(F2) R(F3) mm(F1) m(F2) r(F3)
x1 -0.96 -3.03 3.38 Rl 2 0 3 \ 0.67 0.00 1.00
an orm.
x2 -1.80 4.45-4.35 ) 1 3 1 ) 0.34 1.00 0.34 __
x3 -3.29 1.39-4.44 O 2 O 0.00 0.67 0.00
Xa -0.53-1.96 -3.43 3 1 2 1.00 0.34 0.67
0.00
Prod. 0.11 Sum /4
—> » 0.083 =Pr(Xqpar33=1) =
0.00 ol
0.22 _
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Contingency Tables

* For pattern (variable combination), we construct
two types of
- Oneis from the situation under null
- The other is from the situation from data

» Significance is assessed by comparison of the two tables
- Each table is represented as a four-dimensional vector
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Expected for p, Xgs =1 Xs=0 Total

Y =1 nErr r—nF)rn  n
Y=0 n(Frg ro—nF)ro  ro
Total n(F) 1—n(F) 1
Observed for p, Xy =1 Xys=0 Total
Y =1 n&F,Yy=1) rn-n&FyvY=1 n
Y=0 n&F,Y=0) ro—n&F,Y=0) 1o
Total n(F) 1—n(F)

1
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Significance Test

* The independence X+ 1L Y is translated into:

Hy : Dx1(Po,Pg) =0, Hj : Dgp(pgy, Pg) #0
- p; and p, are vectorized contingency tables:

Py = ()1, n(Fro, r=n(F)ry, ro—n(F)ro)
po — (n(?9Y=1)9 n(?aY=0)a F _77<?9Y=1)a ’”0_77(97,Y=0))

* We apply . the statistic A = 2NDg1 (py, Pg)
follows the y2-distribution with the d.f. 1
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KL Divergence Bound

* Theorem (tight upper bound of KL divergence):

Dx1(p, Pg)
<

- pp =(ab,a(1-b),(1 —a)b,(1 —a)(1 - b)),
peipeEP|p+p=0a p+p;s=b;
* The p-value for this upper bound is
the minimum achievable p-value
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Exp. Results on Synthetic Data

F-measure

1e—05-

le—07-

le—01- N\

1e—034 A

O\O Te-01 —O\O\Q\
A %o - 20
"O<g le-034 A Q
PAY 00 A P
Z&Zl 1e—05- lex
VAN —O—C-Tarone AN
A/\ 1e—07--7/\-- Binarization
| — I — | | T 1
le+03 1e+04 1e+05 20 40 60 80100

Number of data points

Number of features
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Exp. Results on Synthetic Data

E 1e+04— /2 1e+04—

: A /

c le+03- P le+03- Jos

= ,C> é}

.gv1e+02— /égy Te+02- 4

§ 1e+01- 6’/ le+01d .-~ —O—C-Tarone

o é/ Y --/\-- Binarization

1e+00-4 1 —r— 1e+00— |A T 1
1e+03 1e+04 1e+05 20 40 60 80100
Number of data points Number of features
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Experimental Results on Real Data

ctg

1le—03-

ctg

C-Tarone (proposed)
faults ijcnn
faults ijcnn

Binarization

magic segment

magic -segment“30/31



Experimental Results on Real Data

C-Tarone (proposed)

transfusion waveform wdbc
| — ——

transfusion waveform wdbc

Binarization

wine yacht

S s | 5
wine yacht 30/31




Conclusion

o is introduced

- Find while controlling the FWER

- pattern mining (data mining) + multiple testing correction
(statistics)

* Key to solve the problemis

- This method can be used if the
Y exists

- If we have the relationship “Smaller n — Larger ", Apriori

can be used to efficiently enumerate testable patterns
31/31
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