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Introduction



Significant itemset mining looks for significant multiplicative feature interactions
p features
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Feature interactions can be enriched in the absence of univariate associations

p features
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Feature interactions can be enriched in the absence of univariate associations

p features
e
Y| U1 Us Us U Us Us Uy Us Uo Ui 2 X 2 contingency table for ur:
1001101 11)
’LL7:1 ’LL7:O
M101110010)
- y=1 1 D 6
] (101010001 1) y = 0 ] . 6 —+ py2(ur) = 0.296
111011100 1
n @( : 2 10 12
g> (0110110110
g (111001000 1)
s M11011001 1)
~ (111011101 1)
™
I (1110110011 )
(1110110100
g(111011@111)
(1101110011)

Felipe Llinares | 21/10/2016 | 4



Feature interactions can be enriched in the absence of univariate associations

p features
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Feature interactions can be enriched in the absence of univariate associations
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Feature interactions can be enriched in the absence of univariate associations
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Significant itemset mining has many applications in personalized medicine

p features
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Significant itemset mining has many applications in personalized medicine

p genomic markers
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Significant itemset mining has many applications in personalized medicine
p TF binding motifs
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Significant itemset mining has many applications in personalized medicine

p chromatin marks
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Significant itemset mining has many applications in personalized medicine

p symptoms
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Significant itemset mining poses both computational and statistical challenges

p features
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Significant itemset mining poses both computational and statistical challenges
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There exist untestable feature interactions that cannot cause false positives
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 For discrete test statistics, p-values cannot be
arbitrarily small

A minimum attainable p-value can be computed
as a function of the margins of the contingency
table
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 For discrete test statistics, p-values cannot be
arbitrarily small

A minimum attainable p-value can be computed
as a function of the margins of the contingency
table

 For each § € {1,2,...,p}, its minimum attainable
p-value W(xs) is a function of the support x5 of
the interaction
* xg = # of samples with zg = 1
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LAMP (Terada et al., PNAS 2013) tackles both challenges using testability
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Accounting for the dependence between
feature interactions



Exponentially-many combinatorial feature interactions are statistically dependent
p features
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Exponentially-many combinatorial feature interactions are statistically dependent
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Exponentially-many combinatorial feature interactions are statistically dependent
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Exponentially-many combinatorial feature interactions are statistically dependent
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Exponentially-many combinatorial feature interactions are statistically dependent
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Ignoring the dependence between candidate interactions leads to a loss of power

Felipe Llinares | 21/10/2016 | 12



Ignoring the dependence between candidate interactions leads to a loss of power

« We deem a combinatorial feature interaction § significant if p(z5) < 6

Felipe Llinares | 21/10/2016 | 12



Ignoring the dependence between candidate interactions leads to a loss of power

« We deem a combinatorial feature interaction § significant if p(z5) < 6

 FWER control at level a: " =maxd s.t. FWER(S) =Pr(FP(8) #0) <«

Felipe Llinares | 21/10/2016 | 12



Ignoring the dependence between candidate interactions leads to a loss of power

« We deem a combinatorial feature interaction § significant if p(z5) < 6

 FWER control at level a: " =maxd s.t. FWER(S) =Pr(FP(8) #0) <«

FWER(6) unknown!

Felipe Llinares | 21/10/2016 | 12



Ignoring the dependence between candidate interactions leads to a loss of power

« We deem a combinatorial feature interaction § significant if p(z5) < 6

 FWER control at level a: " =maxd s.t. FWER(S) =Pr(FP(8) #0) <«

FWER(6) unknown!

« Bonferroni correction: FWERy,,(6) = 2P6

« Assumes all feature interactions can be significant
« Assumes all feature interactions are statistically independent
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« We deem a combinatorial feature interaction § significant if p(z5) < 6

 FWER control at level a: " =maxd s.t. FWER(S) =Pr(FP(8) #0) <«

FWER(6) unknown!

« Bonferroni correction: FWERy,,(6) = 2P6

« Assumes all feature interactions can be significant
« Assumes all feature interactions are statistically independent

 Testability-based Bonferroni correction: FWER;4,-(6) = m(6)8
* Only considers testable feature interactions, m(6) « 2P
« Assumes all feature interactions are statistically independent

Loss of power: §,,, <K 8/ <6
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Fast and Memory-Efficient Significant Pattern Mining via
Permutation Testing

Felipe Llinares-Lopez Mahito Sugiyama Laetitia Papaxanthos
D-BSSE, ETH Zurich ISIR, Osaka University D-BSSE, ETH Zurich
felipe.llinares@ JST, PRESTO laetitia.papaxanthos@
bsse.ethz.ch mahito@ar.sanken. bsse.ethz.ch

osaka-u.ac.jp

Karsten M. Borgwardt
D-BSSE, ETH Zirich ,
karsten.borgwardt@bsse.ethz.ch Published at KDD 2015

Goal: Develop a new significant pattern mining algorithm

that takes dependence into feature interactions into account
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Permutation-testing can be used for accurate estimation of the FWER

U1 Ug U3 Ug U5 U UT U U9 UL0

Y

d |G100TT0111)
4 |G1io11i10010)
d |Goi1o0100011)
d |[Giio0Tii001)
g |0110110110)
d |Giio00710001)
s 110110071 1)
s [AE110111011)
s |G110110011)
s [@E110110100)
s [E110110111)
s |(101110011)
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Permutation-testing can be used for accurate estimation of the FWER

~

(a,

l

Y

) ~ p(u)p(y) & u and y independent

Y W1 Uy U3 Ua Us Ug Uy Ug Ug U1g
s |[@ET00T107111)
4 |@1o01110010)
sa |[@0O10100011)
s |[1107111001)
d l0i110110110)
4 |@1i100100071)
d |[G1iTo1i10011)
wa [AE1T10111011)
d |Gi1o0110011)
wa |[GE1101107100)
4 |[Gi1o1T10111)
sa |[(E101110011)
(0,9

) = (u, randperm(y))
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Permutation-testing can be used for accurate estimation of the FWER

2P feature interactions

zSQp_l ZSQP

~

(a,

l

Y

Y W1 Uy U3 Ua Us Ug Uy Ug Ug U1g
s |[@ET00T107111)
4 |@1o01110010)
sa |[@0O10100011)
s |[1107111001)
d l0i110110110)
4 |@1i100100071)
d |[G1iTo1i10011)
wa [AE1T10111011)
d |Gi1o0110011)
wa |[GE1101107100)
4 |[Gi1o1T10111)
sa |[(E101110011)
(0,9

) = (u, randperm(y))

) ~ p(u)p(y) & u and y independent

* p(l)(Z82p_1) p(l) (ZSQP)
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Permutation-testing can be used for accurate estimation of the FWER

2P feature interactions

| 281 282 ZSS e o o ’ZSQp_l ZSQP | mslnp(zs)

~

l

Y W1 Uy U3 Ua Us Ug Uy Ug Ug U1g
s |[@ET00T107111)
4 |@1o01110010)
sa |[@0O10100011)
s |[1107111001)
d l0i110110110)
4 |@1i100100071)
d |[G1iTo1i10011)
wa [AE1T10111011)
d |Gi1o0110011)
wa |[GE1101107100)
4 |[Gi1o1T10111)
sa |[(E101110011)
(4, 9) = (u, randperm(y))

1
(s, ) p<1><z52p>| )

(u’ y) ~Y p(u)p(y) <:> ﬁ and g independent Felipe Llinares | 21/10/2016 | 14



Permutation-testing can be used for accurate estimation of the FWER

2P feature interactions

2Sup 1 2S0p I mSinp(zg)

| FP(6) # 0

~

(a,

l

Y

Y W1 Uy U3 Ua Us Ug Uy Ug Ug U1g
s |[@ET00T107111)
4 |@1o01110010)
sa |[@0O10100011)
s |[1107111001)
d l0i110110110)
4 |@1i100100071)
d |[G1iTo1i10011)
wa [AE1T10111011)
d |Gi1o0110011)
wa |[GE1101107100)
4 |[Gi1o1T10111)
sa |[(E101110011)
(0,9

) = (u, randperm(y))

) ~ p(u)p(y) & u and y independent

* p(l)(zszp_1) p(l) (zSQP) | Pmin

(1)
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Permutation-testing can be used for accurate estimation of the FWER

2P feature interactions

G\ @y G U G s e Uy ds o 10
sm |(100110111)
sl |[GE101110010)
d |[Go1o0100011)
s |@ii01iii001)
d l0i110110110)
4 |@1i100100071)
sa |11 0110011)
s |[E1T10111011)
s |1 10110011)
4 [GEii1o0i110100)
4 [GiioT1o0111)
d [GEio1i110011)

<S8, ZSy %8s Z8ap 1 ZSap mSinp(zS) FP((S) # 0

1
p(l) (Zgl) p(l) (2’32) p(l) (283) ¢ p(l)(Z82p_1) p(l) (ZSQP) pfnin 1[p£rgn < 5]
p(2)(2581) p(2)(282) p(2)(z$3) el p(z)(z‘%p—l) p(Q)(ZSW) ngn 1[19522'71 < 5]
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Permutation-testing can be used for accurate estimation of the FWER

()

Y U1 Ug U3 Ug Us Ug U7 Ug Ug Ulg
d |GioofT10111)
sl |[GE101110010)
d |[Go1o100011)
s |[1107111001)
s |[01101107110)
s |@i1i00710001)
4 |[Giio0i110011)
wa| [T 10111011)
d |Gi1o0110011)
4 [GEii1o0i110100)
sl |17 011011 1)
d [GEio1i110011)

J random permutations

2P feature interactions

zs, zs, 28, 2Sym_, 28yp minp(zs) | FP(5) # 0
1
p(l)(Z31) p(l)(Zgz) p(l)(ZS;g) ¢ p(l)(Z82p_1) p(l)(ZSQP) pfnin 1[1)5277, < 5]
pP(zs) PPEs) PPs) e PP ) PG |02 | 1, <9
ps) PPGs) pPGs) e PP s) PP |, | 18, <)
p(J)(zS1) p(J)(z82> p(J)(z83) p(J)(zSQP—l) p(J)(ZS2p) p%z)n ]‘[pgr{z)n S(S]
J
FWER,,(8) = =S 1)p% <]
wy _ J pmzn
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Permutation-testin

)

U1 U2 U3 U4 Us Ue UT U U9 UL

gV’

d |GioofT10111)
sl |[GE101110010)
d |[Goi1o100011)
s |[1107111001)
sl |@110110110)
sa |@i100710001)
4 |[Giio0i110011)
wa| [T 10111011)
d |Giioi1i10011)
4 [GEii1o0i110100)
sl |17 011011 1)
d [GEio1i110011)

J random permutations

2P feature interactions

g can be used for accurate estimation of the FWER

zs, ZS, 285 DR Z8op 4 ZS5p mSiIlp(Zs) FP((S) 7'5 0
1

p(l)(Z31) p(l)(Zgz) p(l)(ZS;g) ¢ p(l)(Z82p_1) p(l)(ZSQP) pfnin 1[p£2n§5]
pP(zs) PPEs) PPs) e PP ) PG |02 | 1, <9
ps) PPGs) pPGs) e PP s) PP |, | 18, <)
p(J)(zS1) p(J)(zS2> p(J)(zSR) e p(J)(zSQP—l) p(J)(ZS2p) p;{z)n 1[p£r{1)n§5]

J

FWER,,(8) = =S 1)p% <]
wyY - J Pmin
1=1

Computationally unfeasible for pattern mining!

Felipe Llinares

| 21/102016 | 14



FastWY (Terada et al., ICBB 2013) uses testability to compute p,(,?in efficiently

| 28, 2s, 28, oo 2Sop 4 2S0p I mSinp(z‘g)

|p<zsl> ps)  pes) e sy ) p(282p)| Prnin

e e e e e e e e o - -

Cm )(Cw )(Cws )(C» ) )

( wur ) ( wus ) wuws ) ( wus ) ( wveus ) ( woua ) ( weus ) ( uwsua ) ( usus ) ( uwaus )

( UL ULU3 ) ( UL U U4 ) ( UL U US ) ( U1 U3Ua ) ( UL UIUS ) ( UL UAUS ) ( U U3 Uy ) ( UoU3Us ) ( UoUaUs ) ( UsULUS )

(u1u21L3U4) (u1u2uSU5) ( U UgUaUs ) ( UL U U4 Us ) ( UsUsU4 U5 )
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FastWY (Terada et al., ICBB 2013) uses testability to compute p,(,?in efficiently

| 28, 2s, 28, oo 2Sop 4 2S0p I mSinp(z‘g)

|p<zsl> ps)  pes) e sy ) p(282p)| Prnin

e e e e e e e e o - -

Cm )(Cw )(Cws )(C» ) )

\Ij(xSt—}—l) > Pmin,t
C wmur ) ( wus ) C wuwe ) C wus ) ( weus ) ( woua ) ( ueus ) ( wsua ) ( wsus ) ( waus )

( UL ULU3 ) ( UL U U4 ) ( UL U US ) U1 U3Us UL UIUS ( UL UAUS ) ( U U3 Uy ) ( UoU3Us ) ( UoUaUs ) ( UsULUS )

(”1”2“3“4) (“1“2“3“5) (U1U2U4”5) U U3U4Us
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Westfall-Young Light (Llinares-Lopez et al., KDD 2015)



Westfall-Young Light (Llinares-Lopez et al., KDD 2015)

« FastWY computes pmmfor a single permutation, but the entire process must be
repeated J = 10,000 times
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Westfall-Young Light (Llinares-Lopez et al., KDD 2015)

« FastWY computes pmmfor a single permutation, but the entire process must be
repeated J = 10,000 times

 Main insight:
. Computing Syy =maxd s.t. FWER,,(8) < a is a simpler task than finding

Pmm for all resampled datasetsi =1, ...,]J
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Westfall-Young Light (Llinares-Lopez et al., KDD 2015)

« FastWY computes pmmfor a single permutation, but the entire process must be
repeated J = 10,000 times

 Main insight:
. Computing Syy =maxd s.t. FWER,,(8) < a is a simpler task than finding

Pmm for all resampled datasetsi =1, ...,]J

WY-Light finds the significance threshold 4§, directly, processing all J permutations

(D)

P, fOr each individual

simultaneously and bypassing the need to compute
permutation
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The Algorithm (Westfall-Young Light)



The Algorithm (Westfall-Young Light)

 Input: Feature matrix U € {0,1}"*P, class labels y € {0,1}", target FWER «, number of
permutations J
 Initialization:
1. Compute and store J independent random permutations of the vector of class labels y
2. Initialize significance threshold 6 to 1

3. Initialize minimum p-value pg)m for each of the | permutations to 1
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 Input: Feature matrix U € {0,1}"*P, class labels y € {0,1}", target FWER «, number of
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 DFS(0)
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The Algorithm (Westfall-Young Light)

 Input: Feature matrix U € {0,1}"*P, class labels y € {0,1}", target FWER «, number of
permutations J

 Initialization:
1. Compute and store J independent random permutations of the vector of class labels y

2. Initialize significance threshold § to 1
3. Initialize minimum p-value pf';)m for each of the | permutations to 1
 DFS(0)

 DFS(S):
1. Update minimum p-value so far for each permutation
2. Compute lower bound on FWER based on minimum p-values so far
3. If FWER condition is violated, decrease significance threshold until restored

4. Continue depth-first search recursively by visiting all testable children of §
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The Algorithm (Westfall-Young Light)

 Input: Feature matrix U € {0,1}"*P, class labels y € {0,1}", target FWER «, number of
permutations J
 Initialization:
1. Compute and store J independent random permutations of the vector of class labels y
2. Initialize significance threshold 6 to 1

3. Initialize minimum p-value pg)m for each of the | permutations to 1
 DFS(0)

 Return |aJ| smallest p(i)

min
 DFS(S):
1. Update minimum p-value so far for each permutation
2. Compute lower bound on FWER based on minimum p-values so far
3. If FWER condition is violated, decrease significance threshold until restored

4. Continue depth-first search recursively by visiting all testable children of §
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Key features of Westfall-Young Light

I. Guaranteed to return the same solution 4, as FastWyY

li. It only needs to enumerate patterns once, instead of one time per permutation

lii. It does not require additional memory usage to compensate for the need to repeat
pattern enumeration

iv.Only needs to compute exactly the smallest [af] pmm, greatly reducing the
number of patterns that need to be enumerated to find the solution

v. The computation of p-values is shared across all ] permutations

Felipe Llinares | 21/10/2016 | 18
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-Light improves over the state-of-the-art in terms of runtime

EEl \Westfall-Young light]

Fastwy

(S) w3 UoIINdaXJ
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WY-Light accurately estimates the FWER

— FWER  — FWER\\p — FWER  — FWER
0.04} ] 0.04+; |
= 0.03¢ = 0.03
= =
= 0.02} = 0.02}
0.01— . 0.01;
[
0.00 ' ' 0.00 =
1000 4000 7000 10000 1000 4000 7000 10000

Number of permutations Number of permutations
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Correcting for an observed categorical
covariate



Ignoring covariate factors might lead to many spurious discoveries
p features

/_/—_I—A—\—\_\

Y U1 Ug U3 Ug Us Ug Uy Ug Ug Utp 2s, 2s,
d |(A1o00110111) o [
d |(A10o1110010) 0o |0
d |(Ao1o0100011) 0 |0
d |[(A110111001) 1 10
G| & |(0r1ioi110110) 0 |0
2 &4 |(A110010001) 0 |0
% il
S| s |(1110110011) 1|1
ol wal|(A110111011) 1 |1
sl |(1110110011) 1 |1
s |(1110110100) 1 o
s (11101 107111) 1 |1
s |(A101110011) 0o |1
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Ignoring covariate factors might lead to many spurious discoveries

p features
Y mc ZS, ZS,
d (11001107111 o M
d |(ioi1i1oo010)|#| o o
d |(Goioiooo11)|M| o |o
d (11011100 0)|s| 1 |o
g & |01 T1o0T70) || o |o
33‘[1110010001Jd 0 |0
Sl sl [(111011001 1 1 |
el @ |(111011101 1 1 |1
%l |[(111011001 1 1|1
s |(Giioiioi100)| M| 1 |o
sal | (1110110111 1 1
sl |(11701110011 0 1
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Ignoring covariate factors might lead to many spurious discoveries

p features
Y mc ZS, ZS,
d (11001107111 o
d |(ioi1i1oo010)|#| o o
d |(Goioiooo11)|M| o |o
d (11011100 0)|s| 1 |o
g & |01 T1o0T70) || o |o
33‘[1110010001Jd 0 |0
| s [(11101100411 1| » zs, marginally associated to y
el @ |(111011101 1 1 |1
%l |[(111011001 1 1|1
s |(Giioiioi100)| M| 1 |o
sal | (1110110111 1 1
sl |(11701110011 0 1
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Ignoring covariate factors might lead to many spurious discoveries

p features

d (11001107111 o

d |(ioi1i1oo010)|#| o o

d |(Goioiooo11)|M| o |o

d (11011100 0)|s| 1 |o
g & |01 T1o0T70) || o |o @ 0
gﬁ;‘ (11iiooiooo1)|m| o |o
| s [(11101100411 1| » zs, marginally associated to y
el @ |(111011101 1 1 |1

s |(111011001 1 1|1 » zg independent of y given c

s |(Giioiioi100)| M| 1 |o

sal | (1110110111 1 1

sl |(11701110011 0 1
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Ignoring covariate factors might lead to many spurious discoveries

p features

d (11001107111 o [

d |(ioi1i1oo010)|#| o o

d |(Goioiooo11)|M| o |o

& |dio1iioo0D)|m]| 1 |o
g & |01 T1o0T70) || o |o @ 0
gﬁ;‘ (Aiiooi1oo0oo01)|M| o |o
| s [(11101100411 1| » zs, marginally associated to y
el @ |(111011101 1 1|1

s |[(1110110011 1 | » zg independent of y given c

s |(Giioii1o0i100)|m| 1 |o

sl [(1110110111 1|1 » We treat z,as a false positive!

sl |(11701110011 0 1
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Finding significant combinations of features in the
presence of categorical covariates

Laetitia Papaxanthos®, Felipe Llinares-Lopez*, Dean Bodenham, Karsten Borgwardt
Machine Learning and Computational Biology Lab
D-BSSE, ETH Zurich

*Equally contributing authors. Accepted at NIPS 2016

Goal: Propose a significant pattern mining approach

that allows correcting for a categorical covariate
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Conditional association testing with the Cochran-Mantel-Haenszel (CMH) test

Y U1 Ug U3 Uy Us Ug U7 Ug UG UL c zs, 2s,

d |(1100110111 o e, =1 | 25, =0

d |(Gio1i11o0010)|#| o |o y=1 5 1 6
d |(Goioiooo11)|mM| o o y =0 1 5 6
d|(diioiiiooi)|#| 1 |o 6 6 12
d|(c1ioi1io110)|M| o |o

d |Gd11iocoiooo0o1)|m| o o

s |(111011001 1 1|

e |(111011101 1 1

wa|(111011001 1 1|1

wm |Gi1io11o0100) || 1 o

sl |[(1110110111 1

s [(1101110011 0o 11
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Conditional association testing with the Cochran-Mantel-Haenszel (CMH) test

y U1 U2 U3 Ug Us Us UT U8 U9 UL0 C zZ8, Z8,
d (1100110111 ER
d |(Gio1i11o0010)|#| o |o
d |(Goioiooo11)|mM| o o
d |G17o0i117i000)|m| 1 |o
& |(0iioiioT1io)|#| o |o
d |G1iocoiooo1D)|m| o |o
s |(111011001 1 1|
e |(111011101 1 1 |4
wa|(111011001 1 1|1
wm |Gi1io11o0100) || 1 o
sl |[(1110110111 1
s [(1101110011 0o 11

231:1 231:0
y=1 5 6
y =0 1 6
6 12

231:1 231:0
y=1 4 1 5)
Yy = 0 1 1
4 2 6

23121 23120
y=1 1 0 1
y=0 1 4 5
2 4 6
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Conditional association testing with the Cochran-Mantel-Haenszel (CMH) test

y U1 U2 U3 Ug Us Us UT U8 U9 UL0 C zZ8, Z8,
d (1100110111 ER
d |(Gio1i11o0010)|#| o |o
d |(Goioiooo11)|mM| o o
d |G17o0i117i000)|m| 1 |o
& |(0iioiioT1io)|#| o |o
d |G1iocoiooo1D)|m| o |o
s |(111011001 1 1|
e |(111011101 1 1 |4
wa|(111011001 1 1|1
wm |Gi1io11o0100) || 1 o
sl |[(1110110111 1
s [(1101110011 0o 11

231:1 231:0
y=1 5
y =20 1
6 12

231:1 231:0
y=1 4 1 5)
Yy = 0 1 1
4 2 6

23121 23120
y=1 1 0 1
y=0 1 4 5
2 4 6
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Conditional association testing with the Cochran-Mantel-Haenszel (CMH) test

Y U1 Uy U3 Ug Us U Uy UL Ug ULQ c zs, 2s,

d (1100110111 o M 25, =1 | 25, =0

d |(Gio1i11o0010)|#| o |o y =1 5 1 6
d |(Goioiooo11)|mM| o o y =0 1 5 6
d|(diioiiiooi)|#| 1 |o B 6 12
d|(c1ioi1io110)|M| o |o

d |G1iocoiooo1D)|m| o |o

s |(111011001 1 1|

e |(111011101 1 1 |4

wa|(111011001 1 1|1

wm |Gi1io11o0100) || 1 o

sl |[(1110110111 1

s [(1101110011 0o 11
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Conditional association testing with the Cochran-Mantel-Haenszel (CMH) test

y U1 U2 U3 Ug Us Us UT U8 U9 UL0 C zZ8, Z8,
d (1100110111 ER
d |(Gio1i11o0010)|#| o |o
d |(Goioiooo11)|mM| o o
d |G17o0i117i000)|m| 1 |o
& |(0iioiioT1io)|#| o |o
d |G1iocoiooo1D)|m| o |o
s |(111011001 1 1|
e |(111011101 1 1 |4
wa|(111011001 1 1|1
wm |Gi1io11o0100) || 1 o
sl |[(1110110111 1
s [(1101110011 0o 11

Z32=1 232_0
y=1 5 6
y=0 1 6
6 12

z2s, =1 | 25, =0
y=1 5) 0 5)
Y = 1 0 1
6 0 6

zs, =1 | 25, =0
y=1 0 1 1
Yy = 0 5) 5
0 6 6
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Conditional association testing with the Cochran-Mantel-Haenszel (CMH) test
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1. Does the CMH test have a minimum attainable p-value?
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Proposition 1: The CMH test has a minimum attainable p-value ¥.,,;,(S), which can be

computed in 0(k) time as a function of the margins of the k contingency tables.
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Significant pattern mining using the Cochran-Mantel-Haenszel test

1. Does the CMH test have a minimum attainable p-value?

Proposition 1: The CMH test has a minimum attainable p-value ¥.,,;,(S), which can be

computed in 0(k) time as a function of the margins of the k contingency tables.

» Closed-form expression computable in 0(k) time
» Multivariate function: W, (8) = Wenn (%51, X525 ) Xs k) = Pemn(Xs)
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2. Is the resulting minimum attainable p-value Y, (xs 1, Xs 2, ..., Xs &)
function monotonically decreasing?
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Significant pattern mining using the Cochran-Mantel-Haenszel test

2. Is the resulting minimum attainable p-value Y, (xs 1, Xs 2, ..., Xs &)

function monotonically decreasing?
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The lack of monotonicity of ¥,,,,(xs) makes the CMH test incompatible with LAMP
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The lack of monotonicity of ¥,,,,(xs) makes the CMH test incompatible with LAMP
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Pruning the search space with a monotonic surrogate of ¥,,,,,(xs)
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defined as:
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Pruning the search space with a monotonic surrogate of ¥,,,,,(xs)

« Definition: The lower envelope of W_.;,(xs) is
defined as:

~

\chmh(XS) — erlil;lcs \chmh(XS’)
S

* By construction:

1. P, (xs) is monotonically decreasing
2. W..,(xs) is a lower bound of ¥, (xs)
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Pruning the search space with a monotonic surrogate of ¥,,,,,(xs)

« Definition: The lower envelope of W_.;,(xs) is
defined as:

~

\chmh(XS) — xrfliglc‘g \I]cmh(XS’)
S

* By construction:

1. P, (xs) is monotonically decreasing
2. Y..,(xs) is alower bound of ¥, (xs)

Theorem 1: If ¥, (x5) > &, then all superset feature combinations §' 2 § are

untestable and can be pruned from the search space
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The lower envelope W,,,,;,(xs) for the CMH test can be evaluated in O(klog k) time
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runtime
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L1
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runtime

« P_ . (x5) must be evaluated once for each
enumerated feature combination

\chmh(XS) — xIPiI}IcS \chmh(XS’)
S!S

Felipe Llinares | 21/10/2016 | 30



The lower envelope W,,,,;,(xs) for the CMH test can be evaluated in O(klog k) time

L1

» Naively, computing P_,,,;,(xs) would require 0(m*)
runtime

« P_ . (x5) must be evaluated once for each
enumerated feature combination

 Need an efficient algorithm to compute ¥,,,;, (xs)
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The lower envelope W,,,,;,(xs) for the CMH test can be evaluated in O(klog k) time

L1

» Naively, computing P_,,,;,(xs) would require 0(m*)
runtime

« P_ . (x5) must be evaluated once for each
enumerated feature combination

 Need an efficient algorithm to compute ¥,,,;, (xs)

» Theorem 2: ¥.. ... (xs) can be evaluated in N .
0(k logk) time Uemn(xs) = min  Wepp(xsr)

Xgr <Xs
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The lower envelope W,,,,;,(xs) for the CMH test can be evaluated in O(klog k) time

L1

» Naively, computing P_,,,;,(xs) would require 0(m*)
runtime

« P_ . (x5) must be evaluated once for each
enumerated feature combination

» Need an efficient algorithm to compute .., (xs5)

» Theorem 2: ¥.. ... (xs) can be evaluated in N .
0(k logk) time Uemn(xs) = min  Wepp(xs)

Xgr <Xs

Fast Automatic Conditional Search (FACS): An algorithm for significant pattern

mining that can correct for a categorical covariate using the CMH test
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Correcting for covariates only leads to a negligible increase in runtime
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FACS successfully corrects for confounding without losing statistical power
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Conclusions and outlook

 Significant pattern mining allows exploring all possible combinatorial feature
interactions

 Significant pattern mining extends beyond simply (multiplicative) feature
interactions

 Significant subgraph mining (Sugiyama et al., SDM 2014)
« Significant interval mining (Llinares-Lopez et al., ISMB 2015)

 Significant pattern mining is a tool of great use for data exploration in
personalized medicine
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Conclusions and outlook

« Recent advances solve certain limitations of the first generation of significant

pattern mining algorithms:
« Accounting for the dependence between feature interactions: (Llinares-Lopez et
al., KDD 2015)
« Correcting for an observed categorical covariate: (Papaxanthos et al., NIPS
2016)

 Remaining challenges:
 Incorporating continuous data without discretization
« Compression techniques to aid interpretability of the results
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The Algorithm (Westfall-Young Light)

Input: Feature matrix U € {0,1}" *P, class labels y € {0,1}", target FWER «a, number of permutations |
Initialization:
1. Compute and store J independent random permutations of the vector of class labels y

2. 6 —1
3 pY —1vi=12,..]
« DFS(9)
* Return [a]| smallest pf,?l.n
« DFS(8):
1. pr(ril)m «— min {pr(rit)in’ p @ (ZS)} Vi=1,2,..] #Update minimum p-value so far for each permutation

1 .
2. FWER,,(0) « 72{=1 1 lpr(r?in < 5] # Compute lower bound on FWER based on minimum p-values so far

3. While FWER,,, () > a: #If FWER condition is violated, decrease significance threshold until restored
* Decrease §

) |
. FWERWy(5)<—72{=11lp(l) < ]

min —
4. For §' € Children(8): # Continue depth-first search recursively
o IfW(xsr) < &: # Search-space pruning condition!
« DFS(§')
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